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Abstract—With the goal of creating a model that satisfies the
demands of detecting vehicles on the road in real time and delivers
high FPS speed and high accuracy, we propose enhancements to the
YOLOvV4-tiny detector in this work. We suggest a modification to the
FPN to increase the semantic and location information between the
higher and lower levels. Also, to further solve the issue with NMS, we
employed soft-NMS in our model. Moreover, to address the drawbacks
of the IoU, we proposed a way to improve anchor clustering. The
experimental results show that our proposed model outperforms the
basic model with 3.29% higher mAP and 1.17 higher FPS.
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Object detection and its sub-tasks, such as object
classification and localization, multi-object detection, instance
segmentation, object tracking, and scene understanding, have
attracted a lot of attention for the purpose of solving life's daily
difficulties [1], [2]. In recent years, a variety of useful solutions
for addressing object detection issues have been established. The
researchers' efforts have resulted in several changes to [3]'s
initial structure in two primary paths. The first path is the
improvement in model architecture. Over the years, researchers
have developed several novel and innovative architecture
designs that have significantly improved the accuracy of object
detection systems. Some of the key improvements include
Feature Pyramid Networks (FPN) [4], Multi-scale feature maps
[5], Anchor-based detection [6], and Non-maximum
suppression (NMS) [7]. The second path of progress is to deal
with network dense connections in different ways to improve
object detection accuracy at various scales [8], [9].

INTRODUCTION

Real-time object detection is a computer vision task that
involves detecting and locating objects in real-time with a low
latency such that the output of the object detection system is
produced in close to real-time. This is important for applications
where immediate processing is required, such as surveillance
systems, self-driving cars, and augmented reality. However, in
order to meet the requirement of real-time processing, the
models used in these systems are often optimized for speed,
either by using lightweight models, running the models on
specialized hardware (such as GPUs or TPUs), or using efficient
algorithms for object detection [10]-[12].

Several methods and techniques have been developed to
increase the accuracy of object detection systems, including
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two-stage object detectors like Faster R-CNN [6] and Mask R-
CNN [13] and single-shot object detectors like YOLO [14] and
SSD [15]. Many object detection systems have demonstrated
impressive accuracy over a wide range of benchmarks.
Nevertheless, this accuracy comes with a cost since these
algorithms are computationally expensive and need a lot of
resources to run and learn. This high computing cost can make
it challenging to implement object detection algorithms in real-
world applications. As a result, there is an increasing interest in
designing lightweight object detection algorithms that are quick
and efficient while still maintaining a high level of accuracy.

Moreover, regardless of the remarkable results in public
datasets, real time vehicles detecting in real-world applications
still poses a number of challenges due to several reasons such
as; (1) occlusion where vehicles on roads can be partially or fully
occluded by other objects, (ii) lighting variations where the
lighting conditions on roads can vary greatly, especially during
different times of day or in different weather conditions, (iii)
high variability in vehicle appearance and (iv) distance
variability where vehicles on roads can be at varying distances
from the camera, making it difficult for a detection system to
accurately detect and localize these objects [1], [11]. Current
object detection algorithms tend to prioritize accuracy over
speed, and as a result, many of the most accurate algorithms are
computationally expensive and cannot run in real-time. To
address this challenge, researchers are exploring ways to
improve the speed of object detection algorithms while
maintaining a high level of accuracy [15].

With the aforementioned obstacles in mind, the goal of this
paper is to investigate and propose a real-time vehicle detection
lightweight model. We suggest an enhanced YOLOv4-tiny [16]
model based to detect vehicles in real time in light of
compromising between accuracy and FPS. The contributions of
our research are: (i) We propose an improvement on the FPN
method to enhance the ability of the model to increase semantic
and localization information between the higher and lower
levels, (ii) We propose replacing the NMS with an alternative
method to address the problem of removing the prediction box
when there is a high overlap between two adjacent vehicles, (iii)
We propose an improvement on K-means clustering to improve
the model's ability to differentiate in aspect ratio and to improve
its ability to determine how far apart two samples are from one
another, and (iv) The D-VehU dataset is created to carry out the
experiments we conducted for this paper.
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Authors of [17] proposed a low-cost method for detecting
patterns in photos, and it discusses the performance concerns
that [18] experienced. Rather than the utilization of key-point
pairs, it adopts the usage of triplet key-points in order to localize
objects, which enables the network to extract additional
information out of the input image. In addition to that, a platform
based on the benchmark of Mask Region-based CNN (R-CNN),
is given, and it accomplishes state-of-the-art detection
performance. [19] proposed using a weighted Bi-Directional
Feature Pyramid network (BiFPN), a novel way to aggregate
object features.

RELATED WORK

YOLO is a detector family that was first coined in 2015 [14].
YOLO is a cutting-edge algorithm that is known for being both
highly efficient and incredibly compact, making it one of the
greatest contemporary algorithms for real-time applications.
YOLO converts a locating problem into a regression problem
and detects the things in one stage. On the MS COCO dataset,
YOLOV4 [16] achieved a running speed of around 65.7 frames
per second and a precision of up to 43.5 % through using state-
of-the-art approaches and tricks like Bag of Freebies (BoF) and
several Bag of Specials (BoS) strategies. BoF increases the
detector’s precision with no increase in the implementation time.
The BoS, on the other hand, increases object detection accuracy
while only raising the cost of inference by a tiny amount. The
authors have developed CSPDarknet-53 by incorporating Cross-
Stage-Partial (CSP) connections into the backbone structure, as
inspired by [19]. The basic idea of CSP is to utilize both the low-
level and high-level features in a CNN to improve the
performance of object detection. CSP uses a series of cross-stage
partial connections (CSPs) that combine features from different
stages of the network to improve the feature representation.

YOLOvV4-Tiny: computing resources in real-world
applications are limited to a small number of integrated GPUs or
even embedded CPUs with restricted memory. Many academics
have proposed lightweight object detection systems as a solution
to this problem. The YOLOv4-tiny model is a smaller version of
the standard YOLOvA4. It consumes fewer computing resources
and memory and finds things more quickly. While its detection
accuracy is reduced, it is adequate for various applications like
pedestrian detection, agriculture detection, and vehicle detection
[20]. One of the essential differences that distinguishes the
YOLOV4-tiny from its standard sibling is its smaller architecture
network size. Instead of CSPDarknet-53 backbone, the
YOLOv4-tiny is less deep and contains fewer layers, as shown
in Fig. 1, for the purpose of reducing network complexity and
computational costs. The head component has been decreased
from 3 scale predictions (13x13, 26x26, and 52x52) as in the
standard version to only 2 scale predictions (13x13 and 26x26).
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Fig. 1. YOLOv4-tiny network architecture.

Moreover, rather than utilizing the Path Aggregation
Networks (PANet) and Spatial Pyramid Pooling (SPP) that the
standard YOLOv4 model utilizes, YOLOv4-tiny uses a Feature
Pyramid Network (FPN) to extract feature maps at different
scales to enhance detection time. The network uses a bottom-up
approach to extract features from the input image, and then uses
a top-down approach to refine and combine these features into a
single feature map. This allows the network to preserve both
high-level semantic information and fine-grained details in the
same feature representation, which is beneficial for detecting
objects of different sizes.

III.

We came up with several techniques we did on the original
model, inspired by some previous research [21], [22], that
enhance our model's effectiveness and achieve better
performance.

METHODOLOGY

A. Improved FPN

The primary principle of the PAN approach, which is used
by YOLOv4-tiny in the neck between the backbone and the
detecting head, is to gather contextual information from different
scales while boosting the acquisition of fine-grained features. In
YOLOv4-tiny, F6 is made by placing a 1x1 convolution layer
after C6. To facilitate concatenating with the C5 and retrieving
the F5, the C6 is run and up-sampled. This procedure is depicted
in Fig. 2. When this procedure is examined, it turns out that the
PAN only uses one path to fuse the detailed information, and
that path is from the lower level to the higher level.

To address the FPN's limitation of just having one path for
information fusion, we propose adding a cross fuse to increase
semantic and localization information between the higher and
lower levels. The first phase of the proposed improved
method uses the same technique as the PAN to extract F6 and
F5, and then, before delivering the fused information to the
detector's head, we add a cross fuse between the outputs of F6
and F5 to extract a stronger and richer representation of
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Fig. 2. The regular PAN used in the original work, (b) The improved PAN.

information in both RS and R6. Where RS5 is the result of the
procedure of concatenating the F5 and the up-sampled F6, and
R6 is the result of concatenating the F6 and down-sampled F5.
Lastly, the values of RS and R6 are used to feed the head of the
detectors. Fig. 2 illustrates this process.

B. Improved NMS

The NMS mechanism depends on choosing the prediction
box that has the highest confidence score and setting a threshold
according to which it removes all nearby prediction boxes that
overlap with the chosen predicted box by an amount higher than
the threshold, while keeping the prediction boxes whose
overlaps value are less than the threshold value. This process is
represented by the mathematical equation (1):

5 = {Si, IOU(M,bL) < Nt (1)
i=10, IoU(M,b,) =N,

Where b; stands for the detected box, s; stands for
confidence score, M stands for the highest score value and N,
stands for the threshold. In applications for detecting vehicles on
the roads in real life, it often happens that one vehicle is occluded
by another vehicle from the viewpoint of the camera. This
blocking sometimes results in the overlap between the two
vehicle detection boxes being high. Here appears the problem of
using the NMS that will remove the prediction box of the
blocked vehicle. Fig. 3 shows the problem of removing the
prediction box using NMS that if there is a high overlap between
two adjacent vehicles, the NMS will delete the prediction box of
the vehicle that is behind.

For this reason, and for the purpose of overcoming this
problem, we adopted the use of Soft-NMS [23] in our model.
The idea of the soft-NMS method is based on decaying the
scores of the adjacent prediction box with a high score of
confidence so that it avoids deletion when compared to the
threshold value. The effect of this rescoring is higher for the
neighboring prediction box with a high score of confidence than
for those with a lower score of confidence. This rescoring is
done by using two linear and Gaussian functions as shown in the
equations (2) and (3) respectively.
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Fig. 3. Missed targets in NMS algorithm detection.
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In this way, whenever the overlap value is high and close to one,
the penalty will be high, while it is lower, the lower the overlap
value. Thus, we can avoid the drawback of the traditional NMS
method and have a better ability to make the algorithm to deal
with occluded vehicles.

C. Improved k-means clustering

The anchor box approach is used to increase the algorithm
model's recall rate [6]. Basically, the idea of an anchor box is to
specify a fixed-size set of initial boxes to be used to locate
objects in the image. The precision and quickness of the model's
detection will be significantly affected by the anchor box's
design's since it effects on the loss function's ability to converge
during the training of the model. The height and width of all
actual boxes of the objects in the dataset has a key impact on the
aspect ratio and the dimensions of anchor boxes. Consequently,
for the sake of the a steady and expedite convergence during the
training of the model, it is vital to choose the proper aspect ratio
and anchor boxes sizes for various datasets.

The K-means clustering technique finds K groups or
classes in the provided dataset by using distance as the similarity
index, and sets a center for every class using the mean value
calculated out of each group data points. Euclidean distance is
used by the typical K-means to determine how far apart two
samples are from one another. For clustering and choosing the
possible box on the dataset (MS COCO dataset [24]) used by
the original work, IoU was adopted by the original YOLOv4-
Tiny algorithm.

In our work, we adopted the use of GloU as it solves the
dilemma that the traditional IoU suffers from which is
represented in its inability to discern between distinct alignments
of two objects. From Fig. 4 we can notice that although the
aspect ratio is different for the green box in Fig. 4-a and 4-b, the
IoU gives the same value because it is purely dependent on the
result of dividing the intersection of the two boxes, red and
green, by their union. Therefore, IoU is unable to differentiate
between each aspect ratio, which results in difficulty for the
network to determine which of the two boxes is more
appropriate to the cluster box. On the other hand, the GloU, due
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Fig. 4. A comparison showing the difference in the aspect ratio value. The
ToU produces equal value for two different pixels as in (a, b) while the GIoU
is able to differentiate between the two pixels and shows two different
values. In part (c), the smallest box that includes both boxes show the
mechanism for calculating the GloU.
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to its more comprehensive calculation method, gives different
results when overlapping two different aspect ratio boxes with
the ground truth box, as shown in the GloU values in Fig. 4-a
and 4-b. These different GloU values make it possible to
distinguish the aspect ratio and thus a better ability to know
which boxes are the most appropriate. The green rectangular in
Fig. 4-c is the smallest box that includes both boxes A and B,
and it is the region that GIoU takes into account according to its
calculation formula as in equation (4).

[4nB| _ |C\(AUB)|

GloU =
|AUB| [4]

“

Where A stands for the sample box size, B for the cluster box
size, C for the smallest size of the rectangle box that jointly
encloses the sample box and the cluster box. And finally, the
C\(A U B) donates the value that represents the area difference
between the union of the two boxes A and B with the area of the
box C.

IV. EXPERIMENTS

A. Dataset

Taking into account the previously mentioned settings for
installing the camera and calculating the interest region's
distances, a dataset of eight video clips, two minutes long each,
was created during daytime traffic activity on one-way public
streets from four locations across the east of London, UK. Video
clips were at 30 fps and at 1920 x 1080 resolution. For the first
two minutes of each video clip, we captured screenshots at a rate
of one per two seconds. By doing this, we were able to obtain
480 images. After removing any images that did not include
vehicles, we were left with 453 images for our dataset, which we
named D-VehU. We utilized the free tool Labellmg [25] to label
the images before implementing some augmentation techniques.
We made some augmentation at the pixel level, such as blurring
and the difference in lighting, which reflects the realism of the
detection on the ground. We also added some augmentation on
the spatial level, such as the flip on the horizontal level. Thus,
after this process, we ended up enlarging our dataset from 453
to 1359 images. The sizes of the images were modified to
416x416 pixels. To prevent corrupting the aspect ratio of the
vehicles, black padding was added to the photos to retain their
aspect ratios.
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Fig. 5. Loss curve over 6000 iterations.

B. Results

In our experiments, in which we tested the model's
performance on unseen images, we used the following hardware
specification and testing settings; NVIDIA GeForce GTX 1060,
16 GB RAM, Core-i7 and the settings were batch size is 16,
subdivisions is 16, learning rate is 0.00261, momentum is 0.9,
decay is 0.0005, and the iterations was set to 6000. Looking at
the loss curve during training, Fig. 5, it can be noted that the
model achieved minimum losses smoothly and quickly during
the training iterations, and the reason for this is due to the design
of the model that uses the Leaky ReLU function and its high
ability to learn. This is also a positive indicator that the model
learned the characteristics of the vehicles well during the
training period.

Both models produce above the minimum frame rate for
real-time  applications and meet real-time operating
requirements (24 fps). By delivering a higher FPS of 54.06 as
compared to the 53.43 achieved by the original model, the
proposed model demonstrated superiority over the original
model with an increase of 1.17%, demonstrating the usefulness
and efficiency of the suggested adjustments in our model.
Furthermore, the suggested model outperformed the original
model in terms of mAP, with values of 96.66 and 93.53,
respectively which represents an improvement of 3.29%. Fig. 6
shows a comparison of the results of the base model and the
proposed model in terms of FPS and mAP.
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Fig. 6. A comparison of results in terms of FPS and mAP between the base
model and the proposed model.



TABLE 1. ABLATION STUDY RESULTS.

Improvements Baseline | Exp.1 Exp.2 Exp. 3 Exp. 4
Improved FPN ~ ~
Soft NMS N N
Improved
clustering N N
. mAP 93.53 95.46 94.2 94.06 96.66
Metrics
FPS | 5343 | 5336 | 5333 | 5423 | 54.06

We also examined the effect of the proposed improvements
and their reflection on the performance of the model separately
in the ablation analysis, and the results were as shown in Table
L.

The results show that the improved clustering anchor played
the major role to improve the FPS performance because the
model’s ability to distinguish the aspect ratio and thus a better
ability to know which boxes are the most appropriate.
Furthermore, the improved FPN and the adoption of soft-NMS
played a better role in improving the mAP as a result of the
model's higher ability to generate richer feature maps as well as
better handling of adjacent predicted boxes of vehicles. Fig. 7
displays some of the results of the images that show the
performance of the proposed model in detecting vehicles on the
roads.

V. CONCLUSION

In this paper, we suggest an improvement to the YOLOV4-
tiny detector with the aim of obtaining a model that meets the
requirements of detecting vehicles on the road in real time. We
proposed an improvement in FPN to increase semantic and
localization information between the higher and lower levels.
Moreover, we adopted soft-NMS in our model to address the
problem of NMS which tends to remove the prediction box when
there is a high overlap between two adjacent vehicles. We also
suggested an improvement on anchor clustering by using the
GIoU to overcome the shortcomings of the ToU. We trained and
evaluated the suggested model on the D-VehU dataset. Our
proposed model has 3.29% greater mAP and 1.17% higher FPS
than the base model. The results showed that the proposed model
could be a good fit for road vehicle detection applications.
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