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Abstract: Vehicle classification has an important role in the efficient implementation of Internet of
Things (IoT)-based intelligent transportation system (ITS) applications. Nowadays, because of their
higher performance, convolutional neural networks (CNNs) are mostly used for vehicle classification.
However, the computational complexity of CNNs and high-resolution data provided by high-quality
monitoring cameras can pose significant challenges due to limited IoT device resources. In order to
address this issue, this study aims to propose a simple CNN-based model for vehicle classification in
low-quality images collected by a standard security camera positioned far from a traffic scene under
low lighting and different weather conditions. For this purpose, firstly, a new dataset that contains
4800 low-quality vehicle images with 100 × 100 pixels and a 96 dpi resolution was created. Then,
the proposed model and several well-known CNN-based models were tested on the created dataset.
The results demonstrate that the proposed model achieved 95.8% accuracy, outperforming Inception
v3, Inception-ResNet v2, Xception, and VGG19. While DenseNet121 and ResNet50 achieved better
accuracy, their complexity in terms of higher trainable parameters, layers, and training times might
be a significant concern in practice. In this context, the results suggest that the proposed model could
be a feasible option for IoT devices used in ITS applications due to its simple architecture.

Keywords: bad weather; deep learning; intelligent transportation system; tiny images

1. Introduction

The use of intelligent transportation system (ITS) applications, such as traffic flow
monitoring [1,2], automated parking systems [3,4], and autonomous driving [5,6], has
gained increasing interest over the last few years. Obviously, vehicle classification has an
important role in the efficient implementation of ITS applications [7–9]. For this reason,
various vehicle classification methods have been proposed in the literature. Vehicle clas-
sification methods are mainly categorized as vision-based, sound-based, remote sensing,
contact-based, off-road-based, and hybrid methods [10]. Among these methods, vision-
based methods are mostly studied in the literature due to their lower system installation,
lower maintenance and operational costs, and higher efficiency [11].

In vision-based vehicle classification methods, image sequences of traffic scenes
recorded by various types of cameras, which are able to feature the visual characteris-
tics of a vehicle, are used. Typically, a vision-based method comprises two main stages. In
the first stage, visual features are obtained by utilizing hand-crafted extraction methods. In
the second stage, classification is performed by classical machine learning classifiers trained
on the extracted features. Although vision-based methods perform well when compared
to other existing classification methods, larger datasets and prior knowledge are strictly
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required in order to maintain high performance and consistency. Therefore, deep learning
(DL)-based methods, which are able to directly learn feature characteristics from large-scale
image datasets, have been introduced to achieve better classification accuracy [12].

Currently, the use of DL approaches based on convolutional neural networks (CNNs)
is the current trend. Particularly, CNNs are widely used for vehicle image classification
because of their ability to learn hierarchical features from images. In fact, the use of CNNs
is very popular among the research community due to the several reasons, such as working
well on both large and small datasets, extracting both low- and high-level features from
images, and achieving the same performance with fewer computational resources compared
to other DL approaches. They have been shown to achieve state-of-the-art performance on
a variety of vehicle image datasets [13–24]. In [13], a method based on a semi-supervised
CNN is provided for vehicle classification from vehicle frontal view images. In [14], a fine-
grained vehicle classification model is proposed for ITS applications. A CNN-based vehicle
classification method consisting of pre-training and fine-tuning steps is proposed in [15].
In [16], a deep CNN model is presented for vehicle classification in traffic surveillance
systems. In [17], a CNN framework is proposed for vehicle type classification and vehicle
color classification in surveillance videos. In [18], a Faster Region convolutional neural
network (Faster R-CNN) is proposed for vehicle classification. Moreover, an improved
Faster R-CNN method for vehicle classification is proposed in [19]. A modified R-CNN for
vehicle classification is also proposed in [20]. To improve the performance of fine-grained
vehicle classification, a channel max pooling approach is presented in [21]. In [22], the
use of various CNN-based models on non-laned heterogeneous traffic images for vehicle
classification is presented. Moreover, a vehicle classification model based on transfer
learning with a deep CNN is proposed in [23].

On the other hand, the Internet of Things (IoT) has now become a very popular concept
that has important potential to reconstruct various areas of daily life [25]. Nowadays, vari-
ous IoT-based ITS applications, such as safer roads [26], autonomous vehicles [27], parking
management [28], and traffic management [29], have been proposed in the literature. In IoT-
based ITS applications, a network of a large number of interconnected electronic devices,
including cameras, smartphones, or sensors, can be used. For this reason, massive amounts
of data are expected to be generated. Then, it is essential to effectively process and analyze
such large amounts of data. Here, a CNN-based framework (model) could be a good choice
due to its higher performance on large-scale datasets. However, using a CNN-based model
might be computationally complex in practice. This significantly prohibits its usage on
edge devices in IoT-based ITS applications, where the limited computational capabilities
and resources are the most significant concerns. Hence, it is strictly necessary to choose a
simple CNN-based model for IoT-based ITS applications.

The methods presented in [13–24] are proposed for real-time ITS applications that use
high-quality monitoring cameras. Although these types of cameras provide high-resolution
(or frame rate) videos or images, their higher cost leads to an important concern in the
deployment of IoT-based ITS applications. Instead, when low-cost surveillance cameras
are used alternatively, significant challenges are expected to be faced in the classification
process. Particularly, these challenges can be aroused by various factors, including the low
quality of images due to image blurring, low or adverse lighting conditions, and various
weather conditions, such as hazy, rainy, or snowy scenes. To overcome these challenges,
a few CNN-based classification methods have been introduced in the literature [30–36].
Among these, only the study presented in [36] addresses vehicle classification for low-
quality images collected by a low-cost and low-resolution surveillance camera used for
security purposes rather than traffic monitoring. However, poor imaging conditions, such
as low lighting conditions and various weather conditions (hazy, rainy, or snowy), are not
taken into account in vehicle classification.

This article, as a follow-up study of [36], is devoted to proposing a simple but efficient
CNN-based model for vehicle classification in surveillance images collected by a standard
security camera positioned distant from the traffic scene under various imaging conditions.
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The primary goal is to minimize the number of trainable parameters and reduce resource
usage, which are the most critical concerns for the effective deployment of ITS on IoT
devices that have limited computing power and memory resources. For this purpose, a
new dataset, which contains 4800 low-quality vehicle images with 100 × 100 pixels and
a 96 dpi resolution collected in low lighting (adverse illumination and nightlight) and
different weather conditions (hazy and rainy), was created. Then, the proposed model
and other well-known CNN-based models, such as DenseNet121, ResNet50, Inception v3,
Inception-ResNet v2, Extreme Inception (Xception), and VGG19, were tested on the created
dataset. Next, their performances were comparatively assessed in terms of accuracy and
complexity metrics. The main contributions of the study presented in this article can be
summarized as follows:

• A simple CNN-based model is proposed for the classification of low-quality vehicle
images in low lighting and adverse weather conditions.

• A new dataset containing low-quality vehicle images collected in various environmen-
tal conditions is created.

• The efficiency of the proposed model is verified by conducting a comparative anal-
ysis with several well-known CNN-based models. Due to its lower computational
requirements and acceptable accuracy, it is shown that the proposed model could be
implemented on edge devices in IoT-based ITS applications.

The remainder of this paper is structured as follows: In Section 2, the related works
presented in the literature are reviewed. In Section 3, the proposed model is presented.
This is followed by Section 4, where the details of the experiments on the created dataset
are described. Then, experimental results are discussed in Section 5. Next, in Section 6,
discussions based on the achieved results are summarized. Lastly, concluding remarks are
provided in Section 7.

2. Related Work and Problem Statement

As mentioned in the previous section, one of the most important difficulties for vision-
based vehicle classification methods is the low resolution of the data due to environmental
conditions such as low lighting and undesirable weather conditions. In this context, several
CNN-based models have been proposed in the literature to solve this difficulty [30–36].
In [30], the performance of a typical CNN architecture in vehicle detection and classification
using samples obtained from low-resolution traffic videos is investigated. The sample used
in the experiments has a resolution of 704 × 480 pixels. In the experiments, various traffic
and weather conditions are considered. In [31], a model based on the AdaBoost algorithm
and deep CNNs, including VGGNet, AlexNet, and GoogLeNet, is proposed to classify
vehicle images with a resolution of 224 × 224 pixels captured in various conditions, such
as rain, haze, and night. In [32], a CNN model is proposed for vehicle classification with
low-resolution images. The samples used in the experiments are obtained by decreasing
the vision quality of high-resolution images of the BIT-vehicle dataset [13]. Particularly, all
the samples selected from the dataset are resized to a resolution of 32 × 32 pixels. In [33],
a method based on Faster R-CNN for vehicle detection and classification in real-time
applications is proposed. The proposed method is tested on field videos (720 × 480 pixels,
at 25 fps) under different weather conditions, such as rain, day, and night. In [34], another
method that employs a Generative Adversarial Network (GAN) is proposed to classify
tiny vehicles. The idea behind the method is to generate high-resolution images from
distant vehicles, which are fuzzy and blurred because of their low resolutions. In [35], a
CNN-based vehicle classification architecture is proposed for real-time ITS applications
in adverse light conditions. Different types of data augmentation are applied to expand
the dataset containing vehicle images with a resolution of 224 × 224 pixels. As a summary,
Table 1 lists the relevant works and provides information for the utilized models, data
properties, environmental conditions, and settings.
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Table 1. Summary of relevant works.

Ref. Model Data/Image Properties Environmental Conditions Camera Settings

[30] CNN
• 28 × 28 pixels
• Random-view images

• Daylight
• Sunny and rainy weather

Low-resolution cameras set
close to the ROI with a
depression angle view

[31] AdaBoost algorithm
and deep CNNs

• 224 × 224 pixels
• Rear-view images

• Daylight and nightlight
• Rainy and hazy weather Traffic surveillance cameras

set close to the ROI with a
depression angle view

[32] Modified CNN
• 32 × 32 pixels
• Frontal-view images

• Daylight and nightlight
• No weather conditions

[33] Faster R-CNN

• Multi-resolution
images, including
image widths of 1056,
864, 512, and 320

• Frontal- and
random-view images

• Daylight and nightlight
• Rainy weather

Traffic surveillance
cameras set close to the
ROI with both depression
angle and dashcam view

[34] GAN
• No resolution

information
• Random-view images

• Daylight and nightlight
• No weather conditions

Cameras set close to the
ROI with a dashcam view

[35] ResNet
• 224 × 224 pixels
• Random-view images

• Daylight
• No weather conditions

Traffic surveillance
cameras set close to the
ROI with a depression
angle view

[36] Modified CNN
• 100 × 100 pixels
• Random-view images

• Daylight
• No weather conditions Security surveillance

camera distant from the
ROI with a wide
depression angle viewOur Work Modified CNN

• Daylight and nightlight
• Rainy and hazy weather

As can be deduced from Table 1, in [30–35], the vehicle image data used for vehicle
classification are collected by monitoring or surveillance cameras that are perfectly oriented
toward the region of interest (ROI), such as a traffic scene or a road. It should be noted
that the cameras used in data collection are not distant enough from the ROI. Moreover,
the proposed models are relatively heavyweight, which might make them unsuitable to be
implemented on edge devices in IoT-based ITS applications that have limited computational
capabilities and resources. Therefore, in order to address these issues, the study presented
in [36] proposes a simple CNN-based model for vehicle classification in low-resolution
images collected by a standard surveillance camera installed far from the ROI. Particularly, it
is shown for the first time in the literature that vehicle classification is possible with tiny and
low-resolution images collected by a low-cost camera used for security purposes rather than
traffic monitoring. However, one of the major challenges in vehicle classification, which
can be attributed to the low resolution of images due to environmental conditions, such
as low lighting and various weather conditions, is not addressed. Thus, it becomes very
important to provide a simple CNN-based approach in order to overcome this challenge.

3. Overview of the Proposed CNN-Based Model

IoT-based ITS applications require large networks of interconnected devices to gen-
erate massive data. As mentioned earlier, CNN-based models are suitable for processing
large datasets. However, their computational complexity limits their use on edge devices.
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Therefore, simple CNN-based models might be preferred for IoT-based ITS applications
due to the limited computational capabilities and resources.

On the other hand, in this study, the main intention is to make vehicle classification
possible with tiny and low-resolution images collected by a low-cost camera, which are
used for security purposes rather than traffic monitoring, in low lighting and various
weather conditions. To this end, a CNN-based model that has a simple architecture is
proposed. In this way, it is expected that the proposed model could provide useful insights
to overcome the challenges associated with accuracy and speed requirements for IoT-based
ITS applications.

Figure 1 shows the architecture of the proposed model. As can be seen from the figure,
the architecture is mainly composed of two stages: (a) a feature extraction network, and
(b) a regularization and output layer.
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In the first stage of the architecture, four convolutional layers, four batch normalization
layers, and three max pooling layers are used. This stage corresponds to the feature
extraction network, where each convolutional layer has a 3 × 3 filter size. The convolutional
layers used for feature extraction are designed in such a way that the depth increases
with each additional layer. The first convolution layers (called shallow layers) extract
macro details, while the last convolution layers (called deep layers) extract micro features.
Such a design reduces the number of parameters by avoiding the transfer of unnecessary
features to the next layer downstream while maintaining good performance. The first
two convolution layers have a depth of 32 and 128, respectively, whereas the last two layers
both have a depth of 512. Rectifier linear unit (ReLU) is used as the activation function for
convolutional layers. Each convolutional layer uses a stride value of 1, and the padding
is set to be the same in order to keep the output size of the convolutional layers the same
as the input size. Batch normalization is used to stabilize the network. It allows the use
of a much higher learning rate, which can speed up the training process. As shown in the
figure, a batch normalization layer is used after each convolution layer. Moreover, in the
network, down-sampling is performed by max pooling layers deployed after the first three
convolutional layer groups. The first max pooling layer has a stride value of 4 and a pool
size of 4, while the next two have a stride value of 2 and a filter size of 2 × 2.

In the second stage of the architecture, a flatten operation is applied after the con-
volutional and batch normalization layers to reshape the output of the first stage into a
single-dimensional feature vector to be passed to a fully connected layer. The flatten opera-
tion is performed by the flatten layer from the TensorFlow and Keras libraries. This layer
takes a three-dimensional matrix (6 × 6 × 512) inherited from the batch normalization layer
that precedes it, and reduces it to a one-dimensional vector (1 × 18,432). To prevent overfit-
ting, the fully connected layer consisting of 16 hidden units is used, where ReLU is utilized
as the activation function. A dropout layer is then used to randomly drop out hidden
units. As is known, the dropout layer is mainly used to avoid overfitting. In the proposed
model, the dropout layer is also used to act as a regularization method, approximating
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the concurrent training of many nodes in the fully connected layer. During training, some
neurons in the fully connected layer are ignored or dropped at random. For each epoch,
the layer update during training is carried out with a different perspective. Therefore, the
dropout layer is beneficial in order to break apart circumstances in which network tiers
co-adapt to fix mistakes committed by prior layers, making the model more robust. Since
the hidden fully connected layer has 16 units, while the output fully connected layer has
five units, the dropout layer is implemented between these two layers. A high dropout
rate would be too severe for such a network with a low number of units, while a very
low dropout rate would not provide all the benefits of the dropout layer in order to avoid
overfitting. Therefore, in the proposed model, the dropout rate is set to 0.3, which means
that 30% of the inputs will be randomly dropped in each epoch. After the dropout layer, a
final fully connected layer with six units (classes) is used, where the Softmax function is
applied for classification.

4. Experiments

Experiments were conducted to evaluate the efficiency of the proposed model. In this
section, the whole process followed in the experiments is described.

4.1. Dataset and Preprocessing

In order to test the proposed model, a new dataset containing vehicle images under
low-quality imaging conditions was created [37]. Similar to [36], before creating the
dataset, a set of video recordings was captured by a low-cost security surveillance camera
monitoring a particular square in Konya, Turkey. The camera, which has a wide depression
angle view, was mounted on one of the minarets of a mosque near the square. The
installation height of the camera was 12 m. The position of the camera is shown in Figure 2a.

The video recordings were acquired in various conditions, such as daylight and
nightlight, along with rain and haze. As an example, the views from the camera in daylight
haze, daylight rain, and nightlight rain are shown in Figures 2b, 2c and 2d, respectively. It
is clear from the figures that the camera placed on the minaret was distant from the traffic
scene. Here, the traffic scene was considered the ROI for further processing.

The data acquisition was followed by cropping the vehicle images from the recordings.
Specifically, the vehicle images with a 96 dpi resolution were manually cropped from each
of the video frames. All the cropped images were then grouped into six classes, namely,
bike, car, juggernaut, minibus, pickup, and truck. In this way, 800 vehicle images were
collected for each class, resulting in a dataset containing 4800 vehicle images. In Figure 3,
the samples of vehicles cropped from the video frames are shown.

Before feeding the data into the network during the training process, the data were
preprocessed using a simple approach. The pre-processing step is essential to prepare
the data before the training process. Thus, the images were divided into classes so that
the model could learn to distinguish between different types of vehicles. The images
were also normalized to ensure that they were all of the same size and format. In this
context, each class was indexed to encode the data. After encoding, the data were resized to
100 × 100 pixels. The features and the corresponding labels were then separated from each
other. Next, the features were normalized to ensure the stability of the training process.

4.2. Implementation Details

Before the implementation, the dataset was separated into training, validation, and
test sets. It is important to note that the test set was used to determine whether the trained
model could generalize its findings to other new data, whereas the validation set was
used to tune the network hyperparameters, excluding parameters and learnable values
(weights and biases). The training set consisted of 3360 vehicle images (70%) while the test
set consisted of 960 vehicle images (20%) and the validation set consisted of the remaining
480 vehicle images (10%).
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For the implementation, the Python programming language with the TensorFlow and
Keras libraries in the VS Code platform was used. In the implementation, the workstation
was equipped with an Intel® Core™ i5-9400F CPU with a 2.90 GHz processor, a NVIDIA
Corporation TU116 (GeForce GTX 1660 Ti) GPU, 6 GB, and the Ubuntu 22.04.1 LTS (64-bit)
operating system.
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In the training phase, the RMSProp optimizer was used due to its more stable training
performance achieved in initial experiments in comparison to other optimizers such as
Adam, Gradient Descent, AdaDelta, and Adagrad. The learning rate of the RMSProp opti-
mizer was set to 0.0001. Moreover, the loss used in the experiments was sparse categorical
cross-entropy, since it produces a category index of the most likely matching category.
Furthermore, a checkpoint function was implemented with validation accuracy with the
monitor and mode set to maximum in order to save the best weights. Additionally, a
callback function was used with validation loss as monitor and patience set to 5. The
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training was completed in 60 epochs, where the batch size was set to 32, and the dropout
layer was set to 0.3. Both the proposed model and the models introduced in Section 5.2
were trained and tested on the same dataset, software, and hardware. The input data
were the normalized images, and the target data were the vehicle classes associated with
each image.
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5. Results

The results obtained from the experiments are discussed in two steps. In the first step,
the effectiveness of the proposed model on the created dataset is evaluated. In the second
step, the performance of the proposed model with the well-known CNN-based models is
comparatively assessed.

5.1. Performance of the Proposed Model

In order to validate the proposed model on the created dataset, learning curves of
the proposed model, namely, the training and validation accuracy and loss curves, were
obtained. The overall training and validation accuracy and loss curves of the proposed
model are shown in Figures 4a and 4b, respectively. The proposed model achieves a training
accuracy of 99.3% with a training loss of 10.4%, and a validation accuracy of 95.5% with a
validation loss of 32.0%. From the figures, deviations in the accuracy and loss curves of
the proposed model can be easily observed in the first five epochs. However, after epoch 5,
the curves converge toward each other. Overall, it is clear that the proposed model is well
trained, and overfitting is not observed.
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5.2. Comparison with Well-Known CNN Models

The use of CNNs in various applications has been thoroughly studied by researchers
in the past few years [38,39]. With the advent of new ideas, powerful hardware and
extensive datasets enable the development of various improved models, such as VGG [40],
ResNet [41,42], Inception [43], DenseNet [44], MobileNet [45], and Xception [46]. On the
other hand, transfer learning is a technique in which a pre-trained model on a similar task
is used as a starting point for training a new model on a different task. In this study, the
variants of these models, including DenseNet121, ResNet50, Inception v3, Inception-ResNet
v2, Extreme Inception (Xception), and VGG19 architectures, were selected to be used as
benchmark models due to their higher performances in image classification.

On the other hand, transfer learning is a technique in which a model pre-trained on
a similar task is used as a starting point for training a new model on a different task [47].
The well-known CNN models that were used for benchmarking in this study have been
developed and highly optimized for specific tasks. Transfer learning gives the option to
use the layers of these models for a new task without the need to design a new model and
optimize it. In general, transfer learning has several benefits, which include providing
better performance, saving training time, and requiring fewer data. Therefore, in this study,
transfer learning was used to train benchmarking models on the created dataset.

The comparative performances of the proposed model and the CNN-based models are
summarized in Table 2 in terms of overall test accuracy and loss, the number of layers, the
parameters used in the architectures, the elapsed training time, the inference time, f1-score,
recall, and precision. Moreover, the comparison between the proposed model and the
CNN-based models in terms of classification accuracy for each vehicle type is presented in
Table 3.

Table 2. Performance comparison between the proposed model and the CNN-based models.

Models Accuracy
(%) Loss (%) # Layers # Parameters

(Million)
Training

Time (min)
Inference
Time (ms)

F1-Score
(%) Recall(%) Precision

(%)

DenseNet121 97.4 22.8 431 ~7 27 1.8 97.41 97.11 97.75
ResNet50 97.4 24.7 179 ~24 32 1.7 97.4 97.11 97.74

Proposed Model 95.8 30.1 15 ~4 9 0.9 95.52 95 96.26
Inception-ResNet v2 95.3 22.2 784 ~54 48 2.8 95.03 94.69 95.4

Xception 95.2 25.6 136 ~21 35 1.6 94.87 94.3 95.63
VGG19 94.4 47.6 26 ~20 49 6.9 93.92 93.67 94.24

Inception v3 93.3 37.3 315 ~22 25 1.4 93.19 93.12 93.28
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Table 3. Vehicle type based accuracy comparison between the proposed model and the CNN-
based models.

Models
Accuracy (%)

Bike Car Juggernaut Minibus Pickup Truck

DenseNet121 99.38 99.06 93.33 93.12 92.57 96.68
ResNet50 100 99.06 95.62 92.5 92.35 96.88

Proposed Model 100 98.75 91.22 90.62 93.46 95.62
Inception-ResNet v2 98.75 97.19 93.49 86.88 90.62 95.94

Xception 99.38 96.56 92.54 83.75 90.47 95.4
VGG19 98.12 95.62 89.6 86.25 85.99 93.75

Inception v3 96.88 95.61 96.23 81.12 86.24 91.88

As can be seen in Table 2, with an accuracy of 97.4%, both ResNet50 and DenseNet121
have better overall test accuracy than the other models. Similar results can be achieved
when the performances of the models are compared in terms of f1-score, recall, and precision
metrics. On the other hand, the proposed model achieved better performance when
compared to the Inception v3, Inception-ResNet v2, Xception, and VGG19 models in terms
of test accuracy, f1-score, recall, and precision metrics. This is also the case when the results
listed in Table 3 are evaluated.

In practice, it is necessary to consider the energy consumption and hardware limita-
tions of IoT devices. Thus, the complexity of the models versus their accuracies needs to be
evaluated properly. Although both ResNet50 and DenseNet121 have better classification
accuracy than the others, there is a significant drawback stemming from their design space.
In Table 2, it is clear that their design space is larger because of the high number of parame-
ters and layers used in their networks. For instance, the ResNet50 model has 179 layers
with around 24 Million (M) parameters, whereas the DenseNet121 model has 431 layers
with around 7 M parameters.

From Table 2, it is evident that a larger design space adversely affects the training
and inference times of the models. Specifically, it took about 32 and 27 min (min) to train
the ResNet50 and DenseNet121 models, respectively, while the inference time was about
1.7 and 1.8 milliseconds (ms) for the ResNet50 and DenseNet121 models, respectively.
Therefore, there might be some limitations in practice due to the higher computational
requirements and resource consumption of these models. At this point, it is obvious
that a simple but accurate model needs to be used at the expense of accuracy. When the
experimental results are evaluated from this perspective, the efficiency of the proposed
model can easily be observed in terms of the number of layers, the trainable parameters, the
training time, and the inference time. In comparison to the other models, the architecture of
the proposed model has a lower number of layers (15 layers) and the trainable parameters
(around 4 M). Additionally, the proposed model is faster because of the fact that the elapsed
training time and the inference time of the proposed model were observed to be around
9 min and 1 ms, respectively. Thus, these results suggest that the proposed model could
be an efficient alternative to the well-known CNN-based models to be used in IoT-based
ITS applications.

The proposed model has a higher loss compared to most of the CNN-based models, as
it has fewer layers. Deeper models extract more features from images, leading to lower loss
values. However, deeper models also have more parameters, which increases training and
inference time. The proposed model is designed to be simple but efficient for IoT devices;
hence, it sacrifices some accuracy for speed.

6. Discussion

In general, designing DL models for practical applications requires computational
accuracy, model size, and the relationship between the number of trainable parameters and
training or inference time. Training and inference time are directly related to the complexity
of the model. Models with fewer parameters are expected to achieve faster training and
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inference times. In IoT applications, it is necessary to design efficient models with low
computational load and minimum memory requirements. Obviously, by minimizing the
number of parameters while sustaining high accuracy, models could be used in IoT devices
that have limited storage and computing power. In this context, due to its small size
architecture and computational efficiency, we believe that the model proposed in this article
is suitable for IoT-based ITS applications where resource usage is a significant concern.

The experiments conducted in this study demonstrate that the proposed model is
effective in comparison to several well-known CNN-based models in terms of accuracy
and complexity on the created dataset [37]. Nevertheless, it is important to note that the
proposed model is specifically developed for vehicle classification in low-quality imaging
conditions. Even though the proposed model has obvious potential to provide reasonable
performance in IoT-based ITS applications, there are still certain concerns that need to be
addressed. First of all, the CNN-based model proposed in this study was built to solve
a particular classification problem considering low-quality vehicle images captured by
imperfectly installed surveillance cameras under poor imaging conditions such as low
lighting conditions and various weather conditions. Therefore, the effectiveness of the
proposed model was tested on only the created dataset. Since other publicly available
datasets contain high-quality images, they were not considered in the assessment of the
proposed model’s efficiency and performance.

Another concern may be related to the size of the created dataset. In general, CNN-
based models have superior performance on large-scale image datasets. The dataset created
in this study, on the other hand, is relatively small and contains 4800 images, as mentioned
in the previous sections. In fact, small-sized datasets may lead to significant challenges
in building an efficient prediction model. In this case, it might be difficult to provide an
efficient prediction model that achieves higher accuracy rates [48]. For instance, when
the experimental results listed in Table 3 are considered, it can be seen that all the models
provide relatively lower classification accuracy for the vehicle types, such as juggernaut,
minibus, and pickup. One of the reason for the low accuracy can be described by a high
variation in such vehicle types’ images, which highly differ in size and the type of load being
transported. This may then create confusion with other types of vehicles. Additionally,
the presence of advertisement logos on the semi-trailers of some juggernauts could be
another reason for the low accuracy. They might divert network attention, which could
adversely affect the classification performance. Therefore, in order to achieve more robust
results, the dataset size needs to be increased. Nevertheless, the overall experimental results
show that the proposed model could achieve acceptable accuracy even with a small-scale
image dataset.

Furthermore, similar to [36], a method for vehicle detection from the video frames was
not utilized. Instead, the vehicle images were manually cropped from the video frames,
which were then saved in a dataset. However, as is already well known, in order to provide
efficient vehicle classification, a robust vehicle detection algorithm needs to be employed in
a traffic monitoring system. Currently, the authors are focused on the development of a
proper vehicle detection algorithm that can be integrated into the classification schemes
presented in this study.

7. Conclusions

In this study, a simple CNN-based model for vehicle classification in IoT-based ITS ap-
plications was proposed using surveillance images collected by a standard security camera
installed far from the traffic scene in low lighting and different weather conditions. The
proposed model and other well-known CNN-based models were tested on a newly created
dataset. According to the results, with an accuracy of 95.8% (or F1-score of 95% or more),
the proposed model achieved better overall classification performance when compared
to the Inception v3, Inception-ResNet v2, Xception, and VGG19 models. On the other
hand, both the ResNet50 and DenseNet121 models achieved the best performance, with an
accuracy of 97.4%. However, the proposed model has advantages in terms of its simple
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architecture, which consists of 15 layers, while the ResNet50 and DenseNet121 models use
179 and 431 layers, respectively. Accordingly, the number of trainable parameters is around
4 M, whereas the number of trainable parameters used in the ResNet50 and DenseNet121
models is around 24 M and 7 M, respectively. From the test results, the effects of simpler
architecture on the elapsed training times for the created dataset were also observed. While
the elapsed training time of the ResNet50 and DenseNet121 models was around 32 min and
2 min, respectively, the training time was found to be around 9 min for the proposed model.

In conclusion, our results verify that the proposed model could be a reasonable
alternative for the classification of low-quality vehicle images in poor imaging conditions
due to its acceptable accuracy and simple architecture. This makes the proposed method a
feasible option to be executed on edge devices in IoT-based ITS applications where their
computational capabilities and limited resources are concerned. It is expected that the
proposed model could operate effectively in such applications with low computational
resources. Particularly, the simple architecture and computational efficiency of the proposed
model make it implementable in real-world settings, such as traffic flow monitoring, where
a fast response time is crucial to avoid traffic congestion. Therefore, it is believed that this
study might offer some new insights into the development of future ITS applications.

In the future, we aim to provide a vehicle detection algorithm that can be employed to
extract vehicle images from low-resolution video frames recorded by a low-cost surveillance
camera under various imaging conditions. This will enable us to achieve a complete system
that can be used in practice. Additionally, this will also enable us to increase the dataset size,
which may have an impact on the proposed model’s applicability to real-world settings.
Nevertheless, the evaluation of the proposed classification model needs to be enhanced by
considering additional metrics. In this way, it could be possible to discuss the limitations
and strengths of the proposed model for practical applications.
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