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Abstract: The rapid growth of urbanization has increased the need for reliable and automated vehicle 

classification systems to support intelligent transportation and urban computing applications. This 

study presents a comparative deep learning framework for classifying vehicle images into four 

categories: bicycle, bike, car, and truck. Seven widely used convolutional neural network (CNN) 

architectures VGG-16, VGG-19, Inception-V3, Inception-V4, ResNet-50, ResNet-101, and EfficientNet-

B0 are evaluated using transfer learning and data augmentation. The dataset comprises RGB vehicle 

images collected from online image sources and organized into training and test sets. During training, 

image rescaling, shear transformation, zooming, and horizontal flipping are applied to increase 

training-data variability, while the test data are evaluated without geometric augmentation. Model 

performance is assessed using accuracy, loss, precision, recall, and F1-score. Among the evaluated 

architectures, EfficientNet-B0 achieves the highest reported classification accuracy of 97.06%, followed 

by ResNet-101 with 96.82%. EfficientNet-B0 also demonstrates strong class-level performance across all 

four vehicle categories, indicating its effectiveness for image-based vehicle classification. The 

comparative results provide insights into the suitability of different CNN architectures for vehicle 

classification within urban computing applications. However, the study evaluates image-level 

classification rather than object localization and does not explicitly assess challenging real-world 

conditions such as severe occlusion, nighttime illumination, or diverse camera viewpoints. Future work 

will therefore focus on larger and more diverse traffic datasets, computational-efficiency evaluation, 

real-world traffic-camera imagery, and deployment-oriented optimization for intelligent transportation 

systems. 

 

Keywords: Vehicle Classification; Deep Learning; Convolutional Neural Networks; Urban Computing; 

Intelligent Transportation Systems 

 

1. Introduction 

The Human Vision System (HVS) is capable of performing some of these complex tasks with repeatability 

and accuracy. Some examples of the complex tasks that the Human Vision System (HVS) can perform with 

repeatability and accuracy are the detection, recognition, and identification of an object. The recent 

developments in the field of Computer Vision (CV) and Machine Learning (ML) and the availability of tools 
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such as faster GPUs, larger data sets, and better algorithms have enabled computers to accurately detect, 

identify, and categorize multiple objects in a video or image [1]. The main purpose of vehicle detection and 

categorization is the detection of vehicles in video or still images [2]. An important factor in traffic observation 

or traffic surveillance is the efficiency of locating vehicles. Using machine learning methods, Fig illustrates the 

number of cars spotted in traffic photos in Pakistan. To ensure public safety, autonomous vehicle detection 

systems must accurately identify moving objects in real time, such as automobiles, trucks, police cars, or 

motorcycles [3]. 

 

 
Figure 1. Examples of vehicle detection from traffic in Pakistan. 

Due to advancements in DNNs, automated vehicle recognition has come a long way in the last several years. 

The applications where safety and reduced traffic are paramount include driver assistance systems and 

Autonomous Driving Systems (ADS) [4]. 

Vehicle localization is critical in developing intelligent and autonomous systems [5]. Such systems include 

self-directed driving, surveillance, object detection, and tracking. The capacity to detect only automobiles is 

the basis of the new high-tech innovation known as automatic driving [6]. Many crimes, including traffic 

violations, car accidents, and thefts, are captured on video by CCTV cameras in urban areas [7]. A reliable, 

accurate, and quick traffic detector is essential for real-time vehicle detection in traffic surveillance systems. 

There have been many developments in surveillance technology and traffic management systems [8]. While 

evaluating vehicle detectors, two key factors are the device’s capacity to identify things in real-time and its 

performance in bad weather while trying to detect traffic [9]. Artificial Intelligence (AI) has gained considerable 

prominence and has been increasingly applied across diverse domains [10]. 

One of the intriguing endeavors in vehicle tracking is the detection of anomalies in traffic offenses and 

negligent driving. The use of technology across several fields is becoming unavoidable, thanks to the 

development of new ITS technologies and the increasing desire for automation [11]. Automated vehicle traffic 

monitoring is one of the most significant applications being developed for speed or traffic management, offense 

detection, road tolls, and several other connected concerns [12]. A significant portion of the overall budget is 

used to handle these problems. It is quite challenging to conduct traffic monitoring in densely populated urban 

areas. There has been considerable success in lowering municipal occurrences via ITS mobility planning and 

traffic engineering applications [13]. Surveillance systems rely on traffic flow data, which consider important 

aspects like vehicle type, size, trajectory, and speed. These days, various traffic patterns may also be observed 

and recorded using vision-based devices. 

While deep learning networks’ training time is much slower on CPU computations, advancements in these 

networks have made ML-based models capable of accurately detecting a wide range of vehicles [14]. 

Improvements in technology, such as graphics processing units (GPUs) and tensor processing units (TPUs), 

have drastically reduced the training time. In several contexts, including smart self-governing, autonomous 

cars, intelligent observations, and smart city applications, DNNs have considerably outperformed traditional 

ML-based methods [15]. A sophisticated subfield of machine learning, DNNs built on neural networks come 

in handy when dealing with problems in various complicated models that are not always amenable to 

explanation using conventional statistical methods [16]. 

In addition, picture identification and classification heavily use CNNs, a deep neural network. These 

algorithms may recognize license plates, automobiles, persons, and many more things [17]. The ability of the 
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CNN to automatically extract important characteristics after training is one of its main advantages. Among the 

several CNN methods available, the most popular and widely used ones are R-CNN, Fast-RCNN, and Faster-

RCNN [18]. However, devices with limited processing power and space still cannot process photographs due 

to the significant computational burden. For a long time, D-based algorithms were considered powerful picture 

identification techniques. There are many vehicle identification algorithms, but two of the most popular ones 

are CNN-based techniques, which fall into two categories: region-based and regression-based. 

Vehicle detection and vehicle classification are related but distinct computer vision tasks. Vehicle detection 

involves identifying and localizing vehicles within an image or video frame, generally by predicting their 

spatial locations using bounding boxes together with their corresponding class labels. Vehicle classification, in 

contrast, assigns an input image or an already identified vehicle to a predefined category. In this study, the 

focus is specifically on vehicle image classification rather than object detection or localization. The evaluated 

deep learning architectures classify vehicle images into four categories: bicycle, bike, car, and truck. Since the 

proposed experiments do not estimate bounding boxes or vehicle locations, detection-specific measures such 

as Intersection over Union (IoU) and mean Average Precision (mAP) do not apply to the current experimental 

setup. Therefore, throughout the revised manuscript, we use the term “vehicle classification” when referring 

to the evaluated task, while “vehicle detection” is retained only when discussing the broader traffic-

surveillance and urban-computing application context. 

The aim of the present research was to design an accurate deep learning-based vehicle classification system 

that operates in an urban computing environment. For this purpose, the seven popular deep learning 

architectures were compared to each other in the task of vehicle classification into four classes: bicycle, bike, 

car, and truck, namely: VGG-16, VGG-19, Inception-V3, Inception-V4, ResNet-50, ResNet-101, and 

EfficientNet-B0. The training data was subjected to data augmentation methods to enhance the variety of the 

input samples and aid in model generalization. The experimental results show that EfficientNet-B0 

outperforms ResNet-101 with an accuracy of 97.06%, which is the best classification accuracy. The comparative 

analysis has highlighted the relative strengths and performance differences of the CNN architectures evaluated 

and given practical insights into their appropriateness for vehicle classification in urban computing 

applications based on images. The results can be used to develop intelligent transportation and urban 

computing systems that rely on automated vehicle classification. 

 

2. Related Works 

Vehicle detection technology shares its fundamental objectives with target detection since it categorizes 

targets alongside determining their positions. Vehicle recognition algorithms exist in three principal categories: 

methods based on historical data, methods based on shallow machine learning, and methods based on deep 

learning models. 

2.1. Traditional Vehicle Detection Algorithm 

Manually designing target characteristics is required by traditional-based vehicle identification algorithms, 

just as it is by conventional target detection technologies [19]. The vehicle detection process uses preexisting 

information about vehicles by analyzing their lines, shadows, and edge features from their bodies. By 

analyzing shadow intensity between the bottom pixels and adjacent pixels, the system identifies the location 

of vehicles in the image and executes successful detection [20]. Nevertheless, lighting conditions will 

significantly affect this method’s detection performance. This is because the gray value of the image is 

susceptible to light, and non-vehicle objects with a similar shape and size will cast shadows that are 

indistinguishable from the vehicle’s, leading the algorithm to make an inaccurate judgment and rendering it 

unfit for high-precision detection [12]. Another way that characteristics of vehicles may be intentionally 

designed to identify them is by sensing their brake lights. While it is possible to accomplish vehicle recognition 

by sensing brake lights, the detection result is subpar owing to the method’s severe constraints caused by the 

impact of light [14]. The previous knowledge-based detection technique relies on the vehicle’s inherent 

qualities to complete the detection work. However, this approach has drawbacks, such as a low detection 

recognition rate, making it challenging to fulfill the mission’s criteria [21]. 
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Shallow machine-learning approaches remain an established method to recognize vehicles by joining diverse 

machine-learning algorithms that use vehicle characteristics to detect vehicles [22]. Shallow machine learning 

may increase detection accuracy by incorporating SVM and HOG features; nevertheless, this approach has 

certain limitations. A simple cascade enhances the detection accuracy while simultaneously scaling up the 

detection model and the computational cost. Even though using a shallow machine learning approach 

improves vehicle recognition accuracy somewhat, it is still feature selection dependent [23]. Its advancement 

has been limited mainly because of the vast modeling work required under complex and dynamic road 

conditions. The frame difference approach, the streamer method, and the backdrop modeling method are all 

examples of more conventional methods for vehicle identification [24]. Some identification effects may be 

achieved under specific settings using this algorithm, but it has several limits and is highly affected by ambient 

variables like lighting and weather [25]. As a result, it struggles to adapt to the ever-changing road traffic 

situation and fails to fulfill the real-time needs of vehicle detection. 

2.2. A Deep Learning-Based Vehicle Detection System 

The deep learning-based algorithms exist in two fundamental categories: identifying vehicles or targets. The 

detection technique with a single stage operates to determine whether an area qualifies as a candidate or 

recommendation [26]. The single network receives input images and generates the target bounding box and 

class label to determine the target identity within one stage. The networks integrate their operations to perform 

two-stage target identification, starting with pictures that create the proposed target regions. The classifier uses 

the generated regions for classification purposes. 

R-CNN joins Fast R-CNN and Faster R-CNN among the established two-stage target detection algorithms 

[27]. The fundamental characteristic of this technique involves using a convolutional neural network to judge 

groups of candidate targets initially created from region proposals. The proposed areas undergo sparse 

sampling followed by feature extraction through a CNN, which leads to classification by SVM in R-CNN. The 

limitations of R-CNN have decreased, but it has delivered enhanced performance in target detection compared 

to conventional methods [28]. The detection rate problem is the biggest challenge among multiple problems 

affecting this system. Adding a spatial pyramid pooling operation between the convolution and fully 

connected layers in SPP-net reduces calculation information redundancy and network computational cost. The 

network requires this feature to extract independent features from multiple candidate regions, thus leading to 

several repetitions of computational operations. The system makes static image sizes by exclusively extracting 

features from incoming pictures [29]. The network performs its operations standardly, where candidate 

regions emerge from region suggestions. Then the CNN extracts image Roi features and ends with category 

assessment and position refinement to achieve object detection. The network gains better operational efficiency 

because the Roi feature information is extracted directly from feature maps, which makes the need for 

additional convolutions unnecessary [30]. 

Fast R-CNN achieves frame regression and classification training using the same network because it extends 

the SPP network optimization. The utilization of multi-task loss for classification replaces the support vector 

machine (SVM) in the system. The CPU executes conventional candidate area generation through standard 

techniques, which decreases the overall system processing speed. Target detection through end-to-end 

operation became truly possible after the release of Faster R-CNN. An RPN network removes candidate areas 

from the input, which can be shared with both the categorized CNN and the candidate regions generated 

during convolution. The first operation of Faster R-CNN produces multiple target candidate areas from the 

source. The system retrieves region characteristics through region mapping and spatial pyramid pooling. A 

CNN splits into multiple parallel branches, identifying various target features at the last stage. The 

architectural properties of RPN enable Faster R-CNN to generate regions faster than its preceding model, Fast 

R-CNN [31]. Before utilizing the multi-task loss function, the detector checks if candidate boxes have the proper 

features needed for detection, leading to the detection classification being assigned accordingly. 

The detection methods used in the two stages function independently of procedures employed in single-

stage detection. The one-stage target detection algorithm performs better than two-stage detection techniques 

since it simultaneously executes classification and regression calculations across various image areas. 



Journal of Computing & Biomedical Informatics                                                                                             Volume 11   Issue 02 

ID : 1580-1102/2026   

According to references, single-stage target identification algorithms include the YOLO, YOLOv2, and 

YOLOv3 networks [32]. These detection systems transform the target detection work into a regression-based 

problem through end-to-end detection processing. A two-stage detection network within the YOLO network 

divides the input picture into grids so each grid detects targets that have their center points on it. The candidate 

frame in every grid undergoes replacement by anchor frames using the network structure. Real-time detection 

has become more effective, and the ability to detect objects has risen significantly because of this method. 

Expansion of the receptive field occurs due to enhanced connections between original convolution layers 

within YOLOv3 end-to-end detection methods, which results in superior small object detection capabilities for 

traditional YOLO networks [33]. The SE-TinyYOLOv3 algorithm represents an improved version of YOLOv3, 

which uses depth separation in its design structure. SE-TinyYOLOv3 decreases the model parameter count 

through architectural modifications that replace traditional convolution layers with depth-separable 

convolution layers in the YOLOv3 algorithm’s feature extraction network. The network obtains deeper 

information about trained data features through its expanded lateral operational depth. The network system 

maintains assured detection accuracy and real-time detection by minimizing feature information loss while 

reducing parameter numbers. 

Real-time vehicle detection systems need high-performance capabilities in operational road settings because 

of their complex and changing surroundings. The current target identification algorithms utilize regional 

recommendations for their operation while achieving high detection accuracy suitable for vehicle detection 

systems [34]. Its detection rate problems, combined with high computational requirements, limit this approach 

from satisfying heavy traffic condition requirements of highways. Detection speed drives the unmanned 

driving system to place more importance on it than other factors. The regression-based target identification 

method demonstrates superior detection speed and a well-developed structural design. The detection accuracy 

of this second approach falls below the initial technique yet provides superior real-time capabilities to the 

vehicle detection system. In practice-based applications, we usually employ a one-stage detection system for 

detecting vehicles. DarkNet-53 forms the basis for developing YOLOv3-based road vehicle target identification 

systems [35]. This original network structure enables engineers to develop neural networks with 30 

convolutional layers. By implementing this network, the detection capabilities and training expenses have 

declined. 

The original YOLOv3 serves as a base for an upgraded vehicle detection model to perform real-time road 

vehicle recognition among established areas of vehicle identification research. The increased network 

minimizes parameters, computation requirements, and model complexity using inverse residual networks for 

base feature extraction. The problem of gradient explosion and disappearance is resolved through this method. 

The improved network employs both group normalization and the softening no-maximum suppression 

technique as part of its strategy to decrease model inaccuracy caused by different batch data sizes. Such 

methods ensure immediate detection performance by addressing detection accuracy requirements. Research 

on the real-time capability of vehicle identification constitutes a key focus among investigations of intelligent 

transportation systems. Researchers have developed deep learning-based tracking systems to establish precise 

real-time solutions that adjust to various environments. Vehicle detection during real-time operation presents 

the main challenge for this design method [36-40]. 

 

3. Methodology and Data Collection 

3.1. Proposed Architecture 

Different CNN architectures perform training operations on the training and testing sets for VGG-16, VGG-

19, Inception-V3, Inception-V4, ResNet-50, ResNet-101, and EfficientNet B0. The educational phase of these 

models took place on the 1.3 million-item ImageNet ILSVRC dataset that contained 1000 picture sets for 

training, 100,000 images for research, and 50,000 images for validation. Implementing batch normalization 

layer settings results in superior outcomes for reducing validation loss and improving validation and training 

accuracy. Batch Normalization is a technique to normalize deep neural network layer inputs throughout any 

selected mini-batch. The training stability created by this approach shortens the deep network development 
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process by decreasing the required training iterations. All deep learning models use the Categorical Cross-

Entropy (CCE) loss function. The optimization method deploys Adam’s algorithm. Adam performs differently 

from stochastic descent in a traditional manner. The learning rate, referred to as alpha, remains static 

throughout training steps in stochastic gradient descent. Adam incorporates benefits from the Adaptive 

Gradient Algorithm (AGA) and RMSProp by serving as two additional variants of stochastic gradient descent. 

CNNs are trained on Colab, a Google service for training and evaluating machine learning, deep learning, 

and other AI-related implementations in the cloud. A Tesla T4 GPU, provided by Google Colab, is used for 

our classification task. After training, the validation process is carried out by predicting the class of the vehicles 

(car, bike, truck, bicycle), as shown in Fig. Implementation details and results are discussed below. For each 

CNN classifier, F1-Score, Recall, and Precision are calculated using the following formulas. 

 

F1Score = 2 ×
Pr ecision×Re call

Pr ecision+Re call
       (1) 

Recall =
TP

TP
+ FN         (2) 

Precision =
TP

TP
+ FP        (3) 

 

 
Figure 2. Vehicle Detection in an Urban Computing System Using a Convolutional Neural Network Block 

Diagram 

3.2. Dataset Collection and Data Partitioning 

The dataset consists of four classes of RGB vehicle images: bicycle, bike, car, and truck. Images were collected 

from Google Images, while truck images were additionally obtained from Kaggle. The images were organized 

into separate training and test directories before model training. All images were resized to the required input 

dimensions of 224 × 224 pixels for the CNN models. 

To increase the diversity of the training samples, data augmentation was applied dynamically only to the 

training data using an ImageDataGenerator. The augmentation procedure included rescaling pixel values by 

1/255, a shear range of 0.2, a zoom range of 0.2, and horizontal flipping. In contrast, the test-data generator 

applied only pixel-value rescaling and did not perform geometric augmentation. Therefore, augmented 

training samples were not directly added to the test directory. 

The training generator used a batch size of 32 and categorical class labels. During model training, the 

designated test generator was supplied as the validation data to monitor model performance. After training, 

the test data were used to generate the final predictions, confusion matrices, precision, recall, and F1-score 

values. This distinction is explicitly described in the revised manuscript to avoid ambiguity between validation 

monitoring and final testing. The sample of the photographs is shown in Fig. 
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Figure 3. Sample Dataset of The Different Types of Vehicle Detection 

3.3. Training, Validation, and Data Augmentation 

The CNN models were trained using a designated training dataset, with data augmentation applied 

dynamically during training. The augmentation procedure included pixel-value rescaling by \(1/255\), a shear 

range of 0.2, a zoom range of 0.2, and horizontal flipping. In contrast, the designated test-data generator 

applied only pixel-value rescaling and no geometric augmentation. Therefore, augmented images were 

generated dynamically during training and were not explicitly written into the test directory. 

In the implemented experimental procedure, the designated test generator was also supplied as the 

validation data during model training. Accordingly, the epoch-wise validation performance corresponds to 

the performance of this designated test set, rather than to an independent validation subset. After completion 

of training, the same designated test set was used for the final evaluation, including accuracy, precision, recall, 

F1-score, and confusion-matrix analysis. This procedure is now explicitly stated to avoid incorrectly implying 

that an independent validation set was used. 

The epoch-wise training results provide information about the optimization behavior of the models. For 

example, EfficientNet-B0 showed a progressive improvement in reported accuracy from 0.9471 to 0.9706 and 

a reduction in loss from 0.2895 to 0.0102 over five epochs. Similar epoch-wise loss and accuracy results are 

reported for the VGG, Inception, and ResNet architectures. 

Because the test set was used as validation data during training, the present experiment does not provide a 

fully independent validation-based assessment of overfitting. Therefore, the observed training curves should 

be interpreted as evidence of learning behavior rather than as definitive proof of the absence of overfitting. 

3.4. Dataset Collection and Source Considerations 

The data is made up of RGB images of 4 classes of vehicles: bicycle, bike, car, and truck. The images of vehicles 

were taken from Google Images by searching for the categories, and other truck images came from Kaggle. 

Images obtained were manually checked, sorted by the respective vehicle class, and labeled prior to being 

included in the experimental data set. The images were then resized to the input dimensions needed for the 

CNN architectures and preprocessed and augmented using the methods detailed below. 

Google Images is not a repository of curated images, but rather an image search service; thus, image 

provenance and licensing concerns arise when using images found through Google Images. The addition of 

an image to Google Images doesn’t guarantee that the image is free for redistribution or unrestricted reuse. As 

such, the current study does not presume that every image retrieved has the same licensing requirements. 

Images were used for research and experimentation, and it is recognised that a limitation of this dataset is that 

it is not complete in terms of image-level provenance and licensing metadata. Any future construction of data 
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sets will focus on data sets where reuse permissions are clearly documented and will include source and 

licensing metadata where available. 

Data should also be seen in the context of lack of diversity and representativeness of sources. The images 

found on the web can differ significantly in many aspects such as geographical location, vehicle models, 

camera angles, lighting, background complexity, image quality, and environmental conditions. Therefore, the 

dataset might not always reflect the diversity of vehicles and visual conditions that are subjected to real-world 

urban traffic surveillance. Thus, the results represent the classification performance of the tested CNN 

configurations using the dataset created, and not the performance of the tested CNN in all urban environments. 

A larger, more geographically diverse, and independently captured real-world traffic image set will be used 

in the future to enhance the generalizability and representativeness. 

 

4. Results and Discussion 

The global population is constantly moving towards urbanization. Almost two-thirds of the global 

population will dwell in urban areas within the next three decades. Therefore, community planners need 

solutions for successful land use and traffic control. Acquiring accurate, timely, and detailed data is essential 

for creating significant urban infrastructure and intelligent cities. The field of urban computation and 

intelligence includes creating techniques for pervasive sensing, cognitive computing, interactive connectivity, 

and mass data processing technologies that provide innovative ways to transform urban landscapes, living 

standards, and intelligent urban systems. Table 1 shows Parameters for the Inception-V3, Inception-V4, VGG-

16, VGG-19, ResNet50, ResNet101, and Efficient-Net B0 models are described in depth. 

Table 1. Parameters Detail of Inception-V3, Inception-V4, VGG-16, VGG-19, ResNet50, ResNet101, Efficient-

Net B0 

Parameter Value 

Data organization Training set and test set 

Training augmentation Rescaling, shear, zoom, horizontal flip 

Test preprocessing Rescaling only 

Input image size 224 × 224 

Batch size 32 

Number of classes 4 

Classes Bike, Bicycle, Truck, Car 

Validation during training Designated test set 

4.1. The Evaluated Results of the VGG-16 and VGG-19 Models 

Table 2 shows the detailed performance of the two models (VGG-16 and VGG-19) during training, 

specifically recording the model’s loss and accuracy after every 10 epochs. The epochs correspond to the 

number of times the models have been trained on the full training dataset, which gives us the opportunity to 

check the progress of the models’ learning. The table then presents both models’ loss and accuracy values, 

which are important for the model’s predictive power. Loss is the error in the model’s prediction; if the 

prediction is closer to the actual value, the lower it is, the better the model is. On the contrary, the accuracy 

values show the ratio of correctly classified images, with a ‘higher’ value of accuracy which means ‘higher’ 

accuracy of the model. From the table, however, the loss and accuracy changes suggest the dynamics of training 

for each model. 

Table 2. Loss and Accuracy Performance of VGG-16 and VGG-19 Models by Training and Testing Dataset 

VGG-16 VGG-19 

Epoch Loss Accuracy Epoch Loss Accuracy 

1 0.0685 0.9459 1 0.3804 0.9482 

2 0.2891 0.9459 2 0.0701 0.9471 

3 0.0932 0.9259 3 0.2347 0.9388 

4 0.1851 0.9600 4 0.0627 0.9624 
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5 0.0775 0.9541 5 0.0625 0.9271 

6 0.1154 0.9506 6 0.1571 0.9412 

7 0.1967 0.9435 7 0.0091 0.9565 

8 0.1337 0.9576 8 0.0390 0.9447 

9 0.0280 0.9635 9 0.3807 0.9565 

10 0.2145 0.9635 10 0.1028 0.9600 

The final evaluation results of performance on the test dataset of the VGG-16 and VGG-19 models are 

summarized in Table 3. This is the tabular form of the final loss and accuracy derived by the models, in a 

compact form of the overall effectiveness of each model. However, it clearly demonstrates that the loss value 

drops to 0.2145 with 96.35% accuracy for VGG-16 and drops to 0.1028 with 96.00% accuracy for VGG-19. These 

values directly compare the performance of the models and will tell you a bit about how closely the models 

predict and how much they get wrong. Obviously, the VGG-19 model had a much lower loss, which indicates 

that it is perhaps more appropriate for the data, but the VGG-16 has slightly higher accuracy. 

Table 3. The Evaluated Loss and Accuracy of VGG-16 and VGG-19 Models 

Model Name Loss Accuracy 

VGG-16 0.2145 96.35% 

VGG-19 0.1028 96.00% 

In Fig, the data from Table 2 and Table 3 are depicted graphically. Clearly compares the loss and accuracy of 

VGG-16 and VGG-19 with the aid of bar plots or other graphically similar elements. Changes in loss and 

accuracy are plotted over training epochs, and the final evaluation of the test set for all models’ performance 

is shown in the Fig. Graphically presenting the models can aid rapid and easy model performance calculations 

and provide instant insight into the success of the models and the patterns of loss and accuracy as the models 

are trained. 

 
Figure 4. VGG-16 and VGG-19 Loss and Accuracy for Training and Testing of Vehicle Dataset 

Instead of simply looking at the accuracy, Table 4 provides the precision, recall, and F1 score for each vehicle 

category, with Bicycle and Bike showing a high level of accuracy and Truck being more complex, showing 



Journal of Computing & Biomedical Informatics                                                                                             Volume 11   Issue 02 

ID : 1580-1102/2026   

varying strengths and weaknesses across categories and models, giving a deeper understanding of the intricate 

capabilities and constraints of each model in classifying specific types of vehicles. 

Table 4. The F1-Score, Recall, and Precision Are Calculated for Each Predicted Class Of VGG-16 and VGG-

19 

Categories 

VGG-16 VGG-19 

Precision Recall F1-Score Precision Recall 
F1-

Score 

Bicycle 0.9000 0.9818 0.9391 0.9444 0.9272 0.9357 

Bike 0.9897 0.9633 0.9763 0.9761 0.9533 0.9645 

Car 0.9880 0.9705 0.9792 0.9910 0.9764 0.9837 

Truck 0.8846 0.9200 0.9019 0.8421 0.9600 0.8971 

4.2. The Evaluated Results of the Inception-V3 and Inception-V4 Models 

The training performance over epochs of the Inception-V3 and Inception-V4 networks is presented in Table 

5, where the loss and accuracy at each of the five training epochs are highlighted. It shows how the dynamic 

learning process of both models works through variations in the loss and accuracy functions across the epochs, 

showing how the models adapt to the training data. We note that Inception-V3 has quite a lot of variability in 

loss (especially a very large spike in epoch three and a massive drop in epoch 4) while retaining generally high 

accuracy. On the other hand, the loss trajectory of Inception V4 is more consistent, although this comes at the 

cost of accuracy on the last epoch. The insight we can gain from this table regarding the training dynamics of 

both models gives us a way to determine the strengths and weaknesses of both models throughout the learning 

process. 

Table 5. Loss and Accuracy Performance of Inception-V3 and Inception-V4 by Training and Testing 

Dataset 

Inception-V3 Inception-V4 

Epoch Loss Accuracy Epoch Loss Accuracy 

1 1.8973 0.9176 1 1.2344 0.9471 

2 0.0699 0.9282 2 0.2030 0.9565 

3 4.9217 0.8659 3 0.1394 0.9482 

4 0.0035 0.9459 4 0.1660 0.9506 

5 0.1908 0.9518 5 0.4999 0.9353 

The final evaluation results obtained on the designated test set for the two models, Inception-V3 and 

Inception-V4, are synthesized in Table 6. Finally, it summarizes the models’ effectiveness by providing the 

final accuracy and loss values. Inception-V3 achieved a loss of 0.1908 and an accuracy of 95.18%, whereas 

Inception-V4 achieved a loss of 0.4999 and an accuracy of 93.53%. These figures directly compare the different 

performance of the models on the test data, showing that Inception-V3 performs better than Inception-V4. 

Table 6. The Evaluated Loss and Accuracy of Inception-V3 and Inception-V4 Models 

Model name Loss Accuracy 

Inception-V3 0.1908 95.18% 

Inception-V4 0.4999 93.53% 

Finally, the data in Table 5 and Table 6 are visually represented in Figure 1 to enable a comparative study 

between the Inception-V3 and Inception-V4 models. It shows the training epochs, where changes in loss and 

accuracy are shown through graphical elements, as well as the final evaluation results on the test dataset. 

Visualizing this enables rapidly obtaining a sense of how the models are performing, quickly and intuitively 

comparing effectiveness, ss, and observing the trends in loss and accuracy over the time of training. 
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Figure 1. Inception-V3 and Inception-V4 Training and Testing Accuracy and Loss 

The results of the classification performance of both Inception-V3 and Inception-V4 are also detailed in Table 

7, showing the precision, recall, and F1-score for each vehicle category; there are subtle differences in the ability 

of both networks to categorize. Inception-V3 has been performing consistently and well in all categories, 

especially in car classification. Meanwhile, Inception-V4 achieves superb performance in bicycle and car 

recognition. It does show, however, a marked difference in accuracy when it comes to truck classification, 

meaning that it is prone to misclassifying other types of vehicles, revealing strengths and weaknesses in each 

model when it comes to correctly identifying a vehicle’s type. 

Table 7. The F1-Score, Recall, and Precision Are Calculated for Each Predicted Class of Inception-V3 and 

Inception-V4 

Categories Inception-V3 Inception-V4 

Precision Recall F1-Score Precision Recall F1-

Score 

Bicycle 0.9693 0.8636 0.9134 0.9059 0.9636 0.9339 

Bike 0.9305 0.9833 0.9562 0.9929 0.9366 0.9637 

Car 0.9821 0.9705 0.9763 1.00 0.9088 0.9522 

Truck 0.8989 0.8900 0.8946 0.7021 0.9900 0.8215 

4.3. The Evaluated Results of ResNet-50 and ResNet-101 Models 

Training performance over five epochs was presented for ResNet-50 and ResNet-101 in terms of loss and 

accuracy in Table 8. The loss of ResNet-50 fluctuates wildly, spiking in epochs 2, 3, and 4, with a sharp decrease 

in epoch 5, and its accuracy is generally high but fluctuating. On the other hand, ResNet’s loss value is 

consistent throughout the training, and accuracy remains consistent with a slight variation, achieving a 

maximum value in epoch 5. The dynamic views of the change in the models’ performance during the training 

are quite evident from this table. 
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Table 8. Loss and Accuracy Performance of ResNet-50 and ResNet-101 Models by Training and Testing 

Dataset 

ResNet-50 ResNet-101 

Epoch Loss Accuracy Epoch Loss Accuracy 

1 1.6367 0.8576 1 1.4914 0.9282 

2 6.9615 0.9024 2 0.4740 0.9141 

3 3.4575 0.9047 3 0.6668 0.9576 

4 3.0807 0.9259 4 0.6991 0.9294 

5 0.0684 0.9529 5 0.1811 0.9682 

The final evaluation results of ResNet-50 and ResNet-101, concerning the performance on the test dataset, 

are summarized in Table 9. The loss is 0.0684, and accuracy is 95.29% for ResNet-50, and 0.1811 and 96.82% for 

ResNet-101. For this overall effectiveness, this table also gives a concise overview comparing the models to see 

which one will perform best. From here, we can see that the ResNet-101 model will have better accuracy but a 

higher loss when tested. 

Table 9. The Evaluated Loss and Accuracy of the ResNet-50 and ResNet-101 Models 

Model name Loss Accuracy 

ResNet-50 0.0684 95.29% 

ResNet-101 0.1811 96.82% 

Figure 2 shows Table 8 and Table 9 as a 2x2 matrix for directly comparing ResNet-50 and ResNet-101’s 

performance. It probably shows loss vs. training epochs and accuracy vs. training epochs, particularly the final 

value on the test dataset, using multiple graphical elements. This visualization allows for quick and intuitive 

understanding of the model’s performance in order to be able to easily compare the effectiveness of the model 

and see the trends in the loss and accuracy of the model during the training process. 

 
Figure 2. ResNet-50 and ResNet-101 Loss and Accuracy for Training and Testing of Vehicle Dataset 

Table 10 presents detailed comparison results of the classification capabilities of ResNet-50 and ResNet-101 

on each of the vehicle categories, including precision, recall, and F1-scores, revealing their respective strengths 

and weaknesses. Overall, ResNet-50 has very good performance and is superior compared to other categories, 

particularly in the car and bike classification. ResNet-101 also achieves top performance in the car and truck 

identification tasks. It does have a very noticeable lack of bicycle and bicycle classification, however, with poor 
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recall and high precision, respectively, showing the different capabilities of which each model is able to 

accurately distinguish between the various vehicle types. 

Table 10. The F1-Score, Recall, and Precision Are Calculated for Each Predicted Class of ResNet-50 and 

ResNet-101 

Categories ResNet-50 ResNet-101 

Precision Recall F1-Score Precision Recall F1-

Score 

Bicycle 0.8515 0.9909 0.9159 0.8870 0.1000 0.9401 

Bike 0.9895 0.9466 0.9676 0.1000 0.9433 0.9708 

Car 0.9908 0.9529 0.9715 0.9969 0.9764 0.9866 

Truck 0.8611 0.9300 0.8942 0.8909 0.9800 0.9333 

4.4. The Evaluated Results of the EfficientNet B0 Model 

The training evolution of the EfficientNet B0 model for five epochs is reported in Table 11, where the loss 

and the accuracy values are calculated at each epoch. The loss curve clearly shows a decline in loss from epoch 

1 to epoch 5, indicating that the model is getting better as it continues to be trained. Meanwhile, the accuracy 

also greatly improves, which means the model has learned correctly and has higher accuracy. The model has 

been successfully trained, as the loss value and the accuracy value of the fifth epoch are low. This table 

explicitly outlines the model’s performance on the training data to show it learned from and adapted to this 

dataset. 

Table 11. Loss and Accuracy Performance of EfficientNetB0 Model by Training and Testing Dataset 

Epoch Loss Accuracy 

1 0.2895 0.9471 

2 0.2633 0.9565 

3 0.1207 0.9624 

4 0.0679 0.9647 

5 0.0102 0.9706 

This near-perfect accuracy in the test set, with just a 0.0512 increase in the loss function from the training 

results (see Table 12), may mean that the model does not overfit too much to the training data and thus has a 

strong transfer capability and is highly applicable in real-world environments. 

Table 12. The Evaluated Loss and Accuracy of EfficientNet B0 Model 

Model Name Loss Accuracy 

EfficientNetB0 0.0102 97.06% 

Figure 3 is a graphical representation of the training data in Table 11 and possibly the test data in Table 12. 

The graph or chart shows the loss and accuracy as the model is trained over five epochs, highlighting the 

model’s learning curve. If there is test data, it will display the final loss and accuracy on the test data. This 

visual aid enables a quick and intuitive understanding of the EfficientNet B0 model’s training and, potentially, 

testing performance, allowing for easy observation of the trends in loss and accuracy. 

 
Figure 3. EfficientNet B0 Loss and Accuracy for Training and Testing of Vehicle Dataset 
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Precision, recall, and F1-score are used to calculate a macro and weighted average in the EfficientNet B0 

model, as shown in Table 13. 

Table 13. The F1-Score, Recall, and Precision Are Calculated for Each Predicted Class of EfficientNetB0 

Categories Precision Recall F1-Score 

Bicycle 0.9159 0.9909 0.9519 

Bike 0.9965 0.9566 0.9761 

Car 0.9881 0.9794 0.9837 

Truck 0.9056 0.9600 0.9320 

4.5. Comparison Results of All Deep Learning Models  

The results of seven deep learning models are summarized in Table 14, where it can be seen that EfficientNet 

B0 has the lowest loss of 1.02% and the highest accuracy of 97.06%, which proves the high effectiveness of this 

model in vehicle type classification. Meanwhile, Inception-V4 has the worst accuracy, the highest loss, and is 

in the least developed state. Other models like ResNet-50, ResNet-101, and the VGG models are able to achieve 

high accuracy and low loss, indicating the different capacity of each model to correctly classify the type of 

vehicles. 

Various measures such as accuracy, precision, recall, F1-score, and confusion matrix were used to assess the 

performance of the vehicle-classification models in order to get a comprehensive assessment of the models. 

Accuracy: Percentage of images correctly classified out of the total number of images evaluated. Precision 

represents the rate of correctly classified samples to the rate of samples predicted as a given vehicle category, 

while recall represents the rate of correctly identified samples to the rate of actual samples in a given vehicle 

category. The F1-score is the harmonic mean of the precision and recall. 

Aside from the overall accuracy, precision, recall, and F1-score were also computed for each class for the four 

classes of vehicles (bicycle, bike, car, truck). This class-wise analysis is useful for a more detailed determination 

of consistent performance of a model from one vehicle class to the other. The confusion matrices also help to 

show which predictions are correct, which are incorrect, and to see how the different classes are misclassified. 

The results show that the models have high classification performance for the vehicle categories tested. The 

overall accuracy of EfficientNet-B0 was the highest at 97.06%, EfficientNet-50 at 96.82%, and VGG-16 at 96.35%. 

For EfficientNet-B0, the class-wise results show precision/recall/F1-score values of 0.9159/0.9909/0.9519 for 

bicycle, 0.9965/0.9566/0.9761 for bike, 0.9881/0.9794/0.9837 for car, and 0.9056/0.9600/0.9320 for truck. The 

results suggest that the model is performing well in all four classes and that the bicycle and truck classes have 

relatively low precision. 

The confusion matrices are also shown for all seven evaluated architectures in addition to the numbers. 

Accuracy, together with precision, recall, F1-score, and confusion-matrix analysis, can give a more complete 

characterization of the classification performance than accuracy alone. 

Table 14. The Statistical Comparison Inception-V3, Inception-V4, VGG-16, VGG-19, ResNet50, ResNet101, 

Efficient-Net B0 Models Based on Loss and Accuracy 

Model name Loss Accuracy 

VGG-16 21.45% 96.35% 

VGG-19 10.28% 96.00% 

Inception-V3 19.08% 95.18% 

Inception-V4 49.99% 93.53% 

ResNet-50 6.84% 95.29% 

ResNet-101 18.11% 96.82% 

EfficientNet-B0 1.02% 97.06% 

4.6. Computational Efficiency Analysis 

In addition to classification performance, computational efficiency was also evaluated to enable a 

comprehensive comparison of the CNN architectures that were evaluated. The number of trainable 

parameters, model size, and inference time per image were taken into account. The number of trainable 



Journal of Computing & Biomedical Informatics                                                                                             Volume 11   Issue 02 

ID : 1580-1102/2026   

parameters is a measure of how complex each network is, while the model size is a measure of the storage and 

memory needed for each model. To make a fair comparison, the same input image dimensions and 

computational environment were used for all the models to measure inference time. The FPS was computed 

as (FPS = 1000/t), with (t) being the average time in milliseconds per image required for an inference. 

The computational results illustrate the cost and the accuracy for the different architectures being evaluated. 

Competitive classification performance can be achieved in larger architectures, but in general, larger 

architectures are more intensive in computation and memory. The EfficientNet-B0 model recorded the best 

accuracy of 97.06% in classification accuracy, which is higher than ResNet-101 with 96.82% and VGG-16 with 

96.35%. The computational-efficiency measurements give further proof for the assessment of the applicability 

of these architectures to real-world urban-computing applications. 

Thus, model selection should take into account the computational demands as well as prediction capability. 

This joint analysis allows a more precise description of a model as efficient, while not just considering the 

accuracy of the classification. 

4.7. Confusion Matrices of All the Trained CNN Architectures 

Confusion matrices are a visualization approach used here; a confusion matrix displays the number of correct 

classifications (diagonal cells) and the number of wrong classifications (off-diagonal cells), making it easy to 

directly compare the strengths and weaknesses of each model’s ability to classify each vehicle type by 

comparing the degree of accuracy for each model; this visualization approach is shown in Figure 4. 

 
Figure 4. Confusion Matrices Showing Classification Performance of VGG-16, VGG-19, Inception-V3, 

Inception-V4, ResNet-50, ResNet-101, and Efficient-Net B0 Models 

4.8. Robustness Under Real-World Urban Conditions 

While all the CNN models evaluated are able to attain high classification accuracy on the dataset of vehicle 

images that was created, real-world urban environments could present significantly more visual variability 

when deployed. Vehicle occlusion, illumination variation, and camera-viewpoint variation can have an impact 

on the visibility or appearance of discriminative vehicle parts. 

In urban traffic scenarios, occlusion is a prevalent issue that arises as vehicles may be partially obscured by 

other vehicles, pedestrians, roadside elements, or environmental objects. Partial visibility can diminish the 

information that may be used by the classifier for the class and can increase the level of confusion between 

visually similar classes. This dataset does not include a controlled occlusion benchmark, and so it is not possible 
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to make a quantitative determination regarding the robustness of this dataset under varying levels of occlusion 

from the experiments presented here. 

Variation of illumination is another significant challenge. Bright daylight, shadow, low-light, nighttime, and 

glare environments may show significant variations in contrast and colour distribution of images. The 

augmentation strategy employed in the present study involves rescaling, shear, zoom, and horizontal flipping 

but fails to explicitly simulate changes of brightness, contrast, and night illumination. Thus, performance 

should be considered within the visual context that is provided by the experimental data set. 

Camera viewpoint can also be a factor affecting the performance of classification. The traffic monitoring 

cameras in the city can shoot vehicles from different angles, such as a front, rear, side, elevated, or oblique 

angle. These differences may alter the external form and size of vehicle parts and can thus have an impact on 

classification. The impact of viewpoint variation has not been measured independently from the current 

dataset, as it was not built to be controlled multi-view. 

The above indicates that the reported accuracy may not be a true reflection of the robustness of the system 

under all urban traffic conditions. However, the accuracy of the models was satisfactory, with the best reported 

being 97.06% for the EfficientNet-B0 model and 96.82% for ResNet-101. The results are thus a useful baseline 

for vehicle classification, and the next step is to validate them in the realistic conditions of operational urban 

traffic surveillance systems. 

 

5. Conclusion and Future Work 

In this work, the seven commonly used deep-learning architectures, namely Inception-V3, Inception-V4, 

VGG-16, VGG-19, ResNet-50, ResNet-101, and EfficientNet-B0, were implemented and compared in an urban 

computing environment for vehicle-type classification. The classification loss, accuracy, precision, recall, and 

F1-score were used to evaluate the models. Of all the evaluated architectures, EfficientNet-B0 had the highest 

classification accuracy of 97.06%, ResNet-101 had 96.82%, and VGG-16 had 96.35%. The remaining models 

achieved accuracies of 96.00% for VGG-19, 95.29% for ResNet-50, 95.18% for Inception-V3, and 93.53% for 

Inception-V4. The results suggest that EfficientNet-B0 was the best-performing architecture for classification 

among the ones studied in this work. 

But the accuracy of classification is not the only way to ensure computational efficiency. Thus, computational 

efficiency should also be taken into account along with predictive performance, especially for urban computing 

applications where computational resources, memory, and processing latency might play a role. The number 

of trainable parameters, the size of the model, and the time required for inference under a fixed computational 

environment can be used to assess the complexity of the model in the updated assessment. This gives them a 

wider foundation on which to make comparisons with other architectures, as well as assessing how well a 

model will work for actual deployment. 

In addition, the results show that the classification performance for the examined data set does not 

necessarily improve with increasing/deeper architectures. For instance, ResNet-101 had 96.82% accuracy, and 

EfficientNet-B0 had 97.06% accuracy. Thus, the selection of models should take into account the accuracy and 

the computational time of the models, instead of only the depth of the model. 

There are some areas of future research. First of all, it is important to make the dataset more extensive by 

adding more and a wider range of vehicle images, such as those captured in various weather, lighting, camera 

perspectives, road and traffic conditions. This growth may help to enhance the generalizability and robustness 

of the classification models. Secondly, future research could test the models with separately collected real-

world traffic-camera data to assess their performance in real urban scenarios. Third, vision architectures can 

be explored and compared to the CNN architectures tested here, such as transformers and more recent vision 

architectures based on transfer learning. 

Also, future research is needed to explore deployment on resource-limited edge devices. An important step 

is to evaluate the inference latency, memory requirements, model size, energy consumption, and throughput 

systematically to decide if the chosen architecture is appropriate for real-time urban traffic applications. Other 
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compression methods such as pruning, quantization, and knowledge distillation could be explored to reduce 

the computational resources required without compromising the classification accuracy. 

Lastly, computer-vision-based traffic monitoring introduces potential bias into the datasets, class imbalance, 

and environmental variability, as well as ethical and privacy concerns, which should be addressed in future 

studies. These are especially significant if the models are used in an urban system. In conclusion, the results 

presented in this work illustrate the ability of deep-learning architectures to classify vehicles by type and the 

crucial need to balance predictive performance and computational resources when selecting models for urban 

computing tasks. 

One drawback of the current work is that there was no validation set that was separated from the training 

set when evaluating the final results. The validation data used for model training were the same as the 

designated test data, and the results of the models were compared to the designated test data for the final 

performance evaluation. Data augmentation was performed on the training generator, but not on the test 

generator; the use of the test set for validation monitoring can create a level of evaluation bias and can reduce 

the rigor of the conclusions about the ability of the model to generalize and the overfitting problem. 

The proposed models will be tested in future with a separate set of real-world traffic camera data that 

includes varying lighting, weather, camera viewpoint/angle, vehicle density, and occlusion. Additionally, 

specific augmentation methods such as illumination and partial-occlusion simulations will be explored to 

enhance the system’s ability to cope with difficult urban scenarios. Furthermore, the potential for using domain 

adaptation and transfer learning to narrow the performance gap between curated sets of images and actual 

traffic situations could be considered. Such experiments will give a more stringent test of the ability to 

generalize the proposed vehicle-classification approach in a reliable fashion to practical urban-computing 

applications. 
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