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ABSTRACT

In an advanced intelligent transportation system vehicle recognition and classi-
fication is very significant. In current research trend, recognition of vehicles is
done by using machine learning (ML) and computer vision techniques. Vehicle’s
multi-view images or videos with different lighting conditions are annotated and
given to the deep neural network to build an automated system to recognize the
vehicles models. The augmentation of data can increase the number of sam-
ples in learning, with the small available datasets. Geometric transformations,
brightness changes, and different filter operations are applied to the data through
data augmentation. Furthermore, be orthogonal experiments we determine the
optimal data augmentation method to obtain 96% accuracy in results. Detailed
information is reported based on the classification of four different types of vehi-
cles and the results show that convolutional neural network with 16 layers deep
techniques are effective in solving challenging tasks while recognizing moving
vehicles.
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1. INTRODUCTION
In the era of smart transportation and artificial intelligence (AI), the application of computer vision

techniques to recognize Indian car makes and models represents a groundbreaking advancement with significant
implications for various industries. This introduction provides an overview of the importance, challenges, and
potential solutions in implementing a computer vision system tailored to identify and classify Indian car makes
and models. The Indian automotive landscape is characterized by a diverse range of car makes and models,
each catering to specific market segments and consumer preferences. Efficiently recognizing and classifying
these vehicles can offer a myriad of benefits, including improved traffic management, enhanced security, and
valuable insights for businesses such as insurance and retail.

The complexities of the Indian automotive environment poses challenges for accurate car make and
model recognition. Factors such as variations in vehicle design, diverse weather conditions, and the presence
of customized or locally modified vehicles necessitate sophisticated computer vision algorithms capable of
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handling this unique diversity. Computer vision, a field within AI, enables machines to interpret and make
decisions based on visual data. By leveraging techniques such as image processing, feature extraction, and
deep learning, computer vision systems can be trained to recognize intricate details that distinguish one car
make and model from another. AI and Machine learning (ML) is having tremendous scope in this digital era.
Hence, researchers will have an opportunity to work with advanced techniques. In recognition of objects using
ML, convolution neural network (CNN) is widely used in most of the recent research work. In deep learning
the amount of pre-processing task will be less while compared with other classification techniques.

For recognition of objects in natural scenes, CNNs are one of the best types of neural networks for
image processing [1]. CNN is predominantly used in many research works on face recognition and traffic sign
board detections. In CNN standard algorithms can be used to perform the task by applying suitable filters
and spatial and temporal dependencies with low cost and without using large resources [2]. CNNs, which are
inspired by visual cortex, are similar to neurons in the human brain.

2. LITERATURE SURVEY
Tremendous of research is going on vehicle make and model recognition system. I referred research

papers on VMMR employing deep learning and ML in image processing for my work. Jain and Kumar [3]
uses the logo which appears in front and rear view of the vehicle to recognize the maker of the vehicle. They
scale invariant feature transform (SIFT) key points to localize the vehicle logo. Later features are extracted
and feature matrix is created for training samples. Later template matching is performed for the logo features
extracted in testing sample. They have reported around 70

Petrovic and Cootes [4] used licence plate as a region of interest to extract the features and matching.
They used nearest neighbour algorithm for classification of characters in licence plate. Similarly, Cheung and
Chue [5] in the paper “Analysis of features for rigid structure vehicle type recognition” used two methods for
feature extraction and matching. They also used SIFT key points as features and descriptors for matching the
query car image with its database images. The second approach used was Harris Corners for interest point
detection and fast normalized correlation for feature matching.

In the bag-of-features (BoF) approach used by Siddiqui et al. in their paper “Real-Time Vehicle Make
and Model Recognition based on a Bag-of-SURF-Features” [6], used the BoF model using SURF feature
extractor. A vocabulary of words or features was formed by clustering SURF features of the images, next the
classification was done using support vector machines (SVM) classifier.

Zhou et al. [7], in their paper “Image based Vehicle Analysis using Deep Neural Nets. . . ” used a pre-
trained neural network ‘AlexNet”. Although, the AlexNet originally is trained to recognize 1,000 categories of
different objects, authors used it to distinguish between various categories of cars. Two approaches were used,
the first one was to extract features from higher layers of the CNN and then classify using SVM classifiers.
The second approach was to fine tune the neural network to be used for VMMR system. Another paper named
“View Independent Car Make and Model and Color Recognition” by Dehgan et al. [8], authors trained a deep
neural network for VMMR using a very large image data set consisting of millions of images. Their system is
known as “Sighthound”. Different approaches are made to recognise the vehicles and different traffic elements
on Indian roads using computer vision techniques in my early work [9]-[22].

3. METHOD
Proposed system architecture is shown in Figure 1. It consists of different stages. Experimental factors

are determined in first step along with choosing the proper levels. The professional knowledge and experience
help in choosing the experimental factors [23]. Factors include translation, brightness, rotation, image zoom,
and four different filter procedures used as common data augmentation methods. For each factor only three
kinds of levels are chosen at the experimental level, at the run time many levels are increased.

3.1. Image acquisition
Three different databases of images were used to create the image data sets we used. The first was

the CompCars database which is a comprehensive cars picture database consists of images from surveillance
cameras, and the second database having images from internet resources. The third data set was constructed by
us. Approximately 10,000 images were collected in total and images were first divided into two groups training
and testing images.
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Figure 1. The workflow of our proposed VMMR system architecture

3.2. Data preprocessing
Segmented images are employed for the purpose of data augmentation. The data augmentation tech-

nique is utilized on the training images to augment the number of image samples in the dataset. By employing
the data augmentation method, the quantity of training samples in the dataset can be expanded. To reduce the
time required for experiments, the factors are divided into two parts: one pertains to the brightness of the image,
while the other encompasses geometric transformations and image filters. Various geometric transformations,
such as rotation, translation, scaling, and brightness adjustments, are applied to the segmented image. Addi-
tionally, as part of the data augmentation experiments, different filter operations like bilateral filters are applied
to the same segmented image. These augmented datasets are subsequently utilized to establish the training
dataset. Table 1 presents each data augmentation level along with the methods and parameters employed to
achieve the data augmentation.

Table 1. Experiments with image brightness and orthogonal geometric transformation
Methods Parameters Level 1 Image Level 2 Level 3

Image zoom Scale cooefficient 1.2 1.5 1.8
Image translation (∆x,∆y) in Equation (1) (12,10) (18,15) (24,20)

Image rotation Rotation angle θ 10 25 40
Image brightness Scale cooefficient 1.2 1.5 1.8

Mean filter Window size 3× 3 4× 4 5× 5
Median filter Window size 3× 3 5× 5 7× 7

Gaussian filter Window size 3× 3 5× 5 7× 7

Bilateral filter Window size 3× 3 5× 5 7× 7

3.3. Establishing training set
In a deep learning, data labelling is a necessary step. To establish the training dataset before feeding

into the CNN model annotation is very important. Annotation of images can be do in different ways like
bounding box, polynomial segmentation, 3D cuboids, key-point and Landmark, Lines and Splines many more.
In computer vision the most common type of annotation method is drawing a bounding box for the object to be
trained in CNN model. A rectangular box is drawn for the target object. This helps to find the location of the
target object using x-axis and y-axis coordinates of the top left corner and bottom right corner of the bounding
box. These bounding boxes are generally used for localization and object detection. Like this, annotations are
done on the augmented images and these set of images are used to train the system for recognition of vehicle
make and model.
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3.4. CNN model
Car make and model recognition (CMMR) can accomplished be modifying the visual geometry group

(VGG-16) network for pretrained models. Fine-tuning is a technique for adjusting the parameters of a CNN
model for a specific region in the pretrained dataset [24]. In the Figure 2, the input RGB image size is adjusted
to 224× 224 for the network. This deep CNN’s architecture is consisting of 13 convolutional layers, 5 pooling
layers, and 3 fully connected layers, each with 54 channels. The depth of network is increased in VGG-
16 architecture by appending many convolution layers with kernel size 3 × 3 and these kernels with small
size perform well in successfully completion of work. With the size of convolution stride of 1 and spatial
padding of 1, we can preserve the spatial resolution. Five max pool layers are used for down sampling, pooling
layers are followed by some convolutional layers. With stride of 2 and with pixel window of size 2 × 2, max
pooling layers are achieved. Convolution layers and fully connected-layers utilises rectified linear unit (ReLU)
activation functions and in the last layer utilised the SoftMax function.

Figure 2. An illustration of CNN model architecture

In the train model, a training dataset is used, and a forward propagation neural network with multiple
layers is used to compute the output. The value returned from the ReLU function is assigned to C and using
this features are mapped in the convolution layer.

C = φ(H(x, y)) (1)

Where the ReLU function is represented by φ(.).

φ(H(x, y)) = max(0, H(x, y)) (2)

H(x, y) =

′∑
m,n∈s

W (m,n)l′i(x+m, y + n) + b

Where weight of the kernel matrix is denoted by W and b the bias φ(.) represents activation function and H in-
dicates sigmoid; Results of the ReLU function accelerates network convergence and reduces computation when
compared with different activation functions like tanh and sigmoid. Along with this, gradient of sigmoid or
tanh functions approaches zero as the absolute value of H(x, y) increases. Hence activation of these functions
will lead to vanish the gradient problem. But this is not a problematic in ReLU when H(x, y) > 0.

Next to the convolution layer we have max pooling layer with kernel of 2 × 2. In order to reduce
the number of parameters and network spatial size, this pooling layer is utilised. This in turn helps to avoid
overfitting. P denotes the pooling layer’s output map. Calculation of P is as follows.

P = g(C) (3)

Where g() is used to find the max value. This function selects the maximum value in the window and rejects
the other values, while windows move across C. To ease the overfitting dropout layers are utilized. During each
training phase, 0 is set to neuron at the output with a probability of 0.5. These neurons will not contribute for
forward propagation and back-propagation, this helps in prevention of overfitting and also these neurons are
called “dropped out”.

Fq = φ(

′∑
m,n∈s

W (m,n)P (x, y) + b) (4)
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In the network’s loss function L is used to denote the SoftMax-loss function and using mini-batch
gradient method our model is trained.

L = − 1

m
φ(

M∑
i=1

j∑
q

Tilog(Pq) (5)

Where a batch of one iteration, number of images are represented by M and network output at neuron
q is represented by pq , by using the SoftMax function we can calculate the probability of the model’s prediction,

Pq =
exp(Fq)∑j
z=1 exp(Fz)

(6)

weight is denoted by w and is updated using back-propagation algorithm, Z indicates number of batches and J
indicated the number of classes. Rule to update w is as follows.

∆vt = µvt−1 − α
δL

δω′ (7)

w
′

t = wt +∆vt (8)

To accelerate the convergence, momentum coefficient is used which is denoted by µ(weusedµ = 0.9),
), value of the weight which is previously updated is denoted by ∆vt−1, at every iteration t current weight is
denoted by wt, and learning rate is denoted by α, 0.001 is the basic learning rate of α0 is 0.001. The rule to
update α is,

αj = αj−1 ∗ γ
t
u (9)

where gamma parameters are denoted by γ(γ = 0.1) and stepsize denoted by u ( u is 10,000) algorithm 1
explains working nature of our proposed method. Training sample pictures are acquired using VMMR algo-
rithm. To increase the number of training samples data augmentation is used such as geometric transformation,
image filter operations or brightness manipulations. Using these augmented training samples the CNN model
is trained. At the time of testing, untrained samples given to the trained model to recognize the vehicle make
and model.

Algorithm 1. Car make and model recognition
1. Samples of vehicle pictures are captured;
2. The training dataset is established by augmenting the samples in training folder;
3. loop foreach iteration from t to tmax, do
4. if t% value of stepsize is 0 then (t is defined in equation (7))
5. α is updated which indicates the rate of learning; (α is defined in equation (8))
6. condition termination
7. loop for training every image I0 to k do
8. Using forward propagation algorithm output of each layer is computed;
9. end for

10. Using back propagation algorithm weight ω is updated
11. end for
12. for each image in test folder do
13. Using forward propagation algorithm output of each layer is computed;
14. Computed the prediction result as ρ;
15. Display the Vehicle make and model name;
16. end for

3.5. Testing
The performance of the VMMR is demonstrated and evaluated using 5-flod cross-validation. The

effect of different augmentation methods is analysed using range analysis method. Range analysis method is
more spontaneous compared with other analysis methods. R is used to denote the range value, which indicates
the importance of the corresponding factor. Finally, to predict the vehicle make and model a custom model is
generated by training with the CNN.
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4. EXPERIMENTAL RESULTS
For experimentation purpose around 3,750 images are trained, which contributed to make a total of 4

classes, or categories of cars. In this supervised learning method sample images are annotated before training.
Experimental output is shown in Figure 3. Assuming that each class comprises J vehicles, the collection of
original car photos is defined by I = Ik|k[1, N ], whereIk signifies input car image and total number of original
images are denoted by N. To augment the original training samples best data augmentation techniques are used.
The performance of our method is demonstrated and using 5-fold cross-validation is used for performance
evaluation. Experimental output is shown in Figure 3. Figure 3(a) shows image classification and Figure 3(b)
shows vehicle recognition.

(a)

(b)

Figure 3. Experimental output (a) image classification and (b) vehicle recognition

Four folds are used for model training and remaining folds are used for testing. 83.5% is the average
accuracy obtained for 5-fold cross-validation is shown in Figure 4. These findings demonstrate that augmented
data combined with a deep CNN model can significantly increase VMMR accuracy when training samples are
minimal are shown in Table 2 and Table 3.

Figure 4. The recognition performance of different number of training samples
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In Table 2, we present a comparison of various combinations of levels and factors related to data
augmentation methods. Here, K1 represents the sum of the lth current factor, while k1 signifies the average
of K1. The data in Table 2 highlights that the highest range value corresponds to image rotation, indicating
its significance as the primary factor. Furthermore, the impact of factors is arranged in descending order
within the table. Based on the information provided, it is evident that the optimal combination for geometric
transformation and image brightness involves utilizing the 3rd level of image zoom, the 1st level of image
translation, the 1st level of image rotation, and the 3rd level of image brightness.

Table 2. Experiments with image brightness and orthogonal geometric transformation
Levels Image zoom Image translation Image rotation Image brightness Accuracy

1 1 1 1 1 83.3%
2 1 2 2 2 79.6%
3 1 3 3 3 81.5%
4 2 1 2 3 83.3%
5 2 2 3 1 83.3%
6 2 3 1 2 83.3%
7 3 1 3 2 83.3%
8 3 2 1 3 85.2%
9 3 3 2 1 81.5%

K1 244.4 249.9 251.8 248.1
K2 249.9 248.1 244.4 246.2
K3 250 246.3 248.1 250.0

k̄1=K1
3

81.47 83.30 83.93 82.70
k̄2=K2

3
83.30 82.70 81.47 82.07

k̄3=K3
3

83.33 82.10 82.70 83.33
R 1.86 1.20 2.46 1.26

The outcomes of orthogonal experiments conducted on filter operation are detailed in Table 3. It is
evident that the bilateral filter exhibits the widest range, indicating its significant impact. To assess the impact
of bilateral filter and image translation factors, we applied both to enhance the same original samples and
compared the accuracy of vehicle recognition. The accuracy achieved when training the samples with bilateral
filter is 74.1%, while the accuracy with image translation is 79.6%. When it comes to data augmentation, it
is advisable to opt for the factor that yields better results. Consequently, the most effective data augmentation
method comprises the 3rd level of image zoom, 1st level of image translation, 1st level of image rotation, and
3rd level of image brightness.

Table 3. Filter operation using orthogonal experiments
Levels Mean filter Median filter Gaussian filter Bilateral filter Accuracy

1 1 1 1 1 81.5%
2 1 2 2 2 77.8%
3 1 3 3 3 79.6%
4 2 1 2 3 79.6%
5 2 2 3 1 85.2%
6 2 3 1 2 77.8%
7 3 1 3 2 79.6%
8 3 2 1 3 81.5%
9 3 3 2 1 79.6%

K1 238.9 240.7 240.8 246.3
K2 242.6 244.5 237 235.2
K3 240.7 237 244.4 240.7

k̄1=K1
3

79.63 80.23 80.27 82.10
k̄2=K2

3
80.87 81.50 79.00 78.40

k̄3=K3
3

80.23 79.00 81.47 80.23
R 1.24 2.50 2.47 3.70
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After, the best data augmentation method is used to augment the original training samples. To demon-
strate the performance of our method, the performance of our method is evaluated using 5-fold cross-validation.
The model is trained on four folds, and tested on the remaining fold. The average accuracy of 5-fold cross-
validation is 86.3%. The result shows that using the deep CNN model with data augmentation can effectively
improve the accuracy of vehicles recognition based on a small number of training samples.

5. DISCUSSION
After, the best data augmentation method is used to augment the original training samples. To demon-

strate the performance of our method, the performance of our method is evaluated using 5-fold cross-validation.
The model is trained on four folds, and tested on the remaining fold. The average accuracy of 5-fold cross-
validation is 86.3%. The result shows that using the deep CNN model with data augmentation can effectively
improve the accuracy of vehicles recognition based on a small number of training samples. As shown in Fig-
ure 4, more samples are used for training; the model gives the higher the accuracy and better performance.
Additionally, with 3,750 samples, we can achieve an accuracy of 98.1

6. CONCLUSION
A novel method is proposed for CMMR with augmented data using CNN model. Various augmen-

tation methods performance is analysed based on the orthogonal experiments. The best augmentation method
which is suitable for the proposed work is determined using orthogonal table. Later, we demonstrated the
accuracy 83.5% obtained in recognition of vehicle using augmented data with deep learning. If input videos
captured in the better lighting conditions, the accuracy of our method could improve to higher rates.
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