
How to Cite: 

Perumal, T. S. R., Kulshrestha, V., Shastri, R. K., Raj, J. I. D., Mahandiran, S. B., & Velu, 
C. M. (2022). Evaluation of image quality based on visual perception using antagonistic 
networks in autonomous vehicles. International Journal of Health Sciences, 6(S3), 11071–
11092. https://doi.org/10.53730/ijhs.v6nS3.8731  
 

 

 
International Journal of Health Sciences ISSN 2550-6978 E-ISSN 2550-696X © 2022.   

Manuscript submitted: 18 Feb 2022, Manuscript revised: 27 April 2022, Accepted for publication: 9 June 2022 

11071 

Evaluation of image quality based on visual 

perception using antagonistic networks in 
autonomous vehicles 
 

 

Dr. T. Sudarson Rama Perumal 

Associate Professor, Department of Electronics and communications engineering, 
Rohini college of engineering and technology, India  

 

Dr. Vartika Kulshrestha 

Assistant Professor, Department of Computer Science & Engineering, Alliance 

University, Bangalore, Karnataka, India 

 
Dr. Rajveer K. Shastri 

Professor, Department of E&TC, Vidya Pratishthan's Kamalnayan Bajaj Institute 

of Engineering and Technology, Baramati, India 

 

J. Immanuel Durai Raj 

Assistant Professor, Department of Mechanical Engineering, St. Joseph's Institute 
of Technology, Chennai, India 

 

Mr. S. Balu Mahandiran 

Assistant Professor, Department of Mechanical Engineering, Sri Krishna College 

Of Engineering and Technology, Kuniyamuthur, Coimbatore, India 
 

Dr C. M. Velu 

Professor, Department of Computer Science Engineering, Saveetha School of 

Engg, SIMATS, Saveetha University, Chennai 

 

 
Abstract---A method for just a point-to-point deep learning model for 

automated vehicles is described in this research. Our major goal was 

to develop an automated vehicle using a lightweight deep learning 

model that could be deployed on integrated modern vehicles. There is 

various point to point deep learning model used for automated 
vehicles, with camera pictures as input to the machine learning 

techniques and guiding direction projection as output, however, these 

deep learning methods are substantially more sophisticated than the 

cloud infrastructure we suggest. The proposed program's 

infrastructure, high computational, and summative assessment while 

automated vehicles are compared with different previous machine 
learning algorithms that We actually through order to achieve our 

https://doi.org/10.53730/ijhs.v6nS3.8731
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goal, an accurate assessment. The proposed program's predictive 

model is 4 sets lower than PilotNet's and around 250 times less than 

AlexNet's. Although the innovative platform's intricacy and size are 

decreased in contrast to all other designs, resulting in reduced delay 
and greater refresh rate throughout reasoning, the model preserved its 

efficiency, accomplishing successful automated vehicles at the 

comparable economy as two additional designs. Furthermore, the 

proposed deep learning model decreased the processing capability, 

price, and storage requirements for true interpretation devices. 

 
Keywords---deep learning, automated vehicles, embedded systems, 

machine learning, sensors. 

 

 

Introduction  
 

Many innovations and actual performance in diverse disciplines have resulted 

from research and innovation within the machine learning field, namely deep 

learning. The automobile sector and the creation of completely automated vehicles 

are two areas where technology has a massive effect. Observation, sensor 

technology, concurrent global positioning systems (GPS and navigation systems 
are just a few of the automated vehicle components that leverage supervised 

learning [1]. Simultaneous to work on complete autonomy for large vehicles, the 

current tendency is to build alternative automobile systems. In factories, for 

example, delivery trucks and other robots and automated mobile are used. Our 

major aim was to provide an automated vehicle system for just a lightweight 
automotive system with minimal computer resources, computing power, and 

storage. With these hardware constraints in mind, we're attempting to create a 

lightweight deep learning model, a point-to-point learning model that can execute 

automated vehicles on a typical circuit whereas the generated circuits' 

interpretation model can be installed on a reduced computing system. 

 
Computer vision technologies are gradually being used in microcontrollers, cell 

phones, and Wireless Sensor Networks solutions these days [2]. The 

implementation of applying machine learning to engrained computer systems 

refers to two major innovations: the creation of book computer systems capable of 

processing the data required for deep learning implication, and the creation of 
book light deep learning infrastructures and model deployments best suited for 

low equipment. We describe J-Net, an unique deep learning model developed for 

point-to-point learning of automated vehicles and built for integrated automobile 

systems, in this study.  The results of existing systems to provide a fair appraisal 

of J-Net. AlexNet was conceived to classify objects, but with our changes, the 

fresh AlexNet-like system is appropriate for automated vehicles. Analyzed the 
computational burden of three deep learning architectures: J-Net, PitotNet, and 

AlexNet. 

 

This would be required to collect an honest review of our cloud infrastructure. 

Following that, the constructed designs were tested to use the same information 
that we had gathered. The self-vehicles automotive simulation [3] is used to 

collect data and make conclusions. Lastly, the learned models were used in a 
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simulation atmosphere for truly automated vehicles. The outcomes of automated 

vehicles with all of these three deep learning models were reported and 

contrasted. Video footage of automated vehicles in a typical circuit in a simulation 
atmosphere, as well as theoretical and practical performance assessment of 

automated vehicle variables while reasoning, are provided as results of automated 

vehicles. 

 

Literature survey 

 
Machine learning is a network good guideline that is part of a larger group of 

information depiction data mining algorithms [4]. The concepts in one level of a 

deep learning model are defined in terms of preceding levels of the deep learning 

model simpler models. Deep layers are the fundamental component of deep 

learning models [5]. Convolutional layers are a type of machine learning that is 
used to analyze input with a specified grid-like architecture. Machine learning 

algorithms incorporate three design ideas: regional sample areas, weight sharing, 

and spatially down-sampling, resulting in shift, size, and deformation partially 

invariant to some extent [6]. Machine learning algorithms are built to handle 

input from numerous panels, and they take advantage of the qualities of these 

inputs, such as connections, weight sharing, mixing, and the usage of several 
stages. As a result, Machine learning algorithms are most frequently used to 

analyze visual representations. Reinforcement learning for machine learning is 

widely used in a variety of urban and business services and components, 

including automobile, remote monitoring, smart glasses, home automation 

technologies, commercial management, hospital, and entertainment. Machine 
learning algorithms were among the first deep models to show promise, and they 

were among the first systems to resolve substantial business problems. 

Thereafter, machine learning algorithms were used to construct several image 

processing and computer vision and hand gesture recognition methods, and the 

list of recent machine learning algorithms applications for computer vision is 

limitless [7]. 
 

Despite automated vehicle models are presently being tested on public roads, 

some of the issues associated with automated vehicles have yet to be resolved. 

Sensor technologies [8, greater planning strategies, point-to-point learning for 

automated vehicles, a recurrent neural network for automated vehicles, and 
human operator are all current difficulties in automated vehicle research. [10] 

provides a thorough assessment of recurrent neural networks for automated 

vehicles. Our goal was to create a point-to-point learning system that exclusively 

used video footage as input. Even though several devices are used in automated 

vehicles, including laser, infrared, acoustic, navigation system, an inertial 

navigation system, and tire sensing system, the camera is a critical sensor in 
automated vehicles since it allows the vehicle to see its environment. Cams are 

more accurate at surface perception categorization, are easily accessible, and are 

less expensive than other detection sensors like infrared [11]. The computer 

power required to process the data is the camera's limitation. We propose a new 

system in this study for a simpler point-to-point learning solution for automated 
vehicles. Only the cam picture, or pure byte, is used as input in our automated 

vehicle method. Prediction of angular position is the output. 
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The goal is to develop a relatively lightweight system that can be used for true 

reasoning on an integrated automobile system. It is difficult to develop a reduced 

deep learning outcome in terms of CPU processing and storage capacity [12]. 

Deep learning models computing techniques that enhance energy economy and 
utilization neither reducing program correctness or raising system costs are 

crucial to the widespread adoption of deep learning models in artificial intelligence 

algorithms. The purpose of neural network models is just to resolve the issue with 

the best level of accuracy achievable. It frequently results in physically intensive 

depth and sophisticated machine learning. This seems to be particularly true for 

machine eyesight systems that use deep learning. Finally, advancements in deep 
learning models techniques and applications, as well as experiments with more 

complicated designs, are due to two reasons: vast volumes of information and 

better processing performance [13] Implementation on true microcontrollers that 

processor speed and storage capacity, on the other hand, necessitates a different 

strategy [14]. Because the values, also known as design variables, play such a 
large role in deep learning model execution, the remedy for a deep learning model 

appropriate to different systems is a small model with fewer data to convey.  

 

This is difficult to do, particularly if the solution involves machine learning and 

takes a high image representation. When the level and number of components of 

a learning algorithm are reduced, reliability suffers [15]. As a result, we are 
creating deep learning models for machine learning for embedded systems in the 

hopes of finding a solution that would be strong for both reasonable precision and 

inference on technology devices that have limited abilities. As a result, we aim to 

create a deep learning model that could also reach an accurate solution, as well 

as successful automated vehicles on a relevant circuit, while operating in true 
and within the power generation restrictions of its target integrated automobile 

system. To do this, we didn't minimize the variables of some of the most well-

known deep learning that may be used for automated vehicles; instead, we 

started the project, layer after layer, constructing a network topology until we 

discovered a satisfactory answer. To determine optimal image size, start with a 

small number of layers and variables and gradually raise the dimensions of units 
or introduce new levels till the returns on recognition damage decrease. 

 

Materials and Methods 

 

We used point-to-point learning for an automated vehicle technology in our 
strategy. The picture, in input images, was the feed to our automated vehicle 

technology, and the output was automobile management, in the form of angular 

position. During true interpretation, point-to-point learning was used, in which 

the system learns how to steer a vehicle only depending on an original signal from 

the sensor (Figure 1). 
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Figure 1. Real-time autonomous driving with DNN 

 
To begin, a normal operator drove the automobile while concurrently gathering 

pictures and directional data to obtain the information that would be required to 

train the point-to-point DNN model. The vehicle was driven in human (learning) a 

human's style operator to use a keypad, mouse, or gamepad if the virtual 

atmosphere for automated cars was used, and the dataset was an algorithm to 
determine. Camera picture and heading position data on each screen were 

collected during automated vehicles mode. The guiding values were utilized as the 

class label, and the pictures were used as the feature set. Because of its 

accessibility, the car's frequency was increased. The data gathered in this manner 

has been used to train a deep that will learn how to drive only based on the input 

information, with no additional personal interaction. Personality copying is 
another name for this technology. Second, this dataset was used to build a deep 

learning model for automated vehicles to estimate angular position. At last, the 

implication was performed using the classification classifier, which also included 

truly automated vehicles in the very same simulation software surroundings. The 

performance criteria for automated vehicles on the reflective circuit were that the 
vehicle stayed on the circuit at all times. Figure 2 shows a block diagram of the 

automated vehicle infrastructure which we used. 



         11076 

 
Figure 2. The autonomous driving framework 

 

Simulation study  
 

A self-vehicles vehicle computer was linked to information gathering, 

interpretation, and assessment of effective automated vehicles [16-18]. The Mono 

game design framework was used to create the personality vehicle simulation. The 
information was analyzed on a typical circuit for automated vehicles. The pictures 

from the sensors positioned on the roof of the automobile were captured along 

with the angular position for that picture while the truck went in manual control, 

as shown in Figure 3. The information from across all three surveillance cameras 

on top of the vehicle, as well as relevant information angular position for almost 
the same picture, was collected and stored simultaneously. So same 

representative circuit was used for traveling in automated vehicle style, were a 

true picture from the car's sensor was used to determine angular position. 

 

 
Figure 3. Simulation diagram of the vehicle 

 

The typical circuit has a variety of factors that make training point-to-point 

automated vehicles simulation hard. For instance, the vehicle must understand 
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how to manage severe curves, various textures, and various road edges. The three 

right-angle corners just after the overpass were the most difficult elements of the 

typical circuit for automated vehicles. A red and white line, a berm, or simply the 
soil serves as a barrier between the circuit and the rest of the virtual 

surroundings. Figure 4 shows examples of images captured with the center 

sensor in various frames and displaying various road features. The section of the 

railway is protected by a red and white stripe (a). Which depicts the overpass over 

the lake, shows the various roughness of the road. The road on the overpass is 

covered with stones, but the rest of the route is generally asphalt. Furthermore, 
this section of the circuit is bounded by a short wall. The sections of the circuit 

are characterized by soil and those that are characterized by sides, accordingly. In 

a virtual atmosphere, these road network characteristics enable improved 

applicability of the system, resulting in effective automated vehicles in various 

scenarios. 
 

 
Figure 4. Types of frames captured in Camera 

 

Dataset 

 

On the typical circuit, information was analyzed while the vehicle was operating 

in manual control. The information was obtained from the three sensor arrays on 
the vehicle in the virtual atmosphere. The pictures were kept only with tables 

containing data regarding picture names and guiding direction data for every 

collected screen at the end of the human trip. Figure 5 illustrates pictures 

acquired by all three cameras in a single frame. For the enhancement of 

knowledge, three cameras were employed. During information collection, pictures 

from the camera module with identical guiding measurement points were 
acquired on each screen. Various circuits were taken when riding in manual 

control for information gathering, with the study of three sensors being acquired. 

Even after multiple circuits, the amount of data collected was modest. As a result, 
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we used data preprocessing methods. Corners were among the most significant 

properties that our neural net would have to master. Feature extraction, in which 

the pictures were reversed in linear perspective and the turning right was raised 

by 1, was a simple way would double the information volume and concentrate on 
bends. 

 

 
Figure 5. Sample image of frames 

 

Even if the ground truth for that screen is to remain upright, the system will learn 

to drive to the side if we used only the recorded information without data 

preprocessing using rotating pictures. Deep learning, which included duplicating 
pictures with a lateral flip and reversing guiding directions, resulted in balanced 

information with the system moving either clockwise and counter-clockwise. The 

sample size for the study in our collection after image enhancement was 68,576. 

The information is divided between calibration and testing groups, with 80 

percent of the information (54,861 samples) going to training and the remaining 
20 percent going to verification (13,715 samples); Table 1. 

 

Table 1 

Database 

 

 Teaching Integrity Overall 

No. of Samples 42,351 12,216 54,747 

Overall Dataset 
(%) 

 
75% 

 
25% 

 
100% 

 

The excellent design was determined by monitoring whether the vehicle can ride 

independently for the period of the predetermined track. It could be considered 

failure independent riding if the car went off the road. Pictures from all three 

sensors, left, and right—were was used to develop the deep learning model; Figure 

9. [19] was the inspiration for using three sensors to gather information for 
constructing a deep learning model for automated vehicles. Every one of these 
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pictures was taken from somewhat various angles, but they all caught the same 

scene. Three sensors rather than one main sensor offer three values greater and 

improved results when guiding back towards the center whenever the vehicle 
begins to wander to the side [20]. The invertible had been matched with three 

figures from a particular image correlating to the focal picture, but the pictures 

first from left and right cams had their angle of vision started shifting to the left 

and right sides of the highway, including both, denoting that the navigation 

position for opposite sides pictures is inaccurate. To counteract this, the angular 

position assessment factor was modified from the left and right pictures, 
accordingly, one of the input parameters that needed to just be perfectly alright 

as during the learning algorithm was the factor that accounts. Trimming was 

done to eliminate portions of the picture that did not include useful info for 

automated vehicles, such as the blue triplets and mountains at the top of the 

picture and the car's visor at the lower [21]. Figure 6 illustrates an image of the 
picture after it has been trimmed.  

 

 
Figure 6. Cropping image 

 

𝑎𝑛𝑜𝑟𝑚𝑎𝑙 =  
𝑎

255
−  0.5                         (1) 

 

That resulted with -0.5 < 𝑎𝑛𝑜𝑟𝑚𝑎𝑙< 0.5. 

 

The images in the collection were standardized by multiplying each picture by 

255, they ensure a greater input image. After standardizing the picture to a 

number between 0 and 1, average data focusing was performed by reducing 0.5 
every sensor. 

 

Proposed method 

 

During the design phase, the primary goal was to create a point-to-point 

automated vehicle utilizing the lightweight theory while attaining the greatest 
feasible functionality, in this case, automated vehicles in an indicative way. The 

design with the fewest aspects that influence their storage requirements and 

calculations is usually the technologically least expensive. Computing motivation 

is impacted by the kind and amount of strands, unit lengths, and the number of 

image representations. In a personality vehicle simulation, the effectiveness of 
automated vehicles was tested. Innovation with the construction blocks of 

machine learning algorithms layered structure, operating system dimensions for 

fully connected layers, amount of feature maps, location of max pooling, and, at 

last, going to experiment with the length and density of completely strands to the 

very last infrastructure of the J-Net prototype. Figure 7 shows a schematic 

diagram of our innovative deep Network. 
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Figure 7. DNN architecture 

 

The initial step in developing the new approach was to employ a pretty superficial 

Network; we used a 2D linear transformation on the source picture's original 
information: 

 

𝑅(𝑎, 𝑏) = (𝐽 + 𝐼)(𝑎, 𝑏) =  ∑ ∑ 𝐽(

𝑚𝑛

𝑗 − 𝑚, 𝑘 − 𝑚)𝐽(𝑛, 𝑚)        (2) 

 

The employed double filter size was 2 x 2 for the three-channel source image J, 

which already had parameters of 320*160. In a specifically designed to support, 

the element was used to extract the picture patches. This double convolution 

layer vector R(a,b)  was the outcome of the inversion procedure. The values, m, for 
a specific layer in a Network was maintained among areas to recognize the actual 

offers irrespective of where it was situated in the picture. The breadth and height 

of the neural output units are determined using the formula: 

 

𝑊𝑖𝑑𝑡ℎ𝑜𝑢𝑡𝑝𝑢𝑡 =  
𝑈−𝐸+2𝑄

𝑅
+ 1             (3) 

𝐻𝑒𝑖𝑔ℎ𝑡𝑜𝑢𝑡𝑝𝑢𝑡 =  
𝐺 − 𝐸 + 2𝑄

𝑅
+ 1           (4) 

 

G and U are the input element's length and width, E is the filter (module) 

dimension, R is the sweep, Q is padded, and K is the number of frames. During 

our first attempt, we used input data of 320 x 160 pixels, E = 2, the stride of J, 

and no padding, Q = 0. As a result, the effect output are 𝑊𝑖𝑑𝑡ℎ𝑜𝑢𝑡𝑝𝑢𝑡= 319 and 

𝐻𝑒𝑖𝑔ℎ𝑡𝑜𝑢𝑡𝑝𝑢𝑡 = 159 in size. The number of parameters equaled the output level; in 

this case, 𝑊𝑖𝑑𝑡ℎ𝑜𝑢𝑡𝑝𝑢𝑡    = 16. Only after specifically designed to support, the output 

level is: 

 

𝑊𝑖𝑑𝑡ℎ𝑜𝑢𝑡𝑝𝑢𝑡 + 𝐻𝑒𝑖𝑔ℎ𝑡𝑜𝑢𝑡𝑝𝑢𝑡 +   𝑑𝑜𝑢𝑡𝑝𝑢𝑡             (5) 

 

After convolution, ReLU R(a) activation has been applied: 

𝑅(𝑎) =  𝑚𝑎𝑥𝑖𝑚𝑢𝑚(0, 𝑎)                        (6) 
 

In DNN's hidden neurons, the Linear transfer algorithm has been the most 

commonly used triggering. This has been proceeded by the squashed phase, 

which transformed this double image representation into a single-dimensional 

scalar. Since the transformation of vertices from the preceding layer into a 

particular measure, the squashed phase did not produce fresh fewer parameters. 
Lastly, once we got geographical information of an image as a consequence of 

inversion, we deployed a complete phase, which aggregated all elements from the 
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squashed surface into a single output that forecast angular position values 

directly. This is a correlation circuit since the system only has one transformer. 

As predicted, the outcomes of true interpretation were poor; the vehicle was 
unable to sustain its path on the road. The model did, therefore, learn several 

great functions, according to a subjective performance assessment. The computer 

trained to take the pattern, as seen in the video of automated vehicles in the 

virtual space. The small investigation showed that the selected position was 

correct, but that the system needed extra characteristics to be retrieved in need 

for automated vehicles to be successful. Even while the system we employed was 
pretty superficial, only with 3 levels, the number of neurons and values, as well 

as the coachable variables, was fairly high, as can be seen from the first results 

obtained. The cause behind this is that they were using the whole input sequence 

of Fourier, resulting in a large number of vertices in the output neuron, and we 

did not target any variable quantity decrease techniques, such as sharing. 
 

Conditions 

 

The results of the study were useful for the following step of the design process of 

the lightweight deep learning model for automated driving's permanent 

conclusion: Use only a portion of the source picture's dimensions. Portions of the 
view, such as the cloud or the bottom half, were useless to automated vehicles. 

The highway, the bends, and the road's boundaries, such as a red border, side, 

dust, and overpass, are all important conduct regularisation to ensure that every 

one of the designer's variables would have the same set of outcomes. This ensures 

that the parameters are steady. A similar technique is commonly used to reduce 
the generates various and avoid underfitting. Because circuits are important for 

extracting features, use much more neural networks. The very first research 

showed that the convolution operation can recover certain characteristics 

required for the particular vehicle (for example, one characteristic is a boundary 

that the automated car must follow), but one fully connected layer was 

insufficient for our aim; we required additional image features. 
 

Implementation and Architecture 

 

Adding extra hidden units to a deep learning model increase the effectiveness of 

the variables. Getting depth instead of broader with clean variables is likely to 
yield considerably better results. Furthermore, deep learning models used to 

pictures are extremely effective, as media portrayal has such a hierarchical 

system that types of models absorb easily. Deep learning circuits' bottom layers 

catch basic information like arcs and corners. The next levels remove increasingly 

complex features, such as geometric patterns, while the last layers extract 

objects. Because the goal of our project was to drive a car on a realistic track, the 
characteristics that were required to be retrieved were basic characteristics or 

geometric patterns rather than things. As a consequence, we've picked three 

neural networks for our final model, preceded through one squashed layer to form 

fully linked levels. To prolong data samples, they had selected three neural 

networks for improved image retrieval; Formula (2). We selected three neural 
networks, each containing 16, 32, and 64 sets of inputs. The size of the input to 

the first inversion was 320* 5*3 after standardization and trimming of the real 

scene, and then we used a gaussian range of 5*5 with 16 convolution layers. After 
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the first convolution operation, the overall amount of learnable parameters was 

1216, according to Equations (4) and (5) 

 

 
Figure 8. DNN proposed diagram 

 

Downsampling was required because they desired a lightweight response and 
Fourier is a very costly procedure that adds a huge number of system elements 

and the values supplied to every one of those components. Using pacing 

throughout Fourier to relocate the filters with a few bytes every cycle and reduce 

the convolutional feature space is one solution to this problem. Yet, since it 

eliminates a huge amount of information, such data recorded of a picture may 

result in the loss of some important features shown in Figure 8. The sharing 
process is the second method for down-sampling a picture. Instead of skipping 

about one in two convolution layers, we combined all of the distortions in the 

surrounding with a little stride. We used the pooling layer function after each 

convolution operation to reduce the size of the deep learning models levels. Each 

item on the convolution layer is matched to a tiny residential area around it in the 
pooling layer, and the highest of all of the other answers everywhere is calculated: 

 

𝑏 = 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 (𝐴𝑗)                       (7) 

 

where Aj is the value of one input point. 
 

The very first benefit of employing the softmax function is that this was a data 

frame procedure that does not include extra new variables. This reduces the 

likelihood of a greater classifier. Moreover, the pooling layer provides a rather 

more appropriate prediction in most cases. But on the other hand, because the 

circuits below run at a lower step, the system becomes much more 
computationally costly. Furthermore, inserting a new element as sharing provides 

extra parameters to control, namely the sharing area diameter and the sharing 

phase. The deep segment of the data is enlarged laterally by the max pooling, 

which operates regardless of each one. In this system, we used MaxPooling with 

size 2 x 2, which discards 75% of the action potentials by resampling each deep 
segment in the input by 2 on both length and width. The down the physical was 

unaffected. In this situation, we lowered the number of coachable system 

parameters yet maintaining relatively consistent extracted features. 

 

Since trying to apply the MaxPooling surface during the first complexity, the 

number of inputs of the 2nd convolution operation was 158*30*16, and the 
second block size was 5 x 5 with 32 extracted features, resulting in 12,832 
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learnable parameters for the 2nd convent after using Equations (3) and (4) to 

calculate the number of learnable parameters. The very same Direct measure was 

used after this convolution operation as it was after the very first inversion. After 
the third inversion, the third block size was 5*5 with 64 characteristics map, 

leading to an overall amount of learnable parameters of 18,496. Figure 8 

illustrates the network design. 

 

We re-implemented three computational methods to command for do an objective 

performance assessment of our system: Data augmentation and PilotNet have 
been modified somewhat to help with a point to point learning for automated 

vehicles. The aim would have been to conduct an objective comparison of our 

system, J-Net, to other network topologies. During the entire circuit, 

interpretation utilizing AlexNet and PilotNet were effective in automated vehicles. 

Figure 9 presents a comparative study of the communication networks for J-Net, 
AlexNet, and PilotNet.  

 

 
Figure 9. DNN architectural comparisons 

 

The AlexNet framework was re-implemented and modified of point-to-point 

learning for automated vehicles in our research. There will be 2 parallelization 

pipelines in AlexNet's original building. This is because the initial AlexNet was 

learned utilizing two graphics processing units, hence why convents were broken 
into 2 parallel phases.  

 

Learning methods 

 

For learning, the model was fed pictures from the right & left sensors as to 

whether they were originating from the center sensor. The use of 3 sensors 
increased the amount of information available and assisted the model in learning 

how-to guide if the automobile drifted to the right or right. The images from the 

central sensor were obtained without charge, while the guiding direction readings 

from the left and right sensors were corrected using the corrective factor. Cutting 

images, information standardization, and median centering the information were 
all used as part of data products are produced. A Lambda tier from the Keras 

package was utilized for normalization. Utilizing a previously obtained set of data, 

every one of the specified models was learned separately. The Mean Squared Error 

(MSE) was utilized to minimize the error between the guiding forecast and the 

actual via guiding observations for the error function. The Mean Squared Error 

loss rate was selected because it is a good fit for regression networks. Mean 
Squared Error utilizes the square of the difference between the actual and 

forecasted values as its median. Mean Squared Error has the benefit of ensuring 
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slope calculation is simpler. The impact of computing the square of the error is 

that greater errors become more apparent than fewer errors, therefore the model 

is much more concentrated on the more errors: 

 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑏𝑘 −  𝑏̂𝑘)2                    (8)

𝑛

𝑘=1

 

 

Where 𝑏̂𝑘 k number of predictions. 𝑏𝑘 k number of true values. 

 
For all 3 models, the Adam optimizer was utilized during network learning 25. 

Adam optimization is among the most efficient deep learning model learning 

optimization techniques. Figure 10 shows the loss values for all 3 models at 

various epochs of learning. 

 

 
Figure 10. Training architecture 

 

Over-fitting is the risk because we were working with a tiny set of data. As a 

result, the technique of early halting regularisation was utilized. AlexNet, J-Net, & 
PilotNet deep learning model models were developed and learned with varied 

numbers of epochs. The models were initially trained with 30 epochs, as shown in 

Figure 11. As such, this amount of epochs produced a favorable outcome solely of 

the AlexNet; the loss for verification was reducing at the same period as the loss 

for learning. AlexNet performed admirably in automated vehicles in the simulator, 

completing the job of point-to-point automated diving. PilotNet & J-Net learning 
with 30 epochs, on either side, demonstrated over-fitting, with the validation error 
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increasing whereas the learning loss decreasing. The vehicle was automatedly 

vehicles effectively at one point of the road after utilizing this amount of epochs to 

learn PilotNet & J-Net, but after entering the curve, the vehicle veered off the 
road. To avoid over-fitting, we initially tried the dropout strategy, which is used 

after the first dense layer to prevent over-fitting to network designs. However, 

because the vehicle wasn't capable of vehicles the entire path, this only partially 

remedied the issue. 

 

 
Figure 11. Teaching and Integrity diagram 

 

An early stopping regularisation technique was used in the overall conclusion. 

The early halting resulted in lower verification defect values for the J-Net & 

PilotNet systems, as anticipated, but the validation loss value of the AlexNet 

stayed constant. In comparison to AlexNet, the J-Net & PilotNet algorithms 
featured less learnable parameters. As an outcome, given the same set of data 

size, those 2 models were more likely to exhibit over-fitting. The J-Net & PilotNet 

algorithms displayed effects of the actions, less over-fitting, and less validation 

loss after using the initial random regularisation strategy for over-fitting. 

 
Evaluation of the algorithm during automated vehicles supported this finding, 

demonstrating because when learned with 4 epochs, the PilotNet provided the 

better vehicles skills. The selection of 6 epochs of J-Net model training, on either 

hand, was the more experimental decision. The verification loss was obtained with 

a lesser amount of epochs for learning the J-Net model, although this amount 

might vary among 4 and 10 epochs with equivalent outcomes. During the model's 
testing, we identified 6 epochs that enabled effective automated driving. All of the 

utilized hyper-parameter adjusting strategies resulted in the completion of the 

deployment and learning of the network, as well as the mission of automated 
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vehicles on a realistic course in a simulated atmosphere. The learned model was 

preserved and utilized for automated vehicle interpretation later. J-Net, only with 

1.8 MB, was the lightest model, as anticipated related to the total amount of 

learnable parameters mentioned in the before section. AlexNet needed the 
greatest storage space, with 509.5 MB, which corresponded to the number of 

learnable parameters in the untrained network, which was over 44 million. The 

storage capacity of the learned PilotNet version was 4.2 MB. 

 

Discussion and Outcomes 

 
To perform an impartial performance evaluation of the unique architecture, we 

evaluate the proposed deep learning model J-Net to AlexNet & PilotNet, which we 

re- deployed. The models for all 3 network designs were developed, learned with 

the same set of data, and utilized for interpretation in the automated vehicles 

simulator. The data were similar in terms of results, including effective vehicles 
on a representative track, as well as network difficulty, the number of learnable 

parameters, and the volume of a trained model. 

 

Measuring performance 

 

The simulation was utilized to verify effective automated vehicles on a realistic 
course. While automated driving, the output from the vehicle's central sensor was 

follow collected and provided as an input to a trained machine learning 

algorithms, which culminated in guiding direction management. In AlexNet, 

PilotNet, & J-Net, automated vehicles utilizing all three concepts were 

documented and presented in films [26]. The J-Net met the criterion for 
automated vehicles in a preset path, as shown in the movies, in which the car 

stayed on the road for the entirety of the voyage. The efficiency was evaluated by a 

satisfactory drive upon that representative track, with the car staying on the track 

the entire time, implying that high‐performing method and the one where the 

vehicle stayed in the center of the road for the entire ride. The J-Net algorithm 

delivered satisfactory results. Table. 1 shows the performance 
assessment qualitative of automated vehicles utilizing deployed systems. 

 

Table 1 

Quality Performance in Autonomous Driving 

 

Driving of Autonomous AlexNet PilotNet J-Net 

On a typical course, 
autonomous driving is shown. 

Outstanding Outstanding Outstanding 

Taking on the curves Excellent Massive Massive / 

Excellent 

Keeping the trajectory's center 

in mind 

Excellent Massive Massive 

Driving on various types of 

surfaces 

Excellent Excellent Excellent 

 

The guiding direction estimates utilized for automated vehicles were assessed in 
addition to watching automated vehicles on a sample track. The guiding direction 

forecasts of all 3 models were generally close, as shown in Figure 12. With one full 
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lap of automated vehicles on the typical track, the graphical display of guiding 

direction estimates utilized for real-time reasoning is shown. The left & right 

angles of rotation are represented by negative and positive guiding direction 
numbers. The guiding directions in Figure 12 illustrate the guiding direction 

estimates in identical frames because the typical track utilized for vehicles during 

interpretation was the same, and the vehicle's speed has been set owing to 

brevity. The J-Net & PilotNet models predicted guiding angles similarly, but the J-

Net had somewhat greater value for both right and left directions. T In the bulk of 

the ride, the AlexNet model produced fairly smooth guiding forecasts. Moreover, 
that has extreme values at times; for e.g., The spike as in the left direction at 

around 2500 frames, whereas the other 2 models did not have that steep turn for 

that stretch of the road. 

 

 
Figure 12. Predictions for Driving of Autonomous 

 

We examined the influence of automated vehicles utilizing neural networks on the 

path as another metric of automated vehicle's effectiveness. Figure 13 shows the 
relative departure from the center of the path for one complete lap of automated 

driving. The features of the vehicle's route can be divided into four stages: a 

generally straight section of the road with sides, curves indicated by white & 

red stripes, bridges, and sections of the road marked by dirt rather than markers. 

Vehicles with all 3 models followed a similar trend. In flat sections of the road, the 

models depict the vehicles of the car generally without oscillations. The departure 
from the center of the path was the greatest in the curves (for example, following 

the overpass - the portion of the schematic designated as (c), there seem 3 sharp 

bends with the 3rd curve being the most difficult). Following figure 13 further 

demonstrates that all 3 networks had variances in this section, with AlexNet 
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having the largest variance and J-Net outperforming the other systems. J-Net, on 

either side, experienced greater oscillations throughout the course of the entire 

lap, while AlexNet has had the greatest performance, staying close to the center of 

the path for the majority of the drive. 
 

 
Figure 13. Characteristics of driving of autonomous 

 

Histograms are often used to offer statistical analyses of automated driving. The 

research is important for long-term evaluations. A histogram of relative 

departures from the center of a path for one full lap of automated vehicles to 

investigate motion. Employing AlexNet for automated vehicles provided a most 
steady experience of driving, with the fewest oscillations from the center of the 

path. On either side, sporadic substantial deviations from the center of the path 

in one curve position were observed. Although, the deviation was within 

acceptable bounds, and the car didn't even leave the road, that was one of the 

conditions we set for effective automated driving shown in Figure 14. 
 

 
Figure 14. Deviation of trajectory per lap for driving of autonomous 
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Finally, all of the models behaved admirably, completing the lap of automated 

vehicles with no substantial variation as from the trajectory's center. The 

variations among automated vehicle systems were noticeable, but not significant. 
J-Net was predicted to have the lowest delay and the best frame rate among the 3 

analyzed systems based on the computational study. As shown in Table.2, 

quantitative performance appraisal backed up this claim. Upon that 

representative course, the J-Net completed an automated vehicles test effectively. 

We noticed the number of completed successive laps for 10 laps because the 

course is a closed circuit. During the test period, all 3 vehicles were capable of 
vehicles effectively. We measured the gap between 2 successive forecasts to get 

the delay. Because this quantity fluctuates throughout the automated vehicle's 

lap, the average values were utilized to calculate the delay. Calculating the 

number of guesses per captured frame in 1sec yielded the frames a second. 

 
Table 2 

Quantitative assessment of autonomous driving performance 

 

Driving  of Autonomous AlexNet PilotNet J-Net 

Number of laps completed 

successfully 

15 15 15 

Variability 27 25 24 

FPS 36 41 43 

*FPS – Frames Per Second 

 
According to framerate measurements, using the J-Net model for true 

interpretation was 30 percent faster than using the AlexNet framework on the 

high-performance platform used for the simulated scenario. The largest changes 

would be predicted if we utilized a scalar CPU for the reasoning (Eg: utilizing J-

Net over AlexNet will be 280 times quicker). The inferential system in the 

experiment that employed the simulator atmosphere was a high-capacity 
computer with GPU that offered information parallelization. In a conclusion, the 

outcomes were specific to the application in which the GPU was employed. 

Because the neural network designs differed more in contact area than in deep, 

the bulk of actions could be performed in parallel, and the variation in frame rate 

was due to the algorithm implementation order, which was proportionate to the 
deep of network. The accurate presentation of J-Net performance benefits is a 

system. If we're at the other extreme and solely use scalar processors, the 

implementation rates are likely to be significantly variable, i.e., comparable to 

connection bandwidth and the amount of variable. Real-world implementations of 

the J-Net design are intended of embedded systems, with the level of 

parallelization configured to meet frame rate operational standards. 
 

Conclusions 

 

The generation of effective computers capable of learning and inferring system 

learning models has resulted in significant progress in creative approaches to 
well-known issues. Simultaneous to advances in hardware, such as the creation 

of novel processing routines for machine learning and, more specifically, the 

depth of the learning algorithms, so, indeed a movement in the creation of light 

network topologies that can meet stringent hardware compatibility. A conceivable 



         11090 

approach for point-to-point learning for automated vehicles is the deep learning 

model mentioned in this research. The goal of our research was to develop a light 

deep learning model that could be used for interpretation and installation on an 

integrated vehicle platform to enable efficient automated driving. With it in view, 
we created and deployed J-Net, a deep convolutional neural network capable of 

actually completing automated vehicles in a representative track, with the 

shortest computing price among other known methods which have also been 

investigated in this research. The proposed work's key contribution is a novel 

approach that is computationally intensive owing to its light construction. The 

amount of actions in one cycle determines an algorithm's difficulty, and our deep 
learning model achieved identical qualitative data with far fewer actions than the 

other neural networks investigated in this research. 

 

J-potential Net's weakness can be a lack of generalization for increasingly 

complex use case situations. Furthermore, our model has been trained utilizing 
raw pictures and guiding direction measurements every frame, with the vehicle's 

velocity assumed constant because of its compactness. Because a continuous 

flow is assumed, this results in a speed limiter while automated driving. It will, 

however, become conceivable to train the J-Net to forecast the vehicle's behavior. 

A similar strategy to forecasting guiding direction can be applied, which could 

lead to the real-time guiding direction and speed forecasts depending on the input 
picture. The proposed network would be deployed on an integrated vehicle 

platform with restricted underlying hardware, low processing power, and limited 

memory space in the coming. Robot cars in warehouses & delivery vehicles were 2 

conceivable final utilize cases for the given point-to-point training network. The 

use of a light deep learning model, such as the one described in this research, 
allows for installation on integrated automotive systems to low power equipment, 

cheap cost, and small size, which are all vital for realistic industrial uses. 
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