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PREFACE 

Geospatial data are available in various forms such as raster, vector, and point cloud. 

Attribute information is also associated with 3D geoinformation. Developing applications 

out of these data become challenging.  This is because 3D data are not intelligent one, it 

only indicates information such as X, Y, and Z, along with attribute information. Various 

ground types and grounds objects such as buildings, roads, trees, vehicles, etc., are required 

to be identified and extracted along with their class. Further, the application planned to be 

designed over the geospatial data is also required to be understood and modeled in terms of 

its geospatial and attribute data dependency. Three major works are executed inside the 

thesis, these are (a) extraction of terrain parameters from 3D point data for noise 

propagation modeling and (b) derivation of model for determination of signal strengths for 

cell phones at various 3D positions in urban setup integrating 3D data and attribute 

information for signal strength, (c) raster data based automated noise data integration for 

noise mapping limiting data dependency. 

Extraction of terrain parameters from 3D point data for noise propagation modeling:  

Compared to raster and vector, newer technologies are registering the geo-information in 

3D point cloud forms. Extraction of grounds or objects from point data is tried after 

converting them to raster or vector. Extraction of modeling parameters directly from a point 

is challenging. An attempt is made in the thesis to extract various terrain parameters, i.e., 

direct path, reflected path, diffracted path, etc.,   for noise propagation modeling directly 

from the point cloud. In an urban environment, there can be multiple paths for transmission 

of noise between a source and a receiver. The model determines various land cover types 

from point data and ascertains the vertices/boundary for different objects (e.g., buildings) 
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which obstruct or divert the noise propagation paths. All the determined paths are also 

verified for their accuracies and finally utilized for the 3D noise mapping application.     

Derivation of model for determination of signal strengths for cell phones at various 3D 

positions in urban setup integrating 3D data and attribute information for signal strength: 

The signal strengths of cell phones vary at locations due to distances and obstructions 

coming in between cell phones tower and cell phone location.  A semi-empirical model is 

tried to be determined which can relate the position of the tower and various buildings and 

ground types with the signal strengths at respective positions using the least square 

approach. 3D point cloud data of RGIPT campus, extracted transmission paths along with 

measured signal strength (for Jio Network) values of hundreds of points within the campus 

are tried to be compared to derive the strength quality prediction model with an estimate of 

accuracy. The work is further extended to derive the optimum location for setting up a new 

tower and the requirement of several towers for an urban environment to provide a signal of 

significant strengths. 

 Raster data-based automated noise data integration for noise mapping limiting data 

dependency: Developing any geospatial application requires the collection of geospatial 

data and attribute information. Open-source geospatial data are largely available today in 

the form of Map APIs. Making a model to extract spatial and attribute information can offer 

an easy solution for urban applications, without needing a separate collection of geospatial 

or attribute information. Google raster maps for city roads and surrounding buildings in UP 

are tried to be used to extract roads, buildings, vehicles, trees, etc.  Various geometrical 

setups of vehicles in several similar road segments are tried and classified using ML 

algorithms. Vehicular clusters in road segments are classified into 3 categories, as high, 

medium, and low, and further characterized in terms of the range of noise spectra 
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associated with it incorporating field data. These noise scenes are then utilized to predict 

the various types of simulated noise maps predicted around the road segments on an 

instantaneous scale, with an estimation of accuracy.    

Key Words and Phrases: GIS, Noise Mapping, Noise Prediction, 3D Modeling, LIDAR, 

Cell phone tower, Signal Strength, Road Traffic Noise, 3D Point cloud. 
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Chapter 1 

Introduction  

1.1 Introduction 

With the advancement in innovation and great expansion in information prerequisites, 

the importance of our physical place in the world is emphasized and therefore the 

increasing value of Geospatial data. Geospatial data is information that describes 

objects, events, or other features with a location on or near the surface of the earth. 

Geospatial data typically combines location information (usually coordinates on the 

earth) and attribute information (the characteristics of the object, event, or phenomena 

concerned) with temporal information (the time or life span at which the location and 

attributes exist). Geospatial data typically involves large sets of spatial data gleaned 

from many diverse sources in varying formats and can include information such as 

census data, satellite imagery, weather data, cell phone data, drawn images, and social 

media data. Geospatial data is most useful when it can be discovered, shared, analyzed, 

and used in combination with traditional business data. There are three types of 

geospatial data: vector, raster, and point cloud data. Vector data are geographical 

features such as cities, and roads that are represented by geometric locations (x, y, z 

values), which define the shape of the geographical object that is being mapped, defined 

by points, lines, and polygons. For example, roads in a city can be represented by lines. 

Raster data are made up of pixels, similar to a digital photograph. A single pixel would 

represent an area on the Earth’s surface. Examples include high-resolution satellite 

imagery. Much geospatial data is of general interest to a wide range of users. For 

example, roads, localities, water bodies, and public amenities are useful as reference 

information for several purposes. A point cloud is a collection of individual data points 
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in a three-dimensional plane with each point having a set coordinate on the X, Y, and Z 

axis. When each point is placed together, it creates a three-dimensional map or model. 

For example, when the point cloud data is compiled together, it will determine the 

location of each building, tree, and power line, along with its elevation relative to the 

ground. Different attribute information is also associated with 3D geo-information. 

Developing applications out of these data is more challenging. The 3D data are the raw 

data, these data are not intelligent. These data only contain information in the form of X, 

Y, and Z, along with the attribute information. To derive different applications, 

Geospatial data are required to be appropriately extracted. Various ground types and 

overground objects such as buildings, roads, trees, vehicles, etc., are required to be 

identified and extracted along with their class. These terrain parameters are further 

required to be integrated with the different models so that various applications are 

computed. To work on the theme of the thesis, different types of geospatial data are 

used for developing different applications, especially given the importance to 

Propagation Modeling of traffic noise. The physics of noise propagation modelling is 

tried to be understood. Its dependency on terrain data is tried to be comprehend. 

Customized technique is tried to be derived to extract terrain parameters and integrated 

those with noise model for generation of noise map. The technique of terrain parameter 

extraction from 3D point cloud is further extended to derive optimum cellular tower 

distribution model for an urban area. The novel geospatial data extraction and cellular 

tower distribution techniques developed in the thesis are very significantly dependent on 

high resolution 3D terrain data, which is costly or difficult to manage. Thus, an attempt 

is made in Chapter 5 to reduce the data dependency and still derive urban application, 

e.g., 3D noise mapping using free 2D raster images.    
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Noise is recognized as a disruption that may cause a variety of behavioral reactions. 

Its prolonged exposure has been a cause for worry. The increase in noise levels in urban 

areas is caused by several factors. One of the causes is the growing urban population, 

which increases both the volume and the intensity of traffic. Most urban regions have 

developed their corridors close to where people live and work, which has resulted in a 

shortage of space and an increase in the number of high-rise structures. Due to the 

congested environment this form of habitation produced in urban areas, traffic volume 

increased. New technology has been adopted by many nations to reduce noise pollution 

in cities. These technologies have demonstrated that they can reduce noise at the 

individual level. But due to an increase in traffic, urban areas' overall noise pollution is 

still rising. 

Numerous factors, including the growing urban population and subsequent increase 

in the number of construction projects and automobiles, contribute to the rise in noise 

pollution  [1]. One of the important pollutants present in metropolitan environments is 

noise pollution. Among the top natural well-being concerns for experts are its 

assessment, control, and reduction  [2]. Road traffic is the most prevalent and pervasive 

cause of noise pollution in developing nations, according to numerous researchers [3]. 

The investigation and classification of noise pollution under various traffic situations 

was also done by some researchers from various nations [4, 5] The rise in noise 

pollution cannot continue since it harms one's health both immediately and over time. 

Additionally, it has negative socio-cultural, artistic, and economic impacts on the next 

generation. 

One of the finest tools for identifying the crucial places in residential, commercial, 

and industrial regions is noise monitoring under various road and environmental 

conditions [6] As many details as feasible must be known to create an auditory model 
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[2]. The design of highways and roads, as well as occasionally the assessment of current 

or anticipated changes in the traffic noise conditions, necessitate the use of traffic noise 

prediction models. Most sound prediction methods typically require noise levels in 

terms of Leq to estimate sound pressure levels [7]. The construction of 2D and 3D noise 

maps may also use the outcomes of the noise prediction model [8]. The graphic 

representation of the sound level distribution over time in a specific location and 

environment is called noise mapping. In general, there are two types of noise mapping: 

2D and 3D. The environmental impact analysis of noise in the existing environment has 

made considerable and successful use of 2D mapping [9, 10]. Studies on mapping, 

modeling, and noise monitoring are interconnected. The outcomes of noise monitoring 

can be used to anticipate the sound pressure level using a variety of prediction models, 

and the expected outcomes may also be used to create noise maps. Numerous 

researchers have used the data from noise monitoring to create 2D and 3D noise maps 

that provide a clear picture of the noise intensity in the X, Y, and Z directions 

surrounding the source of the noise. Predicting the noise level is always required before 

choosing the noise level for any development project. 

The noise mapping relies heavily on Geographical Information Systems (GIS). GIS 

noise mapping began in the middle of the 1990s [11]. To create noise maps, two 

methods were used. The measured noise levels that are obtained from field 

measurements of noise levels are used. The use of noise prediction models constitutes 

the second strategy. Because of several factors, including variations in weather, traffic 

flow, speed, and type, measuring noise in the field is challenging. Because creating 

noise maps takes a lot of time, money, and labor, noise calculating software is 

frequently used. For evaluating the impact of noise, noise maps are particularly useful. 

Utilizing statistical analysis, noise measures, noise indices, and noise maps, the study 
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tries to evaluate urban noise pollution. To assist environmental policy, the process of 

noise mapping entails calculating and depicting the impact of noise on the environment. 

The majority of noise effect studies conducted now use a 2D methodology. 

This thesis work's research focuses on creating a point-to-point routing system for 

predicting the noise levels at various sites. Determine all potential paths by which the 

noises are propagating before reaching destinations to accurately anticipate noise levels 

(noise receiving points). Identification of all noise sources that can contribute noise to a 

receiving site is necessary for accurate noise level prediction at that location. Terrain 

data input is necessary for accurate calculation of the source, receiving, and related 

paths. The method and precision of route determination can be considerably impacted 

by the kind and quality of the terrain data. By creating a 3D noise model, the research 

intends to improve the visualization and assessment of noise's impact on the 

environment. Using LIDAR (Light Detection and Ranging) data, an algorithm is created 

to identify all potential paths for noise propagation. This data is presented as a very 

accurate 3D point cloud in the manner of (X, Y, Z). The algorithm extracts all the major 

paths between each pair of noise source and destination using a cutting plane technique 

that is brand-new and specially designed to deal with LIDAR data. Routes are used to 

identify the terrain parameters for modeling. When combined with a comprehensive 

noise model, the topographical parameters and noise data provide an accurate estimate 

of noise for a location. The main characteristics, such as principle path of propagation, 

path length difference, source to receiver distance, ground type data, etc., are found to 

be constant for any source and receiver pair according to our understanding of semi-

empirical modeling literature. It is intended for the temporally changing parameters to 

be manually fed. The ground type data are included among the spatially variable 
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characteristics using the aerial photograph, while the remaining variables are 

extrapolated using the LIDAR data. 

The second area of research work carried out in this thesis is the application of a 

Point-to-Point routing algorithm developed in the first part. The routing algorithm is 

used for keeping an analogy with the attenuation of noise level in noise propagation 

modeling for the loss of signal strength with distance from the cellular tower. This 

analogy fit with 3D terrain data of high precision can find out a technique to extract all 

obstructions between any pair of the cellular tower and user locations, determine losses 

in transmission at every route of transmission, and can estimate an optimization 

algorithm that can work with all the spatial attributes (transmission paths, distances, 

transmission losses, etc.) and non-spatial attributes (number of users at a building, 

population density, etc.) to determine the signal strength and optimum location(s) for 

the setting-up of the cellular tower(s).  

The third area of research work carried out in this thesis is Automatic Noise 

prediction with 2D raster images. Unlike the 3D point-to-point routing algorithm (which 

used High precise 3D LIDAR data), this prediction technique involved a reduction in 

the data dependency. In the 3D Point-to-Point routing algorithm, the terrain features are 

extracted from the accurate and precise LIDAR data. But in the case of Automatic Noise 

Integration, the features are extracted from a google raster image with the help of 

several machine learning algorithms trained specially to segment features from the 

google raster image. The attempt primarily involved extraction of 3D features from 2D 

images and then was used to derive an urban application (e.g., 3D noise mapping in 

current thesis). The areas of machine learning have become very promising research 

fields for a wide range of applications due to the development of high computational 
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systems [12, 13]. These methods can process huge amounts of data, extract useful 

information from raw data, and can easily identify the hidden patterns in the given data. 

 

1.2 Geospatial Techniques for Developing Urban Applications 

1.2.1 Geospatial technologies 

An essential tool for tracking and studying how human activity affects the environment 

is geospatial technology. For scientists, geographers, and the government, this kind of 

analysis is crucial. Identifying the types of environmental harm that humans can cause, 

facilitates taking the appropriate action. Several methodologies have been suggested for 

studying these factors, but following our primary goals, we will analyze the 

consequences using geospatial technology, which is the most effective of all the 

currently available technologies. It can be difficult to draw information from a sea of 

information. Processing of the data is required to extract meaningful data from the 

geographical data. In this thesis, the landscape features are directly extracted from the 

3D point cloud data [14–16]. These features include things like buildings, roads, and 

greenery. Many researchers use the GIS platform to extract these traits, which 

necessitates extensive data manipulation and reduces accuracy owing to processing 

errors. There are two crucial processes involved in the 3D reconstruction of building 

roofs [17]. Regions of interest are sent in the form of 2D lines or the locations of the 

building border during the detection phase, which is a classification problem. Using the 

information from the sensor data that is currently accessible, the reconstruction process 

builds the 3D models within the regions of interest. The search space for the detection 

stage is greatly condensed for the reconstruction step. This section provides a discussion 

of some of the popular data-driven techniques for 3D roof reconstruction. The challenge 

is made simpler by methods that use ground plans [18] by dividing the provided plan 
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into sections and selecting the best planar segment for each section. However, such 

techniques revert to semi-automatic in the absence of a ground plan or if it is out of date 

[19, 20]used point clouds to create 3D architectural models automatically. However, 

because only LIDAR data was used, the reconstructed models' positional accuracy and 

level of detail were subpar. 

Later, it was suggested that an improvement may be made by combining high-

resolution aerial photography with a LIDAR DSM (Digital Surface Model) [17]. For the 

automatic extraction of roof planes, [15] used a split-and-merge technique on a DSM-

guided picture segmentation technique. The correctness of the recreated planes was only 

evaluated for four straightforward gable roofs. [21] used LIDAR and image data to 

recreate structures with straight (only flat and gable roofs) and curved (only flat roofs) 

boundaries. Although the evaluation findings were encouraging, the approach could not 

identify structures with an area smaller than 30 m2, and for those that were identified, 

there were significant planimetric and height inaccuracies. Large complex buildings 

were rebuilt by [15] utilizing LIDAR data and digital maps. This technique, in contrast 

to others, was able to recreate structures as tiny as 4 m2. However, the process turns 

semi-automatic in the absence of a ground plan or if the plan is out of the current. The 

published paper lacked objective evaluation outcomes as well. A technique utilizing 

LIDAR point clouds was proposed by [19]. The authors suggested manual pre-

processing and post-processing activities because the automated procedure's proposed 

success rate was low. A rough selection of building zones was made during the pre-

processing stage by interactively digitizing each building. The incorrect building models 

were identified and corrected using professional CAD software in the post-processing 

stage. Additionally, a few algorithmic parameters were interactively set. A framework 

for segmenting (detection) and reconstructing polyhedral building roofs from high-
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density LIDAR data was given by [22] Both segmentation and reconstruction evaluation 

results were good. The approach, however, showed considerable reconstruction errors 

on small planes as a result of the removal of LIDAR points close to the plane 

boundaries. Additionally, the fuzzy k-means clustering algorithm required a lot of 

computing power [23]. In their 2010 paper, [24] described the integration of stereo 

imaging and LIDAR data for the production of semi-automatic polyhedral building 

models. LIDAR data was first used to create planar roof patches, and 3D image lines 

were then matched along the LIDAR borders. The essential boundary segments were 

added and erroneous borders were removed using a manual monoplotting process. Due 

to relief displacement, shadows, and low image contrast, some real boundaries were 

missed and false boundaries were detected. For the reconstruction of a 3D building 

model, [25] combined LIDAR data with multi-view aerial images. Since many times 20 

to 30 percent of the roof lines required to be manually changed, this was a semi-

automatic process. This approach was computationally demanding as well as ineffective 

at reconstructing intricate roof structures. Through the use of a seed point-based region-

growing algorithm, [14, 26, 27] suggested a method for segmenting roof planes using 

raster LIDAR data. The slope-adaptive LIDAR echo ratio was used to remove 

vegetation, and the method produced positive object-based assessment findings on a 

sizable data set utilising a threshold-free evaluation system. However, there was a loss 

of precision in the extracted planes as a result of the usage of gridded height data. 

1.2.2 Urban Traffic Noise Prediction Modeling and Need for 3D Geospatial Data- 

A Case Study: Background 

Route determination in the outdoor environment is used to perform a major function in 

various applications. Viewshed analysis, solar shadow determination, the transmission 

of resources from one point to another, noise propagation, etc. are some examples of 
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these applications [28, 29]. Apart from these examples, it has also been found that 3D 

route determination also plays an important role in modeling noise propagation. 

GIS is a sophisticated collection of tools for storing and retrieving spatial data from 

the actual world, as well as modifying and displaying it [28]. To trace the data alteration 

at each stage of the process, a GIS data management system might be employed. 

Alteration in input data, data simplification, interpolation, calculation, etc. that could 

affect the accuracy of outputs are all examples of data manipulation. There are a variety 

of noise prediction methods now available. They require a platform on which to 

construct a model from several components. Noise Estimation is a combination of Noise 

sources, terrain data, and Noise model as shown in Figure 1.1.  

 

Figure 1.1 Noise prediction. 

 

Roadways, railways, etc. can be examples of linear noise sources, while industry 

sites, airports, etc. can be examples of area noise sources. Screens, buildings, 

embankments (with or without screens), bridges, roadways, gullies, open spaces, 

different forms of grounds, vegetation, atmospheric conditions, etc. must all be included 
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in the noise models. Various noise prediction techniques employed various concepts to 

define these noise values, one of which is Lima, which used the Line segmentation 

principle (see Figure 1.2) to define these parameters. It is accomplished by using the 

projection approach; various portions are created from the source to the destination 

solely to examine the route variation for obstacle screening using “rubber-band logic” 

[30]. 

 

 

Figure 1.2 The two figures in the Lima Modeling: (a) Principle of the line segmentation 

using projection; (b) Demo of Lima technique to create model and noise map (courtesy; 

[3]). 

In the case of Lima modeling, worst-case analysis determines the side deviation 

from the barrier. This analysis is based on rotating the plane of propagation which 

means the route from which maximum noise is reached at the destination’s point. 

Another widely used noise prediction model is Nordic prediction [31]. The prime 

consideration of this model is to select the building parameters. The model calculates 
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the noise level with different corrections such as Distance correction, Angle of view 

correction, Screen and screen ground correction, and Thick Barrier correction. In this 

barrier correction principle, the authors first tried to select the next road segment with 

source and destination point information. Following this, they constructed the angle of 

view triangle as shown in the landmark and the road stretch is depicted in Figure 1.3.  

 

 

Figure 1.3 Three figures show the principle working of the Nordic Noise propagation 

model to calculate: (a) Generated receiver for Noise prediction; (b) non-barrier angle 

and its bisector; (c) Barrier angle and its bisector; (d) Noise map of an area (courtesy; 

[5]). 

 

Nowadays the most systematic analysis of noise levels is for road traffic noise. The 

most used Noise propagation model is SoundPlan, which calculates the amount of noise 

generated by roads, trains, and industry. The model includes a separate toolbox with 

GIS-style data entry and manipulation devices. SoundPlan works on the idea that the 

user must import the attributes by setting heights, distances, and other parameters. 
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SoundPlan assumes that there are two ways to reach the destination, i.e., (a) direct with 

no obstruction that involves determining the distance attenuation, and (b) bypassing the 

obstruction [32] Here, the noise is calculated by dividing the calculated area into a grid 

with specific steps (s), such as 5 m, 10 m, or a maximum of 30 m. After determining the 

noise levels at the grid points, isolines are used to connect the sites with equal sound 

levels, leading to the equal-sound lines depicted in Figure 1.4. The fundamental 

disadvantage of this noise prediction model is that it only works with a small area and 

only uses rough terrain data, resulting in a huge inaccuracy. To eliminate all of these 

flaws, a model that incorporates high-resolution 3D digital terrain information generated 

by laser survey must be defined. 
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Figure 1.4 (a) Step to proceed SoundPlan Techniques; (b) Graphic screen (Geo-

database); (c) Model creation in SoundPlan Modeling; (d) Isolines creation by means of 

direct and indirect routes (courtesy; [6]). 

 

Determining the shortest route of noise propagation is challenging, the following 

techniques [33–35] are employed to discover the shortest routes. These algorithms’ 

function using graph theory, with the root node as the source and the goal node as the 

destination. In this sense, a graph is made up of vertices (also known as nodes) 

connected by edges (also called links). The Greedy algorithm, which is a type of 

algorithm that finds the maximum value at every node in the graph to find the shortest 

route, is important in this area. Even if it finds a node with a very large value throughout 

the search, the greedy algorithm will take that route because it can’t return. As a result, 

it takes some time to find an appropriate solution. 

The Dijkstra algorithm, on the other hand, seeks to determine the quickest route 

from one location to another based on the least weight. This can only be used for ages 
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that aren’t negative. The Bellman ford algorithm is similar to Dijkstra’s, with the 

exception that it can also be used for negative weight. However, it takes longer to 

search. There is another algorithm known as the A* algorithm, which performs the 

search for all existing nodes. This algorithm is a combination of the greedy and Dijkstra 

algorithms [36]. It takes more search time due to the complex network. Another 

algorithm is the Ant colony algorithm which finds the shortest route between the nest 

and source of food. For example, from the below-mentioned diagram A is the nest 

where ants reside and B is the source of food. Ants start wandering from A in the given 

4 directions (C, D, E, F) and laying down pheromone [37]. Theoretical analysis of the 

ant algorithm [38] is more difficult because it necessitates a bigger number of 

repetitions. The Genetic algorithm is the most frequently used. It can be used to find the 

quickest route based on the unique DNA of living creatures, which determines 

everyone’s property. In comparison to other algorithms, its coding is quite simple. But it 

does not always provide the best solution. One most used algorithm for shortest route 

calculation is a Dijkstra algorithm, using A as the source node and B as the destination 

node. The route (A-D-I-B) is depicted in Figure 1.5 to reach Node B from several links 

examined by the algorithm. The other algorithm produces the same result, however, the 

A* algorithm differs in terms of space, time complexity, and heuristic values. These 

algorithms are not capable of finding routes in 3D complex scenarios. 
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Figure 1.5 Diagram showing results of Dijkstra and other existing algorithms. 

 

The problem of finding an optimal route has always been challenging in computer 

science, mathematics, and geoinformatics. Sometimes optimal route problem is 

considered an optimization problem [10] attempted to provide solutions for both 

efficiency and accuracy. As we discussed earlier, many algorithms are designed to solve 

optimization problems [11]. A Genetic algorithm is an evolutionary optimization 

algorithm that has been used to fit the shortest route problem. Canali and Mittal 

proposed a solution for the optimal route problem using genetic algorithms [39, 40]. 

The author adopts the concept of triangular Fuzzy numbers and then ranks fuzzy 

numbers to check the optimal solution. The proposed work of  [41] discussed an 

application that works on finding the nearest location in case of fire with the help of a 

drone map [42]. Apart from these optimization algorithms, some algorithms [43] that 

are dependent on spatial analysis are used to bring meaning out of spatially referenced 

data, and the set of methods that provides the optimal route determination. The results 

from Spatial analysis techniques are majorly dependent on data quality [33, 44] as well 

as the understanding that the GIS users have concerns regarding the method used [45]. 

A GIS user needs to be quite knowledgeable about the techniques employed to create 

results. To make spatial data useful for analysis, they must always prepare it. Otherwise, 
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a spatial analysis could produce inaccurate results. If the GIS user wants a specific 

result from the study, they can even manipulate data to get there. In Joshi's research, an 

algorithm for spotting fire alarm systems is suggested, along with the best way to get to 

the scene more quickly [46].  

Many road traffic noise analyses [47–50] also discussed the need of finding an 

optimal route for calculating the noise effect on people who reside near the road. Before 

extracting features from LiDAR 3D point cloud data, there is a need to understand 

which feature is helpful and which is not [51–53]. Thus, a proposal of a dedicated 

algorithm for accurately extracting road boundaries is necessary [54]. The proposed 

algorithm has been tested on “Xinda”, an autonomous driving platform [55] and the 

authors have presented a survey that is based on Deep learning. Another discussed 

method is for 3D data understanding, object detection, shape classifications, and object 

segmentation [56] which presented a comparison of existing algorithms and approaches 

to turn LiDAR 3D point clouds into 2.5D urban scenes. [55] It goes over how to find 

tree features and makes mapping more likely [57, 58] to create a neural network 

technique based on the UGVs technique for feature extraction and classification system. 

According to Chen et al discussion, research into DTM production using LiDAR is 

growing significantly  [59]. A technique that is based on LiDAR intensity data was 

discussed by Guoping et al. [60]. This method further exemplifies statistical techniques 

for classifying ground- and air-based points. DTM & DEM are needed after feature 

extraction from LiDAR point cloud data [61]. Many researchers discussed different 

ways to handle it. Sharam and Meng et al. covered the topic of using LiDAR data to 

create DEMs for modeling coastal areas, managing forests, etc. Deep learning was 

applied for categorization, feature extraction, and DEM synthesis from 3D LiDAR data 
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by Bello et al. [62]. Priestnall et al. talked about several techniques for extracting 

surface features from a digital surface model. [63]. 

LiDAR technique offer 3D point data of very high accuracy [64]. However, it is 

challenging to extract terrain features and subsequently identify noise paths from the 

source to several target sites since the data lacks specific topographical information. 

Topographical parameters are derived and added to a noise model with noise data for 

3D noise level prediction once the shortest or most direct paths have been identified. 

 

1.2.3 Optimization of Distribution of Cellular Tower Using 3D Geospatial Data- 

A Case Study: Background 

Cellular network planning and resource optimization are becoming significantly more 

difficult tasks as a result of rising market competition between different service 

providers. The need for more mobile phone users and the use of cell phones in outlying 

areas has forced network service providers to expand their coverage to all locations. A 

cell tower's placement costs vary depending on its height and location, so they must be 

positioned wisely to keep costs as low as possible. A study [65], by offering a three-part 

solution—a greedy approach, ratio heuristics, and genetic algorithm—suggests an 

effective algorithm to find the best tower positions among a list of candidate tower 

locations. The genetic algorithm is shown to be the best option by comparing the three 

options. A spatial data mining and geographic information system are used in a 2011 

study [66] to identify prospective tower locations. The DEM (Digital Elevation Model) 

was applied to the area's satellite image to achieve this. [67] show how the spatial 

analytic approach may be utilized to maximize mobile signal coverage in any dense 

urban area without having to do extensive field measurements, hence reducing the cost 

of wireless network planning. Babar and Kaur employed the ArcGIS spatial analyzer 
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(Viewshed and line of sight) and proximity analysis (buffer) tools [68]. The author 

describes how a site suitability study using GIS as a tool may be utilized successfully 

and efficiently to set up more towers in a specific area with the least amount of time and 

money. [69], brings experts in GIS and geographical databases to the issues with 

cellular radio communications propagation prediction and radio-network planning. 

According to the simulation results, using rudimentary geographic information and 

standard propagation models to design for future cellular systems like UMTS (Universal 

Mobile Telecommunications System) may result in significant problems. Another topic 

that is briefly discussed in the paper is the creation of databases for radio-propagation 

tools. Using the K1 parameter tuning of ASSET3G and taking clutter loss owing to 

notable rural terrains into consideration, a new technique for producing realistic radio 

network coverage has been presented in Dalela, Prasad, and Mohan (2008). The 

MapInfo Professional program uses the ASSET3G-generated coverage map to 

determine where base station towers need to be placed. The paper demonstrates that K1 

parameter tweaking can be used to forecast the network plan more accurately and in line 

with the real circumstance. Wireless network planning is essential if operators want to 

utilize all of their current assets. An existing cellular network can be improved by 

utilizing optimization methods and precise parameter adjustment, as was analytically 

demonstrated in [70]. In [70] recommendations are made on how operators might 

optimize radio resources and provide the required QoS to subscribers. The key 

performance indicator (KPI) and drive test are employed. In [71], a three-stage process 

was put forth to determine the tower's ideal height at a selected possible tower location. 

An efficient method for placing towers that specify their ideal location and height to 

cover any area and population is provided by an algorithm.  [66] uses spatial mining 

with a Geographic Information System (GIS) tool to improve the placement of cell 
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towers. The Digital Elevation Model (DEM) is used to optimize distribution by 

applying it to an image of a region that was covered by two levels of hierarchy. The 

research concludes that creating a spatial database as a flat database will increase the 

efficiency of spatial mining by reducing mining to one level only. This will prevent the 

time and space consumption caused by extending mining to multilayer in the previous 

work. (Sikha Tayal) discusses the difficulties of using predictions of radio wave 

propagation. They claimed that this approach wasn't appropriate for intricate network 

construction. They integrate geographic information systems with remote sensing 

technology (GIS). 

 

1.2.4 Automated integration of Low-Resolution 2D Images for 3D Urban 

Application of Noise Propagation Modeling – A Case Study: Background  

On the way towards automation in Traffic Noise assessment, where the automation 

reduces the data dependency and time. Road traffic is frequently the largest source of 

noise pollution in cities, and it is known to be related to public health and urban 

mobility [72]. The automated assessment begins with a Google raster image to create a 

user-participation-based approach to improve the selection and number of monitoring 

sites as well as automate the noise mapping update using information collected from a 

low-cost monitoring network. From a Google raster image, topography features must be 

extracted. To separate several classes from the photos, such as vegetation, roads, 

buildings, and cars, semantic segmentation is required. The usual image processing and 

analysis approaches don't work well in the big data environment when faced with the 

enormous, multimodal Google raster maps [73, 74]. The research begins to center on 

deep learning. 
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Traditional image segmentation relies on users manually annotating the features, 

which has a significant impact on the segmentation outcomes [75]. The high-efficiency 

needs of large-scale applications could be met by human inputs. The introduction of the 

CNN (Convolutional neural network) based (full convolutional neural) network marked 

the beginning of the deep learning era for semantic segmentation. The objective of 

image semantic segmentation is to assign a class to every pixel in the image. [76] 

highlighted the popular image semantic segmentation methods based on the in-depth 

study to comprehend the research state, current issues, and development trends of image 

semantic segmentation. We compared and reported the segmentation outcomes of 

popular picture semantic segmentation techniques. The development trend of image 

semantic segmentation in the future was predicted using a summary of popular datasets 

and evaluation standards. The segmentation accuracy in the fog was significantly 

improved by the generative adversarial networks presented by the author in the research 

[77], but segmentation efficiency still has to be increased. These networks include edge 

adversarial networks and semantic segmentation adversarial networks. Deep neural 

network picture semantic segmentation had greater robustness and efficiency than 

conventional data processing approaches, but it was still slightly insufficient in the 

processing performance of high-order task sets, as according to author [78]'s study of 

image segmentation in lane departure system. Reference [79] created a fusion network 

for tiny target image segmentation, which involves extracting the feature data from 

RGB and depth images to complement one another, however, it has demanding image 

acquisition requirements. Additionally, certain enhancements are made to the deep 

learning network's segmentation performance. As an illustration, [80] proposed a super 

pixel enhanced depth neural network to address the challenges of differentiating surface 

image features and categorizing ground objects during the image segmentation process. 
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It used a depth convolution neural network in conjunction with an end-to-end approach 

to improve classification accuracy. The effect of segmentation and recognition, 

however, has to be enhanced for a large number of small targets in remote sensing 

photos. To address the issue of deep convolution neural networks learning spatial 

context in high-resolution picture semantic segmentation, [14] proposed a new 

segmentation model that derived a symbolic distance map for each semantic class from 

the actual label map to increase segmentation accuracy. The training procedure is 

challenging, and there is room for improvement in the speed at which a large number of 

remote-sensing photos are processed. Reference [81] offered a new pixel-level feature 

extraction model with a convolutional encoder and decoder for medical image 

recognition, which increased the global and average accuracy through dataset training, 

and the enhancement of feature extraction raised the accuracy of semantic segmentation. 

However, it was unable to take processing efficiency into account. A depth convolution 

neural network based on U-Net was suggested in reference [82] to achieve end-to-end 

semantic segmentation. The model fusion technique significantly increased the 

segmentation accuracy, although the segmentation result is poor for partial occlusion or 

fog. 

Several well-known feature extraction techniques exist, such as the histogram of 

oriented gradient (HOG) [83], scale-invariant feature transform (SIFT) [84], and spatial 

orientation feature matching (SOFM) [85]. Some techniques [86] also rely on corner 

point properties. They primarily combine corner classifiers based on the mean 

projection transform (MPT) with contour-based detectors [87]. Support vector machines 

[88], logistic regression [89], and random forest [90] are some of the classifiers for 

semantic segmentation that are most frequently used. The pixel classification accuracy 

associated with these approaches is subpar despite having quicker segmentation speeds. 
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This is mostly because they employ handcrafted elements. Convolutional neural 

networks (CNNs) have seen tremendous progress in computer vision during the past 

few years [91]. Convolution, pooling, and activation functions are used to extract a 

variety of features from the images, and fully connected layers are used for 

classification. Through backpropagation, the network parameters are learned and 

updated, and they have a very good nonlinear fitting capability. Its performance far 

outperforms that of conventional machine learning techniques. Numerous backbone 

networks exist, including VGG [92], deep residual networks like ResNet [93] and 

ResNetXt [94], and dense convolutional networks like DenseNet [95]. ResNet [93] 

employs skip connections to combine input and output data to partially avoid the issue 

of vanishing gradient. All past and present features are combined by DenseNet using a 

dense connection technique. By learning the weight of each channel, the "Squeeze and 

Excitation" (SE) module [96] illustrates the significance of each channel. All of the 

strategies mentioned above have been successfully used to image classification jobs. 

Full convolutional networks (FCN) were proposed [97] by transforming the 

convolutional layers of conventional CNNs into fully linked layers. U-net, a 

segmentation model based on encoding and decoding that connects the semantic 

information at various levels to the appropriate decoding component, was proposed by 

Huang et al. [98]. The capacity to obtain global information is improved by PSPNet 

[99]'s usage of the pyramid pooling module to combine context information across 

several locations. It is, nevertheless, computationally ineffective. A backbone network is 

used by DeepLabv3+ [100, 101] to down sample the image. The next step is to use 

numerous convolutions with a varied dilatation rate to acquire multi-scale information. 

Finally, predictions are added together with the up-sampled features and low-level 

feature maps.  
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Finally, there are a couple of issues that have been extensively researched in the 

literature: vehicle detection and vehicle classification. Histograms of gradients (HOG) 

with Support Vector Machines (SVM) [102, 103], deformable parts models [104], 

posture estimation using projected 3D models [105], rotationally invariant mixture of 

models [106], HOG [107], and multi-scale deep CNN [108] are examples of studies on 

the detection of vehicles in high-resolution remote sensing data. The effect of noise is 

calculated for the closer areas using a 3D automated noise prediction that uses cars as 

the noise source. Information on building height, barrier height, etc., is required for 

predicting noise levels at various locations One of the greatest ways to gauge the height 

of the building is to calculate the shadow. Identification of shadow regions from a 

Google Earth image is the first step in shadow-based height estimate. Various 

techniques have been employed in classical literature to identify shadows using satellite 

imagery. The property-based and model-based methods are frequently used to 

categorize them. Property-based techniques [109–114] make use of the spectral and 

spatial characteristics of shadow regions. Model-based approaches utilize extra 

metadata or scene details such as sensor localization information, light source direction, 

and object geometry as a matter of course [115–117]. Due to their simplicity, methods 

based on histogram threshold techniques have received a lot of attention for shadow 

detection [109–111]. The ratio-band and Graph-Cut partitioning via kernel mapping 

techniques were both presented in  [118]. In [119], a semi-automatic method for 

estimating Height from a single satellite image was suggested. This method involved 

manually changing the height of a model building before comparing the projected 

shadow to the actual shadow. In contrast, [120] employed volumetric shadow analysis 

to automatically extract Height, which is primarily intended for structures having full 

vistas of their bases and rooftops, including the sides of the building. Reference [121] 
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matched shadow regions as well, although it determined Height through straightforward 

triangulation. [117] is classification approach that was utilized to identify shadows and 

describe how buildings and their shadows interact to determine Height. The approach 

overestimates the lengths of building shadows, leading to significant mistakes in the 

height calculations. [122] used the identification of shadow areas to deduce the length, 

form, and number of stories of a building. According to the sun-satellite geometry 

relationship in [123], Height was determined from the extracted shadow regions using 

three distinct approaches: ratio, example-based, and rule-based, with mean errors in 

estimated Height of 0.67, 1.51, and 0.96 m, respectively. The method's utility in 

crowded metropolitan environments is limited by the fact that it disregards overlapping 

shadow regions brought on by other structures and vegetation. Reference [124] used a 

semiautomated triangle analysis of shadow geometry to estimate Height; nevertheless, 

this method is computationally expensive, which may limit its use in scenes with plenty 

of structures. More recently, [125] calculated the ratio of Height to the shadow length of 

known buildings before using the determined shadow-length ratio to determine the 

heights of other structures with unknown heights. The method straddles the direct and 

indirect approaches because it calls for some field measurements. 

 

1.3 Motivation  

Extracting meaningful terrain data out of these geospatial data becomes challenging, 

there are certain conventional approaches to terrain data processing. Now people had 

been using these conventional approaches for terrain data processing which primarily 

being inverted with DEM. People are using different approaches like DEM, TIN 

(Triangulated irregular network ) , and some use contours for directly extraction of 

terrain features like building, roads, trees, and terrain parameters. Sometimes in absence 
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of these terrain data, people are using simple point data (data from Total station) and 

GPS data. Significantly, people are using the point cloud LiDAR data. These data are in 

different forms starting from the terrain data form and make appropriately derivable 

from it. These derivable can be extraction of building, vegetation, road, etc. There are 

conventional approaches for using terrain data for different types of applications and 

modeling. The major challenge of the conventional approaches is that: to have accurate 

data you are going for LiDAR data or you are going for high-resolution satellite images. 

There is a significant increase in data management costs for high-quality data. In order 

to manage the low cost, the data quality will be compromised. This low-quality data will 

further reduce the data accuracy. In order to manage certain urban applications, high-

quality data is needed and in huge volume, the processing of these data as such will take 

high processing time. It is also important to know how much data will be needed. 

However, all the data is not required every time. 

The motivation of this research is to develop a customize solution for extracting 

terrain parameters for developing a Point-to-Point routing algorithm. A point-to-point 

routing algorithm is further used for noise propagation modelling, and for different 

applications in noise propagation modeling, every time all the data is not required. 

Geometry and the positions are essentially required for the modelling. During the town 

planning, there is need to determine the noise levels at various parts of a city. The noise 

levels vary in different parts of the city with time. Accurate prediction of noise levels 

requires the determination of all the possible routes through which the noises are 

propagating before reaching the destination locations (noise receiving points).  

In the proposed research, a customized solution is evolved for extraction of routes 

between any pair of points (source and destination) and accurate shortest routes are 

determined in 3D using a highly dense LiDAR terrain point cloud. The novel solution is 
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applicable for sound propagation modelling in 3D and for any route determination 

applications in cities when previously labelled routes are not available. The author not 

only developed a novel algorithm of 3D routing for sound propagation modelling. It 

further demonstrates the 3D noise mapping with the above algorithm. A Point-to-Point 

routing algorithm developed is implanted for determination of optimal location(s) for 

setting up Cellular transmission tower(s) for an area.  Day-by-day, the cellular industry 

faces load in controlling the quality of signal strength for all users. The service 

providers are required to place cellular towers at the optimal location for providing a 

strong cellular network in a particular region. However, due to buildings, roads, open 

spaces, etc., of varying topography in 3D (obstructing the signals) and varying densities 

of settlements, finding the optimal location for the tower becomes challenging. Further, 

in a bigger area, it is required to determine the optimum number and locations for 

setting up cellular towers to ensure improved quality. The determination of optimum 

solutions requires a signal strength prediction model that needs to integrate terrain data, 

information of cellular tower with users’ locations, along with tower signal strengths for 

predictions. Better modeling is only possible with detailed and precise data in 3D. 

Considering the above needs, a LIDAR data-based cellular tower distribution modeling 

is attempted in this thesis. 

The focus of this study is also to perform a comparative and comprehensive 

investigation, on various conventional and advanced intelligent models for their 

suitability and efficacy. The study includes the role played by data in Noise prediction 

modeling. This thesis approached noise level prediction in two levels i.e., with highly 

precise data as well as with 2D raster low level data automatically. High precised data 

level is the level that use high quality terrestrial Laser scanner data that is LiDAR data 

for developing noise prediction model (as discussed above). 2D raster based automatic 
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level is the level in which low quality (resolution) google raster image (which are 

free/open) is used for noise prediction. Noise prediction in automatic level is done by 

extracting terrain features by Deep learning technique.  This automated Noise 

assessment is a forward step towards the minimization of data dependency. Further, an 

investigation has been carried out to compare the two noise prediction levels that are: 

one by using very high precised data and other one is using google raster image for 

noise mapping limiting data dependency.  

1.4 Problem Statement 

Extraction of relevant terrain data out of 3D point cloud geospatial data is a big 

challenge. The collection of detailed terrain information along with the information of 

time-varying noise data is a challenge. It required the determination of routes through 

which noise can transmit from a source location to different noise destination (receiver) 

locations. If we know the position, orientation of the geometry of different obstruction 

along with the source point information, then it is sufficient to address the applications 

we are trying to design. To extract these terrain parameters, we essentially need a 

customized approach. The novelty again comes from the understanding that we didn’t 

blindly follow the conventional approach of generation of DEM, Contour, or spot height 

for terrain data integration in noise modelling.  

The software currently used for the noise modelling, primarily encourage use of 

above data form for terrain data integration. For example: the software encourage user 

to incorporate the LiDAR data, satellite images, etc. The model will ask users to classify 

satellite images, extract features then provide it to Digital Elevation Model. In case of 

DEM, we have to compromise with the accuracy of terrain data before it is integrated 

noise modelling. This is not the best way or the optimised way to incorporate terrain 

data inside the noise propagation model or the optimized model for placing wireless 



29 
 

transmission towers in an area. So, there is a great need for deriving customized solution 

to generate different applications which can incorporate the best and high quality of data 

that we need to design a model. The time and space-based integration of noise levels for 

noise prediction often become very complex in a 3D real-world environment. Because 

of limitations in capturing accurate and dense terrain information for different noise 

prediction models. 

 Existing models adopt various approximations in estimating the routes through 

which the noise can propagate. The parameters of geometry, orientation, and types of 

buildings (or other overground objects) are roughly incorporated into the models. These 

approximations lead to inaccuracies. The majority of them fail to accurately predict the 

noise level outdoor at an instantaneous scale. The limitations of models can be 

overcome using high-resolution 3D LiDAR data, which come in the form of the point 

cloud (X, Y, Z).  

1.5 Research objectives  

The main objectives behind the research work are given below:  

• Derivation of customized algorithm for extraction of 3D terrain parameters for 

urban application (e.g., Traffic noise mapping). Development of an algorithm for 

extraction of accurate 3D terrain parameters from point cloud LiDAR data to 

integrate with sophisticated traffic noise propagation model for 3D noise 

mapping. 

a. Instead of using DEM, Contour, spot height, or vector map to integrate 

terrain data with noise model, the noise proportion routes are directly 

tried to be extracted accurately from LiDAR point cloud. Thus, a 

customized algorithm for extraction of terrain parameters is tried to be 

designed for noise propagation modelling. 
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b. Accuracy and speed of 3D noise mapping is given highest importance 

during derivation of customized algorithm. Accurate urban mapping is 

dependent on quality of (i) terrain data, (ii) physical parameter to be 

mapped (e.g., noise data), and the (iii) urban application model (e.g., 

noise propagation model). Thus, the algorithm developed is required to 

accommodate high qualities of above three factors. 

c. The customized algorithm is also tried to be made flexible to 

accommodate average or approximate data for facilitating prediction or 

mapping when high qualities of data/ model are not available.    

• Determination of an urban application model using customized terrain parameter 

extraction algorithm, (e.g. Development of model for optimum distribution of 

Cellular transmission tower for an area). 

a. To establish an accurate model to predict the signal strength at a user 

location in relation with transmitted signals from nearby cellular tower 

location(s). 

b. To establish a technique to determine the optimum location for setting up 

a cellular tower using an accurate signal strength prediction model. 

c. To establish a technique to determine the optimum number and locations 

of the cellular tower for an area to offer good/acceptable quality of signal 

strength to most users. 

• Urban application prediction (which requires 3D terrain parameters) using low 

level 2D raster data from free/open resources, (e.g., Noise mapping using 2D 

google images).   

a. To propose an automated technique for extraction of 3D features from 

2D data, i.e., building area and height, vegetation area, road area, road 
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centers and orientation, vehicles or vehicle clusters (traffic noise sources) 

on road etc.  

b. To develop a deep learning module for semantic segmentation, for 

building, shadow, vehicle detection, and for vehicle characterization. 

c. Characterize, building and other obstruction with their 3D geometry, 

traffic noise levels of vehicular clusters on road. 

d. Integrate derived terrain parameters with noise propagation model for 

noise mapping. 

 

 

1.6 Thesis outline 

     Chapter 2 explains the basics of Geospatial data, data processing techniques, and 

techniques to integrate the terrain data with urban application modeling. The chapter 

continues with simple understanding of implementation of Geospatial techniques for 

Noise prediction modeling, which is also related with other case studies of geospatial 

data extraction and integration techniques for application development.  

     Chapter 3 Describes the development of customized 3D Point-to-Point routing 

algorithm for extraction of noise propagation paths. The technique is developed over 3D 

accurate LiDAR point cloud data, and enables calculation of the noise propagation 

routes between a pair of noise source and receiver. The chapter also documents how the 

extracted terrain parameters are required to be integrated with the noise propagation 

model to generate noise map. 

     Chapter 4 describes the application of Routing Algorithm which is developed in 

chapter 3 for development of cellular tower’s optimization model. In this chapter an 

algorithm is developed based on routing algorithm to determine the optimal location for 
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setting up the Cellular Transmission Tower.  Further, the developed algorithm is tested 

for real scenario of Agra city, UP, India. 

     Chapter 5 describes the possible solutions for developing an automated noise 

integration model when 3D terrain data and traffic noise data are not available. The 

automation in the noise prediction is designed to reduce data dependency in urban 

prediction modelling. Machine learning based technique are approached to extract 3D 

terrain features (e.g., building height, and orientation, vehicular orientation etc.)  from 

2D raster images of Google images of study area. Additionally, extracted vehicles or 

their clusters on road are characterized with noise data based on understanding of traffic 

noise propagation modelling for the area. Characterized 3D terrain data and noise data 

are integrated to generate noise map for the area.  

      Chapter 6, the main contributions and results of this thesis work are summarized in 

this chapter.  The potential future implications of these studies along with the future 

research scope are also highlighted in this chapter. 
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Chapter 2 

Geospatial Data Processing for Developing Urban Application 

Review of Literature for Addressing the Research Objectives 

2.1 Introduction 

Location and location-based information are essential for analysis, management, 

administration, and governance in today's hyper - connected world where every object 

has a digital trail and is a member of a global network. Geospatial data intelligence 

enables us to create apps that track the location of things of interest by assisting us in 

locating events, activities, people, streets, or buildings. Currently, user needs and 

advancements in information systems are fusing data types that weren't previously 

physically connected [126]. Recent years have seen a sharp increase in the sources and 

accessibility of geospatial data and information, creating new opportunities and 

difficulties for timely scientific and technological responses. Geospatial data has grown 

in importance in the modern day, and the question of where something is has become 

crucial in both traditional and the fast-developing digital spheres.  

Geospatial analysis offers a distinctive viewpoint on the globe and a special lens 

through which to study activities taking place on or close to the surface of our planet. 

Geographical information that connects objects and occurrences on the Earth's surface 

to their locations is used in geospatial analysis, which focuses on where things happen. 

Data with Latitude/Longitude or other geographic reference points, together with 

properties that define elements like images, points, lines, or polygons, are typically 

referred to as geospatial data [127]. All data, even that with an address, in a city, region, 

state, or country, is actually geographical. Geographic Information Systems (GIS) made 

it possible to grasp how data from a wide range of sources may be used in conjunction 
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with one another. One illustration is the use of remotely sensed imagery in a GIS 

setting. In contrast to remotely sensed imagery, a GIS coverage has a special property. 

A database is a crucial part of a GIS, but it needs careful maintenance so that 

meaningful data can be saved and processed. Such a database can benefit from the 

sophisticated addition of substantial geographical information provided by remotely 

sensed data [128, 129]. Organizations have numerous difficulties when dealing with 

large amounts of geospatial data. Making sense of and using the data effectively is 

tough for many businesses. Processing of geographical data is necessary to meet these 

issues.  

Geospatial data typically involves large sets of spatial data gleaned from many 

diverse sources in varying formats and can include information such as census data, 

satellite imagery, weather data, cell phone data, drawn images and social media data. 

Geospatial data is most useful when it can be discovered, shared, analyzed and used in 

combination with traditional business data. Geospatial analytics is used to add timing 

and location to traditional types of data and to build data visualizations. These 

visualizations can include maps, graphs, statistics and cartograms that show historical 

changes and current shifts. This additional context allows for a more complete picture of 

events. Insights that might be overlooked in a massive spreadsheet are revealed in easy-

to-recognize visual patterns and images. This can make predictions faster, easier and 

more accurate. 

The kind of geographic data needed for a project varies on its goals, as does the 

platform for collecting the data. For instance, the accuracy needed for cadaster purposes 

is typically set by rules, and frequently, it is in terms of centimeters, which is now 

unattainable with spaceborne data. Another example is global land cover mapping, 

which does not need the same level of geometric accuracy as cadaster but still includes 
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thematic information about the type of land, such as water, forest, or soil. It is more 

practical to use spaceborne data for these purposes given the magnitude. 

2.2 Type of geospatial data 

There are three fundamentals’ formats can be used for data collection (representing 

locations in a database): vector, raster, and point cloud. The real world is represented in 

vector representation by points, lines, and polygons. In other words, raster format 

reflects the real world with a matrix or grid of cells or pixels and is based on a 

continuous fields view, whereas vector format is analogue maps and is based on a 

discrete objects view. Several data points in space make up point cloud data. A 3D 

shape or item could be represented by the points. There is a set of Cartesian coordinates 

for each point position (X, Y, Z). Each format has benefits and drawbacks of its own. 

Choosing a format to work with relies on the users and the usage of the data [130]. 

2.2.1 Raster Data Format 

The real world is represented in the raster format, which is a matrix or grid of cells or 

pixels. Each cell or pixel is identified by its address and distinct reference coordinate. 

Additionally, each discrete value assigned to a pixel, as seen in Figure 2.1 (a), describes 

the feature that pixel in Figure 2.1 (b) represents. These are each cell's characteristics. 

Raster data can be obtained via aerial images, remote sensing instruments, and other 

imageries of the earth's surface.  The size of the area that each pixel or grid cell in the 

image represents determines the raster image's resolution. In this arrangement, the 

images are superimposed over a fine rectangular grid of the earth's surface to identify 

the various characteristics. Raster data collection does not create topography; rather, it 

must first be converted to vector format in order to derive spatial relationships between 

the found features as shown in Figure 2.2. However, in this format, the raster data 
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facilitates the application of a number of distinct operations on the spatial data that a 

vector format does not support. Raster data quality varies based on resolution. 

 

Figure 2. 1 Types of Geospatial data a) vector, b) raster [131]. 

 

Figure 2. 2 Conversion of Geospatial data [131]. 
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2.2.2 Vector Data Format 

As previously indicated, the representation of actual world objects in vector data is 

based on three distinct properties, which are: 1. Point features 2. Line attributes. 3. 

Features of polygons. The Point feature doesn't have length, width, or area. They are 

used to depict discrete locational information on the map to identify features like cities, 

towns, well locations, rain gauge stations, soil sample spots, etc. They are entirely 

characterised by their coordinates. However, a line feature is made up of a collection of 

arranged points and has length but no width or area. To represent objects like rivers, 

roads, and electricity transmission line, line features are used. Finally, the polygon 

feature has three dimensions: length, breadth, and area. It is merely the space enclosed 

by a group of perfectly linked lines. In other words, a polygon can be thought of as a 

collection of points with similar characteristics that are used to represent things like the 

area of a city, lakes, neighbourhoods, parks, supermarkets, and buildings. The attributes 

of Point, Line, and Polygon are linked to some additional data that describes them. The 

attribute data is what is referred to here. However, it must be connected and linked 

using identifying keys for each feature after being extracted from raster files, and they 

must be similar to the keys created from the GIS. The attribute data can be maintained 

in a database apart from the spatial features database. The key links each feature to its 

corresponding attribute (s). The attribute files aid in comprehending and researching the 

spatial feature and maintain its connection to human comprehension. 

2.2.3 Point Cloud Data 

Simply said, a point cloud is a collection of data points in space. Any coordinate system, 

such as projected coordinate system (UTM), local coordinate system defines how a 3D 

point cloud is defined in geospatial science. Photogrammetry and LiDAR, these are 
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mainly used geospatial point cloud production techniques, and terrestrial, aerial, and 

spaceborne platforms are all viable options. 

LiDAR Technology 

LiDAR is a surveying technique that uses laser pulses to gauge how far a sensor is from 

a certain target. Variations in pulse return times give 3D information about the surfaces 

the pulses are reaching. 3D point clouds are used to present all the data that was 

acquired. Additional data may be gathered during the surveying process in addition to 

the geographical coordinates (x, y, and z) [130], or it may even be added afterwards 

during post-processing phases. Therefore, points can offer additional relevant 

information such as pulse intensity, RGB color or classification (structure, vegetation, 

water, etc.), among others. LiDAR sensors can be put on practically any kind of vehicle, 

including unmanned aerial vehicles (UAVs), planes, cars, and boats, to scan huge 

amounts of land. However, sensors can also be mounted on stationary objects to record 

3D inside scenes or small-scale outdoor landscapes [132]. LiDAR's accuracy enables 

the creation of extremely accurate 3D representations of any target surface, including 

elements with high levels of complexity or elements that are challenging to detect or 

collect using other types of surveying techniques, such as surfaces beneath dense tree 

canopies or delicate power lines. LiDAR stands out as one of the most significant and 

useful remote-sensing systems currently accessible. 

2.3 What is Geospatial Technology 

For the collection, analysis, and archival of geographic data, geospatial technology is 

employed. While examining the effects of human activities, it uses software to map 

geographic places. A geographic information system (GIS) combines maps and datasets 

regarding natural events and socio-economic trends using computer software. GIS 

builds layered maps to analyses complex data more effectively. Each data point is 
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linked to a specific location on Earth, making stacking possible. The geospatial 

technologies of GPS, remote sensing, and geofencing are more examples. 

2.3.1 Basic Terminologies of Geospatial Technology 

1) Attributes: More information than merely a location on the Earth's surface is 

contained in spatial data. The term "attribute" refers to any additional details or 

non-spatial information that provides context for a feature. Information 

regarding the location may be accompanied by a variety of other features in 

spatial data. You might, for instance, have a map that shows the locations of the 

downtown areas of various cities. The type of use (dwelling, business, 

government, etc.), the year of construction, and the number of stories each 

structure may have in addition to its location. 

2) Geographic Coordinate System: A geographic coordinate system is used to 

pinpoint precise locations on Earth's surface. In geography, the axes are referred 

to as lines of latitude (horizontal lines that go east-west) and longitude instead of 

the x and y-axes that are typically employed in mathematical systems (vertical 

lines that run north-south) [133]. Since each axis represents the angle that a line 

is angled with regard to the Earth's center, the units are measured in degrees (°). 

3) Georeferencing and Geocoding: Since both methods entail adjusting data to 

the proper coordinates of the physical world, georeferencing and geocoding are 

distinct but related operations. In order to precisely position vector or raster 

images on a model of the Earth's surface, georeferencing is the process of giving 

them coordinates. Address and location descriptor data is utilised in geocoding 

(city, country, etc.). The precise coordinates of reference for each of these sites 

on the surface of the Earth are provided. 
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2.3.2 Types of Geospatial technology 

Geospatial technology links the location of an object to its geographical coordinates. 

Monitoring, tracing, measuring, evaluating, identifying, or modelling geographical data 

is made possible. Remote sensing (RS), GPS, and GIS make up the core group of spatial 

analysis. 

1) Remote Sensing: Remote sensing is a geospatial technique that uses 

electromagnetic (EM) radiation from the Earth's terrestrial, atmospheric, and 

aquatic ecosystems to collect samples in order to detect and monitor an area's 

physical features without physically touching it. 

2) Geographic Information Systems (GIS): GIS, one sort of geospatial 

technology, combines geographical and non-spatial data, remote sensing 

imagery, and GPS data points to develop a single comprehensive system [127]. 

Users can gather, arrange, and analyse the necessary data on several layers, such 

as height, vegetation types, forest health, roads, water features, animals, etc. 

 

3) Global Positioning System (GPS): Geometric triangulation is the foundation of 

GPS [134]. Calculations are based on three sources, as suggested by the name. 

However, it is a typical circumstance. When it comes to signals and space, 

scientists must keep in mind that transmitted energy travels at the speed of light, 

potentially leading to calculation errors. Global positioning systems use four 

sources in their computations to reduce mistakes and increase accuracy. 

 

4) Internet Mapping Technologies: Software like Google Earth and online tools 

like Microsoft Virtual Earth are transforming how geospatial data is viewed and 

shared. While conventional GIS has been restricted to specialists and those who 
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invest time in mastering sophisticated software packages, user interface 

advancements are also opening up such technologies to a wider audience. 

 

5) Machine Learning for Geospatial Data: How to handle, comprehend, and 

model data whether there are too many or too little of them is one of today's 

most significant concerns [135]. Large data bases and prolonged observation 

present significant challenges in areas such as pattern detection, geophysical 

monitoring, tracking of unusual events (natural disasters), etc. In this situation, 

the main challenges are in exploring, analysing, and visualizing the vast amounts 

of information that are available. For effective geo- and environmental data 

analysis, processing, and representation, machine learning (ML) shown in Figure 

2.3, including Artificial Neural Networks (ANN) [136] of various architectures 

and Support Vector Machines (SVM), are essential tools today. 

 

 

Figure 2. 3 Machine Learning. 

2.4 Geospatial Analysis and Data processing 

Geospatial analysis is the process of interpreting, exploring, and modelling GIS data 

from acquisition to results understanding. In essence, it entails gathering, merging, and 
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visualising multiple geographical data types. It is used to represent and simulate how 

individuals, things, and phenomena interact in space, as well as to forecast future events 

based on patterns in how locations are related to one another. The core of many GIS 

analyses is the processing of spatial data. Understanding digital image processing, 

database design and development, and GIS analytical operations is essential. 

Understanding your purpose, gathering data, selecting appropriate tools and procedures, 

doing the research, and estimating findings are the five main stages of spatial analysis. 

Geospatial data can be grouped into raster and vector formats. Raster data are mainly 

derived from remote-sensing data, and vector data are mainly constructed in GIS. In a 

Geospatial data collection, regardless of where you source your geospatial data, data 

quality must always be maintained. Poor data results in models of little or limited use. 

(The cautionary phrase “Bad data in — bad insights out” proves brutally true.) It seems 

self-evident that organizations can benefit significantly from having a solution in place 

that curates and checks data, so any “garbage” data gets properly accounted for. In a 

Geospatial data management, with so much data now in abundance, managing it takes 

on considerable importance. Many organizations are finding themselves overrun with 

data and are turning to their in-house data scientists to help them manage it. It has been 

estimated that as much as 90% of data scientists’ time is spent on data-curation 

activities, including organizing, “cleaning” and reformatting data. That leaves those data 

scientists with only 10% of their workday to devote to analyzing data trends and using 

those insights to help shape business policy. 

When a company turns over data collection and management to a solution such as IBM 

Environmental Intelligence Suite, both data collection and data management activities 

can be executed more efficiently. The solution is scalable, cloud-based and able to 

accommodate different file formats. By using a curated database of optimized 

https://www.ibm.com/in-en/products/environmental-intelligence-suite
https://www.ibm.com/in-en/products/environmental-intelligence-suite
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information, data scientists can have more time to concentrate on how to use analytic 

insights and convert them into organizational progress and business impact.  

2.4.1 Raster Data Processing 

Since remote sensing technology captures the real-world information pixel by pixel, 

known as spatial resolution with sophisticated sensors, many remote sensing data used 

in GIS are in raster format, such as land-use land cover (quantitative), the normalized 

difference index (NDVI), the satellite derived digital elevation model (DEM) [137], and 

surface temperature [13]. 

1) Classification of Raster Data: - It is acknowledged that features can be 

extracted from an unclassified image, and that feature extraction would go much 

more smoothly if the data were stratified. Data stratification techniques exist, 

such as density slicing and supervised/unsupervised categorization. By 

stratifying the data, it is possible to make the analysis processes more efficient in 

terms of processing time and disc capacity. 

2) Feature Extraction: - To find homogeneous pixel clusters is the goal of the 

feature extraction process. In this instance, only one of the original 11 theme 

classes (water bodies) was applied. Sub-pixel components weren't thought to be 

important for this comparison. 

3) Boundary Extraction: - The next step is to define the edge of these clusters 

once the feature extraction method has located the homogeneous clusters of 

pixels. This is the border detection technique, also referred to as image 

segmentation. A vector representation of the original polygonal structure or 

feature is most likely the output of the boundary extraction technique. 

4) Generalized extracted vectors: - At this point, if the extracted boundaries were 

analysed, they would seem to be "step-like." In other words, they would 
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precisely match the pixel edges' shapes. It is necessary to pass a smoothing-filter 

over the edge in order to eliminate these "steps" and produce a more accurate 

depiction of the feature. The effects of smoothing increase as the filter size 

increases. Therefore, whereas a 3 x 3 filter would slightly smooth the step-edge, 

a 9 x 9 filter might distort the edge, and much bigger filters might change the X 

and Y coordinates. The bulk of the data is also reduced by generalizing it. 

Reduced data storage needs and faster processing are the result of this. This 

could have the drawback of the data becoming too generalized and poorly 

registered. 

5) Exportation to GIS: - The work completed up until this point has only dealt 

with image processing. Now that the features have been extracted, they may be 

exported to the GIS. This process is a simple conversion of the collected vectors 

to a GIS-friendly format, like the Digital Line graph (DLG) format. 

 

2.4.2 Vector Data Processing 

The components of vector data are points, lines, and polygons. Vector data can be 

generated internally using GIS data conversion techniques including LASER scanning, 

georeferencing, and digitizing, or it can be acquired directly from map providers. 

The basic building blocks of vector data are points. Bus stops, facility locations, field 

survey data of the qualities of the soil and rocks, surface temperature, etc. are all 

represented by point data. The use of LIDAR point cloud data to create DEMs, DSMs, 

DTMs, and digital height models is examined in this subsection (DHM). The names 

DSM, DTM, and DHM are typically appropriate for high-resolution digital elevation 

data because they can discern the heights of buildings, trees, and other built-up objects, 
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whereas DEM is typically appropriate for coarse spatial resolution elevation data (i.e.,30 

m, 90 m, 1 km).  

DEM, DSM, DTM 

Digital Elevation Model (DEM) is the digital representation of the land surface 

elevation with respect to any reference datum. DEM is frequently used to refer to any 

digital representation of a topographic surface. DEM is the simplest form of digital 

representation of topography. DEMs are used to determine elevation representation of 

the "bare earth," unmodified from the original data source (such as lidar, ifsar, or an 

auto - correlated photogrammetric surface), purportedly devoid of vegetation, structures, 

and other "non-ground" items. 

In the LiDAR system, light pulses go to the ground. When the pulse of light comes out 

of its target and returns to the sensor, it gives the range (variable distances) to the earth. 

Finally, LiDAR offers a large point cloud filled with variable altitude values. However, 

these elevation values may come from the top of buildings, tree canopy, power lines and 

other features. A DSM captures natural and artificial features on the Earth’s surface. A 

DSM is an elevation model that takes into account the tops of any other objects, like 

trees, powerlines, and buildings. This is frequently viewed as a canopy model and only 

"sees" the ground when nothing else is on top of it. 

. A digital terrain model (DTM) can be described as a three – dimensional 

representation of a terrain surface consisting of X, Y, Z coordinates stored in digital 

form. It includes not only heights and elevations but other geographical elements and 

natural features such as rivers, ridge lines, etc. A DTM is effectively a DEM that has 

been augmented by elements such as break lines and observations other than the 

original data to correct for artifacts produced by using only the original data. A DTM is 
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essentially a DEM that has been enhanced by additional information, such as break lines 

and observations, to account for errors introduced by utilizing only the original data. 

2.5 Application of Geospatial Data 

The application of geographical data is very broad. Location and location-based 

information are essential for analysis, management, administration, and governance in 

today's hyperconnected world where every object has a digital footprint and is a 

member of a global network. Geospatial data intelligence enables us to create apps that 

track the location of things of interest by assisting us in locating events, activities, 

people, streets, or buildings. They are widely used in both governmental and 

commercial sector enterprises. On the list are urban planning, urban planning and 

development, and disaster and emergency management. Management of lands and the 

environment, disease outbreaks and public health, market and consumer analyses [138], 

etc. New applications are continuously being added to the list. However, there is also a 

need to advance the methods for creating applications. In this thesis, we have worked on 

Noise prediction modeling based on Geospatial data.  

2.6 Noise Basics 

2.6.1 Sound and Noise 

Sound is a type of energy that causes the sense of hearing. It is created by longitudinal 

mechanical waves in solid, liquid, and gaseous matter and is conveyed by the oscillation 

of matter's atoms and molecules [139]. Three primary types of sound are noise, music, 

and speech. The basic natural sound system is made up of the human voice as the source 

of natural sound and the human ear as the receiver of natural sound. Noise is any sound 

that is unwelcome or interferes with one's quality of life. Noise pollution is considered 

to as when the amount of noise in the environment exceeds a specific threshold. Sound 

becomes unwelcome when it interferes with routine tasks including working, sleeping, 



48 
 

and having conversations. Because it cannot be seen, smelled, or tasted, it is a neglected 

environmental issue. 

Noise is unwanted and repulsive sound, that is unpleasant [140]. A running engine, a 

loudspeaker's vibrating diaphragm, an active machine tool, and other things can all 

make noise. The Latin word nauseas, which means seasickness, is where the word noise 

derives from. Hearing loss occurs as a result of loud noise exposure [141]. Noise may 

cause the brain to become inflamed, and the nervous system may absorb tiny particles. 

Noise is defined as audible sound that disturbs, impairs, or harms one's health. This is a 

more exact definition. 'Noise' and ‘sound' are frequently used interchangeably when 

referring to purely acoustical dimensions (e.g., noise level, noise indicator, noise 

regulation, noise limit, noise standard, noise action plan, aircraft noise, road traffic 

noise, occupational noise, etc.). Exposure-response theory, which has been around for a 

while, provides the link between exposure and outcome (also known as an endpoint, 

reaction, or response). Managing noise is essential for improving a home's quality of 

life. Internally in a structure (such as from the voices, music, or appliances of nearby 

neighbours) or externally (e.g., traffic noise from automobiles, buses, trains, aircraft, 

industrial activities or surrounding construction activities). Vibrations can also be linked 

to noises (or the impact of sounds), which are conveyed through building materials by 

sound sources including car or foot traffic, slamming, and fallen objects. 

 

2.6.2 Noise Pollution 

In general, pollution is a by-product of certain vital processes or actions. As a result, 

whilst the pollutant can be regulated or lessened, total eradication is virtually always 

unachievable. Most pollutants can be tolerated up to a specific amount, the level varying 

depending on the type of pollutant [142]. Knowing how far the permissible limit has 
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been exceeded is crucial when the pollution level keeps rising so that new restrictions 

can be put in place to stop it from getting worse. The pollutant must be measured in 

order to determine the degree of pollution. The fact that our auditory system cannot 

detect subtle variations in noise levels makes measures of noise pollution all the more 

important. It is challenging to fairly compare noise with other environmental pollutants 

since noise pollution in the environment has been a special case [143]. Noise should be 

treated as a completely distinct entity, despite the fact that it is tempting to compare it to 

issues with water, air, or solid waste. Physical pollution such as noise is difficult to 

detect. This is because gradual increases in the ambient level of sound are not noticed 

because the human ear's sensitivity automatically adjusts to it. As a result, the damage is 

still being done by the noise. 

2.6.3 Need for Study 

Different people, or even the same person, may hear the same sound in a different way 

depending on the time and place they hear it. Unwanted sound is known as noise. 

However, the definition of "unwanted" might fluctuate based on the listener's attitude 

[3, 144]. When out and about and in a good mood, one may enjoy listening to music, 

but he or she may dislike it when it is forced upon them while they are preparing for a 

big test. The sound count is a result of a number of factors, including age, overall health, 

exercise involvement, etc. Depending on the situation, the same volume of sound may 

be delightful or just "noise. Although there are many different kinds of noise, they all 

have one thing in common: they may hurt people. In fact, noise is a sort of sensory 

assault. Each and every one of us carries a portion of the weight. We have all 

contributed to the rise in noise levels, which has continued until it reached unsafe levels, 

in different ways and for different excellent reasons. The noises of all these things 
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occurring simultaneously and in close proximity in a small area—traffic, construction, 

and recreation—create a cumulative effect. 

2.6.4 Noise Measurements 

To identify a noise field's characteristics and find the best ways to regulate it, noise 

measurements are typically necessary. In general, only specific locations within a noise 

field can be used to measure noise. To accurately quantify the distribution of noise in 

space, numerous observations are thus necessary [145, 146]. For noise measurements in 

the air, a device is available that measures noise's root-mean-square (rms) value on a 

weighted logarithmic scale 5. A sound level is measured using an equipment known as a 

sound-level metre and is measured in decibels (dB). It might be difficult to quantify 

sound levels in order to determine whether they have been risky to health and welfare or 

have exceeded locally accepted regulatory limitations. Numerous measuring procedures 

and sound level descriptors are provided by various professionals depending on the goal 

of the measurement and the required accuracy of the output. 

2.6.5 Characteristics of Noise  

A series of compressions and refractions of an elastic medium, like air, result in sound 

waves. These waves can be identified by the magnitude of sound pressure variations, 

their frequency, and their propagation velocity. The equation relates the wavelength (λ), 

the frequency (f), and the sound speed (c). 

                                                λ = c/f                                                                           (2- 1) 

1) Frequency of a wave: It is known as the frequency at which the wave 

switches between a period of compression, a period of rarefaction, and a new 

period of compression. 
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2) Receptor: Noise receptors are the locations where noise is measured. Places 

where people are frequently found, such as homes, hotels, office buildings, 

parks, etc., are referred to as noise receptors. 

3) Threshold of audibility: The threshold at which sound is hardly audible. 

Within a range of 0 to 25 dB of the audibility threshold, normal hearing is 

defined in clinical hearing assessments. 

4) Pitch: It is defined as the relative highness or lowness of a sound. The speed 

at which the thing vibrates affects pitch. Frequency is a term used to describe 

the rate of vibration. Pitch increases with frequency, and vice versa. 

5) Loudness: A sound's intensity determines how big it physically is. The term 

"loudness" refers to the subjective or perceived magnitude [141]. Loudness 

mostly depends on strength, frequency, and duration. It relates to how sound 

is perceived. There are several methods for estimating loudness using 

physical data. The most basic techniques involve measuring the sound 

pressure level through a filter, or network of filters, that replicates the 

frequency response of the auditory system (weighting circuits 12 in sound 

level meters). Loudness is measured using the unit sone, whereas loudness 

level is measured using the unit phon. 

2.6.6 Noise Descriptors 

Many additional exposure criteria, such as the time of day, tone/impulse components, 

kind of space where the noise occurs, etc., are typically taken into account by most 

noise guidelines, which are typically specific for sources (such as vehicles, machinery, 

factories, and aircraft) and contexts (such as homes and workplaces). As a result, there 

is a wide range of acoustical noise descriptions. Several descriptors, such as L5-L95, N5-

N95, or L10-L90, have been proposed [147, 148] in an effort to quantify the irritation 
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brought on by fluctuating noise. LA,eqT (equivalent of continuous) is used to measure the 

level of traffic noise. The radiated noise parameters L5 or L10, L50, L90 or L99, LN, and 

LA,eq are the values that exceed the measurement time by 5 percent, 10%, 50%, 90%, or 

N percent, respectively. In order to describe the time-varying nature of noise, noise 

descriptors are used. The approaches for abatement make use of the L10 and Leq noise 

descriptors. The L10 is the noise level that is 10 percent more often than not during the 

day's busiest hour. The Leq is the constant, average sound level that, over time, includes 

the same amount of sound energy as the fluctuating traffic noise levels. 

1) Leq: It is measured as the equivalent continuous noise level in dB(A) over a 

specific time period. It is monitored continuously at a certain location. It is the 

average rate of energy absorption by the human ear for the time frame in 

question. The equivalent acoustic level (Leq) is the volume of a steady noise with 

the same amount of energy as a fluctuating noise over the same time. It 

represents the average acoustic energy experienced over the observation time. 

Roadway noise varies from moment to moment; however, it is possible to 

express the noise energy across time in terms of its "equivalent level." 

                                               Leq = L50 + [ (L10 – L90) 2 /60]                               (2- 2) 

2) The Ln concept: The parameter Ln represents how frequently a specific sound 

level is surpassed when measurements are taken over time. For instance, if L30 = 

75 dB (A), it means that throughout the measuring period, 75 dB was surpassed 

30% of the time. Road traffic noise measurements use a noise source that is very 

time-dependent. L10 is the level that is 10% of the time exceeded. L50 is the level 

that is exceeded 50% of the time, while L90 is the level that is exceeded 90% of 

the time. 
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3) Decibel (dB): The human ear is capable of detecting a very wide range of 

pressure changes. Sound is a variation in air pressure. On a decibel or 

logarithmic scale, sound is measured. The decibel is important for addressing the 

vast fluctuations in pressure amplitude that result in minute variations in 

subjective reaction. According to this scale, doubling the pressure corresponds to 

a 3 dB rise, which is a scarcely audible difference to most listeners. Only when 

compared to a specific reference level, which is supposed to be zero dB, can the 

decibel accurately describe an actual level. Sound is made up of pressure 

changes in the air that revolve around the mean atmospheric pressure. These 

variations must have a frequency between 20 Hz and 20,000 Hz in order to be 

audible. 

4) Sound pressure level (SPL): A phrase that describes the size of the sound 

wave. The word level is used to describe quantities that are measured in decibels 

[149]. It shows how much louder the measured sound is than the threshold of 

hearing (1000 Hz). Micro Pascals (Pa), or micro-Newtons per square meter 

(N/m2), are units used to measure sound pressure.  

 

2.7 Noise Prediction 

It is challenging to fairly compare noise with other environmental contaminants because 

of the special circumstances surrounding noise pollution in the environment. Although it 

may be tempting to compare it to issues with water, air, or solid waste, noise should be 

viewed as a completely distinct entity [7, 150]. Physical pollution such as noise is 

difficult to detect. This is due to the fact that the human ear's sensitivity automatically 

adjusts to the level of background noise, making gradual changes in the ambient level 

imperceptible. As a result, the harm is still being done by the noise. The forecast of 
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noise is essential for comprehending the impact and harm that it might do. Three 

elements are required for a noise prediction: information on the noise source, terrain 

data, and a noise propagation model. 

Information of Noise Source  

Noise Source can be classified into six types: - 

a) Transport noise  

b) Road traffic noise  

c) Aircraft noise  

d) Rail traffic noise 

e) Occupational noise  

f) Neighbourhood noise 

 

2.8 Study Area 

2.8.1 Study area for 3D Routing Algorithm Development 

The area chosen for the 3D Routing Algorithm development is a RGIPT college campus 

which is located in East Uttar Pradesh, India. This area has about Academic block1, 

Academic Block2, Hostel, Administrative building, Lecture Hall, and 8 residential 

buildings with an average height of 30 meters. The total study area is approximately 

47acre. The location of study is shown in Figure 2.4. Further, the algorithm was tested 

for many other locations. Reason for choosing the RGIPT campus as study area, author 

is a student of campus can easily visualize the campus before development of algorithm. 
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Figure 2. 4 Study Area RGIPT campus. 

 

2.8.2 Study Area for Determination of Cellular Tower Optimal locations 

The area chosen for this research is mainly the area of RGIPT campus for modeling and 

the model is tested for Shahganj area of Agra city which is located in the West Uttar 

Pradesh, India. The total area of Shahganj area of Agra city is 5km2. This area has about 

150 residential buildings with an average height of 20 meters. The location of study is 

shown in Figure 2.5. Reason for choosing the Shahganj area, as author home is in Agra 

city. This study is carried out during the time of Covid lockdown period, so the study 

was only possible at home town. 

 

Figure 2. 5 Shahganj area of Agra city. 
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2.8.3 Study area for Automated Noise Integration Algorithm 

The area chosen for the algorithm is the 4 big cities of Uttar Pradesh, India. These cities 

are Agra, Kanpur, Lucknow, and Raebareli.  

 

2.9 Data description  

2.9.1 Data for Routing Algorithm 

LiDAR data for the RGIPT campus study area is collected from the Terrestrial Laser 

scanner in the form of a 3D point cloud and consists of x, y, and z information. The 

Terrestrial Laser scanner FARO S350 Laser Scanner (LLS081710457). FARO 

Terrestrial Laser Scanner is used for data acquisition. It is a high-speed 3D laser scanner 

for detailed point cloud measurement [33, 151, 152]. The LASER scanner produces a 

3D image of a complex environment using the laser technique. These images are 

gathering millions of 3D points. It uses the phase shift technology; constant waves of IR 

light of varying n lengths are projected outward. These waves have reflected in the 

scanner when in contact with an external object. The distance from the scanner to the 

object is determined by calculating phase shifts. X, Y, Z of each point are calculated by 

using encoders. The scan covers 360° x 300° Field of view. Need to set some 

parameters before the scan can begin.  

a) First, choose a scan profile that specifies the location where the scan will be 

performed (indoor or outdoor). We have chosen to go outdoors for more than 

20m. 

b) Second, choose the scan resolutions. Scan resolutions are 1/1, 1/2, 1/4, 1/5, 1/8, 

1/10, 1/20, 1/32. It depends on the speed of the scan and the quality of the scan. 

If the speed of the scan is important, choose a lower value.  
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c) If scan data quality is more important, choose a higher value. Here, data quality 

is important, so we chose 1/1 (4x), 4x means the laser hits 4 times at a single 

point and gives the average value.  

d) We have to start the scan by switching on the GPS to get georeferenced data. 

Then, take a small area of RGIPT with the help of placing Targets (spherical in 

shape). These targets will help in stitching the data of the next scan to the 

previous scan. So, by choosing areas one by one and placing targets in each area, 

the scanning for campus RGIPT is done. After the almost 60 scans on campus, 

we have collected millions of 3D point cloud data of the project area of RGIPT. 

This data has a point accuracy of up to ±3cm. 

2.9.2 Data for Automated Noise Prediction using 2D Raster Images 

2.9.2.1 Dataset Created (Data collection) 

High-Definition Data is collected from the Google Earth in the form of Google Raster 

Images. These images are basically of road crossing, road networks of 4 Major cities of 

Uttar-Pradesh. These images contain information regarding buildings, vehicles, roads, 

water, vegetations, etc. The dataset developed is comprised of 1000 images of (4800 × 

2751 pixels). Results on this dataset are cross-validated using 2/3 of the images for 

training and 1/3 for testing. 

 

2.9.2.2 Pre-defined Datasets 

 

1) VEDAI:  The VEDAI stands for Vehicle Detection in Aerial Imagery. The 

VEDAI dataset [153] is made up of 1268 RGB tiles (1024 1024 pixels) and an 

IR image with a spatial resolution of 12.5 cm. The vehicle class, centre 

coordinates, and four corners of the enclosing polygons for each tile are 
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annotated for each car in the image. A CNN is trained to classify vehicles using 

VEDAI. After that, the vehicles segmented on the other dataset will be classified 

using this CNN. Using two thirds of the images for training and one third for 

testing, results on this dataset are cross-validated. 

2) ISPRS Potsdam: The ISPRS (International Society For Photogrammetry and 

Remote Sensing) Potsdam Semantic Labeling dataset [154] is comprised of 38 

ortho-rectified aerial IRRGB images (6000 × 6000 pixels) at 5 cm spatial 

resolution, taken over the city of Potsdam (Germany).  

3) ISPRS Vaihingen: Vaihingen is a small community with dispersed structures. 

The Vaihingen collection includes 3-band IRRG image data (infrared, red, and 

green), related DSM data, and normalized digital surface model (NDSM) data 

[154]. There are 33 photos with a GSD of around 9 cm and resolutions of 12, 

872 of 20 Remote Sens. 2020, or about 2500 by 2000 pixels. 16 of the photos 

were utilized for training, while 17 were used for testing. Similar to the other 

dataset, we used the ground truth without any eroding border labels in the trials. 

 

 

 

 

 

 

https://www.bing.com/ck/a?!&&p=7bc101cf83dd412fJmltdHM9MTY2NjkxNTIwMCZpZ3VpZD0yYzAxZjM3OS01ZDA0LTYwYjUtMWNkOC1mZDI1NTkwNDYzM2MmaW5zaWQ9NTQ2NQ&ptn=3&hsh=3&fclid=2c01f379-5d04-60b5-1cd8-fd255904633c&psq=isprs&u=a1aHR0cHM6Ly93d3cuaXNwcnMub3JnL3N0cnVjdHVyZS9pcGFjLmFzcHg&ntb=1
https://www.bing.com/ck/a?!&&p=7bc101cf83dd412fJmltdHM9MTY2NjkxNTIwMCZpZ3VpZD0yYzAxZjM3OS01ZDA0LTYwYjUtMWNkOC1mZDI1NTkwNDYzM2MmaW5zaWQ9NTQ2NQ&ptn=3&hsh=3&fclid=2c01f379-5d04-60b5-1cd8-fd255904633c&psq=isprs&u=a1aHR0cHM6Ly93d3cuaXNwcnMub3JnL3N0cnVjdHVyZS9pcGFjLmFzcHg&ntb=1
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Chapter 3 

Customized Techniques for Extraction of Terrain Parameters 

from 3D LiDAR Data for Noise Mapping- A Case Study for 

the Determination of Point-to-Point 3D Routing Algorithm 

Using LiDAR Data for Noise Prediction 

 

3.1 Abstract 

Urban planning, noise propagation modelling, viewshed analysis, etc., require 

determination of routes or supply lines for propagation. A point-to-point routing 

algorithm is required to determine the best routes for the propagation of noise levels 

from source to destination. Various optimization algorithms are present in the literature 
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to determine the shortest route, e.g., Dijkstra, Ant-Colony algorithms, etc. However, 

these algorithms primarily work over 2D maps and multiple routes. The shortest route 

determination in 3D from unlabeled data (e.g., precise LiDAR terrain point cloud) is 

very challenging. The prediction of noise data for a place necessitates extraction of all 

possible principal routes between every source of noise and its destination, e.g., direct 

route, the route over the top of the building (or obstruction), routes around the sides of 

the building, and the reflected routes. It is thus required to develop an algorithm that 

will determine all the possible routes for propagation, using LiDAR data. The algorithm 

uses the novel cutting plane technique customized to work with LiDAR data to extract 

all the principal routes between every pair of noise source and destination. Terrain 

parameters are determined from routes for modeling. The terrain parameters, and noise 

data when integrated with a sophisticated noise model give an accurate prediction of 

noise for a place. The novel point-to-point routing algorithm is developed using LiDAR 

data of the RGIPT campus. All the shortest routes were tested for their spatial accuracy 

and efficacy to predict the noise levels accurately. Various routes are found to be 

accurate within ±9 cm, while predicted noise levels are found to be accurate within ±6 

dBA at an instantaneous scale. The novel accurate 3D routing algorithm can improve 

the other urban applications too. 

Keywords: LiDAR; source; destination; route determination; 3D route; terrain data. 

3.2 Introduction 

Town planners need to determine the noise levels at various parts of a city. Noises are 

primarily generated due to road traffic conditions. The noise levels vary in different 

parts of the city with time. The sound pressure levels in noise also vary in frequencies. 

Accurate prediction of noise levels is important for the determination of noisy areas of 

the city. It is important to adopt appropriate noise management measures. The accurate 
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prediction of noise levels is challenging. Noises are generated by vehicles on roads 

before their propagation to nearby locations. Noise sources can be the point, line, or 

area types, depending on the sizes of the source for noise. Multiple point sources 

constitute line and area noise sources. The road noise is an example of a linear source, 

while factory noise is an area source. After generating noise from sources in roads, it 

propagates to nearby locations to increase the noise levels of those locations. Accurate 

prediction of noise levels requires the determination of all the possible routes through 

which the noises are propagating before reaching destinations (noise receiving points) 

[155]. The available noise modeling or mapping software (refer to chapter 2 literature 

review) try to integrate the sound pressure levels of sources, with their locations, and 

geometry of objects present between sources and receiver to predict the noise level at 

the receiving point. The time and space-based integration of noise levels for noise 

prediction often become very complex in a 3D real-world environment [28]. Existing 

models adopt various approximations in estimating the routes through which the noise 

can propagate. The parameters of geometry, orientation, and types of buildings (or other 

overground objects) are roughly incorporated into the models. Further, all possibilities 

of direct and indirect propagation of noise (i.e., through reflection, diffraction, etc.) are 

not considered. These approximations lead to inaccuracies. The majority of them fail to 

accurately predict the noise level outdoor at an instantaneous scale. 

Accurate prediction of noise level at a receiving point requires ascertainment of all 

noise sources, which can contribute the noises to that receiving point. The routes for the 

propagation of noises from noise sources to a receiving point are required to be 

determined. Accurate estimation of source and receiving points and related routes is 

dependent on terrain data input. The quality and nature of terrain data can significantly 

impact the technique and accuracy of route determination [30–32, 156]. 
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GIS and Graph theory offers different approaches for the determination of routes 

using a raster or vector-based approach [33–35]. In graph theory, the root node is 

considered as the source and the goal node as the destination. In this sense, a graph is 

made up of vertices (also known as nodes) connected by edges (also called links). The 

Greedy algorithm [36], which is a type of algorithm that finds the maximum value at 

every node in the graph to find the shortest route, is important in this area. Even if it 

finds a node with a very large value throughout the search, the greedy algorithm will 

take that route because it cannot return. As a result, it takes some time to find an 

appropriate solution. The Dijkstra algorithm [157–159], on the other hand, seeks to 

determine the quickest route from one location to another based on the least weight. 

This can only be used for ages that are not negative. The Bellman ford algorithm[160] is 

similar to Dijkstra’s, with the exception that it can also be used for negative weight. 

However, it takes longer to search. There is another algorithm known as the A* 

algorithm, which performs the search for all existing nodes [161]. This algorithm is the 

combination of the greedy and Dijkstra algorithms [36]. There is also an ant colony 

algorithm that finds the shortest route between the nest and source of food [37]. The 

genetic algorithm is the most frequently used algorithm. It can be used to find the 

quickest route based on the unique DNA of living creatures, which determines 

everyone’s property [37, 38]. The graph theory-based techniques primarily work when 

various routes are delineated. Further, it works with the 2D transmission. The source to 

receiver propagation of noise works in 3D, and it does not necessarily follow a 2D road 

network in a city [39, 40, 162]. 

There is thus a need to develop a Point-to-Point 3D routing algorithm, customized 

for accurate noise prediction in the outdoor environment. It should be following the 

principle of physics for the determination of all the possible propagation routes between 
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every source and receiver pair. Furthermore, the algorithm is needed to input detailed 

and accurate 3D outdoor terrain data (e.g., LiDAR data) for the best prediction of Point-

to-Point 3D routes. Accurate routes should provide an accurate prediction of the noise 

level in outdoor environment [43, 44]. 

The Point-to-Point routing algorithm should be compatible with high quality terrain 

data in 3D for accurate prediction. LiDAR offers detailed 3D terrain data of very high 

precision [35, 45, 163]. There are also other 3D terrain data sources such as stereo-

photo, Digital Elevation Model, contour, 3D Triangulated Irregular Network-TIN, etc. 

Some of these are in raw terrain data form (e.g., LiDAR, stereo-photo), while others are 

available as transformed terrain data form [46–50]. Building and other overground 

objects are required to be extracted from these unlabeled 3D data before Point-to-Point 

routes can be estimated. The proposed technique is required to work with all these high-

quality 3D terrain data forms. The LiDAR 3D point cloud-based technique is targeted to 

derive an accurate solution for routing over the detailed high quality 3D data [51–54, 

164–167]. It is expected to improve the accuracy for noise prediction in 3D outdoor 

environment. The accurately determined routes can improve the accuracies in other 

urban applications as well, such as, determination of solar irradiance, solar shadow, 

view shade analysis, setting up wireless tower for a location, etc. [55, 56, 61, 167–170]. 

Thus, the researchers have tried to address the following points in this paper. 

(a) Determination of a routing algorithm that can determine direct and other indirect 

routes (when the direct transmission is obstructed) between a source and 

destination (or receiver) points. 

(b) The establishment of optimal or best possible routes containing the highest 

energy/flow is tried to be determined. 
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(c) Consider natural propagation of energy or pressure over 3D terrain in an outdoor 

environment. It did not try to find out any other algorithm which compares the 

existing city road networks to find the shortest route between two points. 

(d) The algorithm is required to find out a solution customized to handle 

propagation problems in 3D. 

(e) The algorithm should be capable of handling highly detailed and accurate 3D 

terrain data (e.g., LiDAR data) for the accurate determination of routes. 

(f) The efficiency of the route determination algorithm is required to be tested in 

terms of optimality of solutions. 

(g) The algorithm developed should be useful for accurate noise prediction and 

applicable for other urban applications, e.g., determination of solar irradiance, 

urban supply line, view shade analysis, setting up the wireless tower for a 

location, etc. 

 

3.3 Research Gap and Need for Point-to-Point 3D Routing Algorithm for Noise 

Prediction Using LiDAR Data 

Noise propagation modeling in general needs the incorporation of terrain and noise data 

into the noise prediction model. The collection of detailed terrain information along 

with the information of time-varying noise data is a challenge. It required the 

determination of routes through which noise can transmit from a source location to 

different noise destination (destination) locations. Traditionally noise maps are 

produced in 2D. These are built for a particular height, which does not show the impact 

of noise pollution in 3D. The noise due to interference with buildings and other 

structures cannot be visualized in 2D noise maps. Two-dimensional noise maps do not 

provide enough information for calculating the efficiency of noise mitigation measures 

due to the effect of barriers, building insulation material, etc. 
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There were also limitations in capturing accurate and dense terrain information for 

different noise prediction models. The limitations of models can be overcome using 

high-resolution 3D LiDAR data, which come in the form of the point cloud (X, Y, Z). 

This technique can produce accurate digital terrain data of the wide-area in quick time 

[155]. The terrain data are required to be processed to extract terrain features such as 

building, ground, and other overground objects. These are then required to be processed 

for the determination of terrain parameters for noise propagation modeling. The 

determination of terrain parameters requires the estimation of all routes for the 

propagation of noise between source and destination pairs. When there is no direct route 

noise undergoes diffraction from the top of barriers, and sides of the barrier. Noise can 

also reach the noise receiver (destination) after reflections from the ground or wall. 

Once all-terrain parameters are determined, they can be incorporated in the noise 

prediction model with noise data for the prediction of noise levels at noise receiver 

(destination) points. Thus, there is a need for the determination of a routing algorithm 

between any pair of points (source and receiver points). Accurate route determination is 

dependent on the quality of 3D terrain data. Hence, a routing algorithm is required to 

use 3D LiDAR point data for accuracy. Once all possible routes are efficiently be 

determined, these can be used for accurate noise prediction and used for other urban 

applications. 

There are different algorithms for determination of shortest route between two 

points. These routing algorithms primarily work in 2D environments. Largely, the 

routing algorithms are used to determine the shortest route between two points in cities. 

Typically, in a city environment all routes are required to be laid down between any pair 

of points before routing algorithm can determine the shortest route. Every route is 

defined by all the points or vertices (in X and Y) and the vectors joining the points 
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making the individual routes. Routing algorithms attempt to determine the shortest of all 

established routes in 2D. However, the issue is that the existing algorithms primarily 

work when routes are delineated in 2D. Establishment of routes require digitization of 

terrain and route data. Initial abstraction of route is the prerequisite for any routing 

algorithm. Inaccuracy in delineation of routes causes ineffective determination of the 

shortest route. Further, in the case of sound propagation modelling, sounds propagate 

through principal routes following the physics of propagation. The shortest routes for 

sound propagation work in 3D similar to the 2D shortest route discussed above. For 

sound propagation modeling, actual propagation routes are not limited in the 2D plane. 

In a real scenario, from the source point there are many routes that are possible. 

However, out of them, there are certain shortest routes in different directions, which 

form the set of principal routes. Existing algorithms are not customized to the need of 

these computations. The computation requires the determination of all principal 

propagation routes from the source point to any specific destination point. Unlike the 

existing routing algorithm, sound waves do not follow the network of previously laid 

down streets. Route determination requires extraction of all routes in 3D between the 

source and destination points. Once the 3D routes are determined, the algorithm is 

required to find the shortest route for propagation of sound waves. In the proposed 

research, a customized solution is evolved for extraction of routes between any pair of 

points (source and destination) and accurate shortest routes are determined in 3D using 

a highly dense LiDAR terrain point cloud. The novel solution is applicable for sound 

propagation modelling in 3D and for any route determination applications in cities when 

previously labelled routes are not available. The paper not only developed a novel 

algorithm of 3D routing for sound propagation modelling. It further demonstrates the 
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3D noise mapping with the above algorithm. Thus, in summary, the contributions of the 

paper are: 

(a) Development of a novel algorithm to extract 3D shortest routes between a pair 

of points (source point and receiver point). 

(b) Determination of 3D routes using unlabeled raw 3D LiDAR terrain points 

existing between source and receiver points. 

(c) Determination detailed routes with highest accuracy. 

(d) Accurate sound propagation modelling integrating noise data, and LiDAR 

terrain data with noise model. 

 

Definition of terms used: 

Noise source: Source point of noise. 

Destination: Destination is where noise impact is about to calculate. 

Point-to-Point: It is pair of source and destination. 

Building Edges and corner: Edges of a building and its corners. 

Terrain data: Information of buildings, ground, trees, and other attributes. 

Terrain parameters: Route length and path difference. 

Ground and Non-ground points: Points on local ground levels. Points above the ground 

are non-ground points. 

Points of Intersection: Intersection points between lines. 

The route over the top of the building: Route determined from cutting plane technique 

that runs over buildings joining a noise source and noise receiver. 

The route around the sides of the building: Route determined from cutting plane 

technique that originates from the source and terminates at a receiving location 

traversing around the building. 
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Reflected Route: Route determined where the route is formed after reflection from the 

ground or the nearby walls of the building (if any). 

Building Edges array: An array that contain building edges. 

Upward Route: A component of the route over top. It is the route from the source to the 

tallest building point. 

Downward Route: A component of the route over top. It is the route from the tallest 

building point to the destination point. 

Intersection Array: An array contains the intersection points between the building and 

cutting plane. 

Right side Route: Route from the source to destination point following the right side of 

the building. 

Left side Route: Route from the source to destination point following the left side of 

building. 

Tonal frequency: short term single frequency sound. 

 

     

3.4 Methodology 

The proposed methodology defines the way to develop the point-to-point routing 

algorithm using LiDAR data. LiDAR data consists of an X, Y, Z point cloud of terrain 

features of buildings, ground, trees, and other objects [58, 62, 171–174]. Authors 

initially tried to establish the routing algorithm over simulated point cloud data of 

terrain. The simulated site for developing routing algorithm consisted of several 

buildings, ground, etc. (of varying height, orientation, texture, etc.). This simulated area 

was designed keeping different terrain complexities in mind. A MATLAB point cloud 

simulation program was used to generate an unlabeled 3D point cloud of building, 
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ground, etc. Different terrain features were extracted from the point cloud data for 

further processing. These features were building, ground, vegetation, etc. The edges and 

corners of buildings were then identified and isolated separately [175, 176]. 

The point-to-point routing algorithm was developed over these dense terrain data. 

The algorithm tried to determine all the possible routes between any pair of source and 

destination. These routes can be a direct route, routes over the top, routes around the 

sides, and the reflected routes (elaborated in the results and discussion section). As there 

is no such algorithm to determine the route, authors tried to come up with a novel 

cutting-plane technique [14, 169, 177–180]. The simulated terrain data were used for 

route determination. It was also used to determine the efficacy of route determination 

algorithm. The flowchart for routing algorithm, which can be used for noise prediction, 

is shown in Figure 3.1. The point cloud-based routing algorithm was also tested for its 

accuracy. Simulated terrain point cloud data were used to test various routes. The 

algorithm was also tried over the LiDAR data of RGIPT campus for noise data 

prediction. 
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Figure 3.1 Methodology for determination of routes extracting terrain parameter and 

utilization of same for noise prediction. 

Cutting Plane Technique: The basic idea of the cutting plane method is iteratively 

refining the search region by introducing linear inequalities, known as cuts, maintaining 

the original feasible region. If the mathematical model is linear, an extreme or corner 

point in the feasible region can be the optimal solution, which may or may not be 

integer solution. In the thesis research, a cutting plane is considered w.r.t to source and 

receiver location, so that intersection cuts can be find on edges of buildings. This cutting 

plane is incorporated to find the intersection of noise (which can travel only in straight 

line in all direction) with the buildings present between the source and the receiver 

location. For a Cutting plane, Normal plane equation is considered which is explained 

while calculating the cuts or point of intersections.  
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Route Determination and efficacy for RGIPT campus: The routing algorithm was 

also tried to be trained and tested over real LiDAR terrain data and used later for noise 

prediction using noise modeling. The terrain data were generated for RGIPT campus 

using Terrestrial Laser Scanner, point cloud data has an accuracy of up to ±3 cm. 

RGIPT campus lies in between (latitude (26.265788), longitude (81.504372)) and 

(latitude (26.263355), longitude (81.515723)), as shown in Figure 3.2. The project site 

has an area of 0.33 km2. Adjoining the campus, there is a railway line, which is the 

primary source of noise pollution for the campus [181] . The locations for noise sources 

and receivers (destinations) in the RGIPT campus were ascertained. All the routes were 

determined between every pair or source and destination. Next, the terrain parameters 

were determined for every route and incorporated inside a noise propagation model for 

noise prediction. Efficacy of noise prediction was also tested with ground noise data for 

the campus. 

 

Figure 3.2 RGIPT project site LiDAR data were used for noise prediction leveraging 

point to point routing algorithm. 

The detailed data processing worked on various stages such as LiDAR data 

acquisition, building extraction, building corner estimation, and the route determination 

(Route over the top, routes around the side, and reflections). All these routes were used 

to determine the terrain parameters and noise mapping. Stepwise processing and results 

were given below in Figure 3.3. 
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Figure 3.3 Summary flow chart of stepwise processing of LiDAR data for deriving a 

point-to-point routing algorithm for noise mapping. 

3.4.1 LiDAR Data Acquisition 

LiDAR data acquisition was performed by Terrestrial Laser Scanner which provides 

data in the form of (X, Y, Z) point cloud. LiDAR data acquisition was done for the 

simulated area and the RGIPT campus [182]. Further details for data acquisition are 

provided in Chapter 2. 

3.4.2 Building Corner Extraction Step 1 to Step 3 

To extract the building corners and the Building edges from the LiDAR data [19, 166]. 

Step 1: Extraction of elevated data after subtraction of BEM from DSM of LiDAR data.  

(a) Initially, we got the LiDAR plot of an area, for that plot digital elevation and 

digital surface model are created as shown in (Figure 3.4b). Extracted ground 

point data from 3D point cloud data is shown in Figure 3.4(c). Basically, after 

the creation of two, this step gives the output of the subtraction of the BEM from 

the DSM to get elevated data of the RGIPT area. 

(b)  Figure 3.4(d) shows elevated points of the building of the Academic area. This 

is done only for extracting the edges and corners of the building in that area.  
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Figure 3.4 (a) The area of RGIPT from google Maps; (b) The plot shows LiDAR point 

data for the area in step 1; (c) Extracted Ground points from 3D point cloud data. (d) 

Elevation data after Subtraction of BEM from DSM where a building of RGIPT 

campus. 

 

Step 2: Extraction of building edges and corner points from the elevated data in step 1.  

(a) Partition of an area is shown in (Figure 3.5 (a)), in an equal number of rows (i) 

and column (j). Then start moving in cell (i, j) with incrementing (i) row and (j) 

column. After each incrementation, check whether it contains a point or not. If 

the cell contains any point, assign that point to the building naming buiding1, as 

shown in Figure 3.5(b).  

(b) A threshold is set in (m) for differentiating one building point from another 

building. This differentiation is done by checking the neighboring cells of that 

cell containing the point. If a neighboring cell contains the same elevated value, 

assign that point to the same building. Otherwise, assign it to the new building. 
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This procedure will repeat till the end of (i, j). An array is formed for different 

buildings and which contains the respective point [176, 183].  

(c) From the array of different buildings, Corner points for each building are 

determined (Figure 3.5(c)) and stored separately in an array by using the 

minimum and maximum criteria of x and y. For building 1, x is a group of (x1, 

x2, x3, x4, x5, …., x10), and y is a group of (y1, y2, y3, y4, y5, …., y10) which 

comes under Building 1. Similarly for building 2, x is a group of (x11, x12, x13, 

…., x20) and y is a group of (y11, y12, y13, …., y20) which comes under 

Building 2. Corner Points of each building individually are calculated by (min x, 

min y), (min x, max y), (max x, min y), and (max x, max y) as shown in Figure 

3.5(c). 

(d) In Figure 3.5. (a) Non-Ground points are now classified for extraction of 

building coordinates, for this class 1 is mentioned for Regular shaped and class 2 

is for non-regular shape; (b) Planimetric view of non-ground points after 

classification in different classes, the partition is done in order to find out the 

building edges and corners; (c) 1,2,3,4,5,6,7,8 and 9,10,11,12,13,14,15,16 are 

the building corners of AB1 & AB2 extracted from the algorithm. 

Step 3: Building corners for each building were extracted in the form of array [33].  

     𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 1 = [(𝑥1, 𝑦1), (𝑥2, 𝑦2), (𝑥3, 𝑦3)… . . (𝑥10, 𝑦10)]                          (3- 

1) 

     𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 2 = [(𝑥11, 𝑦11), (𝑥12, 𝑦12), (𝑥13, 𝑦13)… . . (𝑥20, 𝑦20)]             (3- 

2) 

For N buildings, building corners are b = ((N − 1) ×10) + 1 
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𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑁 = [(𝑥𝑏, 𝑦𝑏), (𝑥𝑏 + 1, 𝑦𝑏 + 1), (𝑥𝑏 + 2, 𝑦𝑏 + 2)… . . (𝑥𝑏 + 9, 𝑦𝑏 + 9)]            (3- 

3) 

Where (x1, y1), (x2, y2), (x3, y3), (x4, y4),…., (xb, yb),  and so on are one of the 

building corners. 

 
Figure 3.5 (a) Non-Ground points are now classified for extraction. (b) Planimetric 

view of non-ground points after classification; (c) Extracted building corners of AB1 & 

AB2 extracted from the algorithm. 

3.4.3 Route Determination for Direct Route and Indirect Route Step 4 to Step 19 

Different routes were determined, which described how noise propagated from various 

sources (car, bus, train, etc.) to reach different locations. They could travel through 

direct or indirect routes after diffracting (around the building), reflecting (from the wall) 

over different surfaces. The basic flowchart for routing determination is shown in 

Figure 3.6. In absence of building or obstructions between source of noise and its 

destination, the route was considered direct [184]. The direct route was considered to be 
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the Euclidian distance between source and receiver. Indirect route determination 

processing steps are given below (Figure 3.6). 

 

Figure 3. 6 Flow chart explaining route determination in short. 

 

 

Direct Route: Direct route is extracted when there was no obstruction between a pair of 

source and destination. 

Indirect Route: Indirect routes were the routes that required diffracting or reflecting 

points, as given below in Figure 3.7. There were 12 principal routes (P1, P2, P3, P4, P5, 

P6, P7, P8, P9, P10, P11, P12) for noise propagation, as shown in Figure 3.7. Routes 

were demonstrated over simulated LiDAR terrain data. Principal routes for the route 

over the top, around the sides and reflection routes are indicated here. P1 = Source − t1 

− t2 − Destination, P2 = Source − R1 − t1 − t2 − Destination, P3 = Source − t1 − t2 − 

R2 − Destination, P3= Source − R1 − t1 − t2 − R2 − Destination. Principal route with 

respect to route around the right side and reflection routes P5 = Source − rs1 − rs2 − 

Destination, P6 = Source − R3 − rs1 − rs2 − Destination, P7 = Source − rs1 − rs2 − R4 

− Destination, P8 = Source − R3 − rs1 − rs2 − R4 − Destination. Principal route with 
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respect to route around the left side and reflection routes P9 = Source − ls1 − ls2 − 

Destination, P10 = Source − R5 − ls1 − ls2 − Destination, P11 = Source − ls1 − ls2 − 

R6 − Destination, P3 = Source − R5 − ls1 − ls2 − R6 − Destination. 

To understand the noise propagation, noise route determination was needed. A 

simulated area that consisted of a set of buildings was used for this purpose. The area 

contained buildings A, B, C, D, E, and F, which were of different heights and 

orientations. The area also contained a pair of source and destination points. The 

simulated area is shown in Figure 3.8(a). 

 

Figure 3.7 (a) Principal route (Routes are P1, P2, P3, and P4). (b) Principal route 

(Routes are P5, P6, P7, and P8). (c) Principal route (Routes are P9, P10, P11, and P12). 

3.4.3.1  Route over the Top (Step 4 to Step 9) 

Authors understood the possibility of sound diffraction over the top of the building. The 

route that followed was for propagation of noise from source to destination over the top 

of the building. Initially, for the principal route finding, it was required to consider the 
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positions of source and destination points and the building in between, as shown in 

Figure 3.8(a) [157] in a 3D coordinate access system. 

 

Step 4: For the simulated area shown in Figure 3.8(a), a cutting plane in the XZ plane 

(abcd) was considered as shown in Figure 3.8(b). A direct route from the 2D source 

coordinate to the destination is represented by a line in Figure 3.8(c). The two-point 

form of a line is used for finding the equation of line between the source at point (xs, ys, 

zs) and destination (xd, yd, zd) with calculated direction ratios. 

                                             𝑙 = (𝑥𝑑 − 𝑥𝑠)                                                                        (3- 4) 

                                            𝑚 = (𝑦𝑑 − 𝑦𝑠)                                                                (3- 5) 

                                            𝑛 = (𝑧𝑑 − 𝑧𝑠)                                                                   (3- 

6) 

Here, l, m, n is DR’s. The two-point form of a line passing through these two 3D points  

is denoted by: 

                                           
(𝑥𝑠𝑑−𝑥𝑠)

(𝑥𝑑−𝑥𝑠)
=
(𝑦𝑠𝑑−𝑦𝑠)

(𝑦𝑑−𝑦𝑠)
=
(𝑧𝑠𝑑−𝑧𝑠)

(𝑧𝑑−𝑧𝑠)
                                           (3- 7) 

  

Where (xsd, ysd, zsd) represents any random point on the line, and these ‘xsd’, ‘ysd’, and 

‘zsd’ can be put as variables.  

Figure 3.8. (b) “abcd” is the XZ cutting plane created between the source to find out 

intersecting buildings and points. Intersecting buildings are Building B, Building E, and 

Building F, and Figure 3.8(c) (B1, B2, B3, B4), (E1, E2, E3, E4) and (F1, F2, F3, F4) 

are the building corners on ground, which is calculated by the intersection of the XZ 

plane (that has shown in the previous figure) with the buildings. The source is denoted 

by “S” and destination by “D”. 

 



79 
 

Step 5: When considering the building edges in 2D XY plane, the equation for each 

edge is formed. These equations for each edge are (A1A2, A2A3, A3A4, A4A1, B1B2, 

B2B3, B3B4, B4B1, …, F4F1). Further the edges are stored in an array named as 

building edges array. 

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑒𝑑𝑔𝑒𝑠 𝑎𝑟𝑟𝑎𝑦 =  [ 𝐴1𝐴2, 𝐴2𝐴3, 𝐴3𝐴4, 𝐴4𝐴1, 𝐵1𝐵2, 𝐵2𝐵3, 𝐵3𝐵4, 𝐵4𝐵1… , 𝐹4𝐹1]       (3- 8) 

 

 

Figure 3. 8 (a) A Simulated area; (b) Formation of cutting Plane; (c) (B1, B2, B3, B4), 

(E1, E2, E3, E4) and (F1, F2, F3, F4) are the building corners on ground. 

 

Step 6: It was required to check whether the line equation between a pair of source and 

destination intersects with line equations that were present in the building edges array in 

Step 5. To find the intersection point of two lines, the following is used: The source–

destination line equation U with (l, m, n) are DR’s and the line equation of building 
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edges- U1 with (a1, b1, c1), U2 with (a2, b2, c2), etc. For calculating point of intersection 

P with DR’s (ap, bp, cp). If cp =0, that means the line does not intersect. 

                   𝑃𝑜𝑖𝑛𝑡 𝑜𝑓 𝐼𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑃(𝑖1) = 𝑈 × 𝑈1                                                (3- 9) 

                   𝑃(𝑖1) = ((𝑚 ∗ 𝑐1 − 𝑏1 ∗ 𝑛), (𝑎1 ∗ 𝑛 − 𝑙 ∗ 𝑐1), (𝑙 ∗ 𝑏1 −𝑚 ∗ 𝑎1))         (3- 

10) 

 

Step 7: The author found the intersection point as i1, i2, i3, i4, ……, stored in an array 

𝑰 = [i1, i2, i3, i4, i5, i6] shown in Figure 3.9(a). Considering the z plane here with the 

XZ and YZ plane. For each building intersection point adds up Z value to the 

intersection points, so the height points become j1, j2, j3, j4, etc. Additionally, the 

height was named as O1, O2, O3, O4, etc. Find the tallest height out of the O1, O2, O3, 

O4 shown in Figure 3.9(b). Here, we find the maximum is O3 where O3 = i3 − j3. After 

finding the O3 as tall now, we consider two travels for finding a route, one from S to j3 

(upward travel) and from j3 to D (downward travel) , “–“ represents the line, for, e.g., i3 

– j3, which means line between i3 and j3 point.  

In Figure 3.9 explains (a) (i1, i2), (i3, i4), (i5, i6) are the intersecting points found after 

the intersection of plane XZ (between S and D that has shown in the previous figure) 

with Building B, Building E, Building F denoted by (\). (Values in x and y-axis are in 

meter). (b) This line j1 to i1 denotes the height of the Building B edge denoted by O1. 

Similarly, for other edges (j2–i2), (j3–i3), (j4–i4), (j5–i5), (j6–i6) the heights are O2, 

O3, O4, O5, O6. The source is denoted by “S” and Destination is denoted by “D”. 

 

                𝑢𝑝𝑤𝑎𝑟𝑑 𝑎𝑟𝑟𝑎𝑦 = [𝑆, 𝑖1 − 𝑗1, 𝑖2 − 𝑗2, 𝑖3 − 𝑗3]                                     (3- 11) 

                𝑑𝑜𝑤𝑛𝑤𝑎𝑟𝑑 𝑎𝑟𝑟𝑎𝑦 = [𝑖3 − 𝑗3, 𝑖4 − 𝑗4, 𝑖5 − 𝑗4, 𝑖6 − 𝑗6, 𝐷]                 (3- 12) 
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Figure 3. 9 (a) (i1, i2), (i3, i4), (i5, i6) are the intersecting points found after the 

intersection of plane XZ with Buildings (Values in x and y-axis are in meter). (b) This 

line j1 to i1 denotes the height of the Building B edge denoted by O1. 

 

Step 8: For the upward travel, apply “For loop” for choosing a source, for loop in range 

(0, len (upward array) −2). Initially, S is chosen as the primary source. From S to (i3–

j3), a line equation is formed, and checks which line equation in the upward array 

intersects with the S– (i3–j3) line. While checking for the upward travel line, S– (i3–j3) 

intersects with i1–j1 and creates an array that is:  

                   𝑢𝑝𝑤𝑎𝑟𝑑 𝑎𝑟𝑟𝑎𝑦 = [𝑆, 𝑖1 − 𝑗1, 𝑖2 − 𝑗2, 𝑖3 − 𝑗3]                                         (3- 13) 

 

 The last index element is chosen from the (upward intersection array). It replaces 

i3j3, and again a line formed between (S to i1–j1) (will be repeated till the upward 
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intersection array becomes empty). After this, choose the secondary source (after S) to 

be the last remaining element in the upward intersection array. Repeat the steps until the 

route between the S and the tallest height is found. We found an upward route (S–j1–j3), 

shown in Figure 3.10(a). 

 

Step 9: For the downward travel, apply “For loop” for choosing a source, for loop in 

range (0, len (downward array) −2). Initially, O3 (i3–j3 tall height) is chosen as a 

source. From i3-j3 to D, a line equation is formed, checking which line equation in the 

downward array intersects with the (i3–j3)–D line. While checking for the downward 

travel line, (i3–j3) –D intersects with i4–j4 and creates an array that stores the 

intersected value. 

                            𝑑𝑜𝑤𝑛𝑤𝑎𝑟𝑑 𝑖𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 = [𝑖4 − 𝑗4]                                         (3-14) 



83 
 

 
Figure 3. 10 (a) Route from Source(S) –j1–j3 is an upward travel path. (b) Route from 

j3–j4–D (Destination) is a downward travel path. 

The last index element is chosen from the (downward intersection array). It replaces 

the D, and again a line formed between j3 to i4j4 (will be repeated till the downward 

intersection becomes empty). After this, it is required to choose the secondary source 

after O3, which is (i3–j3). It is found to be the last remaining element in the (Downward 

intersection array). Repeat the steps (from step 8 to 11) until the route between the 

tallest height and D is found. The authors found a downward route (j3–D), shown in 

Figure 3.10(b). The algorithm was also tested over complex terrain. The results for the 

complex buildings scenario and the route over the top for the project area of RGIPT are 

shown in Figures 3.11(a-c). 
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Figure 3. 11 Source-1-2-Destination is the route over the top for the academic area of 

RGIPT between the pair of Source-Destination. 

 

3.4.3.2 Route around the Sides (Step 10 to Step 19) 

These are the routes that are diffracted from the sides (right side and left side) of the 

building. Route traversal from the sides of the building is known as route around the 

sides. 

Step 10: Initially consider the area or the region. Define the source–destination 

coordinates. Consider a buffer region that decides the inlier and outlier buildings to 

avoid complexity. Inliers are those that lie inside the buffer region. Let S = (xs, ys, zs) 

and D = (xd, yd, zd), for the source and the destination, calculate a buffer region that 

makes a square of a = (xa, ya, za), b = (xb, yb, zb), c = (xc, yc, zc), and d = (xd, yd, zd) 

shown in Figure 3.12(a). In Figure 3.12. (a) “abcd” is the buffer region to define inlier 

and outlier buildings and the region “abfe” is the left side panel and “cdef” is the right 
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side. Buffer region defines that Building C is an outlier and the rest are inliers. (Values 

in x and y-axis are in meter.) 

 

Step 11: Buildings inside the buffer region are considered for the algorithm. Form a line 

between the source and the destination defined in step 4 and define two different arrays. 

Array1 is for buildings on the line and the left side of line S-D. Array2 is for buildings 

that lie on the line and the right side of line S-D as shown in Figure 3.12(b). In Figure 

3.12(b) Planimetric view of setup that shows the building corner ground points of inlier 

buildings where (A1, A2, A3, A4), (B1, B2, B3, B4), (D1, D2, D3, D4), (E1, E2, E3, 

E4) and (F1, F2, F3, F4) are building corner ground points of Building A, Building B, 

Building D, Building E and Building F. 

             𝐴𝑟𝑟𝑎𝑦1 = [𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐵, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐷, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐸, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐹]                   (3-15) 

             𝐴𝑟𝑟𝑎𝑦2 = [𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐴, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐵, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐸, 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔𝐹]                   (3- 16) 

 

Step 12: Define the 3D coordinate in the 2D XY planar system. When considering the 

building edges in the 2D XY plane, the number of equations is formed and stored in an 

array such as Building edges array1 and Building edges array2 are shown in Figure 

3.13(a,b). 

Building edges array1 = [B1B2, B2B4, B4B3, B3B1, D1D2, D2D4, D4D3, D3D1, 

E1E2, E2E4, E4B3, E3E1, F1F2, F2F4, F4F3, F3F1]                                                           

(3-17) 

Building edges array2 = [A1A2, A2A4, A4A3, A3A1, B1B2, B2B4, B4B3, B3B1, 

E1E2, E2E4, E4B3, E3E1, F1F2, F2F4, F4F3, F3F1]                                                          

(3-18) 
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Figure 3. 12 (a) “abcd” is the buffer region to define inlier and outlier buildings. (b) 

Planimetric view of setup that shows the building corner ground points of inlier 

buildings. 

 

 

Step 13: Check whether the line equation between source and destination intersect with 

line equations present in the building edge arrays. Calculating the point of intersection P 

with DR’s (ap, bp, cp). To find the intersection point of two lines, the following is used: 

The source–destination line equation U with (l, m, n) are DR’s and the line equation of 

building edges- U1 with (a1, b1, c1), U2 with (a2, b2, c2), etc. For calculating point of 

intersection P with DR’s (ap, bp, cp). 

                     𝑃𝑜𝑖𝑛𝑡 𝑜𝑓 𝐼𝑛𝑡𝑒𝑟𝑠𝑒𝑐𝑡𝑖𝑜𝑛 𝑃(𝑖1) = 𝑈 × 𝑈1                                             (3-19) 

                     𝑃(𝑖1) = ((𝑚 ∗ 𝑐1 − 𝑏1 ∗ 𝑛), (𝑎1 ∗ 𝑛 − 𝑙 ∗ 𝑐1), (𝑙 ∗ 𝑏1 −𝑚 ∗ 𝑎1))      (3-20) 

If cp = 0, that means the line does not intersect. 
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Figure 3. 13 (a) The intersection points i1, i2, and so on. were calculated from the 

intersection of the XZ plane with the buildings right side. (b) similarly for left side 

buildings, the intersection points calculated are j1, j2, and so on. 

 

In Figure 3.13. (a) “abcd” shows the buffer region to select inlier and outlier 

buildings. The intersection points i1, i2, i3, i4, i5, i6, i7, and i8 were calculated from the 

intersection of the XZ plane between source and destination with the buildings. In this, 

the region “abfe” is considered and the distance from the right-side building points to 

the intersection points as (d1 = distance from B1 to i1) similarly from B3, D1, D3, E1, 

E3, F1 to i2, i3, i4, i5, i6, i7, and i8 are d2, d3, d4, d5, d6, d7, and d8 where S is source 
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and D is the destination. (b) “abcd” shows the buffer region to select inlier and outlier 

buildings. The intersection points j1, j2, j3, j4, j5, j6, j7, and j8 were calculated from the 

intersection of the XZ plane between source and destination with the buildings. In this, 

the region “cdef” is considered and the distance from the right-side building points to 

the intersection points as (c1 = distance from A2 to j1) similarly from A4, B2, B4, E4, 

F2, F4 to j2, j3, j4, j5, j6, j7, and j8 are c2, c3, c4, c5, c6, c7, and c8, where S is source 

and D is the destination. 

 

Step 14: For the two-arrays created in step 11, here found the intersection point for first 

array i1, i2, i3, i4, i5, i6…… stored in the array I. 

                                 𝐼 = [i1, i2, i3, i4, i5, i6, i7, i8]                                                      (3-21) 

                              𝐽 = [𝑗1, 𝑗2, 𝑗3, 𝑗4, 𝑗5, 𝑗6, 𝑗7, 𝑗8]                                                    (3-22) 

Height intersection points j1, j2, j3, j4, j5, j6……stored in the array J. 

 

Step 15: In the intersection points arrays, calculate the distance (d1, d2, d3, d4, etc., ) 

from building corners to intersection points i1, i2, i3, i4,etc. Distances are stored in an 

array for an array1 in D (for right side area) and an array2 in C (for left side area) as 

shown in Figure 3.13(a, b). 

                             𝐷 = [𝑑1, 𝑑2, 𝑑3, 𝑑4, 𝑑5, 𝑑6, 𝑑7, 𝑑8]                                             (3-23) 

                             𝐶 = [𝑐1, 𝑐2, 𝑐3, 𝑐4, 𝑐5, 𝑐6, 𝑐7, 𝑐8]                                                 (3-24) 

Where d = distance between right side building corner and the I = [xi, yi, zi],  c = 

distance between left side building corner and the J = [xj, yj, zj]. 

Step 16: A cutting plane (XY perpendicular to Z) is drawn between the source and 

destination, so that intersection points of buildings with planes is calculated, and the 

intersection points are stored in an array. Figure 3.14(a) shows the selection of inlier 

buildings with the help of the buffer region “abcd” in the previous image. The inlier 
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buildings are based on the ground as (A1, A2, A3, A4), (B1, B2, B3, B4), (D1, D2, D3, 

D4), (E1, E2, E3, E4), and (F1, F2, F3, F4). 

 
Figure 3. 14 (a) Simulated 3D environment of route determination where green dot 

shows the source and destination symbol (●). (b) Cutting plane results for the simulated 

region. 

 

Step 17: Consider the Array1 and calculate the intersection height array. After 

calculating the intersection height array, choose the maximum dH value out of the array 

D. For the dH, find a corresponding IH and make a line between source and the IH 

point. Check whether any building intersects in between; if any building intersects, 

create an array for intersecting building array (IBA). If there exists an intersection, keep 
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on adding in IBA. After this, take the last element of IBA, create a line with the source, 

and again check for intersection and update IBA. Repeat the process till the IBA is null. 

Then, when the last found element of IBA is connected to the IH point of dH again, 

repeat the above process until the pointer reaches the dH point. 

 

Step 18: After reaching the dH point, make a line between dH and the destination. 

Check further for the intersection buildings and stores in IBA and repeat step 21 until 

the pointer reaches the destination point. The entire route for array1 is Source-1-2-

Destination, shown in Figure 3.15(c).  

a) Figure 3.15(a) mentions “abcd” is the buffer region to select inlier and 

outlier buildings. Route from Source(S)-1-2-Destination(D) is the left side 

route for region “abfe”, where 1 and 2 (iD1 and iD3) shows the intersection 

point with the cutting plane “LMNO” between the source and destination. 

The source is denoted by “S” and destination is denoted by “D”. 

b) Figure 3.15(b) mentions “abcd” is the buffer region to select inlier and 

outlier buildings. Route from Source(S)-3-4-5-Destination(D) is the right-

side route for region “cdef”, where 3, 4, 5 (iA2, iA4, iF4) shows the 

intersection point with the cutting plane between the source and destination. 

The source is denoted by “S” and destination is denoted by “D”. 
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Figure 3. 15 (a) Complete route traversal on left side panel. (b) Route traversal on right 

side panel starting from source. 

 

Step 19: Repeat steps 17 and 18 for the Array2 and form a route. The entire route for 

Array2 is Source-3-4-Destination shown in Figure 3.15(b). The entire route around both 

the sides is shown in Figure 3.16. Routes for the project area of an RGIPT campus for 

both right and left sides shown in Figure 3.17(a, b). It consists of AB1 & AB2. Source 

point and destination point are taken manually to discuss the case for the project area. 
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Figure 3. 16  Route traversal on left side and right side. 

 

 
Figure 3. 17 (a) Source-1-Destination is the left-side route around the sides of the 

building for an academic area of the RGIPT campus. (b) Source-1-Destination is the 
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right-side route around the sides of the building for an academic area of the RGIPT 

campus. 

3.4.3.3 Reflection Route 

Route followed by noise following the law of reflection, which states that the angle of 

incidence is equal to the angle of reflection [185]. Initially, for the Reflection route, first 

consider the source and destination points over the 3D environment and the area. Create 

a line between source S1 (xs, ys, zs) and the destination point D1(xd, yd, zd) where 

zs=0 and zd=0. Now calculate the distance between the two-point S and D by using. 

According to Snell’s law for reflection, the angle made by the incident ray is equal to 

the reflected ray that is Sin α (i) = Sin β (r). As shown in Figure 3.18(a,b), the incident 

and reflected angle that is α and β [186]. In Figure 3.18. Source(S1) is the source point 

at ground and Source(S2) at some height (which can vary) and Destination (D1) is the 

destination point at ground and Destination(D2) at some height (which can vary).  

 
Figure 3. 18 Finding the reflection point “R” for a general case where source at “h1” 

height and destination at “h2” height is taken with incident angle α and reflected angle 

β. 
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For the reflection route, there are two types of routes (a) ground reflection routes and (b) 

wall reflection routes. 

(a) Ground Reflection: Reflection through the ground. The ground may be uniform 

and non-uniform. There are two cases formed, one for uniform and other for non-

uniform ground.  

Case 1 (Uniform Ground): When there is a uniform plane between source and 

destination. As shown in Figure 3.18, the angle α and β will be equal, when α = β then 

angle L=M. 

                                                                     𝑳 =
𝝅

𝟐
− 𝜶                                                                        (3-25) 

  

 

                                                             𝑀 =
𝜋

2
− 𝛽                                                                      (3-26) 

                                                                    tan 𝐿 = (
ℎ1

𝑥
)                                                                    (3-27) 

                                                                    tan𝑀 = (
ℎ2

𝐷−𝑥
)                                                               (3-28) 

From the above relationship, “x” that is a distance of a point of Reflection from the 

source, is calculated, which in addition to the source point gives the coordinate of the 

reflection point. The classification of a Project area is done to determine the type of 

ground for Reflection. In Reflection, ground type plays a significant role. Classification 

is shown in Figure 3.19. 
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Figure 3. 19 Image classification is done to determine the ground type of an area for 

reflection. 

Case 2 (Non-Uniform Ground): When there is a non-uniform plane between source 

and destination. As shown in Figure 3.20(a) non-uniform plane exists between source 

and destination. A plane S1-S2-D2-D1 is taken, the YZ plane perpendicular to the X. 

From S1 to D1 number of points are taken from point cloud LiDAR data. Normal is 

drawn to the plane that exists between S1 and the point for each point. For every point 

difference, the angle of incidence and Reflection is calculated along with route length. 

The point with a minimum difference in angle and minimum route difference is 

mentioned as reflection point “R”, where S1(1,12,0), S2(1,12,2), D1(15,12,0), 

D2(15,12,4) are coordinate (x, y, z).  

a) Firstly, point 1 is taken, make a line between the S1 and point 1. It is required to 

extend the Line S1-1 to intersect the D1-D2 line at “T”. Draw a normal with 

point 1 perpendicular to line S1-T, as shown in Figure 3.20(b). Join S2-1 and 

check whether this line intersects any points taken between S1 and D1. If it 

intersects, skip this point else calculate the angle of incidence. Similarly, for the 

reflected one, if the 1-D2 line intersects any point that is taken between S1 and 
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D1, then skip that point else calculate the angle of Reflection. Further, it is 

required to Calculate the difference between both angles and route length. 

b) In Figure 3.20. (a) Here, the plane between the source and destination is non-

uniform. There exist number of point data defines the non-uniformly. Point 1 to 

Point 29 defines random points on the source–destination plane. “h1” is height 

of source from the plane at S1 and “h2” is height of destination from the plane at 

D1. 

c) In Figure 3.20 (b) Point number “1” is taken to check the difference between 

angle incidence α and angle of reflection β. Where “T” defines the intersection 

point of line between the S1 and the point “1” with Line D1-D2. 
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Figure 3. 20 (a) Non-Uniform plane, 1 to Point 29 defines random points on the 

source–destination plane. (b) Point number “1” is taken to check the difference between 

angle incidence α and angle of reflection β. 

d) Repeating the above (1) for point 12 as shown in Figure 3.21(a). Calculate the 

angle difference along with route length. One after one, calculate these two 

parameters for all points from 1 to 29. And check whether, at which point, a 

difference of both angle and route length is minimum. In Figure 3.21. (a) Here, 

point number “12” is taken and calculate the “T” point which is an intersection 

of line S1-point 12 and Line D1-D2. After that a normal is drawn at point 

number 12 per perpendicular to S1-T line to calculate difference between α and 

β. 
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e) Reflection point (R) is calculated for the project area of RGIPT for a pair of 

source-destination as shown in Figure 3.21(b) (“S” is source and “D” is 

destination R is reflection point found by applying law of reflection between S 

and D). 

 

Figure 3. 21 (a) Here, point number “12” is taken and calculate difference between α 

and β. (b) R is reflection point found by applying law of reflection between S and D. 

 

f) After finding out the most appropriate point of Reflection (R), a buffer region is 

taken around the point of Reflection between source and destination, as shown 

in Figure 3.22(a) (Triangulation of buffer region near the R point found for 

uniform plane. This process is done to find the accurate reflection on ground 

which is affected due to non-uniform plane). No point exists in buffer at 
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different planes for that buffer. A triangulation is formed for points in the buffer, 

and the centroid of each triangle is calculated. Every centroid pair of incidents 

and reflected angle is calculated using previous steps in case 2. Now whichever 

point contains a small angle difference between reflected and incident angle and 

the shortest route length will consider as the Final reflection point. 

g) New Reflection point (R’) is calculated as shown in Figure 3.23(b). 

h) New Reflection point (R’) is calculated for the project area of RGIPT for a pair 

of source-destination as shown in Figure 3.24. 
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Figure 3. 22 (a) Triangulation of buffer region near the R point found for uniform 

plane; (b) Checking every point in buffer to check at which point angle difference 

between incident angle and reflected angle is least and the route difference is least. 
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Figure 3. 23 (a) Reflection point (R’) is found after checking all points in buffer region 

near the reflection point first find between source and destination; (b) Reflection from 

the plane on ground and the arrow indicates the path from source to destination. 

 

 

Figure 3. 24 “S” is source and “D” is destination, R’ is new reflection point received. 
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(b) Wall reflection Route: Route that is calculated after reflection of noise signal 

from the wall of building. Calculation of reflection point on the building wall, 

here taking a building with a source at height h1 and destination at height h2 as 

shown in Figure 3.25(a) (Source and destination at height h1 and h2 is given. 

“ijkl” is the cutting plane (XY) which is perpendicular to Z (between source and 

destination). Plane “ijkl” cuts the building at “m” & “n”). A Cutting plane XY 

(ijkl) is made perpendicular to the Z-axis to check the intersection of a plane with 

the building.  

a) Length of a k-l line intersecting the building at m and n is equal to the distance 

between S2-D2, as shown in Figure 3.25(b). Several points are taken on the line 

k-l. There are two angles: the incident angle and the reflected. For each point 

between k and l, the difference between the two angles and route length is 

calculated. The point where both difference and route length are minima will be 

the point of reflection on the wall. 
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Figure 3. 25 (a) “ijkl” is the cutting plane (XY). Plane “ijkl” cuts the building at “m” & 

“n”; (b) Reflection point on wall is calculated by checking angle difference. 

b) For each Point between k and l (from point 1 to point 15), a normal is drawn 

perpendicular to the k-l, and one by one difference in angle and route length for 

each point is calculated. As shown in Figure 3.26(a), (point 10) is concluded as 

the point of reflection on the wall. The reflection point on the wall is calculated 

for the Project area of the RGIPT campus, as shown in Figure S3.26(b). 
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Figure 3. 26 (a) Point that has the minimum route length is the point number 10; (b) R’ 

is the new reflection point found on wall of building. 

 

3.4.4 Determination of Terrain Parameters 

Noise Propagation Modelling requires noise data of sources, the detail of terrain through 

which noise propagates to different receiving (or destination) locations, and a prediction 

model. The noise after generating from source propagates to receiving locations. During 

its propagation, noise energies are lost due to the distance they travel, interact with 

buildings, ground, trees, etc. The distance-related losses are termed as Distance 

Attenuation (DA), while building or barrier-related losses are Barrier Attenuation (BA) 

[1,19,22]. The determination of barrier attenuation depends on determination of ‘Route 
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Difference’, the extra route a sound wave needs to travel to reach a destination after 

diffraction. 

                                           𝑅𝑜𝑢𝑡𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 = 𝐷1 − 𝐷                                       (3-29) 

where D1 = Indirect transmission route, D = Direct transmission route. The noise data at 

receiver location is computed after accounting all losses in energy in its travel route. 

The noise level or Sound Pressure Level (SPL) at the receiving location is determined 

after deducting the loses in sound levels during propagation (attenuations) from the SPL 

of source location. Barrier Attenuation is dB sum of all possible In-direct routes. 

         𝑆𝑃𝐿(𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛) = 𝑆𝑃𝐿(𝑠𝑜𝑢𝑟𝑐𝑒) − 𝐷. 𝐴 − 𝐵. 𝐴                                                           (3-30) 

 

       𝐷. 𝐴 =  20 𝑙𝑜𝑔10𝐷 + 11                                                                                               (3-31) 

       𝐵. 𝐴 =  5.65  +  66𝑁  +  244𝑁2   +  287𝑁3       if        −0.30 ≤ 𝑁 ≤ −0.02           (3-32) 

       𝐵. 𝐴 =  5.02  +  21.1𝑁 − 19.9𝑁2  + 6.69𝑁3      if          −0.02 ≤ 𝑁 ≤ 1.0              (3-33) 

       𝐵. 𝐴 =  10𝑙𝑜𝑔10𝑁 + 18                                        if           1.0 ≤ 𝑁 ≤ 18.0                (3-34)    

       𝐵. 𝐴 =  25                                                               if     𝑁 ≥ 18                                    (3-35) 

       𝑁 =
𝑅𝑜𝑢𝑡𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 

𝜆

2

                                                                                                (3.36) 

      𝜆 =
𝑐 

𝑓
                                                                                                                              (3.37) 

Where, D.A = Distance Attenuation, B.A = Barrier attenuation, λ = wavelength, c = 

Speed of light, f = Frequency, N = Fresnel number 

 

3.5 Results and Discussions 

Efficiency of Algorithm 

The efficiency of algorithm is tested using two verification schemes. One: checking 

whether the routes determined to be the principal routes (for propagation of sound 
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(noise)) are indeed the principal routes. It is understood [187] that the principal routes 

carry the maximum sound energy during propagation. Further, the principal routes need 

to be shortest to carry maximum energy and become principal. Thus, all the determined 

routes are checked whether they are the shortest in their respective planes. Two: If the 

routing algorithm indeed offers the optimal routes, then the efficiency of noise modeling 

(where the routes are used for noise prediction) would improve significantly. Thus, the 

noise levels are predicted for the RGIPT campus and verified with ground recorded data 

of noise level to determine the improvement of accuracy for noise prediction. 

3.5.1 Accuracy for Determined Principal Routes 

Various routes over the top, around the sides, or reflected are tested to find the accuracy 

of algorithm. 

3.5.1.1  Route over the Top Accuracy 

From the discussed algorithm for the route over the top, we got a route for a building as 

shown in (Figure 3.10(b)) as the blue line indicates the desired route. It got two points 

on building that create a route over the top (Source,1st,2nd, destination). Now, to check 

the accuracy change in the y value, change in the 1st point is done with (±0.5, ±1, ±1.5) 

m, where (+) means left side of desired point and (–) means right side of desired point. 

Then, calculate the distance of the new route created with these changes. The blue line 

below and above the red line shows the changed route (Figure 3.27(a)). The changes in 

route length with deviation in right and left side of desired point is shown in Figure 

3.27(b). It is clear from the calculation that the route calculated by “Routes over the top 

algorithm” is the shortest route. 
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Figure 3. 27 (a) The blue route is the desired shortest route, and the rest of the yellow 

routes are the deviated routes. (b) Graph for the accuracy of route over the top. 

3.5.1.2  Route around the Side Accuracy 

As discussed earlier, the routes around both sides of a building are calculated by the 

discussed algorithm. The desired route of one side is shown by the blue color line; the 

created route follows the XZ plane cutting technique to calculate the intersection point 

on the sidewalls of the building shown below in Figure 3.28(a). The value at point 1, 

just next to the source, has (x, y, z) coordinate to check the accuracy. Make deviations 

in the z value of the 1st point from the desired z value in (±1, ±2, ±3) m and develop the 

route for modified z. In deviations, the (+) indicates the positive changes from desired 

point and (−) indicates the negative changes. The changes in route length with deviation 

in positive and negative direction of the desired point are shown in Figure 3.28(b). It is 
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clear from the calculation that the route calculated by “Routes around the side 

algorithm” is the shortest route. In a complex building scenario, between any pair of the 

source (primary or secondary) and destination, the routing algorithm works and finds 

the best routes, which are the shortest routes. 

 

Figure 3. 28 (a) The blue route is the desired route from the algorithm (b) Graph shows 

the accuracy of the route around the sides. 

3.5.2 Accuracy of Noise Prediction 

The accuracy for prediction of noise levels is tested in dB levels. The noise prediction 

model used the routing algorithm for incorporating terrain parameters during prediction. 

Accurate terrain parameters are expected to improve accuracies of noise prediction. The 

accuracy of noise prediction is tested in two ways. One: comparing the effect of using 
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new LiDAR algorithm generated routes on noise prediction in relation with theoretically 

generated routes (which is having no error) on noise prediction. Two: Determination of 

error in prediction of instantaneous noise levels for RGIPT campus in relation with 

measured noise levels at different locations of the campus. 

Deviations in New Algorithm Generated Routes, Which Are Extracted Using 

LiDAR Data Are Compared with Routes (Having no Error) Extracted 

Theoretically. Deviations Are Related in Terms of Predicted Noise Levels 

 

A simulated ground with a pair of noise source and receiver was planned. A building 

was also placed between the source and receiver is shown in Figure 3.29 that contains 

Source at S (4,4,5,4) and destination at D (11,4,5,8), building has A, B, C, D ground 

corner points of building and height of building is 15m. Here t1, t2 are point of 

intersection on building which forms top way path. Similarly, s1, s2, s3, s4 are points on 

building forming path around the sides. The routes and terrain parameters were 

estimated for this scene theoretically with principles of physics (i.e., zero error in 

determination of principal routes). Noise levels were predicted at the destination for 

source-generated noise level. The routes and terrain parameters were also estimated 

separately in the above realistic scenario. Error and deviations were simulated in the 

above noise propagation scenario from the source to the destination. Errors in terrain 

data measurement with LiDAR, deviations in extracted routes with new algorithm and 

error in measurement in noise levels were estimated to determine the deviations in 

predicted noise level at the destination in comparison with noise level predicted 

theoretically at the destination. Figure 3.30. Shows Estimated error in LiDAR data, 

terrain parameter extraction and noise data measurement leading the uncertainty in 

prediction. 
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Figure 3. 29 Source at S (4,4,5,4) and destination at D (11,4,5,8), building has A, B, C, 

D ground corner points of building and height of building is 15m. 

 

Figure 3. 30 (a) Building LiDAR points with Accuracy (±3 cm); (b)Building corner 

correction; (c) a shift of 3 cm in both directions; (d) For the Building corner points due 

to LiDAR point accuracy is (±4.5 cm). 

The building corner is estimated by estimating the least square for LiDAR data of 

the building as shown in Figure 3.30(a). There can be many least square estimations to 

find intersection points, as shown in Figure 3.30(b). Due to the accuracy in LiDAR data 

during the acquisition of 3D points being ±3cm, now there is a maximum error of ±6cm 
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between any two-point when both points are wrongly taken, as shown in Figure 3.30(c). 

Now here for the top way route (Source-t1-t2-Destination), all the point has an error of 

±3cm. The maximum error between Source and t1 is ±7.5cm considering building edge 

error. Similarly, ±9cm between t1 and t2, ±7.5 cm t2 and Destination. The following is 

needed to calculate error propagation to calculate the total error E.  

                                                         E = √𝐸12 + 𝐸22 + 𝐸3
2

     

Where E1, E2, E3 are maximum error between Source-t1, t1-t2, and t2-Destination. 

Table 3.1 Shown noise level calculation with error or without error at destination 

location. 

Frequency 50 Hz 

Total 

(dB) 

 DR 

IDR 

(1)  

IDR 

(2) 

IDR 

(3) 

IDR 

(4) 

IDR 

(5) IDR (6) 

 IDR 

(7) IDR (8) 

 
Route 

length 19.42 58.87 24.60 23.15 66.94 74.70 82.77 38.87 38.37 

 
Error 0.06 4.14 0.13 0.13 4.14 4.14 4.15 0.15 0.15 

 
Route 

Length 

(Error) 19.47 63.00 24.73 23.28 71.08 78.84 86.92 39.02 38.51 

 
Route 

difference 

(Error) 0 43.52 5.25 3.80 51.61 59.37 67.44 19.54 19.09 

 
Route 

difference 0 39.45 5.18 3.73 47.52 55.29 63.36 19.45 18.95 

 
D. A (Error) 36.80 46.99 38.86 38.34 48.03 48.96 49.78 42.83 42.71 

 
D. A 36.76 46.41 38.82 38.29 47.51 48.47 49.36 42.79 42.68 

 
B. A (Error) 0 18.68 18.85 18.97 19.06 18.10 18.80 18.06 18.81 

 
B. A 0 18.56 18.78 18.92 19.02 17.35 18.72 17.12 18.73 

 
Source 110 110 110 110 110 110 110 110 110 

 
Source 

(Error) 105 105 105 105 105 105 105 105 105  

dB Value at 

receiver 73.24 45.03 52.40 52.80 43.46 44.18 41.92 50.08 48.59 58.71 
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Figure 3. 31 Error propagation due to inaccuracies in terrain data. 

 

Due to this error propagation, the author will define the effect on the noise level at 

the destination for 3 different frequencies of 50Hz, 250Hz, and 1000Hz. Error 

propagates in between each pair of points. These errors can change the route length, 
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A(dB) is  Noise level in dB without any error in terrain data (theoretical 

route estimation).

B(dB) is Noise level in dB with inaccuracies in LiDAR data and route 

estimation with new algorithm

Difference in  LiDAR and algorithm predicted route 

dependent dB value with theoretically computed route 

dependent dB value

A(dB) B(dB) Difference

dB Value at 

the receiver 

(Error) 73.21 39.34 47.29 47.70 37.90 37.97 36.42 44.12 43.48 52.69 

Error  6.023 
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direct route, indirect route, and noise level at the destination point. In this case, table 3.1 

is designed for a low frequency that is 50 Hz, to calculate the noise level values without 

error, and the noise level with maximum error. Where D.A is distance attenuation and 

B. A is barrier attenuation in Table 3.1. 

Determination of Error in the Predicted Instantaneous Noise Levels 

Once all the routes are determined, these are used to determine the terrain parameters 

such as direct distance between source and destination pair, route difference and length 

for diffracted routes, reflected route length, etc. [44]. This process is repeated for all 

routes and each pair of sources and destination. The noise data of source(s) and terrain 

parameters between source and destination pairs are integrated using noise model for 

prediction of noise levels. The predicted noise levels of different parts of the study site 

are compared with measured noise levels to estimate the accuracy. Noise mapping is 

done to show the noise propagation in a particular area. Here, 25 noise sources at the 

railway line near the RGIPT campus are used to determine all the routes for all the 

destination locations at the campus shown in (Figure 3.32).  

 

Figure 3. 32  Google Earth map of RGIPT campus showing railway line (noise source) 

with 25 points on line, buildings and the rest area where the destination points are 

considered. 
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The predicted noise levels are found to be accurate within ±6 dB (tested for over 

100 destination points at RGIPT campus) and compared with in accuracies of other 

instantaneous scale noise prediction [187, 188] and are found to be significantly better. 

These determined routes are then used to map the noise level for the RGIPT campus due 

to railway noise sources (Figure 3.33) at various locations of noise sources. Predicted 

noise levels are plotted in a GIS environment using ArcGIS software [42, 53, 189]. 

 

Figure 3. 33  Prediction of noise map of RGIPT campus due to noise sources at railway 

line. Noise levels are projected in dB. 

The project area of the RGIPT campus noise map in 3D is generated for 3 different 

instances, as shown in Figure 3.34(a–c). These 3 different maps are for train noise 

sources when a train is at 3 different positions. Noise prediction of RGIPT campus is 

performed by gathering information of routes, terrain parameters, noise source, and 

noise level at the source. Noise source is considered as the train passes through the 

railway track near the campus for 2 min. These routes, terrain parameters, and noise 

level at source are further given to the noise model, which will finally calculate the 

noise level at noise receiver points (destination) of the RGIPT campus.  
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Figure 3. 34 RGIPT campus noise map for noise source points at railway line the noise 

receiver points (destination) are all over the RGIPT campus (a) 1st instance, (b) 2nd 

instance, and (c) 3rd instance. 

Various routes determined are found to be accurate within ± 9 cm, which is a 

testimony for the effectiveness of the approach. Further, it was found to significantly 

improve the accuracy of prediction of noise level for a place (for short period). The 
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predicted noise levels are found to be accurate within ±6 dB (tested for over 100 points 

at RGIPT campus), which is about two-fold superior to what was earlier achieved (±10 

to 12 dB). The novel route determination algorithm applicable over precise LiDAR 

point cloud data can easily be extended for significantly improving other urban 

applications. 
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Chapter 4 

Determination of a 3D Terrain Data Based Model for the 

Determination of Optimality of Distribution of Cellular 

Tower for An Area: A Case Study 

 

4.1 Abstract 

The cellular industry faces challenges in controlling the quality of signals for all users, 

given its meteoric growth in the last few years. The service providers are required to 

place cellular towers at the optimal location for providing a strong cellular network in a 

particular region. However, due to buildings, roads, open spaces, etc., of varying 

topography in 3D (obstructing the signals) and varying densities of settlements, finding 

the optimal location for the tower becomes challenging. Further, in a bigger area, it is 

required to determine the optimum number and locations for setting up cellular towers 

to ensure improved quality. The determination of optimum solutions requires a signal 

strength prediction model that needs to integrate terrain data, information of cellular 

tower with users’ locations, along with tower signal strengths for predictions. Existing 

modeling practices face limitations in terms of the usage of 2D data, rough terrain 

inputs, and the inability to provide detailed shapefiles to GIS. The estimation of 

optimum distribution of cellular towers necessitates the determination of a model for the 

prediction of signal strength at users’ locations accurately. Better modeling is only 

possible with detailed and precise data in 3D. Considering the above needs, a LIDAR 

data-based cellular tower distribution modeling is attempted in this article. The locations 

chosen for this research are RGIPT, UP (45 Acre), and Shahganj, Agra, UP, India (6 

km2). LiDAR data and google images for the project sites were classified as buildings, 
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overground features. The edges of overground objects were extracted and used to 

determine the routes for transmission of a signal from the tower to user locations. The 

terrain parameters and transmission losses for every route are determined to model the 

signal strength for a user’s location. The ground strength of signals is measured over 

1000 points in 3D at project sites to compare with modeled signal strengths (an RMSE 

error 3.45 dB m). The accurate model is then used to determine the optimum number 

and locations of cellular towers for each site. Modeled optimum solutions are compared 

with existing tower locations to estimate % over design or under design and the scope of 

improvement (80% users below −80 dB m improves to 70% users above −75 dB m). 

Keywords: Cell phones; transmission tower; LiDAR; GIS; signal strength; optimum 

location. 

4.2 Introduction 

A cell phone tower is an important component of the network since it transmits signals 

to cell phones, and its strength varies with the location of the tower. The strength of a 

cell phone tower’s signal is measured in decibel milliwatts (dB m). The dead zone 

occurs when a cell phone user (receiver) has an excellent reception of the network 

signal at one location but low reception on the other surrounding side at the same time. 

The cell phone signal has a relatively low power output (typically at less than 1 

milliwatt). The signal strength is typically measured in the negative dB m range in 

broad areas. In India, a signal strength of −50 dB m is considered to be excellent for a 

given location. When an urban area must give acceptable signal strength to every area, a 

mobile phone tower must be placed in an optimal location and at an appropriate height. 

In addition, the optimal site is determined by the placements of the building’s features, 

terrain data points, ground points, and other things in the vicinity [190]. As a result, the 

transmission of the cell tower signal is determined by the placements of the towers and 
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the routes that the signal takes before hitting the end of any user location (receiving 

point). Starting from the source, a signal might have a direct or indirect path, i.e., from 

the position of a cell phone tower before arriving at any user location (receiver). In the 

indirect path, the signal can propagate via diffraction (top of building and around the 

sides) or reflection (from the ground or via wall). Signal propagation involves signal 

attenuation owing to distance, diffraction, reflection, and other factors [46, 155]. The 

selection of an appropriate location necessitated the use of 3D terrain data, which is 

often represented as point cloud data with x, y, and z values. It comes in the form of a 

raster, vector, or point cloud and presents a challenge to extract the terrain’s features 

[48, 191, 192]. 

Fulfilling the demands of an increasing number of users requires cell phone towers 

to be placed at the optimal location, and it is a challenging task [193]. For achieving 

accurate tower placement, several research works have been performed in the cell 

placement field [194]. In research by Deane et al. [65], an attempt to explain a potent 

algorithm to identify the optimal cell phone tower positions by approaching three 

algorithms was done. Among these three, the first one is the greedy algorithm (by 

making the best possible choice that seems best at the particular moment), the second 

happens by the ratio of heuristics, and the third one by the intelligent genetic algorithm 

[39, 195]. It was concluded that the genetic one is the best long-term algorithm. Another 

study by AL-Hamami et al. [66] uses a geographical information system and a spatial 

data mining system to find the best possible tower location. This research was 

accomplished by using the Digital Elevation Model (DEM) on the satellite project area 

image [67–69]. 

Similarly, a three-step algorithm was proposed by [71] for finding out the best 

height of the cell phone tower. The algorithm computes the most cost-effective position 
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and altitude for tower placement to achieve suitable signal strength [196–198]. To 

maximize the cell tower placement, geospatial mining with a Geographic Information 

System (GIS) is used as a tool in research by AL-Hamami et al. [66]. A review 

regarding signal monitoring is discussed by the author in [6, 199]. 

In study [200], the geographic data from multiple sources, comprising satellite data, 

topographical maps, local digital maps, and specifications of existing towers [201] (such 

as latitude and longitude, antenna height, and frequency bands), in the project region 

(see Figure 4.1) was investigated. Using these data, ArcGIS software was used to create 

multiple layers to find the best location. Dead zones in cell transmissions and areas of 

an existing cellular tower that overlap have been identified [202]. Hence, the study 

area’s existing towers were analyzed to determine the best locations for tower 

placement [203]. These prior studies use a GIS environment to evaluate [204] the need 

for acceptable signal strength by locating many cell phone towers, but they do not focus 

on the best position for cellular phone towers or how the signal can cover every receiver 

position while retaining optimal strength [205]. 

 

Figure 4. 1 Reduction of weak area and interference (Reprinted from Ref. [105]). 

 

To understand how the signal reaches the user’s location, the initial step is to 

understand the propagation of the signal [51, 170, 206]. Cell phones use radio waves to 
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communicate. In this study, it has been made clear that this signal transmission follows 

two paths: one is the line of sight (direct path), and the other is non-line of sight 

(obstructed by buildings, barriers, etc.) [49, 53], as shown in Figure 4.2(a). In means of 

propagation, it is analog to sound transmission. While propagating from cell phone 

tower to cell phone, user signal suffers different losses [138, 207]. These losses are due 

to fading and multiple propagations [190, 198, 201, 208, 209]. From the studies, it has 

been concluded that the range of the excellent signal is between 0 and −60 dB m and for 

the poor signal is above −100 dB m [184], as shown in Figure 4.2(b). The goal of the 

suggested research is to figure out where the best cell phone tower placement is. Users 

play a vital part in determining path loss and attenuation in the strength of the signal, 

thus efforts have been made here to evaluate them and then utilize them to determine 

the ideal transmission route from cell phone towers to cell phones users to ascertain the 

optimal cell phone tower location [184, 193, 210–213]. 

 

Figure 4. 2 (a) Signal propagation, (b) Signal strength range. 

 

4.3 Research Question on the Placement of Cellular Tower(s) 

Increased usage of cell phones and the need for higher bandwidth necessitates placing 

cellular towers in optimal locations. However, there are several issues associated with 

placing a cellular tower in a particular place. In the GIS environment, primarily the 
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spatial and non-spatial attributes are considered to determine the optimal solution for 

finding out the cell tower location(s). The distance of towers from cities, highways, 

other towers is weighed considering their geographic location along with non-spatial 

attributes of population, income, etc., for the determination of optimal location. The 

determination of all these distances requires the creation of shapefiles for cities, 

highways, populations, etc. Shapefiles are also required to be in the same coordinate 

system to carry out any spatial analysis, e.g., the position of a cellular tower near the 

city, highway, city, highway. Spatial analysis in GIS is often carried out through the 

generation of buffer areas around each shapefile based on pre-decided distance and 

comparing them by overlay analysis. Thus, the buffer areas around cities, highways, and 

existing towers are required to be determined. The buffer raster analysis indicates the 

locations where there is no coverage and overlapping areas. Further various weighting 

criteria are used for the distance to the city, highway, or other towers to decide an 

optimum location for setting up a new tower. 

It is challenging to find the optimal location of setting up a cellular tower for an 

area having land cover objects of different sizes, shapes, and volumes and having land 

uses of different types. Similarly, finding the best locations for setting up multiple 

cellular towers to cover a city is difficult. In computer science, it can lead to solving an 

NP-Hard problem. 

GIS-based models for cellular distribution do not consider the cases of the presence 

of multiple towers in an area of different service providers. It can so happen that the 

quality of signal in a place may be better from a service provider compared to another. 

The model should be able to distinguish it and suggest a better service provider for a 

place. GIS-based modeling for cellular towers demands significant data processing. It is 

required to produce the shapefiles for city, highway, tower, population, income rate, 
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detailed land cover, and land uses. Further, these shapefiles are required to be compared 

with the location of the tower(s) to determine the spatial objective function giving 

appropriate weights in line with importance. Different models suggested by researchers 

are either theoretical solutions or GIS-based solutions indicating sufficiency of 

distribution or dead zones. Primarily, the research does not verify their prediction with 

the ground data. Thus, the efficiencies of these solutions are doubted. 

The existing optimum cellular tower locating algorithms are primarily theoretical or 

are using very simplified rough 2D terrain data of land-use and landcover to ascertain 

the best location for setting up a cellular tower using simplified objective functions. In 

the absence of a detailed and practical approach to adapt to any urban setup precisely, 

the GIS approaches follow average techniques to determine the optimality. It invariably 

results in over or under design. There is, thus, a need to evolve a technique that should 

be able to use the detailed variation in topography for an area and estimate the detailed 

obstructions or impacts of each for the signals to reach any user location from a cell 

phone tower. It is required to be understood that the urban environment, having adjacent 

high-rise buildings located between the cellular tower and user location, plays a very big 

role in terms of the obstruction of signals. Thus, 2D data and rough land use and 

landcover data significantly preclude the estimation of detail and accurate signal 

strength for a place. Developing countries have a large proportion of unplanned cities, 

offering a very mixed land use and land cover and often creates a significant challenge 

in terms of the accurate estimation of signal strength for a place from a cellular service 

provider. Thus, it is required to come up with a technique that can model or compute 

accurate signal strength for a user location from a cell phone tower. The model should 

also be able to estimate the best location for setting up a cellular tower for a place or 

estimate numbers and locations of possible cellular towers for an area to provide good 
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signal strength to every user location. The existing GIS software suffers in terms of its 

ability to accommodate huge terrain data or extract buildings and other obstructions in 

3D automatically, which prevents direct transmission of a signal from the cellular 

tower(s) to different user locations. There is thus a requirement to use 3D terrain data of 

high precision, which can find out a technique to extract all obstructions between any 

pair of the cellular tower and user locations, determine losses in transmission at its 

every route of transmission, and can estimate an optimization algorithm that can work 

with all the spatial attributes (transmission paths, distances, transmission losses, etc.) 

and non-spatial attributes (number of users at a building, population density, etc.) to 

determine the signal strength and optimum location(s) for the setting-up of cellular 

tower(s). LiDAR data offers very precise 3D data in point cloud form. It is required to 

establish a novel cellular tower locating optimization technique using LiDAR data, 

which will overcome challenges of accommodating precise 3D data and enable highly 

accurate optimization in terms of offering the best location(s) for the setting-up of 

cellular tower(s) and giving the best estimate of signal strength for any surrounding 

areas. 

     

4.4 Methodology 

The determination of an accurate model for the estimation of the optimum location and 

number of cellular towers involved the estimation of a technique consisting of the 

following components: 

(a) Establishment of an accurate model to predict the signal strength at a user 

location after transmission of a signal from a cellular tower location. 
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a. Development of a model inputting accurate 3D terrain data, cellular tower and 

user location(s), and signal strength at tower location to determine the strength at 

desired user locations. 

b. Extraction of detailed routes for transmission of signals using 3D LiDAR data. 

c. Estimation of terrain parameters and dependent transmission losses for every 

route between each tower and user pair as a modeling input. 

d. Verification of the model for a wide variety of terrain geometry and a large 

number of points. 

e. Generation of 3D signal strength map for a cellular tower to its all-neighboring 

users’ locations. 

(b) Establishment of a technique to determine the optimum location for setting up a 

cellular tower using an accurate signal strength prediction model. 

a. Estimation of optimum location in X, Y, and Z for an area. 

b. Determination of optimality at the rough grid in X, Y, e.g., 100 × 100 m, then 

refinement to a very fine grid, 2 × 2 m. 

c. Determination of optimality in height (Z) about heights of user’s locations. 

(c) Establishment of a technique to determine the optimum number and locations of 

the cellular tower for an area to offer good/acceptable quality of signal strength to most 

users. 

a. Estimation of number and locations of the cellular tower using a signal strength 

prediction model and optimality prediction model. 

b. Establishment of global optimality maintaining a trade-off between over design 

and under design and good/adequate signal strength requirement for an area. 

The need for establishing a technique to determine the optimum location(s) for the 

setting up of cellular towers accurately was understood. The technique would depend on 
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the use of very accurate 3D terrain data, which in the present study was used with 

LiDAR data. It is required to determine all the routes through which the signal can 

transmit from a cellular tower location to a user location. The routes can be direct where 

there is no obstruction between the tower and user location; it can also be indirect where 

there is/are obstruction(s) between the two. The route determination algorithm required 

the extraction of buildings, roads, open spaces, etc., between the cellular tower and the 

users’ locations. Once routes can be determined, these are used to determine terrain 

parameters (e.g., path difference, path length, reflecting ground) for the computation of 

signal losses. The information of locations of the tower (or the potential location of the 

tower) and a user pair, topographical obstructions between them, and the strength of 

signal of the cellular tower can be integrated using a model to predict the likely signal 

strength for the user location. The model derived can be used for predictions in one-to-

one or one-to-many modes. The prediction of signal strength whenever applied for one 

cellular tower and one location for user comprised the one-to-one mode, while when 

there were many users to one cellular tower location, it constituted the one-to-many 

prediction mode. Essentially one-to-many is used for making a map of predicted signal 

strength for a tower location. The model integrating signal strength of tower, locations 

for tower and users, and the transmission losses (dependent on terrain parameters) are 

designed in line with the transmission mechanisms of radio waves (analogous with the 

transmission of the sound wave). The signal strength prediction model’s semi-empirical 

equations were established with the least square technique. The modeling equations 

took ground observations with a signal strength of 500 points around an existing 

location of the tower to comprehensively validate the model. The signal strength 

prediction model is used next to determine the optimum location in (X, Y) and in Z to 

set up the cellular tower. The optimum location (X, Y) for the setting up of a new tower 
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primarily worked around the centroid location for the area for a grid size of 100 × 100 

m. Initially, areas of different size and shapes were tested for centroid centric optimality 

and are fine-tuned to establish the optimal location at finer grids (5 × 5 m, 2 × 2 m) near 

the rough solution for the precise 3D urban setup. Targeting potential solutions for the 

refinement of the solution is planned to reduce computational time for optimality to a 

great extent. The optimum height for the optimal location of the tower is planned by 

testing various heights beginning at near ground heights to heights above the tallest 

building for the area. Two sites are considered for the testing and establishment of a 

comprehensive model for the prediction of signal strength at users’ locations. These are 

at RGIPT campus, UP, India (45 Acres in the rural backdrop) and Agra-Shahganj, UP, 

India, 6 km2 in an urban city. Following the establishment of the prediction model, it is 

planned to estimate the optimum location for setting up the tower(s) for the RGIPT and 

Agra sites. The number of cellular towers required to cover the bigger Agra site is 

modeled. The existing tower locations and their numbers are compared with modeled 

numbers and locations for the area to find out the extent of under or over designs for 

cellular towers. The detailed methodology adapted is schematically explained below. 

A system is designed and developed for finding the best position for installing a cell 

phone tower to achieve sufficient signal strength in each area. This gives an adequate 

signal strength at the user’s location. The methodology is designed in a way that 

consists of two models. One is the cell phone signal strength determination model, and 

the other one is the model for the determination of optimal location(s) for setting up a 

cell phone tower(s). The methodology is explained by the image shown in Figure 4.3. 

Determination of the optimal location of cell phone tower(s) needs a cell phone 

determination model. 
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Figure 4. 3 Proposed methodology. 

The cell phone signal strength determination model is a model that is proposed to 

determine the signal strength of cell phone users. Cell phone signals transmit similarly 

to noise or sound signals, as shown in Figure 4.4. 
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Figure 4. 4 Cell phone signal strength determination model. 

 

(a) Starting with the collection of existing cellular tower locations for the RGIPT 

campus, India, we stored the cell phone signal strength at various user’s 

locations through the mobile app (Network cell info lite). 

(b) The terrain parameters between the cellular tower and the user’s location are 

determined by an analogous property between cell phone signal propagation 

with sound propagation model. 

(c) The terrain determination used the LiDAR dataset, which is a 3D point cloud (X, 

Y, Z) that includes direct information on topographical elements, such as 

buildings, vegetation, and ground. As a result, data processing necessitates the 
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extraction of terrain points that block and/or govern signal transmission. The 

terrain parameters determination methodology is shown in Figure 4.5. 

(d) If there is no obstacle between the cell phone tower and user location(receiver), 

the signal moves directly between them. However, if there is/are barrier(s) 

between them, the signal travels indirectly by diffraction, reflection, and other 

means [205]. As a result, measuring the signal strength at each user location 

(receiver) necessitates calculating the transmission path(s). 

(e) LiDAR data has been collected for the RGIPT campus project area. The 

pathway of a signal must be identified using clear information about the 

building’s corners or edges, as well as any other impediments that may exist 

between the cell phone tower and the receiver (i.e., user location). Edges and 

corners of buildings or obstacles that may occur in the pathway between the cell 

phone tower and the cell user’s location are extracted [64]. The pathways are 

calculated using a plane cutting approach. 

(f) The methodology entails establishing an algorithm for extracting all-terrain 

features/terrain data points from the LiDAR dataset without changing the point 

data of DEM [188]. After determining the specific signal pathways, an equation 

is fitted for a model to calculate the signal strength and signal attenuations 

(signal strength losses). 

(g) For an equation fitting by the least square method, 1500 points throughout the 

RGIPT campus are randomly selected. Signal strength value for these 1500 

points is collected by Network cell info lite App. For these 1500 points, 1000 

points are chosen as the training set, and 500 points are set as the testing set. The 

non-linear equation will be fitted because the signal propagation follows the 

sound propagation model analogy and depends non-linearly on distance. 
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(h) After getting the determined relationship between signal strength and terrain 

parameters. The validation is performed with the 500 testing points after the 

establishment of a validated signal strength model is performed. 

  
Figure 4. 5 Terrain parameter determination between tower and users’ locations. 

 

(i) Two areas that have been chosen are a rural area and an urban area for the 

determination of the optimal locations of the cell phone tower. The rural area 

(that is, the RGIPT campus) contains fewer buildings, more vegetation, and 

fewer cell phone towers. The urban area (the Shahganj area of Agra city) where 

there are more buildings, less vegetation, and more cell phone towers. Two 

different areas are taken to fit a model with an equation that can sustain terrain 

feature variation. 

(j) Cell phone tower locations are proposed for the RGIPT campus by the method 

from step 1 to step 6, as shown in Figure 4.6. The Urban area (Shahganj area of 

Agra city) contained the five previously installed towers. For an adequate signal 

strength of a location, five proposed locations of towers are calculated by the 

method from step 7 to step 13, as shown in Figure 4.6. 
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Figure 4. 6 Model for the determination of optimal location(s) for setting up a cell 

phone tower(s). 

 

(k) To calculate signal strengths (or relative transmission loss) at diverse ground 

locations, an algorithm is developed to work efficiently for each pair of cell 
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phone towers and its neighboring user location. The study aims to look at signal 

strength (or relative signal strength loss) for different user locations (receiver) 

[214]. 

(l) Once the boundaries of the building and other obstacles are identified for a 

certain topographical condition with locations of building blocks, ground, trees 

(vegetation), etc., the model will endeavour to estimate the best pathway for 

signal transmission, the relative loss of signals at different receiver/user 

locations, and the best placement (X, Y, and Z) coordinates for a cell phone 

tower. The optimal location for a cellular tower will guarantee that the signal 

strength is sufficient for all nearby cell phone users (receivers). 

(m) Cell phone tower location is also determined for the case where the population 

ratio is non-uniform. For that case, population density is considered, which area 

needs a higher value of signal strength. In some cases, where the population is 

non-uniform and the optimal location is found that is providing moderate signal 

strength to the high population part as well as low population part, then a shift in 

the cell phone tower location to improve the signal strength for the high 

population part will be desired. 

 

4.5 Results and Discussions 

 For finding the optimal position of the Cell phone tower, the following steps are 

mentioned in the resulting flow. This result flow states the result of each step. The 

process splits into two steps: One is the “Cell Phone Signal Strength Determination 

Model”, the second is the “Model for Determination of optimal location(s) for setting up 

cell phone tower(s)”. These two steps give results as discussed in the result flowchart, 

shown in Figure 4.7. 
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Figure 4. 7 Result Flowchart. 

 

4.5.1 Determination of the Strength of the Signal 

The model represents the collection of signal strength from the existing cell tower 

location. During transmission, the signal follows direct or indirect paths from the cell 

tower to the user’s location. This model is going to determine a relationship for 

transmission of losses due to distance, obstruction, etc., between the cell tower and 

users’ locations. 

4.5.1.1 Location of Existing Towers and Cell phone Users 

For the study, a project area of the RGIPT campus was taken, which lies in between 

(latitude (26.265788), longitude (81.504372)) and (latitude (26.263355), longitude 

(81.515723)). Adjoining the campus, there is a railway line. 
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The project area of the RGIPT campus is surrounded by the Jio and Voda towers, as 

shown in Figure 4.8. Except for the Jio tower, the rest of the towers are far from the 

RGIPT location. The main aim of this research is to find an optimal location for a cell 

phone tower. This optimal location will provide adequate signal strength to the user’s 

location. The cell phone will catch the signal strength from the cell phone tower that is 

near to the location. The nearest tower will give better signal strength. 

Although there are two types of towers near the RGIPT location, one is a Jio tower 

and the other is a Vodafone tower. The closest to the RGIPT location is “Jio tower A”. 

“Jio tower A” is at location (latitude 26.263130°, longitude 81.515706°). “Jio tower A” 

(nearest tower) is considered for the further processing of deploying the tower for the 

RGIPT location. “Jio tower A” plays an important role in the cellular signal strength of 

RGIPT. 

 

Figure 4. 8 Tower locations near the RGIPT campus. 

From the project area, the 1500 points were taken as a user’s location, as shown in 

Figure 4.10(a). At these points, signal strength due to the nearest cell phone tower was 

recorded by a mobile application named (Network cell info lite), shown in Figure 4.9. 

The cell phone tower is not limited to only one network. It can be for multiple networks. 
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An existing signal strength map from Jio tower A for the RGIPT campus made in 

ArcGIS is shown in Figure 4.10(b). This signal strength map is calculated for 1500 

locations of the RGIPT campus. 

 

  

Figure 4. 9 Mobile app for signal strength collection, Network cell info lite. 
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Figure 4. 10 (a) Project Area of RGIPT campus, (b) Signal strength from nearest JIO 

cell phone tower at 1500 user locations on the RGIPT campus. 

4.5.1.2 Terrain Parameter Determination 

Signal propagation of cell phone towers is analogous to a noise/sound propagation 

model. The determination of terrain parameters depends on signal transmission. Signal 

transmission pattern: Signals from cell phone towers suffer losses when traveling from 

one location to another, as proven by our own experiences. These losses are due to 

distance and barriers present between the cell phone tower and the cell phone user. 

While talking about attenuation losses in signal strength, there are some analogies 

between the losses in signal transmission and losses in sound transmission. They both 

have similar transmission patterns.  
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They primarily travel directly from the source to the destination (in the case where 

there are no obstacles between them). When there is/are an obstacle(s) between them, it 

can also move indirectly by diffraction, reflection, and other means. The propagation 

path of the signal must be defined to determine the signal strength. The transmission 

path of the signal is calculated by evaluating the direct path or indirect path from the 

cell phone tower to the cell phone user location [155]. These paths (path over the top of 

building a barrier, path around the sides of the building, and path after reflection from 

ground and wall of a building) help to determine the parameters, such as distance and 

barrier attenuation. The transmission of the path is calculated by the path determination 

of the signal, as shown in Figure 4.11 below. 

 

Figure 4. 11 Principal path of propagation explaining diffraction and reflection. 
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Determination of signal strength equation: This step determines the equation for finding 

the signal strength at any location. The equation is fitted analogously to the semi-

empirical formulae used in sound propagation modeling. 

𝑆𝑜𝑢𝑛𝑑 𝑙𝑒𝑣𝑒𝑙(𝑅𝑒𝑐𝑒𝑖𝑣𝑒𝑟) =  𝑆𝑜𝑢𝑛𝑑 𝑙𝑒𝑣𝑒𝑙(𝑠𝑜𝑢𝑟𝑐𝑒) −  𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑎𝑡𝑡𝑒𝑛𝑢𝑎𝑡𝑖𝑜𝑛 − 𝐵. 𝐴 (4-1) 

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝐴𝑡𝑡𝑒𝑛𝑢𝑎𝑡𝑖𝑜𝑛 =  20 𝑙𝑜𝑔10(𝐷) +  11 (4-1) 

𝐵. 𝐴 =  5.65  +  66𝑁 +  244𝑁2 +  287𝑁3 (4-2) 

𝑁 =
𝑃𝑎𝑡ℎ 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 

𝜆
2

 (3-4) 

𝜆 =  
𝑐 

𝑓
 (4-4) 

𝑃𝑎𝑡ℎ 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  𝐷1 −  𝐷 (4-5) 

Where, D = direct transmission path (m), D1 = indirect transmission path (m), B.A = 

barrier attenuation (dB), λ = wavelength (m), c = speed of light (m/s), f = frequency 

(Hz), N = Fresnel number 

 

For the RGIPT area, LIDAR point cloud data is generated [175], as shown in 

Figure 4.12(a). From the LIDAR data, the digital elevation model is created, which is 

shown in Figure 4.12(b). The LIDAR data and the DEM consist of the hostel area, 

academic building (AB1 and AB2), and teacher’s housing of the RGIPT campus. Signal 

transmission paths were obtained from the information of building corners and edges 

estimated in [215]. This will determine the distance attenuation and barrier attenuation. 
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Figure 4. 12 a) Generated LIDAR data for RGIPT campus area, b) Digital Elevation 

Model for RGIPT area. 

4.5.1.3 Relation between Signal Strength and Terrain Parameters 

For equation fitting, an area of the RGIPT campus has been taken. Signal strength data 

of 1500 points are observed by “Network cell info lite”. According to the study, 

distance attenuation is a factor of the logarithm of distance, and the barrier attenuation is 

dependent on path difference; that is, the difference between the direct path and indirect 

path between the source and receiver. A signal is calculated in terms of dBm and at the 

cell phone tower location, the signal strength is considered to be 0 (dB m). “SR” is 

denoted for signal received. 

SRCalculated (user location) = Signal (cell phone tower) − Attenuation losses 
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As per the analogy with propagation models, the attenuation losses are a function of 

distance and barrier attenuations. 

𝐴𝑡𝑡𝑒𝑛𝑢𝑎𝑡𝑖𝑜𝑛 𝐿𝑜𝑠𝑠𝑒𝑠 =  (𝑎 × 𝑙𝑜𝑔10 𝑑) +  𝐵. 𝐴 (4-6) 

Signal (cell phone tower) = 0 dB m 

𝑆𝑅𝐶𝑎𝑙𝑐𝑢𝑙𝑎𝑡𝑒𝑑 = −((𝑎 × 𝑙𝑜𝑔10 𝑑)  +  𝐵. 𝐴) (4-7) 

𝑆𝑅𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 = −((𝑎 × 𝑙𝑜𝑔10 𝑑) +  𝐵. 𝐴 +  𝐸𝑟𝑟𝑜𝑟) (4-8) 

Training data is 1000 points out of 1500 points. A total of 500 points are for testing 

purposes. For each point, SRObserved (dB m) is captured from “Network cell info lite”. 

For point 1, the equation is 

 𝑆𝑅𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑1 = −((𝑎 × 𝑙𝑜𝑔10(𝑑1))  + 𝐵. 𝐴1 +  𝐸𝑟𝑟𝑜𝑟) (4-9) 

For point 2, the equation is 

𝑆𝑅𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑2 = −((𝑎 × 𝑙𝑜𝑔10(𝑑2))  + 𝐵. 𝐴2 +  𝐸𝑟𝑟𝑜𝑟) (10) 

For point 3, the equation is 

𝑆𝑅𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑3 = −((𝑎 × 𝑙𝑜𝑔10(𝑑3))  + 𝐵. 𝐴3 +  𝐸𝑟𝑟𝑜𝑟) (4-11) 

and so on, for point 1000, the equation is 

𝑆𝑅𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑1000 = −((𝑎 ×  𝑙𝑜𝑔10(𝑑1000))  +  𝐵. 𝐴1000  + 𝐸𝑟𝑟𝑜𝑟) (4-12) 

where d1, d2, d3...d1000 are the direct distance in meters from the source tower to the 

receiver location. B.A1, B.A2, B.A3..., B.A1000 are the barrier attenuation (dB) that 

occurred due to buildings in between the source tower and receiver. 

We can write the above equations as 

Y =  𝑀X +  𝐶 (4-13) 

where Y = SR Observed (user location) + B.A 

X =  −𝑙𝑜𝑔10(𝑑) (4-14) 
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𝐶 = −𝐸𝑟𝑟𝑜𝑟 (4-15) 

Y, X are known values, and M, C are unknowns. 

All the equations from 10 to 13 are now written as: 

For point 1, 

Y1 =  𝑀X1 +  𝐶 (4-16) 

For point 2, 

Y2 =  𝑀X2 +  𝐶 (4-17) 

For point 3, 

Y3 =  𝑀X3 +  𝐶 (4-18) 

… 

For point 1000, 

Y1000 =  𝑀X1000 +  𝐶 (4-20) 

  

To find the best-fit line, we try to solve the above equations (from 17 to 20) with the 

unknowns M and C. As the 1000 points do not lie on a line, there is no actual solution, 

so instead, we compute a least-squares solution putting our linear equation into matrix 

form. 

Computing: 

𝐴 ∙ 𝑥 =  𝑏 (4-21) 

                                               𝐴 =  

(

 
 

X1 1
X2 1
X3 1
⋮ ⋮

X1000 1)

 
 

, 𝐵 =  

(

 
 

Y1
Y2
Y3
⋮

Y1000)

 
 

, and 𝑥 =  (
𝑀
𝐶
) 

𝐴𝑇 = (
X1 X2 X3 ⋯ X1000
1 1 1 ⋯ 1

) 

(4-22) 

where AT is the transpose of A. 

Multiplying AT to both sides of Equation (21), the equation becomes: 

𝐴𝑇 𝐴. 𝑥 =  𝐴𝑇 . 𝑏 (4-23) 
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(
X1 X2 X3 ⋯ X1000
1 1 1 ⋯ 1
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The final equations from the (2 × 2) matrix in Equation (26) are: 

∑ X𝑖  ×  Y𝑖
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= (∑ X𝑖
2

1000

𝑖=1
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) ×  𝐶 (4-27) 

∑ Y𝑖
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𝑖=1

= (∑ X𝑖

1000

𝑖=1

) ×  𝑀 + (∑ 1

1000

𝑖=1

) ×  𝐶 (4-28) 

After solving Equations (27) and (28), the value of M = 18.11 and C = 34.89. 

𝑆𝑖𝑔𝑛𝑎𝑙 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 =  −18.11 × 𝑙𝑜𝑔10 𝑑 −  𝐵. 𝐴 −  34.89 (4-29) 

4.5.1.4 Validation 

For the validation, the fitted equation is being tested for the 500 testing points. For these 

testing points, the RMSE error is 5.48. While comparing a list of values of 500 points 

observed and calculated signal strength, 25 points have outlier values, which means 

values deflect more from the observed value. 

The RMSE error for the estimated equation is 3.45 after removing the outliers from the 

data. 
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• Why uses this equation? The equation is taken as a relationship of logarithmic 

distance for signal strength calculation while talking about the linear relation 

between distance and signal strength. Y = aX + b, where X is distance, a and b 

are variable. 

                           𝑏 =  𝐵. 𝐴 +  𝐸𝑟𝑟𝑜𝑟                                                                                     (4-30) 

The linear fitted equation has the RMSE of 77.15. 

𝑆𝑖𝑔𝑛𝑎𝑙 𝑆𝑡𝑟𝑒𝑛𝑔𝑡ℎ 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 =  −0.4 ×  𝑑 –  𝐵. 𝐴 –  20 (4-31) 

This equation signifies that moving towards the increasing distance of cell tower and 

cell phone users, there is a big change in the value of signal strength. 

The signal strength map after calculating signal strength at user locations by using the 

equation is shown in Figure 4.13. 

 

Figure 4. 13 Signal Strength after the determination of the signal strength equation from 

the nearest JIO cell phone tower on the RGIPT campus. 
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Optimal Location(s) for Setting up Cell Phone Tower(s) 

To determine the optimal location, we have chosen a two-way procedure, one is to a 

rural area (that is, the RGIPT campus where there is only one JIO tower nearby) and the 

second one is to an urban city area (that is Shahganj areas of Agra city where there are 

many JIO towers nearby). The two different areas are chosen as they have different 

terrain parameters, such as soft ground, hard ground, crowded area, vegetation. 

4.5.1.5 Rural Area (RGIPT Campus) 

The area of the RGIPT campus is in a rural area where there is a lot of vegetation, fewer 

buildings, and only one Jio cell phone tower outside the campus. Now, after getting the 

equation for calculating signal strength, there is a need to estimate the X and Y 

coordinate values that define the position and the Z coordinate value [216] that defines 

the height of the cellular tower for the placement of a cell phone tower in the project 

area of the RGIPT campus containing buildings. The estimation of X, Y, and Z 

coordinates gives the optimal location of a cellular tower to manage adequate signal 

strength in a large area. 

a). The determination of the Z coordinate of cell phone tower: The Z parameter is 

required to be determined for finding the optimal height of the cell phone tower. For 

estimating the Z value, X and Y are fixed at the center of an area, and Z keeps on 

varying [191]. The Z parameter is determined in reference, which signifies that the 

height of a cell phone tower is set equal to or more than the height of the highest 

building in the area. For determining the Z of cell phone tower, the tower is initially 

kept at an X and Y centroid of that area and then the height of the tower starting from 0, 

5, 15, 20, 30, and 35 m is taken one by one. 

Step 1: XY centroid and Z (0 m): Small area from the Project area of RGIPT is taken 

which is consist of two buildings with a height equal to 30 m from the ground. These 
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buildings are Academic Block 1(AB1) and Academic Block 2(AB2) as shown in Figure 

4.14. Now for the first case, X, Y of the cell phone tower is set at centroid and the Z is 

set at 0 m height from the ground. We took a LIDAR point of a small area of RGIPT 

and use the above-estimated equation to find signal strength near buildings. The signal 

strength map is shown in Figure 4.15(a). 

               

Figure 4. 14 The small area of RGIPT campus for Cell phone tower height 

determination. 

Step 2: XY centroid and Z (5 m): Z is changed now to 5. But some changes occur in the 

signal strength map. A map is shown in Figure 4.15(b). The figure shows a difference 

between Figure 4.15(a) and Figure 4.15(b) as the height increases the signal strength 

near behind the buildings AB1 and AB2 is improving. This means Considering height 

appropriately is an effective factor in choosing cell phone tower height. 
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Figure 4. 15  (a) Signal strength map when Z is at 0 m (b) Signal strength map when Z 

is at 5 m height. 

Step 3: Similarly for Z at (15 m, 25 m, 30 m, and 35 m) is taken and a signal strength 

map is created for each case as shown in Figure 4.16(a), Figure 4.16(b). Improvement in 

signal strength at a point near building AB1 and AB2 is shown at tower height at 30 m 

Figure 4.17(a). After 30 m height now the 35 m height is taken but there is similar 

signal strength as signal strength at Z at 30 m is shown in Figure 4.17(b). So, the Z of 

the area is chosen according to the building which has the highest Z value in that area. 

 

Figure 4. 16 (a) Signal strength map when Z is at 15 m (b) Signal strength map when Z 

is at 25 m height. 
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Figure 4. 17 (a) Signal strength map when Z is at 30 m (b) Signal strength map when Z 

is at 35 m height. 

 

b). Determination of the X and Y coordinates of the cell phone tower: After getting 

the height estimation of the tower, the final optimum location X and Y of the tower are 

determined by the following steps given below: 

Step 1: Taking the required project area of RGIPT where the deployment of the tower is 

processing, which is shown in Figure 4.10. Then, we have to inscribe the area in a 

rectangle named “ABCD”, as shown in Figure 4.18(a). After this, there is a need to 

determine the building’s edges and corners, which is discussed in [191]. The determined 

buildings are then plotted in MATLAB over the project area of the RGIPT campus, as 

shown in Figure 4.18(b). 
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Figure 4. 18 a) MATLAB plot for the project Area of RGIPT, b) Building edges and 

corner estimation in RGIPT campus. 

Step 2: For the placement of a cell phone tower, there is a need for a space from (2 × 2 

m) to (5 × 5 m). Therefore, here we make partitions of the area in several blocks (5 × 5 

m), shown in Figure 4.19(a). 

For the optimal location, there is a need to have some random user locations to check 

the signal strength. Random points are generated for each block that is found in step 2. 

For these random points, signal strength will be calculated, and the log sum of these 

values gives the final value of signal strength to that block. Now the question is, how 

can we choose the number of random points to be generated. Therefore, we check the 

final signal strength value of block for 3 points, 5 points, 7 points, 10 points, and come 

up with the results that if we have 4 corners of a block it is the least accurate to choose 

points that are less than 4. For the rest, there is little difference in the final signal 

strength value when we talk about 5, 7, and 10, as shown in Figure 4.19(b). Therefore, 

we choose 5 points for a block. 
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Figure 4. 19 a) Rectangle ABCD into several blocks of 5m x 5m dimensions, b) 

Random generation of points in each block. 

Step 3: For the deployment of a cell tower in a project area. The area fitted in a 

rectangle “R” (ABCD) is now ready to locate one cell phone tower at the centroid of the 

rectangle “R”, as shown in Figure 4.20. “C” is the centroid of rectangle “R”. The 

calculated “C” is not accurate for the uneven area, so we choose a square taking “C” as 

Centroid. The dimensions of the square taken here are decided on the basis of different 

types of areas mentioned. 

        

Figure 4. 20 Centroid is taken initially for processing. 
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Step 4: For the deployment of a cell tower in a project area. Different shapes are taken 

for choosing the area dimension of the buffer near the centroid region. The 

establishment of the finest grid (2 × 2 m) of “m” numbers, (xl, yl) for every m grid is 

calculated (l ranges between 1 to m, m being the total number of grid cells). 

L-shaped area (100 × 100 m)—We fit the rectangle in an irregular-shaped area. Find out 

the centroid and the distance of the centroid from the outer wall of the irregular area. 

For the initial case, the dimension is taken as 30 × 30 m, and we divide the area into 

blocks of dimensions (2 × 2 m) as a cell phone tower requires this much area to 

establish. Now for each block, there is a centroid named c1, c2, c3…. cn, as shown in 

Figure 4.21. Now the whole area is L-shaped, which is now divided into several blocks 

as mentioned earlier, i.e., 5 × 5 m dimension. Five random points are generated in each 

block of the L-shaped area. Centroids c1, c2….cn will be considered as cell phone 

tower locations one by one and the average signal strength of each block of L-shaped 

area will be checked. 

 

Figure 4. 21 Different shapes are taken for choosing the dimension of buffer near the 

centroid region. 
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A threshold is set for each block, checking signal strength; if the signal strength lies 

between −50 and −70 dB m, then the count will increase by 1, while the rest remains the 

same. The centroid tower location is c1, c2, c3….cn, and whichever gets the maximum 

count will be the perfect location for the cell phone tower. Next, we check the distance 

between the centroid “C” and the new tower location out from the c1, c2, c3…. cn. 

Then, from Figure 4.22 shown below, the new centroid location is determined as C’. 

 

Figure 4. 22 Signal Strength for the L-shaped to choose the best location with choosing 

buffer region. 

L-shaped area (50 m × 75 m)—Repeat the above procedure and find out the distance 

between the centroid “C” and the new tower location. The distance is 8.5 m, as shown 

in Figure 4.23(a). U-shaped area (one tail short, one long)—Similarly, the above 

procedure is repeated for the case again, and the distance is 7 m, as shown in Figure 

4.23(b). After analyzing different shaped cases and calculated distances, it is clear that 

the dimension of the square created at centroid “C” should be taken as half of the 

distance of the centroid to the outlines of the area. The length is mentioned as “L”. 
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Figure 4. 23 a) Another L-shaped case is taken to approximate the dimension of buffer, 

b) U-shaped case for buffer dimension approximation. 

 

Step 5: Determination of average phone signal strength (each grid consists of five 

random points) at every 5 × 5 m grid location from every potential tower location 

(xl,yl). Where l ranges between 1 and m, m being the total number of grid cells in step 

4, and n is the total number of grid cells in step 2. 

 

Figure 4. 24 Signal strength map for one proposed cell phone tower on the campus. 

Step 6: Signal strength map for cell tower located at the finest tower location. From the 

tower location to five random points in each block after dividing the project area into 
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blocks (5 × 5 m). The signal strength map is shown in Figure 4.25. A 3D map for the 

RGIPT campus when a cell tower is at the original position is shown in Figure 4.25(a). 

Similarly, the new proposed location of one cell tower on campus is shown in Figure 

4.25(b). 

 
Figure 4. 25 a) Signal strength 3D map for the RGIPT campus from Jio tower placed 

outside campus, b) Signal strength 3D map for the RGIPT campus from one proposed 

Jio tower for the inside campus. 

 

Step 7: For deploying P = 3, p is number of cell phone towers in an area. Inscribed the 

given Rectangle “R” in circle “O”, the diameter of the circle is equal to the diagonal of 

“R”. The Center of “R” is denoted by “C”, which is now divided into three equal angles 

of (360/3) = 120 degrees each. The angle will be divided into different combinations. 

Take the inscribed area of the rectangle and delete the other circle area. The following 

combinations are possible, shown in Figure 4.26(a, b, c). 

(a) Taking one case out of different combinations and isolating the three equal areas 

as shown in Figure S14, the isolated area is shown in Figure 4.27(a). 

(b) Taking one isolated area out of three mentioned as (Area 1) and fitting the area 

in the rectangle “LMNO” is shown in Figure 4.27(b). 
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Figure 4. 26 Combinations of angle area division in three equal parts. 

 

 
Figure 4. 27 a) Three equal-area Area1, Area2, Area3 of the chosen combination of 

Angle division, b) Area 1 of RGIPT is inscribed in a rectangle. 

 

Step 8: Divide the whole isolated area into blocks of area (5 × 5 m) within the segment 

divided in step 7. 

Step 9: Calculate the centroid of the rectangle in which Area 1 is inscribed within the 

segment. The centroid is mentioned as “CArea1”, as shown in Figure 4.28(1). 

Step 10: Now, again a square is taken as in step 4 (Point 1) of dimension based on half 

of the distance from “C” to the centroid “CArea1”. Dimension is (m × m). (* whole area 
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will always be divided into blocks of dimension (5 × 5 m), the only square which is 

taken for cell tower location correction is divided into cells of 2 × 2 m). Similarly, as in 

step 5 (Point1), the square is now divided into blocks of 2 × 2 m and repeats the same 

process to find the new centroid location (CArea1′), as shown in Figure 4.28(2). 

Step 11: Determination of the average phone signal strength (each grid consists of five 

random points) at every 5 × 5 m grid location from every potential tower location (xl, 

yl) within a segment. Where l ranges between 1 and m, m being the total number of grid 

cells in step 10, n is the total number of grid cells in step 8, and k is the number of 

generated points in n grids. 

Step 12: The optimal grid cell for setting up the cellular tower within a segment is 

determined after comparing the phone signal strength of different grid cells for various 

potential tower positions within the above segment. The signal strength map of the 

segment is shown in Figure 4.28(3). 

 

Figure 4. 28 Buffer region selection for correction of the centroid of Area1. 

 

Step 13: Repeat the above steps from step 8 to step 12 for the other two segments (Area 

2, Area 3). Finally, we have (CArea1′), (CArea2′), and (CArea3′) cell phone tower 
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locations. Now, place the tower in the project area. The signal strength map for the other 

two segments is shown in Figure 4.29. 

(a) Similarly, for the three locations of the tower, the signal strength map is shown 

in Figure 4.30(a). 

(b) For the (P = 2) cell phone tower: Similarly, for the two locations of the tower, 

the signal strength map is shown in Figure 4.30(b). 

 

Figure 4. 29 Signal Strength map for Area2 and Area3. 

 

 

Figure 4. 30 a) Signal strength map for three proposed cell phone towers in campus, b) 

Signal strength map for two proposed cell phone towers in the campus. 
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4.5.1.6 Urban Area (Shahganj Area of Agra City, India) 

The urban area consists of a big population, more buildings, and difficulty in finding the 

best possible location for a cell phone tower. For the determination of the best location 

in the Shahganj area of Agra city (3 km), as shown in Figure 4.31(a). The area itself 

consists of 5 Jio network towers, as shown in Figure 4.32(a). However, the signal 

strength from these towers is not that accurate and adequate. There is a need for the best 

location for these towers. 

 
Figure 4. 31 a) Shahganj area of Agra city (Urban area) choose for Determination of the 

best location of cell phone tower, b) Shahganj area LIDAR generated data, c) Digital 

Elevation Model for Shahganj area of Agra city. 

 

(a) Two-dimensional mapping of Agra city area: The Shahganj area of Agra city has 

five (JIO network towers), which are shown in Figure 4.32(a), and the signal 

strength due to these towers is shown in Figure 4.32(b). After applying the 
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algorithm to an area of Agra city, the proposed locations for five towers have 

come in different sets of combinations. Out of these combinations, one has to be 

chosen that gives the best result. These positions are shown in Figure 4.33(a), 

and the signal strength map is shown in Figure 4.33(b). For the city location, 

LIDAR data are generated, which are shown in Figure 4.31(b). For the generated 

LIDAR data shown in Figure 4.31(b), DEM is created, which is shown in Figure 

4.31(c). 

 

Figure 4. 32 (a) Previously installed cell phone tower location. (b) signal strength due 

to these five-cell phone towers. 
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Figure 4. 33 (a) “5” Proposed cell phone tower locations. (b) signal strength due to 

these five proposed cell phone towers. 

(b) Three-dimensional mapping of Agra city area: 3D map for the previous tower at 

Shahganj area is shown in Figure 4.35(a), and a 3D map for the proposed tower 

location is shown in Figure 4.35(b). While determining the signal strength due to 

the four proposed towers, the dB m lies between −53.73 and −88.58 (dB m) and 

is shown in Figure 4.32(b).  

   

Figure 4. 34  a) “4” Proposed cell phone tower locations. (b) signal strength due to 

these four proposed cell phone towers. 
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Figure 4. 35 a) 3D signal strength map for Shahganj area due to (previously 

installed cell phone tower locations), b) 3D signal strength map for Shahganj area 

due to (proposed cell phone tower locations). 

(c) Effect of towers at Building: A building is taken out from the Shahganj area, and 

the effect of cell phone towers on that particular building is shown in Figures 

4.33(a) and 4.36(a). This is done for two cases of previously installed towers and 

proposed towers. It is clearly shown in Figure 4.36(b) that signal strength is 

improved in the case of proposed cell phone tower locations. 

 
Figure 4. 36 a) Effect of previously installed cell phone towers on building walls and 

corners, b) Effect of proposed cell phone towers on building walls and corners. 
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(d) Percentage improvement in the signal strength: Analysis is performed to find the 

changes that occur in the signal strength map. 

a. Two cases are taken; one is when a previously installed cell phone tower 

is considered, and the other one is a proposed cell phone tower position. 

From the above Figures 4.36(a) and 4.36(b), the improvement is 

noticeable by the signal strength legend.  It is clear that improvement 

occurs, but it is hard to showcase the actual improvement. There is a 

need to calculate the average increase and decrease in signal strength. 

Therefore, for both cases, the 2D map is plotted, as shown in Figures 

4.37(a) and 4.37(b). 

b. The two signal strength maps show that the worst value obtained is 

−100.68 dB m at a previously installed cell phone tower location. 

According to the survey, for achieving an adequate signal strength, it 

should be not less than −85 dB m. For the above two, it is very clear that 

signal strength is improved in the proposed approach. 

c. The min value of an increase in strength from case 1 (when the cell 

phone tower is at the original location) to case 2 (when the cell phone 

tower is at the proposed location) is 3.548 dB m. The max value of an 

increase in signal strength from case 1 to case 2 is 17.819 dB m. The 

average increase in the scenario is 6.845 dB m. 

d. Min value of the decrease in signal strength from case 1 to case 2 is 

0.1428 dB m. Similarly, the max value of the decrease in signal strength 

from case 1 to case 2 is 9.415 dB m. The average decrease in the 

scenario is 2.157 dB m. 

e. Even the signal strength due to the proposed tower “4” instead of the 

proposed tower “5” is more than that of signal strength due to the pre-

installed tower. It is clear from Figure 4.34(b) that instead of the 

proposed tower “5”, tower “4” can be installed to save costs. 

 



163 
 

 

Figure 4. 37 a) Optimization map for previously installed cell phone towers. b) 

Optimization map for proposed cell phone towers. 

4.5.1.7 Non-Uniform Population Density 

Determining the cell tower location for the area where there is non-uniform population 

density. The area of the RGIPT campus is taken, which consists of a hostel area, 

administrative building, and academic blocks 1 and 2 (AB1 and AB2), as shown in 

Figure 4.38(a). The cell tower location is calculated according to the method discussed 

above. The signal strength map is shown in Figure 4.38(b). 

 

Figure 4. 38 (a) RGIPT area with non-uniform population. (b) Signal strength map for 

the main location initially determined by the proposed method. 
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The population in the hostel area is more compared to the rest of the area. 

Sometimes there is a need for better signal strength in the highly populated area as most 

of the population is there. Initially, the cell tower location using the proposed method is 

determined, which is irrespective of the population density. The signal strength in 

Figure 4.38(b) shows that both the high and low-populated areas have moderate signal 

strengths. Therefore, the area from the cell tower location in Figure 4.38(b) is divided 

into two parts according to the area divided (here divided in two halves as high and low 

population). To determine the cell tower location for the two halves, the above 

procedure is used. Signal strength for both halves is shown in Figure 4.39(a, b). 

According to the proposed method, which is discussed above, the whole area in 

Figure 4.38(a) is divided into 6050 equal cells of 5 × 5 m, where 1800 cells are from a 

highly populated area, and 4250 cells are from a lowly populated area. Changes in 

signal strength concerning cells for the two halves are shown in Figure 4.40(a). The 

total number of cells lies in (range −50 to −75 dB m) and in (range −75 to −95 dB m) 

for the main tower location, locations “1” and “2” are shown in Figure 4.39(b). 

Percentage change in signal strength for locations “1” and “2” to the main location of 

the cell phone tower is mentioned in Table 4.1. 
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Figure 4. 39 (a) Signal strength map for cell tower location “1”. (b) Signal strength map 

for cell tower location “2”. 

 

 

Figure 4. 40 (a) Number of cells between the high and low-populated areas according 

to the two dB m sets for the three locations of the tower. (b) Number of cells for the 

whole area for the three locations of the tower. 

Table 4. 1 Percentage change in locations “1” and ”2” from cell values of the main 

location. 

Locations Improvement in Signal Strength (RGIPT Small 
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4.6 Summary 

In this chapter, the Optimal location and optimal number of Cellular towers are 

estimated successfully for the Shahganj area of Agra city. Further, the deployment of 

Cellular tower according to population density and signal strength needed in that area is 

also estimated. 

 

 

 

 

 

Area Total Cell 6050 Cells of (5 × 5 m) Grid) 

Main Location 47.43801653 

Location “1” (Tower towards 

lower population) 

36.36363636 

Location “2” (Tower towards 

higher population) 

59.50413223 
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Chapter 5 

Free Source 2D Raster Data Based Automatic Urban 

Application Development:  A Case Study for 3D Noise 

Mapping with 2D Google Images 

 

5.1 Abstract 

Noise has become a recurrent problem worldwide. Road traffic noise studies in India are 

fewer and restricted only to metropolitan areas. These studies focused on recording, 

monitoring, analysis, modeling, and mapping. The major concern is with the onsite 

collection of vehicular noise data from road sites. Road traffic noise maps have been 

generated by using traditional techniques that involve the collection of road traffic noise 

by experts. There are negligible studies in the area of automated noise generation for 

road traffic noise. In this paper, the study examines the problems that an individual is 

facing in collecting onsite noise data. Onsite Noise data collection with Sound Pressure 

level increases the delay. A noise map is a graphical representation of the spatial 

dissemination in a given area for a characterized period. Developing any geospatial 

application requires the collection of geospatial data and attribute information. Open-

source geospatial data are largely available today in the form of Map APIs. Making a 

model to extract spatial and attribute information can offer an easy solution for urban 

applications, without needing a separate collection of geospatial or attribute 

information. Google raster maps for city roads and surrounding buildings in UP are tried 

to be used to extract roads, buildings, vehicles, trees, etc. Various geometrical setups of 

vehicles in several similar road segments are tried and classified using deep learning. 

Vehicular clusters in road segments are classified into 3 categories, high, medium, and 
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low. Further characterized in terms of the range of noise spectra associated with it 

incorporating field data. These noise scenes are then utilized to predict the various types 

of simulated noise maps predicted around the road segments on an instantaneous scale, 

with an estimation of accuracy. The resulting categorization of roads, based on 

clustering the instantaneous Noise level, looks promising to optimize the spatial 

sampling of noise monitoring due to complex urban road networks being more efficient 

than that based on the legislative road classification. The overall instantaneous noise 

map is compared with 24-hour Leq for validation purposes. 

Keywords: Electrospinning, zinc titanate nanorods, visible light photocatalysis, phenol 

degradation, quantum size effect. 

5.2 Introduction 

Road traffic noise is getting louder every day as a result of the endlessly expanding road 

network and vehicle population. The quality of the environment continuously 

deteriorates due to the rising traffic noise. Living near major highways and road 

corridors have made road traffic noise a big problem for locals [217]. In comparison to 

any other sources, it is disturbing individuals more. For urban planners and 

environmental managers, controlling traffic noise is a significant challenge. Urban 

planners frequently have to rely on models that estimate traffic noise for the city 

planning evaluation. To manage noise, noise forecasting for the surrounding area of the 

road network is required. Major topographical data (positional information about the 

building, road, etc.), noise data (of sources), and a prediction model are needed for noise 

prediction to estimate noise levels around various noise sources. The gathering of 

geographical data and attribute information is necessary for creating any geospatial 

application [9]. To physically visit a location and gather traffic data to generate a Noise 

map for that specific area, can sometimes take a lot of time. 
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We have developed potential automated methods to cut down on time consumption 

thanks to technological advancements. Convolutional Neural Networks (CNN), which 

can learn potent and expressive descriptors, are a major factor in the increasing 

popularity of machine learning. It gives the data from the photos for a wide range of 

activities, including detection, segmentation, and classification. These days, there are 

numerous Map APIs that offer access to open-source geospatial data. The authors of this 

chapter have created a platform for crowdsourcing on which every user can take part 

based on their interests. Users of the built platform can select a location for their noise 

map according to their interests. creating a well-thought-out model to extract spatial and 

attribute data [218]. The simplest solution for urban planning and applications may be 

provided by this approach. Therefore, the project site does not require its collection of 

geographic or attribute data. This automated model uses Google raster maps to represent 

city streets and nearby structures. To extract roads, buildings, automobiles, trees, etc. 

from these Google Maps, the author sought to develop a three-step pipeline for 

segmentation, detection, and classification. First, the upgraded U-Net with (CAM and 

SVM) [219] is used by the author for semantic tagging on a dataset of raster maps. 

From the anticipated map, which is a pixel-level mask, we may extract related 

components to find the locations of the vehicles. Then, we use a Mask CNN trained for 

vehicle classification on the generated dataset to categorize each occurrence to infer the 

kind of vehicle and to remove false positives. To create a noise level map for an area, an 

automated model needs to extract all the features. Sematic segmentation aids in 

separating various raster map characteristics. However, building height estimation is 

required for automated noise data integration. A crucial geometric feature for creating 3-

D building models is building height. Estimating the height and structure of the relevant 

buildings can be done using building shadows [220]. 
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Different geometrical arrangements of automobiles in several related road segments 

from various cities in UP (India) are categorized. Four separate cities in Uttar Pradesh 

(India)—Agra, Lucknow, Kanpur, and Raebareli—provide statistics for 1000 different 

road networks. Vehicle extraction is carried out for 1000 Google Maps. There is a 

collection of several geometrical layouts for vehicles. Clustering is required once the 

cars' categorized geometry arrangement has been established. Vehicle gathering is 

mostly done to discuss various noise scenarios. 

For the city road network, vehicular clusters are classified into 3 categories, large, 

medium, small, and isolated clusters. These clusters are further characterized in terms of 

the range of noise spectra associated with it incorporating field data. Where vehicular 

cluster is defined in respect of several vehicles, type of vehicle, speed of the vehicle, etc. 

E.g., Big vehicles such as buses, and trucks are considered in the big cluster as they 

produce a heavy range of noise. A Group of small vehicles such as cars, scooters, and 

bikes is considered a small cluster and if any of the vehicles are running alone then it is 

categorized as an isolated one. Field data for different vehicles at different speeds and 

different frequencies are recorded by a Sound Pressure Level meter [188]. Noise data 

for vehicles are recorded for any location mainly done from a crossing. From that, large 

vehicle such as truck has recorded noise of 105 dBA, and small vehicles such as car 

have recorded a value of 60.15 dBA [50]. From the recorded data of noise produced by 

vehicles, different noise scenes are developed for 1000 sample data. Noise scenes for 

different cities of UP (India) are created, and these noise scenes are then utilized to 

predict the noise map.  

An automatic noise integration requires a Crowdsource platform, in which a user 

can participate by analyzing the geometrical setup. They can predict the noise by 

entering the data such as how many vehicles, and what type of cluster. Open 
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participation from the user is done to make an accurate noise map for an area. One can 

watch the traffic scenario and analyze the noise level for an instance. From the above-

developed model, by analyzing noise scenes the various types of simulated noise maps 

are predicted. These noise maps are predicted around the road segments on an 

instantaneous scale, with an estimation of accuracy [138]. This model can enhance the 

way for automated modeling and reduce data dependency. Thus, the researchers have 

tried to address the following points in this paper. 

a) Segmentation of various features from an image that as buildings, water, 

vegetation, vehicles, and roads. 

b) Shadow detection and shadow length estimation for estimation of building 

height. 

c) Characterization and clustering of vehicles for traffic noise mapping. 

d) Estimation of Noise level values for Different clusters of vehicles.  

e) This Automated method is used for accurate noise prediction and is applicable 

for other urban applications e.g., determination of solar irradiance, urban supply 

line, view shade analysis, setting up the wireless tower for a location, etc.  

5.3 Methodology 

The proposed methodology for Automated Noise prediction works in several stages. 

These stages are Data Acquisition, Segmentation, Classification, Height Estimation, 

Characterization and Clustering, and Noise Mapping. Extraction of terrain features from 

the geospatial raster data and further processed for Noise Prediction Modeling 

application. The flow diagram for the proposed methodology is shown in Figure 5.1. 
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Figure 5. 1 Flow Diagram for Proposed Methodology 

 

5.3.1 Data Acquisition 

High-Definition Data is collected from Google Earth in the form of Google Raster 

Images. Google Raster images of 4 Major cities of Uttar Pradesh are collected which 

consist of road crossings, and road networks. These images contain information 

regarding buildings, vehicles, roads, water, vegetation, etc. The dataset developed is 

comprised of 1000 images (4800 × 2751 px). Results on this dataset are cross-validated 

using 2/3 of the images for training and 1/3 for testing. ISPRS Potsdam and ISPRS 

Vaihingen are used in this chapter for further comparisons of the classification process. 

The detail of this dataset is explained in chapter 2. 

                                         

5.3.2 Segmentation 

Each pixel in an image can be divided into a predetermined number of classes using the 

semantic segmentation technique. It is used to identify groups of pixels that represent 
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various categories. Such point cloud data are not available for the automated noise 

integration technique development. The pixels that make up an image contain 

information. Information from these raster images has to be retrieved to create an 

algorithm. These data include details about structures, vegetation, water, roads, and 

automobiles. Implementing a semantic segmentation on the needed dataset is the best 

technique to extract information from the raster image. More semantic information is 

available as a network grows, but spatial resolution decreases.  

                                

Figure 5. 2 Segmentation Flow chart. 

 

 The U-Net [130] model uses the skip connection operation to fuse the feature maps 

of multiple levels to maintain the spatial resolution and semantic characteristics both at 

the same time. To get the result and evaluate order precision, we added a channel 

consideration system based on U-Net, used the model created by the CAM-UNet 
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organization to remove three different degrees of highlights, put them into SVM 

grouping, and then looked at the democratic outcomes following the majority voting 

game [153]. Figure 5.3 depicts the suggested multi-feature fusion perception algorithm 

framework's flowchart. The framework consists of four main components: the U-Net 

model, CAM, SVM classifier, and voting game module. The segmentation results are 

further compared with the different models used for semantic segmentation. The overall 

Segmentation flowchart is shown in Figure 5.2. 

 

Figure 5. 3 Proposed Segmentation Module With CAM-U-Net +SVM. 

 

5.3.2.1 U-Net Model 

The end-to-end semantic segmentation network known as the U-Net model is called the 

U-Net because of its symmetrical structure, which resembles the letter U as shown in 

Figure 5.4. There are mostly two paths in it. One leads to an encoder, while the other 

leads to a decoder. The context of the extracted features used to produce the images is 

captured by the encoder path. A stack of convolutional and maximum pooling layers 

makes up the encoder path. Using transposed convolutions as the decoder path, exact 
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localization is made possible. Because U-net only has convolutional layers and no dense 

layers, it can accept images of any size. 

Encoder: - Encoder path is also called a Down-Sampling Path. The encoding path is 

composed of 4 blocks. Each block consists of 

1. Two 3 x 3 convolution layers + ReLU activation function (with batch 

normalization) 

2. One 2 x 2 max pooling layer. 

•  The input image is 572 × 572 x 3, in size. Convolution is performed using 64 (3 

x 3) kernels, resulting in a feature map with dimensions of 570 × 570 x 64. It is 

now multiplied by 64 (3 x 3) kernels once more to create a feature map that 

measures 568 by 568 by 64. Now a 2 x 2 kernel is used for max pooling to 

create a feature map with dimensions of 284 by 284 by 64. 

• It is important to keep in mind that the number of feature maps doubles with 

each pooling, starting with 64 for the first block, 128 for the second, and so on. 

This contraction path's objective is to obtain the input image's context to do 

segmentation. 

• To uniformize the distribution of output features, the BN (batch Normalisation) 

layer is introduced after each Maxpooling layer, and the value range of the 

features after the nonlinear function approaches the saturation area. 

Normalization and transformation reconstruction are the two primary 

components of BN. 

• The commonly used activation functions include sigmoid, Tanh, and ReLU. The 

U-Net model chooses ReLU as its activation function, which is defined as 

                                ReLU = x, at x ≥ 0 and 0, x < 0  
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ReLU provides a one-sided suppression capability, producing zero for numbers less 

than zero and directly positive values for positive numbers. By transforming dense 

features into sparse ones, this capability expedites network training while also 

increasing the robustness of the features. The sparse features are then mapped onto a 

high-dimensional feature space with better linear differentiability. 

 

Figure 5. 4 U-Net Architecture. 

Decoder: - Decoder path is also called an Up-Sampling Path. The decoding path 

consists of 4 blocks. Each block consists of: 

1. Deconvolution layer with stride 2. 

2. Concatenation of the relevant cropped feature map from the contracting path. i.e. 

To obtain more accurate locations, we combine the output of the transposed 

convolution layers with the feature maps from the encoder at the same level at 

each stage of the decoder, using skip connections. 

3. Two 3 x 3 convolution layers + ReLU activation function (with batch 

normalization). 
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The skip connection is a suggestion made by the U-Net model to keep the data at each 

level and increase the network's capacity for generalization. The down sampled feature 

channel dimension splicing and up sampling are combined at the same time, 

successfully fusing the contour and picture detail information. Fusion is carried out. 

Using a 1:1 convolution kernel, the feature vectors are finally transferred to the desired 

number of classes. The loss function is often referred to as optimization. the 

performance metric is used to quantify how closely the predicted value corresponds to 

the actual value and is the best performance metric that can be reached by adjusting the 

weights of the neural network. Boundary weights are used by U-Net as its loss function.  

                                           𝐸 = ∑ 𝑤(𝑥) logdl(x) 𝑥X∈Ω                                                   (5-2) 

where dl(x) is the loss function of SoftMax, and l::Ω→ {1, . . . , k} is the label value of 

the pixel point. 

 

5.3.2.2  Classifier Design 

The logistic regression layer of the conventional U-Net model applies the regression-

based SoftMax function to perform classification, and its loss function is a probabilistic 

model taking into account global data. The data in the feature space is normalized, and 

the classification outcomes are shown as probabilities. It is defined as follows: Let there 

be N classes of sample data. The output of the final convolution layer is Y = (y1, y2, . . ., 

yN) T, and the output after SoftMax calculation is S = (s1, s2, . . ., sN) T where  

                                          𝑆𝑗 =  
exp (y𝑗)

∑ exp (y𝑗)
𝑁
𝑗=1

                                                               (5-3) 

Compared to SoftMax, SVM performs better. The fundamental concept behind an SVM 

is the addition of a kernel function that transforms features that are linearly 

indistinguishable into high-dimensional feature spaces, making the feature data linearly 

distinguishable. The core of SVM performs the search for the ideal classification 
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hyperplane and prevents the hyperplane from changing as a result of changes in 

nonsupport vector data. But in SoftMax, any modifications to the samples result in 

modifications to the decision plane. 

 

5.3.2.3 Channel Attention Module 

With notable success, the channel attention mechanism has been used to picture 

classification and segmentation, and it has produced positive outcomes in the field of 

remote sensing image segmentation [221]. Channel attention is used to extract picture 

features adaptively before the maximum pooling layer to provide a more useful feature 

map as shown in Figure 5.5. 

 

Figure 5. 5 Channel Attention Module. 

 

5.3.2.4 Feature Extraction and Voting Module 

The ensemble learning method is the most effective way to increase segmentation 

accuracy for Google picture semantic segmentation. In this study, the author first 

extracted 256 x 256 images from Google map images that contained all of the 

classification labels as experimental data to prefer features at different levels. Next, he 

or she selected all of the convolutional layers in the network model to train the SVM on 

the features extracted from the dataset separately. The training, validation, and testing 
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dataset samples made up 60%, 20%, and 20% of the overall dataset, respectively. In 

essence, this fusion approach involves relearning. Other classifiers can fix a prediction 

inaccuracy even if one classifier makes it incorrectly. For the combination strategy of 

Features extraction, the proposed tried to adopt the Plurality Voting method. Assuming 

that the prediction category is {g1, g2, . . ., gm}, for any prediction sample x, the 

prediction results of T classification models are (f1(x), f2(x), . . ., fT(x)), respectively. 

Choose the category gi that has the most T classification models' sample x predictions as 

the final classification category. If multiple categories receive the most votes at the 

same time, choose one at random to be the winning category. 

 

Algorithm 

Let us assume input:  ( , ) | ,i i i iX x y x y Y=    

Output: Trained Voting classifier  

Step1: Learn first-level classifier 

For 1t  to T do 

Learn a base classifier Ft based on X 

Step 2: Use the same training dataset X 

For 1t  to m do 

Train new classifiers 

Step 3: Combine the classifier’s decision  

Use combination strategies for the final decision   

Return   F(𝒙) = 𝑭𝒏𝒆𝒘(𝒇𝟏(𝒙), 𝒇𝟐(𝒙). . . 𝒇𝑻(𝒙)) 

 

5.3.3 Classification 

5.3.3.1 Detection of small objects 

The semantic maps projected by CAM+U-Net should be accurate enough to prevent the 

merging of nearby automobiles, presuming that we work with Google map images on 

which a person can recognize vehicles. However, because CNN frequently exhibits 

blurring transitions between classes, segmentation prediction using a segmented model 

can be noisy [222]. Therefore, the author first tried to erode the vehicle mask by 

morphological opening while taking into account a modest radius to reduce disturbances 
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in the prediction outcomes of the model network. Second, the author gets rid of 

anything beneath a certain size. This is done to eliminate any possible false positives 

brought on by the segmentation model. This morphological opening works well for 

performing efficient vehicle detection when coupled with related component extraction. 

 

5.3.3.2 Vehicle Classification 

If someone has to identify a sample vehicle, the type of the vehicle—whether it's a bike, 

automobile, truck/bus, auto, etc.—is the most important piece of information. CNN can 

handle this kind of picture classification. While adhering to accepted procedures [223], 

the author will take into account a pre-trained CNN on ImageNet [223, 224] and polish 

the dataset of car photos from Google Maps. To select a particular pre-trained network 

for small objects, just the most often referenced CNN models of varying complexity 

have to be compared. Especially, author choose to compare LeNet [225], AlexNet 

[226], and VGG-16 [227]. 

The author wants to classify new data from a separate dataset after training our car 

classifier on a larger dataset. The author attempted knowledge transfer from one dataset 

to another, which is related to domain adaptation. The generalization capacity of a 

classifier can be improved using the two methods of data normalization and data 

augmentation. To reduce the disparities between the training and testing datasets, data 

normalization is used. The author attempted to standardize the direction of the vehicle 

during training and testing. The main direction of the vehicle is extracted during training 

using the bounding boxes from the annotations. After then, each vehicle is rotated 

around its midsection to give them all the same primary direction, such as horizontal. 

The same will be carried out during testing, but using the inferred vehicle masks that 

were obtained from the segmentation outcomes. To increase the robustness of the 
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classifier, data augmentation creates fresh synthetic images from the existing ones. The 

author suggested performing geometrical operations such as translations (10 px), zooms 

(up to 1.25x), rotations (90, 180, and 270), and axial symmetries as a method of data 

augmentation, as seen in Figure 5.6. 

 

Figure 5. 6  Data augmentation on a vehicle from the created dataset.  

 

5.3.4 Building Shadow and Height Estimation 

Building shadows can be used to determine the height of the associated structures and 

forecast their construction. Numerous applications, including city planning and the 

expansion of road networks, can make use of this information. Shadows are typically 

created when an object completely or partially blocks direct light coming from an 

illumination source. Building shadow is used in this chapter to estimate building height. 

Finding the building shadow comes first in the process of calculating building height, 

and estimating building height comes second. 

 

1) First phase: Building Shadow Extraction 

The process includes Segmentation and classification both. This extraction is the 

combined process of segmenting an image into regions of pixels, computing attributes 

for each region to create objects, and classifying the objects (SVM supervised 

classification). Figure 5.7 shows the step-by-step process of extraction of buildings and 

their shadows. Figure 5.8 shows the detected shadow portion with building footprints. 
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Figure 5. 7 Flowchart of the Shadow detection. 

 

                

Figure 5. 8 Example of Extracted Building shadow. 

 



184 
 

Second phase: Building Height Estimation: 

To determine the height of the buildings in a given raster image, one uses the building 

shadow mask. Information on the geometric relationship between the building and its 

shadow is necessary for this. The elevation angles of the sun and satellites determine the 

relationship. Depending on the position of the sun and the satellite, a building's entire or 

partial shadow can be observed in an image when it is lighted by the sun. The sun and 

satellite's parameters are shown in Figure 5.9. 

 

Figure 5. 9 Parameters for Sun and Satellite [123]. 

   

Figure 5.10 illustrates a linear relationship between building height and shadow length 

that, if the sun and satellite are on the same side, may be written as the following 

equation: 

                                            𝐻 = 𝑆𝑙𝑒𝑛  ∗ 𝑡𝑎𝑛( 𝑎)                                                         (5-4) 

where H is the building height, Slen is the shadow length and a is solar elevation angle. 
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Figure 5. 10 A linear relationship between building height and shadow length [228]. 

 

With the presumption that the image is taken in a straight line above the appropriate 

building, the above equation can be used to estimate the height of buildings. In reality, 

though, satellite sensors take the pictures at an angle. This could result in a portion of 

the building shadow being covered by the adjacent structure. A huge shadow may be 

concealed by the frequent occurrence of a satellite elevation angle, especially in 

metropolitan environments with tall or extremely tall buildings [117, 229, 230]. As a 

result, in urban scenes, it is important to estimate the shadow that the associated 

building will block. This approach additionally applies a correction for the shadow 

length estimation. Shadow length obscured by the corresponding building defined as 

Slen’, can be projected using the following equation:  

                                          𝑆𝑙𝑒𝑛’ =  ℎ/ 𝑡𝑎𝑛(𝑏)                                                            (5-5) 
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The satellite elevation angle is denoted by the symbol b, while the estimated building 

height is denoted by the symbol h. (Eq. 5-4). The total of Slen' and Slen is used to get the 

adjusted shadow length. Finally, the building height is reestimated by reapplying Eq. (5-

4) using the corrected shadow length. The extended flowchart is explained in Figure 

5.10. 

 

        

Figure 5. 11 Extended Flowchart For Building Height estimation. 

                 

5.3.5 Characterization and clustering 

Extracted vehicles from the image are now classified based on the size and Noise level 

of the vehicle. The size of vehicles is classified as small vehicles and large vehicles. 

Small included bike, auto-rickshaw, scooter, and car. The large vehicle includes bus, 

trucks, etc. Noise values for different categories of vehicles are recorded by Sound 

Pressure Level meter from the nearby crossing of the RGIPT campus. Recorded levels 

are such, for scooter noise recorded as (41.6 dB at high frequency, 50.5 at medium, and 
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57.5 at low frequency), for the car (62.4 dB at high frequency, 72.3 at medium, and 85 

at low frequency), for the truck ((76.4 dB at high frequency, 85.4 at medium and 104.3 

at low frequency). These vehicles on road are moving in pairs like (two cars and 2 

buses), (one car, one bike, and one truck) or isolated. In such a case number of the 

vehicle, pairs are possible for one line of sight. These possible pairs are now determined 

in three different clusters that are small, medium, large, and isolated clusters. The small 

cluster includes small vehicles such as cars, scooters, bikes, and auto-rickshaw (keeping 

distance between vehicles in mind). For vehicle distance, more than 5m are considered 

in the different clusters and the number of vehicles in the cluster depends on the dB sum 

of noise levels of all vehicles. If the dB sum of noise levels of vehicles in the small 

cluster is greater than the dB value of the big vehicle then that cluster will be considered 

in the large cluster. An isolated cluster is a cluster that contains 1 single vehicle it may 

be a car, scooter, truck, and bus. The study has been designed to characterize the traffic 

noise giving importance to the frequency of noise, source of noise, and size of the 

vehicle.  

 

Figure 5. 12 Few Google Images from Dataset (From Different cities). 

Step 1: A Dataset of 1000 google raster images is formed, these images are collected 

from different crossings and road networks of 4 major cities Agra, Kanpur, Lucknow, 
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and Raebareli. All the images are collected from Google Earth, these images are 500m 

in the stretch. A dataset is divided into training and testing portions ratio of 70:30 (700 

images are training images and 300 are for testing). Images from the created dataset are 

shown in Figure 5.12. 

Step 2: A small stretch of the national highway in Raebareli city was selected as the 

study area as shown in Figure 5.13(a). Raebareli city is one of the most populated cities 

in Uttar Pradesh (India) having a population of about 4.57 million (according to the 

2011 census). The types of vehicles generally found are trucks (heavy/light), buses 

(normal/ mini), cars/jeeps, three-wheelers (Vikram), two-wheelers (motor cycles), etc.  
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Figure 5. 13 (a) A study area for characterization and clustering, (b) Road divided in 50 

center points at 10-meter distance. 

Step 3: The vehicular count in the study area was estimated simultaneously by manual 

counting of vehicles passing in both directions. Similarly, the vehicle count was 

calculated for all 700 images. A study area image is taken, and 50 points are planted at a 

distance of 10 meters on the center of the road from starting point to the endpoint as 

shown in Figure 5.13(b). 

Step 4: For every single point on the center of the road starting from an initial point, 

make a circular cluster with a diameter of 25 meters as shown in Figure 5.14. Like this, 

the image has contained 50 such clusters. Each cluster may or may not contain the 
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vehicle. This vehicle information is recorded with the cluster. Vehicle information 

includes the type and number of vehicles. The vehicle information of 50 such clusters is 

also recorded. 

 

Figure 5. 14 Area with a 25-meter diameter of the cluster. 

Step 5: For each cluster in step 4, we have got the type and number of vehicles. Now, 

for each cluster total dB sum of noise levels is estimated according to the SPL value. 

These values are stored in a table along with the values of the other 700 training images. 

Few values are shown in Table 5.1. 

Step 6: The process is repeated for Different cluster sizes also, these sizes are 50 meters 

and 75 meters in diameter as shown in Figures 5.15(a) and Figure 5.15(b). The dB 

values for these clusters are also recorded in the same Table 5.1.  
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Figure 5. 15 (a) Area with 50 meter diameter of cluster, (b) Area with 75 meter 

diameter of cluster. 

 

Step 7: By analyzing the data of dB values and vehicle count for cluster sizes 25 

meters, 50 meters, and 75 meters, it is clear that the cluster size of 25 meters is more 

valid. The cluster size of fewer than 25 meters (diameter) is a perfect stretch for a one-

way road and it gives different variants of the cluster (in terms of the number of vehicles 

in a cluster). If we take a cluster size of more than 25 meters, the cluster will access 

many vehicles in a single cluster, which gives fewer variants for vehicle patterns. And 

for cluster size less than 25 meters, they contain samples that give an inaccurate 

prediction. 
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Table 5. 1 Combined dB values for cluster size of diamter (a) 25 meter, (b) 50 meter, 

(c) 75 meter. 

Clusters       Diameter of Cluster (In meters) 

 25 meters 50 meters 75 meters 

1 60.51727767 60.5172777 104.152 

2 59.6235 90.0090884 93.01492 

3 68.153 103.051 93.01492 

4 93.01247089 103.012471 104.152 

5 100 103.012471 93.01247 

6 100 100 94.77266 

7 50 103.0103 96.9906 

8 72.15232 104.772706 94.7742 

9 70.42512 104.774198 94.77569 

10 71.0523 104.917862 94.77569 

11 73.15326 104.917862 94.77569 

12 55 72.15232 103.45 

13 58.153 70.42512 103.45 

14 58.452 71.0523 103.45 

15 80.52123 73.15326 104.7742 

16 80.15212 80.15262 104.7757 

17 106.152 83.15326 104.7757 

18 40 80 104.7757 

19 40 88.152 104.7757 

20 45.71 84.6258 104.7742 

21 104.7741984 93.152 104.9179 

22 104.7756905 96.1462 104.9179 

23 100 84.152 104.7757 

24 50 88.6213 103.0127 

25 72.15232 80 103.0125 

 

Step 8: A table is formed for a 25-meter (diameter) size cluster, this table contains data 

of 700 training images with the cluster information of 35,000 clusters (50 clusters per 

image). These clusters contain information on the type and number of vehicles. Table 

5.8 contains the Noise level values for the different clusters as shown in the Result and 

discussion part. 

Step 9: A set of 700 images are trained with the cluster data. A model is developed 

which will first divide the road into 50 center points (or clusters), this model is trained 

with the data estimated in step 8 on the basis k mean clustering algorithm. 
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Step 10: The model is tested for 300 testing images. Out of 300 testing images, the 

model successfully characterized 276 images with an accuracy of 92%. 

 

5.3.6 Noise Mapping 

Before spreading to surrounding areas, noise is produced by vehicles on roads. The 

determination of all noise sources that can contribute noises to a receiving site is 

necessary for the prediction of the noise level at that place. It is necessary to identify the 

paths that noises take as they travel from noise sources to a receiving site. The 

extraction of all primary routes, including the direct path, the route over the building (or 

obstruction), the route around the building's sides, and the reflected routes, is required 

for the prediction of noise data for a location. By using semantic segmentation, the 

terrain features, including the roads, buildings, flora, and cars, are retrieved.  Building 

height is calculated for each image from the gathered dataset of Google raster images 

using the shadow. The knowledge of the source, which is the automobiles, is necessary 

for noise prediction. A 35 dB background noise level is also taken into account. 

Characterization and clustering result in the formation of various clusters, including 

tiny, medium-sized, big, and isolated ones. The Users will be able to take part in the 

road noise prediction by analysing the traffic condition and vehicular patterns. User 

participation will allow the users to enter the number of vehicles and type of vehicle, 

which will result in the Noise prediction of that area.  Chapter 3 deals with route 

determination. Currently, we have terrain parameters, vehicle cluster data, building 

height, source data, and information on potential routes between source and receiver. 

Using the technique mentioned in chapter 3, we can now obtain anticipated noise for all 

receiver locations. The noise level information for all receiver locations for extracted 

terrain features from a google raster image will be provided by a unique approach 
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suggested in chapter 3.  Leq, LI Instant, and L Predominant are the three different 

scenarios for which the noise maps are created. 

 

5.4  Results and Discussion 

5.4.1 Evaluation Index 

Table 5.2 shows the formulation for the evaluation index where TP is True positive, TN 

is True negative, FN is False Negative, and FP is False positive. 

Table 5. 2 Evaluation Index 

S. 

No. 

Performance indicator Descriptions 

1 
Accuracy=

TP+TN

TP+FP+FN+TN
 

Accuracy is the closeness of the measured 

value to a standard or true value.  

2 
Recall =

TP

TP+FN
 

The ability of a model to find all the 

relevant cases within a data set. 

3 
Specificity=

TN

TN+FN
 

Specificity of a classifier is the ratio 

between how much were correctly classified 

as negative to how much was actually 

negative. 

4 
Precision =

TP

TP+FP
 

Precision is the degree to which repeated 

measurements under the same conditions 

show the same results. 

5 
Type-1 error=

FN

FN+TN
 

Type-1 error (miss) is the probability of 

wrong samples being classified to a specific 

class, 

6 
Type-2 error=

FP

TP+FP
 

whereas Type-2 error (false-alarm) is the 

probability of samples belonging to a 

specific class being categorized to the 

wrong class 
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7 
𝐼𝑜𝑈 =  

𝑇𝑃

𝐹𝑁 + 𝑇𝑃 + 𝐹𝑃
 

IoU index is a common model prediction 

index 

 

5.4.2 Segmentation 

Segmentation for different approaches like U-NET, SegNet, U-Net +SVM, SegNet + 

SVM, SVM are compared in this section. Figure 5.16 shows the comparison of 

segmentation results for the image from the created dataset. Table 5.3 shows the values 

of Precision, Recall, and IoU for the mentioned approaches. The proposed approach is 

CAM- U-Net+SVM. 

 

Figure 5. 16 Segmentation result on created dataset (a) original image, (b) Proposed 

method, (c) U-Net +SVM, (d) SegNet + SVM. 

Table 5. 3 Segmentation results of proposed method and comparison with existing 

model. 

Class Evaluation Building Vegetation Road Water Vehicle 

 Precision 70.5 73.1 73.4 78.1 79.4 
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U-Net Recall 73.5 81.7 81.5 78.5 79.5 

IoU 68.1 60.7 62.9 70.6 69.1 

 

SegNet 

Precision 63.45 75.5 75.3 79.3 73.8 

Recall 77.1 67.8 85.6 80.4 83.4 

IoU 58.1 65.7 68.9 78.8 64.5 

 

SVM 

Precision 63.7 68.4 70.2 70.1 52.3 

Recall 71.5 72.4 71.5 85.1 78.4 

IoU 58.7 66.5 63.6 77.1 45.7 

 

U-Net+SVM 

Precision 83.8 77.9 79.5 79.6 72.5 

Recall 86.9 81.4 80.4 80.6 83.4 

IoU 71.6 72.9 69.9 68.4 65.7 

 

SegNet+SVM 

Precision 80.56 83.4 85.3 83.2 78.5 

Recall 84.3 82.5 86.5 84.1 86.4 

IoU 63.1 60.4 77.6 77.7 72.5 

 

Proposed 

Precision 88.2 90.3 88.7 89.7 87.4 

Recall 85.8 91.4 90.5 86.4 90.2 

IoU 70.65 74.6 83.4 82.5 81.3 

 

5.4.3 Classification 

5.4.3.1 Detection Result 

We apply a morphological opening with a radius of 2 px to isolate merged vehicles for 

Created dataset, the ISPRS Potsdam and ISPRS Vaihingen datasets, and we eliminate 

isolated components with a surface smaller than 100 px. The morphological approach 

here used is Watershed transformation The bounding boxes surrounding each 

component are then regressed after performing a related component extraction. We 

regressed a bounding box for each component of the ISPRS Potsdam dataset, with 

sporadic mistakes carefully fixed. We define a true positive as a predicted bounding box 

for which the intersection over union (IoU) with a bounding box from the ground truth 

is over 0.5. If there are several predictions for the same vehicle, we keep the one with 



197 
 

the highest IoU and consider the other predictions as false positives. We again tested 

our method using the same data for the ISPRS Vaihingen. We give the mean instance-

wise intersection over union (mIoU) and final detection precision/recall for various 

preprocessing procedures in Table 5.4 to assess the impact of the morphological 

processing on the instance segmentation problem. Finally, we report various detection 

in Table 5.5. Detection results for the ISPRS Vahingen are better than ISPRS potsdam. 

 

Table 5. 4 Instance segmentation and vehicle detection results for different 

morphological preprocessing (mean intersection over union (mIoU), precision, and 

recall). 

Dataset Pre-Processing IoU Precision Recall 

ISPRS 

potsdam 

Morphological  

opening 

67.81% 0.618 0.759 

ISPRS 

Vaihingen 

Morphological  

opening 

74.78% 0.912 0.842 

 

Table 5. 5 Vehicle detection results on the ISPRS Potsdam and ISPRS Vaihingen on 

different Method 

Dataset Method Precision Recall 

 

ISPRS potsdam 

U-Net+SVM 0.618 0.558 

SegNet+SVM 0.723 0.699 

Proposesd 0.833 0.759 

 

      ISPRS Vaihingen 

U-Net+SVM 0.709 0.681 

SegNet+SVM 0.814 0.793 

Proposesd 0.912 0.842 

 

5.4.3.2 Learning a Vehicle classifier 
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We examine four CNN architectures—U-NET, U-NET+SVM, UNET-CAM+SVM, and 

SEGNET—for the categorization of vehicles. Due to memory constraints, all models 

are trained (or fine-tuned) using Stochastic Gradient Descent (SGD) and 

backpropagation with a batch size of 32 for U-NET, U-NET+SVM, UNET-

CAM+SVM, and SEGNET using the training data from our vehicle dataset. Since we 

train according to the step principle, we divide the learning rate at the halfway point of 

the training by 10. Except for the last layer, which is trained from scratch and has a 10-

fold higher learning rate, the entire network is retrained during fine-tuning. Table 5.6 

classification of vehicle results of different methods on the created dataset. 

Table 5. 6 Classification results of various CNN on Created Dataset (in %). 

Method Car Truck Bike 

U-Net 74.3 71.4 65.3 

SEGNET 77.1 67.6 71.5 

SVM 67.7 54.4 48.8 

UNet+SVM 85.1 62.3 81.6 

SegNet+SVM 86.7 89.1 93.4 

Proposed 90.4 88.9 100.0 

 

5.4.4 Building Height 

Phase 1 result 

Results in this phase are the shadow detection results for the images from the Dataset 

created for Research. The white portion shows the shadow portion of the google raster 

image. Figure 5.17 shows the segmented shadow of buildings. 
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Figure 5. 17 Original image and segmented image of building shadow. 

Phase 2 result 

Results in this phase are Estimated Height based on the shadow region in phase 1. 

Further, the estimated height is compared with the actual height. The total average for 7 

buildings is calculated which is 0.6571 in Table 5.7 

 

Table 5. 7 Building height actual, estimated, and error. 

Buildings Shadow 

Length 

Estimated Height 

(meter) 

Actual Height 

(meter) 

Abs Diff 

(meter) 

1 14.75 11.94 11.0 0.94 

2 7.25 5.87 4.5 1.37 

3 6.62 5.46 6.0 0.54 

4 5.34 4.36 4.5 0.14 

5 7.99 6.47 5.0 1.47 

6 5.41 4.18 4.5 0.32 

7 9.86 7.98 8.0 0.02 

   Avg 0.6571 

 

5.4.5 Characterization and clustering 
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The table contains the information of a few Clusters which contains information on the 

type, number of the vehicle, and Noise level of the cluster. Variations in the cluster are 

shown here in (Table 5.8). 35,000 clusters with Different noise levels are used to train a 

model for further prediction of Db (Noise level) of testing images. 

 

Table 5. 8 Vehicular clustering variants and samples. 

Cluster car truck bike Total dB value 

1 4 2 1 7 60.51727767 

2 3 1 2 6 59.6235 

3 2 2 2 6 68.153 

4 0 0 0 0 93.01247089 

5 1 3 2 6 100 

6 3 3 3 9 100 

7 3 3 2 8 50 

8 0 0 5 5 72.15232 

9 3 2 4 9 70.42512 

10 2 2 2 6 71.0523 

11 2 2 2 6 73.15326 

12 2 2 1 5 55 

13 1 3 2 6 58.153 

14 3 3 3 9 58.452 

15 3 3 2 8 80.52123 

16 0 0 0 0 80.15212 

17 3 3 2 8 106.152 

18 3 1 5 9 40 

19 3 2 4 9 40 

20 2 2 2 6 45.71 

21 2 2 2 6 104.7741984 

22 2 0 1 3 104.7756905 

23 0 3 0 3 100 

24 1 0 4 5 50 

25 2 1 3 6 72.15232 

 

5.4.6 Noise mapping 

Noise Mapping is done for Three cases: Leq, LI Instant, and L Pre-dominant. 

LI Instantaneous Mapping: - Instantaneous mapping is done for a particular instant on a 

road segment. Results are shown in Figure 5.18. 
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Figure 5. 18 Noise Mapping For L-Instantaneous. 

L Pre-dominant Mapping: - Mapping at pre-dominant frequency, results are shown in 

Figure 5.19. 

 
Figure 5. 19 Noise Mapping For L-Pre-Dominant. 

 

Leq Mapping:- Image shows the equivalent mapping after combining 24-hour equivalent. 

Results are shown in Figure 5.20. 
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Figure 5. 20 Noise Mapping For L-Equivalent. 

 

5.4.7 Validation 

For an instantaneous measurement of Noise level, there is no need to carry SPL for 

recording the Road traffic values. Users can generate a map by just analyzing the road 

traffic and describing that scenario in type and number of clusters present. For a 

location in Lucknow (INDIA), we have developed a Leq noise map after collecting data 

from SPL at the road crossing shown in Figure 5.23. Now from automated data 

integration two cases of instantaneous measurement of Noise level are taken that are 

shown in Table 5.9 and Table 5.10. 

Table 5. 9 Case 1 data for L calculation. 

Time dB value 

frequency (31.5Hz) 

dB value 

frequency(2KHz) 

dB value 

frequency(16KHz) 

10 min 84.5 76.4 56.1 

45 min 70.8 65 59.1 

5 min 65 58 47.1 

 

For case 1 equivalent noise levels for different frequencies and noise maps are shown in 

Figure 5.21. 

L(equivalent) defines as 
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𝐿𝑒𝑞 = 10𝑙𝑜𝑔∑10
𝐿𝐼
10

𝑖=𝑛

𝑖=1

𝑋 𝑡1 

(n= total number of sound samples, 𝐿𝑖is the noise level of any ith sample, t is the time 

duration expressed as a fraction of total sample time). 

1) Low-frequency low  

                       𝐿𝑒𝑞(1) = 10log [10
84.5

10 𝑋 
10

60
 + 10

70.8

10 𝑋 
45

60
+ 10

65

10𝑋 
5

60
]   

                       = 10log [46.973 x 10^6 + 9.016 x 10^6 + 2.635 x 10^6] = 77.68 dB 

2) Medium frequency  

𝐿𝑒𝑞(2) = 10𝑙𝑜𝑔[10
76.4

10 𝑋 
10

60
 + 10

65

10𝑋 
45

60
+ 10

58

10𝑋 
5

60
] 

            =69.8675dB 

3) High frequency 𝑳𝒆𝒒(3) 

𝐿𝑒𝑞(3) = 10𝑙𝑜𝑔[10
56.1

10 𝑋 
10

60
 + 10

59.1

10 𝑋 
45

60
+ 10

47.1

10 𝑋 
5

60
] 

             =58.3365dB 

(Case1) Total L 

=10*LOG10((10^(𝐿𝑒𝑞(1)/10)+10^(𝐿𝑒𝑞(2)/10)+10^(𝐿𝑒𝑞(3)/10))  

= 78.388 dB 
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Figure 5. 21 Noise strength for case 1 scenario. 

 

Case 2: Equivalent noise level for different frequencies and noise map are shown in 

Figure 5.22. 

Table 5. 10 Case 2 data for L calculation. 

Time dB value 

frequency(31.5Hz 

dB value 

frequency(2KHz) 

dB value 

frequency(16KHz) 

20 min 74.5 67.1 53.5 

25 min 81.2 73.4 59.2 

15 min 62.3 55.1 45 

 

1) low frequency  

           𝐿𝑒𝑞(1) = 10log [10
74.5

10 𝑋 
20

60
 + 10

81.2

10 𝑋 
25

60
+ 10

62.3

10 𝑋 
15

60
] 

                        =80.158 dB 

2) Medium frequency  

           𝐿𝑒𝑞(2) = 10log [10
67.1

10 𝑋 
20

60
 + 10

73.4

10 𝑋 
25

60
+ 10

55.1

10 𝑋 
15

60
] 

                        = 72.377dB 

3) High frequency 
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            𝐿𝑒𝑞(3) = 10log [10
53.5

10 𝑋 
20

60
 + 10

59.2

10 𝑋 
25

60
+ 10

45

10𝑋 
15

60
] 

                        =58.220176dB 

Total L(case2) =10*LOG10((10^(Leq(1)/10)+10^(Leq(2)/10)+10^(Leq(3)/10))  

= 81.844 dB 

 

 

Figure 5. 22 Noise strength for case 2 scenario. 

A noise map created by using SPL for data collection of points all over the road at an 

instant is shown in Figure 5.23. and compared with the two scenarios of live road 

traffic. The instantaneous map is lie in the range of the noise map created by the 

automated version. 
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Figure 5. 23 Noise strength of Haniman Chauraha Lucknow (INDIA) [49]. 

 

5.5 Summary 

This work summarizes that this approach is good for the approximate type of prediction. 

This approach will only give an instantaneous noise value. There is a reduction in 

accuracy while estimating the height of the building, segmentation process, and 

classification of vehicle. But actually, the approach still can create the Leq noise map. 

Instantaneous noise values for two of the instants is calculated for Lucknow city. Leq 

map of Lucknow city is created based on previously available data for that area. While 

comparing the Leq map after combining two instantaneous maps and Leq of previously 

available data, these are almost in the same range. 
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Chapter 6 

Conclusions and Future Scope 

6.1 General 

The thesis work starts with the challenge to extract the terrain features from Geospatial 

data. Research work in this thesis has used different types of geospatial data to develop 

several applications. There are several conventional approaches for using terrain data 

for a different type of applications and modeling. From the study, it is clear that 

conventional approaches to management costs are high for accurate and high-resolution 

data. We don't need the whole data every time. In the case of Noise prediction 

modeling, it is necessary to identify and know-how noise can propagate. Three major 

works are executed inside the thesis, these are (a) extraction of terrain parameters from 

3D point data for noise propagation modeling and (b) derivation of model for 

determination of signal strengths for cell phones at various 3D positions in urban setup 

integrating 3D data and attribute information for signal strength, (c) raster data based 

automated noise data integration for noise mapping limiting data dependency. The 

novelty of this research work comes from the knowledge that we didn’t blindly follow 

the approaches used in the Geospatial world. In the first work, Extraction of terrain 

parameters from 3D point data, accurate 3D LiDAR data is used. This 3D data is further 

used for developing a Point-to-Point routing algorithm. This algorithm computes the 

accurate routes for noise propagation. Noise modeling through this approach is quite 

accurate due to high precise 3D LiDAR data. In the second work, if the position of the 

source is being provided, then a huge amount of LiDAR data is not needed all the time 

which is a novelty. In the third work, if we provide geometric and positional 

information of the building rather than the LiDAR data which is time-consuming and 
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take a lot of processing time will be reduced. This approach lacks accuracy in 

comparison with the approach which used 3D precise data. But this automated approach 

can give instantaneous noise mapping, which will further generate an Equivalent (24-

hour) noise map by combining several instantaneous maps. 

6.2 Importance of Development of Customized Algorithm for Terrain Data 

Integration for Noise Mapping Using LiDAR Point Cloud 

Route determination is instrumental for the successful implementation of various urban 

applications. Noise prediction application requires extraction of routes in an outdoor 

environment through which the noises or acoustic pressure waves primary propagate to 

generate a noise level for a place. GIS-based applications determine the routes primarily 

in 2D; however, the acoustic pressure waves transmitted in 3D, require extraction of 

routes in 3D. The authors understood the need to establish a solution in this direction. 

Further, for noise propagation modeling, the available applications primarily consider 

the noise sources as linear source, which is further averaged over a long duration to 

normalize the fluctuation of noise levels over time. The averaging significantly reduces 

the prediction accuracies, especially for a short period or instantaneous scale. Authors 

realized the challenge and came up with the scheme of point-to-point prediction, 

considering noise originating from a point and propagating to many surrounding points.  

• The novel cutting plane technique essentially tried to accurately determine all 

the possible routes between every pair of noise sources and destination. It helped 

to compute the extent of sound pressure level (dB) reaching a destination point 

after originating from a source.  

• This point-to-point computational technique was extended for all the noise 

sources (be it point source or line source or area source) and noise receiving 

location pairs to generate a noise map for an area.  
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• The authors developed a robust approach where it tried to determine all the 

principal routes in stages, which are independently dedicated to route over top, 

route around sides, reflected routes, etc. when direct propagation of noise is not 

possible.  

• The challenge of handling huge unlabeled point cloud data is managed through 

the extraction of edges of the buildings (and other obstructions), along with 

various terrain points such as building corner, reflection point, diffraction point, 

or the transmission point (as the case may be). 

• This approach in comparison to the existing technology is significantly more 

efficient in determining and analyzing the terrain points and terrain parameters. 

With the above computation, the authors focus on determining the principal 

routes that are required to be ascertained for determining the noise level without 

considering a large number of non-principal routes, saving time for computation, 

and avoiding compromising the accuracy.  

• The proposed routing technique is further used for determining the optimal 

location of cell phone towers for adequate signal strength and several other 

applications. 

6.3 Technique to Use 3D Terrain Data for Developing a Model for Cellular 

Towers’ Optimal Distribution for An Area  

The analysis comprises determining the pathways of signal propagation from the 

cellular tower location. The signal strength is analyzed at each cell phone user location 

(receiver’s position). The determined propagation routes of the signal follow the 

shortest route, thus improving accuracy in the determination of signal strength. The 

signal strength determination model is developed based on a 3D rigorous novel point-to-

point routing methodology. The signal strength determination model is designed using 
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semi-empirical models of propagation. It is validated with the data of APP-recorded 

ground-based signal strengths of over 1000 points at the RGIPT and Agra sites. Using 

the least square technique, the determined model gave an RMSE error of 3.45.  

• The technique performed well and can adapt to 3D LiDAR data, unlike well-

known algorithms that are conventionally used for finding the shortest route in 

2D. The use of 2D data and constraints of data inputs prevent accurate prediction 

of signal strength. For example, different parts of the RGIPT campus are 

predicted to have uniform signal strength, whereas detailed variations in signal 

strength are modeled for the site.  

• The ground observations corroborated the modeled predictions. Further, the 2D 

data never allow for any prediction in 3D, e.g., the different floors of a building 

can have different qualities of signal strength. Therefore, to have a precise 

determination, high-quality 3D terrain data is required. Thus, the 3D Lidar-based 

prediction methodology very significantly improved the prediction resolution 

and accuracy. 

• The approach described above aids in the placement of cell phone towers to 

ensure improved signal strength at each cell phone user location. The most 

appropriate height (Z) and position (X, Y) of a cellular tower for the project area 

of the RGIPT campus is determined to achieve a signal strength between −50 

and −90 dB m using the model established above, as shown in Figure 3.29. 

Further, users’ settlement density can also be considered to customize the cell 

phone tower location to provide a very high quality between −50 and −75 dB m 

or better signal to the majority of the campus users. After keeping the population 

in mind, 22% of the population who initially got a signal strength between −75 

and −95 dB m now receives a signal strength above −75 dB m.  

https://www.mdpi.com/2571-5577/5/2/30/htm#app1-asi-05-00030
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• The model is applied to determine the cellular tower distribution for the 

Shahganj area of Agra city, where five towers were previously installed. The 

five modeled cell phone tower locations indicated, if installed at modeled 

locations, could have very significantly improved the signal strength quality 

from −50 to −75 dB m, as shown in Figures 4.31–4.37. Further, the model has 

indicated that the Shahganj area could have managed the existing quality of 

signal strength using only four towers instead of five.  

• The model is developed in such a way that it will find out the optimal location 

for the cell phone tower and evaluate the signal strength at each user location. 

The centroid-based approach and rough to fine-scale optimization (100 m × 100 

m to 2 m × 2 m) offered precision without restricting very high time constraints. 

 

6.4 Technique to Extract 3D Terrain Parameters from Free 2D Raster Images for 

Urban Noise Mapping 

The analysis comprises the accuracy of Segmentation and vehicle classification. The 

accuracy of the proposed segmentation process is 91.85% which is high in comparison 

to U-Net, SegNet, and U-Net +SVM. Similarly, for the classification process, two 

ISPRS datasets are used that are Potsdam and Vaihingen, and the accuracy of 

classification on created dataset after learning a vehicle classifier is 90.4 % for cars, 

88.9 % for trucks, and 100% for the bike. Further, the height of a building is estimated 

from the shadow with an avg error of 0.6571 meters. Different instantaneous maps are 

developed and verified using ground data. These instances maps are combined and 

compared with the Leq of the day. It is clear from the approach that automated noise 

integration is good for approximation type of Noise prediction. This approach only 

gives instantaneous noise values. There is a reduction in accuracy (while talking about 

https://www.mdpi.com/2571-5577/5/2/30/htm#app1-asi-05-00030
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accurate measure), but actually, we still have been able to create Leq Noise prediction, 

using 2D Google images (of significantly lower data quality than that of 3D LiDAR 

point cloud).  

6.5 Future scope 

As a consequence of the work carried out in this thesis on the prediction of noise and its 

applications, the following future areas of research are identified. 

1) The current study was focused on the determination of a point-to-point routing 

algorithm taking LiDAR data as terrain input. The routing algorithm worked in 

two stages, i.e., extraction of building, ground, and other terrain points from 

LiDAR data in the first stage, and then extraction of detailed routes between a 

source point and a receiving point in the second stage. The approach determined 

all the possible routes for propagation in 3D for every pair of source and receiver 

points and utilized it for sound propagation modeling integrating terrain and 

noise data with the noise propagation model. At present, the extraction of 

building, ground, and other terrain features between source and receiver points 

are accurate, but semi-automatic in nature. In the future, the entire process is 

planned to be made automatic, thus the algorithm will determine the shortest 3D 

routes directly after receiving the LiDAR data, and noise data of noise sources 

for all the noise receiving locations. It would then automatically determine the 

3D noise map for an area accurately. 

2) The routing algorithm has an important role to play in sound propagation 

modeling. Routing algorithms are important for various applications, i.e., route 

planning, traveling salesman problem, laying out of the pipeline, determination 

of sun angle, viewshed analysis, etc. An automatic and efficient 3D routing 

algorithm working over detailed terrain data can improve the performance of all 
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the above applications. More research is required to investigate other ensemble 

approaches such as a bucket of models, cascading, random committee, clustering 

ensemble, etc. for their feasible implementation of modeling. 

3) In the case of the Optimal tower location determination algorithm, the developed 

model offers a unique opportunity to predict the signal strength at a place three-

dimensionally and accurately. Further, it can optimally design the number and 

location(s) for setting up the new cellular tower(s) to offer improved quality of 

signal strength. The research automatically foresees the opportunity to make two 

web APPs, one for the users and another for the cellular service providers. Users 

can choose the best cellular service provider for a place (in terms of signal 

quality), and the service provider can use it to determine where to set up their 

cellular tower, how high it should be, and how many towers are required to be 

placed, and what will be the quality of signal strength at a particular user 

location. 

4) In the case of deriving urban application using 2D free/open raster images, the 

urban planner can utilize the approach to determine hotspots or potential 

locations for noise pollution and apply the traffic noise management measures 

fast without physically collecting the terrain or noise data to a great extent. 

Similarly, the same approach can be applied to planning the optimum 

distribution of cellular towers for an area, without detailed ground data 

collection. The cellular service provider can determine the possible best location 

for setting up a new tower for an area, with reasonable accuracy. 

5) Approaches indicated extraction of terrain parameters from terrain data of 

different qualities, developing urban prediction models, and making an efficient 

prediction of urban application attributes. The approaches can be applied for 
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developing various urban applications especially different types of propagation 

modeling.  
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