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Abstract

Deep convolutional neural networks (CNNs) have shown tremendous success in the detection of objects and vehicles in
recent years. However, when using CNNSs to identify real-time vehicle detection in a moving context remains difficult. Many
obscured and truncated cars, as well as huge vehicle scale fluctuations in traffic photos, provide these issues. To improve the
performance of detection findings, we used multiscale feature maps from CNN or input pictures with numerous resolutions
to adapt the base network to match different scales. This research presents an enhanced framework depending on Faster
R-CNN for rapid vehicle recognition which presents better accuracy and fast processing time. Research results on our custom
dataset indicate that our recommended methodology performed better in terms of detection efficiency and processing time,
especially in comparison to the earlier age of Faster R-CNN models.
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1 Introduction

Technologies of vehicle detection have existed under
development in industry and academics in recent years.
Many state-of-art image identification algorithms have
not been able to compete in the field of vehicle detection
standards. The primary obstacles in automobile identifi-
cation include big differences in object sizes, substantial
occlusion, and considerable fluctuations in light. Sensor-
based algorithms may be used to solve some surveillance
tasks in urban traffic systems, such as vehicle counting

< Rania Salih
rania.salih2 @rsu.edu.sd

> Mohammad Arsalan Khan
arsalan.khan @ifg.uni-kiel.de

>4 Mohammad Mursaleen
mursaleenm @gmail.com

School of Automotive Studies, Tongji University, Shanghai,
China

Department of Geotechnical Engineering, College of Civil
Engineering, Tongji University, 1239 Siping Road,
Shanghai 200092, China

Department of Civil Engineering, Red Sea University,
Port-Sudan, Sudan

[1], license plate identification [2], incident detection [3],
driver facial emotion identification [4-7],and internet of
things (IOT) source location and identification [8]. On
the other hand, vision-based approaches can fully use the
abundance of visual patterns to distinguish target objects
in a human-like manner. For example, radar sensor-based
methods can only identify cars in a relatively small area,
but vision-based systems may use a camera to discover all
the vehicles in a vast viewable region and describe addi-
tional aspects of each detected vehicle at the same time. As
a result, numerous computer vision and machine learning
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models are thoroughly investigated in this study in order
to solve a range of fascinating challenges in intelligent
transportation systems. Researchers have suggested vari-
ous classic vehicle detection algorithms from the earliest
stages of the field to current days [9-15]. The performance
of techniques is determined by handcrafted characteris-
tics. The most often utilized features are the Haar-like [16]
and Histogram of Oriented Gradient (HOG) [17]. The cas-
caded detector [18], exhibiting a commendable level of
precision, stands out as one of the pioneering real-time
detection systems. Two well-known methods of the part-
based design method are Support Vector Machines (SVM)
[19] and deformable part-based models (DPM) [20]. The
researchers focus on three major practical issues in vehicle
detection such as huge variations in light, heavy occlusion,
and big variations in sizes. To solve the issue of high vari-
ance in light, Saini [21] presented a strong CNN model for
traffic management light recognition for autonomous cars.
As input, the framework uses raw picture data, identifies
candidate regions, and later detects and recognizes traffic
lights. Heavy occlusion makes distinguishing occluded
vehicles hard to detect. Phan [22] presented a strategy
for dealing with thick occlusion caused by surveillance
cameras that are fixed. The approach includes background
removal, occlusion detection, and automobile detection,
which extracts occluded cars separately based on exterior
attributes. For big variations of size, Lu [23] has suggested
a scale-aware Region Proposal Network (RPN) to handle
the challenge of identifying vehicles of various sizes. The
scale-aware RPN is composed consisting of two particular
sub-networks: one that detects big proposals and the other
detects little proposals, which are then fed into two differ-
ent XGBoost [24] classifiers to create the final prediction.

The first appropriate technique, known as region-based
convolutional neural network (R-CNN) [25], performed well
in vehicle identification. The region-based convolution neu-
ral network has a region proposal network with the CNN to
outperform HOG [17] features with an SVM classifier. Raw
picture data is fed into a region-based convolutional neu-
ral network, which generates region recommendations. The
region suggestions are then put into the CNN to extract the
features map, and the support vector machine [26] is used
to forecast. In the Pascal VOC 2010 competition, the basic
RCNN obtained a mean average accuracy of 53% and spatial
Pyramid Pooling (SPP) [27] employs a convolution layer
on the whole picture and extracts the features map using
SPP-net, avoiding the high cost of computation of R-CNN.

In 2015, He et al. suggested a faster R-CNN [28] for
object recognition. Faster R-CNN was the primary to use
the Region Proposal Network (RPN) as a candidate genera-
tor for Regions of Interest (Roi). For the COCO [29] and
Pascal VOC [30] two-dimensional object detection stand-
ards, the faster R-CNN performs well. One recent work has
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performed well, with a mean average accuracy of 83.92
percent on the KITTI [31] automobile detection standard.
Another recent work the use of a faster R-CNN with domain
adaption in road vehicles detection research shows about
accuracy 83.1% and 0.56 s testing time on COCO dataset
[32].

Faster R-CNN's competitive performance on the KITTI
vehicle identification benchmark may be explained by one
primary factor that’s the wide range of vehicle scales. The
RPN is fed convolutional feature maps and produces possi-
ble ROI. RPN ignores tiny objects and vehicle overlooking
due to the wide range of vehicle scales. However, we think
there is a scope to further improve the faster R-CNN per-
formance, therefore we propose a model to solve the issue
of wide-scale variance in vehicle detection. Not only for
adequate transportation management or administration but
also for efficient damages detection in insurance solutions,
accurate classification of automobiles into distinct kinds is
critical. Therefore, a work towards automatic damage assess-
ment procedure on vehicles is essential to prevent work acci-
dents that may be caused by individuals while assessing the
damage.

2 Custom dataset creation
2.1 Preparing dataset

This study has created a unique and customized dataset as
well as KITTI Vision Benchmark Suite for training and
evaluation purposes. Every subcategory has at least 66,000
illustrations in our collection. Figure 1 show some samples
of our custom dataset. Our dataset was gathered from the
different roadside and upper sides of a different roads. We
installed the camera at a specific place and recorded videos
at 60 frames per second at a different place for three days.
The images were then retrieved from videos and duplicate
pictures were eliminated. We categorized data following
gathering it according to its classifications. The five cat-
egories in our database are car, bus, truck, motorcycle, and
cycle. We offered images of every category from several
perspectives, including panoramic, front base, and lateral
views. There are 4000 samples capture in this study and
more than 2000 were taken from the KITTI dataset. alto-
gether we got 6000 images and for our training purpose, we
used 4000 images and for validation purposes 2000 images
were used. The dataset is graded on three difficulty levels:
easy, moderate, and hard. The easy type objects are made up
of anchor boxes with the least height of 40 pixels and higher,
the moderate type objects are made up of anchor boxes with
the height of 25 pixels to 40 pixels, and the hard type images
are made up of anchor boxes with a Smaller than 25 pixels
considered as hard.
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Fig. 1 Few examples of our custom dataset

2.2 Annotating dataset

The key difficulties in machine learning involve object
detection and categorization. The detection and classifica-
tion methods help to identify numerous items on the street,
including automobiles, humans, and fixed things like traffic
lights, street signs, and lamp posts. Real-time training data-
sets are required for the creation of identification and classi-
fication methods. However, we created our own dataset with
in different streets with a different expression. The images in
these datasets are typically manually labeled by us. we build
bounding boundaries around the recognized items and save
the features of such objects through an annotation stage like
most of the researchers use some open-source software to
do the annotation process manually[33].

Utilizing the tools, we generate shapes for image segmen-
tation, build anchor boxes in object detection and recogni-
tion, and add captions to the selected regions.

The annotation information is saved in a variety of forms,
including text, JSON, YOLO, XML, ILSVRC, and others.
In our case, we saved the annotation information as XML.
The hand annotation process is very costly and also time-
consuming. For example, the YOLO object detection data-
base requires approximately 35 s to build an anchor box over
an object [28]. Experts use two alternative ways to make the
operation of bounding box annotations affordable and effi-
cient. There are three types of annotation processes: manual,
semi-automated, and completely automatic that we can use.
A manual annotation tool had been employed for manually
labeling the images. This tool allows us to label using a

wide variety of labeling techniques. To date, the tool has
been used to annotate over 6000 photos that are only in the
training dataset which has over 66,000 automobile illustra-
tions. The labeling method that we used is the bounding box
method. The below Figure shows some samples from our
annotation image and annotation XML file information. Our
annotation XML files contain the information as different
vehicle types like the car, bus/truck, cycle/motorbike, and
the difficulty level are easy, moderate, and hard.

3 Methodology
3.1 Theimplemented architecture

At the beginning of our method, we take our custom
annotated dataset as import Then the imported images go
through the base network. In the base network we used dif-
ferent kinds of architecture, those are our modified Vggl6,
ResNet50, ResNet101, and MobileNetV3.The output from
the base network (base network feature map) fed to RPN,
soft NMS, as a result, we got our proposal layer (with anchor
box). Roi pooling layer takes the input from the base net-
work and proposal to perform max polling with transposed
convolution and gives the output as the refined proposal.
Finally, the output of the refined proposal goes through the
classification and regression layer to show the final detection
results with the regression box and classification box. The
suggested approach's general architecture in our research is
illustrated in Fig. 2.
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Fig.2 Proposed conventional faster-RCNN model

3.2 Modified VGG16

As the backbone framework, we have used the modified
VGG 16. It has the large-sized Kernel Filtering, with 11
in the first Convolutional Layer, each with 3 X3 numerous
kernel-sized filters. It is preferable to transmit 224 X224 X 3
to Convl layers, after which the images go through numer-
ous convolutional layers with very narrow filtering of size
3%x3. A 1x1 convolutional filter is also employed in some
circumstances. After every block data goes to the dropout
layer and then batch normalization. Very small size kernels
are layered together around the perception to retain the spa-
tially numerously small shaped kernels layered together on
the receptive field since it assists to understand complicated
features at low cost as numerously nonlinear-layers boost the
depth of the network. The padding is set appropriately (for
the 3 X 3 Convolutional layer, padding is set to 1 x 1 pixels),
however, the strides are set to 1. The spatial Pooling is per-
formed by the five Max Pooling stages; this comes after a
few convolutional layers but is not complete of them. Max
Pooling makes use of the 2 x 2 Pixels Kernel or the window
with the 2 strides. At the last instant of max pooling, we
added a Global Average Pooling (GAP) layer before fully
connecting FC-12 and the SoftMax layer.

We mainly have done modifications on VGG-16 and
named it as modified VGG-16. After every max-pooling
stage of Traditional VGG16, we add a dropout and a batch
normalization layer. The goal of Batch Normalization is to
achieve a stable distribution of activation values through-
out training, and in our experiments, we apply it before
the activation layer. BN layer performs scaling operation
on the outputs of the layer before it. This process brings
stability to the weights updating during the training of the
model. This has the effect of stabilizing and speeding-up
the training process of deep neural networks. In result,
the network weights optimization becomes simplified and

@ Springer

the network achieves loss convergence in lesser time. At
the place of last max pooling, we added a Global Aver-
age Pooling (GAP) layer before fully connecting FC-12
and the SoftMax layer. Traditional VGG16 doesn’t have
a dropout and batch normalization layer in it. With our
modified VGG-16, the weight that has been pre-trained
will be benefited. After adding dropout, batch normaliza-
tion layers and using global average pooling, the modified
VGG16 networks exhibit excellent classification perfor-
mance and shorter testing time. On the other hand, the
other three base network (MobileNetV3, ResNet-101and.
ResNet-50) that we have also tested, those were unchanged
and fine-tuned for our model which didn’t perform well
like modified Vggl6.

From Fig. 3, we can see that the RPN creates a col-
lection of anchor boxes from the base network's convolu-
tion feature map. Those anchors frequently overlap, and
proposals frequently overlap over the identical object. To
solve the problem of overwriting proposals, the soft non-
maximum suppression (SNMS) algorithm is used. The
NMS algorithm is often used to erase duplicate proposals
for many state-of-the-art object recognition techniques,
including Faster R-CNN. Classical NMS eliminates any
other proposal that overlaps a winning proposal by over
a predetermined threshold. The classical NMS algorithm
could remove beneficial proposals surprisingly caused by
heavy automotive occlusion in traffic (Fig. 4).

This study used a soft-NMS algorithm to solve the
NMS problem with overlapped vehicles. The neighboring
proposals of successful proposals really aren't completely
effectively suppressed with soft-NMS. Rather, those are
suppressed relying on the neighboring proposals' updated
objectiveness scores, which are calculated depending on
the level of overlap between the neighboring proposals or
the winning proposal.
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3.3 Refined proposal

The Roi pooling layer is often used in various two-stage
object recognition methods, including Faster R-CNN, and
Fast R-CNN [23], to regulate reducing the size of proposals
to a certain size. The Roi pooling layer employs the max
pooling. that turn the features within each acceptable region
of interest from the proposal layer into a compact feature
map with such a specific geographic area HXW. The hxw
Roi proposal is divided into an HX W matrix of sub-win-
dows of similar sizes of (h/H) X (w/W), and the elements
in every sub-window are max-pooled into the appropriate
output bounding box.

If a proposal size is smaller compared to HX W, that
will be extended to accommodate the extra space by adding
repeated values. Because Roi pooling avoids processing the
convolutional layers again, it may drastically reduce both
training and testing time. Adding repeated values to tiny
proposals, on the other hand, is not acceptable, particularly
with little vehicles, since it may ruin the actual shapes of the
small automobiles.

Furthermore, adding duplicated values for minor pro-
posals would result in erroneous forward propagating
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an error buildup in backward propagation throughout
the training phase. The detection of tiny cars will be
decreased. To reduce the size of suggestions to a fixed
size while preserving the original features of tiny cars and
improving the efficiency of the suggested technique for
identifying small vehicles by the refined proposal.

Figure 5 depicts the refined proposal idea. When the
size of the proposal is bigger than the specified feature size
map output in the refined proposal process, max-pooling is
employed to decrease the proposal's size to a specific size.

When the proposal size is lower than the output fea-
ture map's predetermined size, Transposed Convolution
is used to extend the proposal size to the fixed size. The
proportion between the refined proposal size and the input
proposal size determines the kernel size. Moreover, while
the wideness of a proposal is greater than the stable out-
put feature map's size and the proposal height is lower
than the specified height of the outputs feature, transposed
convolution is used to increase the proposal height while
max-pooling used to decrease the width of that proposal.
The proposal size has been regulated to a fixed size with
improved proposal.
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Fig.5 Refined proposal

Proposal

4 Result and analysis

In this research, we primarily apply the modified Vgg-
16, MobileNetV3, ResNet-101, and ResNet-50 model to
our custom-made dataset, which is then fine-tuned on the
KITTI dataset for the base network. The training environ-
ment utilized for our experiments involved the utilization
of the Nvidia RTX3080 GPU. This high-performance GPU
from Nvidia played a crucial role in accelerating the train-
ing process and enabling efficient model optimization. Its
advanced capabilities provided the necessary computational
power to handle the complex training tasks and achieve opti-
mal results. Each batch normalization layer's weights and
dropout in the pre-trained model were increased to speed
up training and reduce overfitting. Turn after turn, the clas-
sifier and the RPN are trained. A mini-batch is used to train
the RPN initially, with the base network and RPN variables
changed just once. The RPN's negative and positive propos-
als are then used to update and train the classification. The
classifier parameters are adjusted once, then the characteris-
tics of the basic convolutional layers are adjusted once more.
RPN and the modified Vgg-16, MobileNetV3, ResNet-101,
and ResNet-50-based classifier both use the same underly-
ing convolutional layers. The loss function for bounding box
regression and coordinate parameterization are similar to the
traditional Faster R-CNN work. In the loss function, the bal-
ance parameter is set to 1. The loss functions are optimized
using the SGD with momentum. With the learning rate per
mini-batch set at 0.0001, the RPN and the classifier's starting
learning rates are predetermined to 0.0001 and we used 200
epochs for training.

We can see in Fig. 6 that at some time, the training and
validation losses both diminish and stabilize. This demon-
strates that our model's ideal fit does not underfeed or over-
feed the data.
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Fig.6 Training and validation losses

In Fig. 7 The training accuracy and validation accuracy
both stabilize at a specific point which means we got a well-
trained network with modified VGG16 as a base network.

Table 1 shows some of the outcomes of our modified
model. We also discovered that the traditional Faster R-CNN
fails to detect little objects (less than 64 pixels). As a result,
we proposed Modified VGG16 with soft NMS and a refined
proposal to accommodate tiny objects. Table 1 reports the
analysis of the traditional Faster R-CNN and our improved
model comparison.

Table 1 displays the results that our proposed model gives
better MAP and processing time performance than the older
version of Faster R-CNN. Research results indicate that our
recommended methodology performed better in terms of
detection efficiency and processing time, especially in com-
parison to the traditional Faster R-CNN models.
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As we can see from Table 1, our modified Vggl6 and
MobileNetV3 provide a better MAP accuracy and our
model can detect different categories of vehicle (car as
medium size vehicle, bus/truck big size vehicle, and cycle
Motorbike as small size vehicle). Therefore, we decided
to choose modified Vggl6 as a base network for our final
comparison with those recent publication techniques using
the KITTI dataset. We can see the difference of improve-
ment in Table 2.

As we can see from Table 2 our modified Vggl6 and
MobileNetV3 give a better map and our model can detect
different categories of vehicle (car as medium size vehicle,
bus/truck big size vehicle, and cycle/ Motorbike as small
size vehicle) So we decided to choose modified Vggl6 as
a base network for our final comparison with those recent
publication techniques using the KITTI dataset. Later,
Fig. 8 has shown the results of Precision-Recall for three
different categories (car, bus/truck, and cycle/ Motorbike)
average precision (AP) measures given by our model with
modified VGG16 in terms of easy, medium, and hard level.

On our custom dataset, the suggested model with
modified VGG16 has 93.67% for cars, 89.15% for truck/
buses, and 92.52% for motorbikes/cycle Global Accuracy,

Table 2 Results of the different base networks on our proposed model

Base Network Learning Rate mAP  Car Truck/ Bus  Motor-
bike/
Cyclist

Vggl6 0.0001 88.35 90.25 87.43 87.37

Modified 0.0001 91.78 93.67 89.15 92.52

Vggl6

MobileNetV3  0.0001 89.52 9241 90.66 85.49

ResNet50 0.0001 72.61 7542 7225 70.14

ResNet101 0.0001 7599 78.14 75.39 74.45

indicating that it performs well on different hardness level
by pixel of the bounding box.

Our model obtains 91.78% AP on a different degree of
difficulty with a duration of 0.11 s per picture by utilizing a
GPU with 11 GB of RAM.

Figure 9 can show some prediction accuracy in dataset
detection results. Each layer is divided into proposed areas
by our modified VGG16, which also predicts the locations
of many anchor boxes of various scales and sizes for each
object. The predicted box placement is adjusted using a
global optimization, and we can see that our model predicted
accurately although some images have poor lighting condi-
tion and vehicle is located in the shadow area of the road.

We also discovered that the traditional Faster R-CNN fails
to detect little objects (less than 64 pixels). As a result, we
proposed Modified VGG16 with soft NMS and a refined
proposal to accommodate tiny objects.

We tried four different kinds of base networks as feature
extractors (Modified Vggl16, MobilenetV3, ResNet50, and
ResNet101). Using our modified model, we were able to
recognize the automobile category in our custom detec-
tion dataset. In traditional faster R-CNN they used the
classical VGG16 as a feature extractor but in our model
we used modified VGG16 which give better accuracy
and faster testing time. the soft-NMS method replaces
the NMS (non-maximum suppression) method after the
RPN (region proposal network) in the traditional Faster
R-CNN to tackle the issue of duplicated proposals and it
also slightly improve the AP performance. The proposals
are then adjusted to the appropriate size using a refined

Table 1 Our proposed model

. Method Easy Object mAP Moderate Object hard Object mAP Process-
.result 1mpr9vement after mAP ing time (s/
implementing different steps Image)

Faster R-CNN [1] 86.71 81.84 71.12 2
Soft NMS 88.43 86.78 76.31 2
Refined proposal 89.59 91.39 81.24 2
Modified Vggl6 87.27 81.84 73.21 0.11
MobilenetV3 85.42 78.04 69.64 0.13
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Fig. 8 Precision-recall categories with modified VGG16 model on easy, medium and hard levels

proposal layer without compromising vital contextual
information which gives better performance to detect tiny
sized vehicle than the traditional faster R-CNN.

We evaluated our model with the custom dataset for
state-of-the-art detection on the KITTI testing dataset. We
chose to select a slightly unique training dataset that we
were using for assessment on our custom dataset since
the KITTI testing dataset had comparable scenarios to the
training set. Since we often encounter situations in the
testing set where cars appear stranded on the street, we
decided to include heavily occluded vehicles in our analy-
sis. As a result, a dataset containing all occluded labels
were utilized to train the network that was used to sub-
mit to the scoreboard. Aside from that, all of the training
settings were identical. Table 3 presents the performance
of our recommended approach on the custom dataset, as
well as the results of other approaches on the KITTI test
dataset. It provides a comprehensive overview of our posi-
tion in the KITTI benchmark, showcasing the effectiveness
and competitiveness of our proposed method compared to
existing approaches.
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Our proposed model gives better mAP and processing
time performance than the older version of Faster R-CNN.

5 Conclusion and future work

The purpose of this research is also to use deep learning
to get a better understanding of real-time road vehicles,
including preparing our own dataset with image annotation
and vehicle recognition. Tuning the number and density of
the network's convolutional layers demonstrates the neu-
ral network and data flexibility. We chose our modified
VGG16 as the core base network model for the feature
extractor after assessing all of the evaluation indicators in
general. In future work, the major component that needs to
be focused on is a range of photograph collections, such as
lighting settings and background surroundings. CNN mod-
els can readily notice patterns and output with a greater
accuracy rate when given various input components. In
addition, the volume of the dataset can play a role in learn-
ing algorithms.
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Fig.9 Visual representation of detection results on test datasets samples

Table3 . Performance Method Easy Object  Moderate hard Object mAP  Process-
Eanc%argjin on KITTI mAP Object mAP ing time (s/
Image)

Faster R-CNN [10] 86.71 81.84 71.12 2
Faster R-CNN [52] 89.20 87.86 74.72 0.15
Complexer-YOLO[53] 79.43 71.97 67.62 0.06
IA-SSD (single)[54] 83.98 76.37 71.73 0.013
Cascade MS-CNN[55] 94.26 91.60 78.84 0.25
Proposed Method (with original VGG16) 88.35 86.87 77.68 0.14
Proposed Method (with modified Vggl6) 91.78 89.54 79.54 0.11
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