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Abstract: Stemming from the object overlap and undertraining from the few samples, the road dense object
detection is confronted with the poor object identification performance and the inability to recognize edge
objects. Based on this, one transfer learning-based YOLOvV3 approach for identifying dense objects in the road
has been proposed. Firstly, Darknet-53 network structure is adopted to obtain pre-trained YOLOv3 model,
then the transfer training is introduced as the output layer for the special dataset of 2000 images containing
vehicles; in the proposed model, one random function is adapted to intialize and optimize the weights of the
transfer training model, which is seperately designed from the pre-trained YOLOv3; and the object detection
classifier replaces the fully connected layer, which further improves the detection effect, the reduced size of the
network model can further reduce the training and detection time, and can be better applied to actual scenarios.
The experimental results demonstrate that the object detection accuracy of the presented approach is 87.75%
for the Pascal VOC 2007 dataset, which is superior to the traditional YOLOv3 and the traditional YOLOvV2 by
3.05% and 11.15%, respectively. Besides, the test was carried out using UA-DETRAC, a public road vehicle
detection dataset, the object detection accuracy of the presented approach reaches 79.23% in detecting images,
which is 4.13% better than the traditional YOLOvV3, and compared with the existing relatively new object
detection algorithm YOLOV5, the detection accuracy is 1.36% better. Moreover, the detection speed of the
proposed YOLOv3 method reaches 31.2 Fps/s in detecting images, which is 7.6 Fps/s faster than the traditional
YOLOV3, and compared with the existing relatively new object detection algorithm YOLOV5, the speed is 4.3
Fps/s faster; the proposed YOLOV3 performs 79.38Bn of floating point operations per second in detecting video,
which obviously surpasses the traditional YOLOv3 and the newer object detection algorithm YOLOvVS5.

Keywords: dense road; object detection; Darknet-53 network; transfer learning

1. Introduction

The dense detection of objects such as vehicles and pedestrians in the road scenes faces the
problems of object overlapping or occlusion, uneven distribution of objects, and difficulty in
detecting edge objects. Traditional object detection techniques may be separated into the following
two broad categories: R-CNN (Region-Convolutional Neural Network), which is based on candidate
regions, including R-CNNI1, Fast R-CNN[®, Faster R-CNNBI], and other two-stage networks; and
regression-based single-stage networks, like YOLO 1], SSD (Single Shot MultiBox Detector)?l. R-CNN
algorithms need extract the characteristics of the candidate regions before feeding them into a pre-
trained CNN model in order to get a characteristic for classification. Due to the large amount of object
overlapping in the candidate regions, the features from the overlapping regions will be repeatedly
calculated when extracting features, thereby the real-time performance is poor; comparably, the
YOLO model only requires one feed forward neural network to directly predict the classifications
and positions of diverse objects for several independent candidate regions, which has the advantages
of the simpler training, the better detection efficiency, etclsl. YOLO has been widely used in object
detection [, and it has evolved to the YOLOv3 Bl. Compared with YOLOvV2, the YOLOv3 model has
the stronger self-learning ability and larger capacity, which can solve the problem of poor accuracy
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from the excessive high-resolution dataset and unbalanced positive and negative samples; besides,
the YOLOV3 has more candidate frames and can improve the intersection ratio during detection. For
matching the special road dense object detection scene, transfer learning!® will be introduced to the
YOLOV3 network to fine-tune and accelerate the original training model, which is embedded in the
output layer of pre-trained YOLOV3 thereby one new transfer learning-based YOLOv3 model is
shaped.

The key contributions can be described as

1) Based on the pre-trained YOLOv3 model, the transfer training is introduced as the output
layer for the special dataset containing detecting objects; moreover, one random function is adapted
to initialise and optimize the weights of the transfer training model, which is seperately designed
from the pre-trained YOLOV3.

2) Inthe proposed YOLOV3, the object detection classifier replaces the full convolutional layer
of the traditional YOLOV3, aiming to relieve the conflict distinguishing the edge target features and
other background features caused by the excessive receptive field of the full connection layer, besides,
the introduced classifier can avoid the excessive computation from the fully connected layer in the
traditional YOLOV3.

2. Algorithm principle

Figure 1 shows the architecture of the dense road detection system based on YOLOv3, which
include three parts: the YOLOv3 backbone network, transfer training unit, optimization of network
parameters. Firstly, the VOC 2007, VOC 2012, and COCO datasets are selected for YOLOv3 network
pre-training; then, the images containing vehicles are extracted from the VOC 2007 dataset and re-
labeled to form the special vehicle dataset, and the transfer training-based YOLOv3 model is
transferred and trained in this dataset; finally, the test dense road pictures or videos are input into
the proposed model, and the output is obtained by feature extraction, multi-scale detection, and non-
maximum suppression (NMS) processing. Performance evaluations are performed by confidence,
mean precision (mAP, mean Average Precision), and precision-recall (P-R, Precision Recall) of object
detection.
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Figure 1. Architecture of dense road object detection model.

2.1. Feature extraction network

Compared with the YOLOv2 network, the backbone portion of the YOLOv3 network has
evolved from Darknet-19 to Darknet-53, consequently expanding the number of network layers!'®
and adding the cross-layer sum operation in the residual network; YOLOv3 network has fifty-three
convolutional layers (ResNet, Residual Network). Darknet-53 is an entirely convolutional network
comprised of 3x3 and 1x1 convolutional layers, including 23 residual modules and layers of detection
channels that are completely interconnected. As depicted in Figure 2, the convolutional layers are
interconnected by quick link"! (that is, SC, Shortcut Connections). This SC structure can greatly
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enhance the computation performance of the network, enabling the network to obtain faster detection
speed in a limited number of network layers. In the detection architecture, YOLOvV3 separates three
channels for feature detection into distinct grid sizes. These channels include feature maps with grid
sizes of 52x52, 26x26, and 13x13, which correspond to the detection of large-scale(y1), medium-
scale(y2), and small-scale(y3) picture features, respectively. thereby, The YOLOv3 can provide a
higher detection accuracy with fewer network parameters and fewer superfluous network layers,
enabling it to improve both the detection speed and the detection accuracy. By comparison, the
conventional R-CNN relies on deepening the network structure to enhance the recognition rate.

1*1 Conv,64

3*3 Conv,128

Figure 2. Schematic diagram of quick link.

2.2. Training strategy design

The traditional deep learning network generally improves the recognition accuracy by
increasing the training set or deepening the network complexity. In the application of road dense
object detection, the real-time detection is an important indicator!'?. Transfer learning is introduced
in an effort to improve the training process of the traditional YOLOvV3 network, as Figure 3.
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Figure 3. Transfer training strategy.
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In Figure 3, the YOLOvV3 backbone network is combined with the transfer training model, during
pre-training process, the YOLOv3 network is trained in the VOC 2007 and VOC 2012 dataset to obtain
the pre-trained model for 20 object types in the VOC dataset, besides, the COCO dataset is trained to
obtain 60 object types, totally 80 object types can be obtained; then, the transfer training unit
substitutes the convolutional layer of the YOLOvV3 backbone network, its parameters are not fixed,
which can be randomly initialized and optimized!], on the special vehicle dataset. During pre-
training, the epoch is set to 300, and the average precision (AP, Average Precision) and mAP of the
transfer training model are shown in Table 1.
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Table 1. Performance of YOLOV3 transfer training model.

Classes AP TP FP mAP
car 81.25% 79.65% 20.34%

person 76.43% 60% 40%

bicycle 74.12% 82.81% 17.18%

motor cycle 73.08% 74.14% 25.85% 83.85%

bus 79.14% 81.06% 19.02%
dog 72.44% 77.07 22.92%
cat 73.34% 65.41% 34.58%

In the transfer training model, the proposed YOLOv3 retains the convolutional layer in the
traditional YOLOvV3 after pre-training. When performing feature extraction, the pre-trained
convolutional layers!'¥l are selected to be a feature extractor, which structure allows the input image
to propagate forward. The convolutional layer parameters!'’l retaind from the pre-trained model were
frozen, and takes the output of convolutional layer L-1 as the proposed YOLOV3 extracted featurel1sl.
Such a convolutional layer can enable the network to better obtain the semantic information of the
target and train it, thereby obtaining higher detection accuracy; then, the proposed YOLOvV3 replaces
the full convolutional layer of the traditional YOLOv3 with the object detection classifier!’”], which
can relieve the conflict distinguishing between the edge target features and other background
features caused by the excessive receptive field of the full connection layer, besides, it can reduce the
problem of excessive computation caused by the fully connected layer, so that the proposed YOLOV3
can train and detect objects faster; and the corresponding network parameters are accordingly
optimized!'! to increase dense detection precision on the road while simultaneously reducing
training complexity .

In Table 1, AP represents the mean precision of each object type in the test set. The term "correctly
classifying a positive example as a positive example" (abbreviated "TP") refers to the degree of
precision achieved when accurately identifying a positive example, while "falsely classifying a
negative example as a positive example" refers to incorrectly identifying a negative example as a
positive example (abbreviated as "FP")

During the transfer training, nearly 2000 images containing vehicles are screened and labeled.
This is a special dataset builtl'! for dense object detection in road situations. Included among the road
objects in the dataset are car, people, bicycles, motorbikes, trucks, cats, and dogs. There are 7 types
that appear frequently in the road scene, which is shown Table 2, and the remaining 13 types that are
not common.

Table 2. Selected special dataset.

t
Class name car person bicycle motor bus dog cat
cycle
Total
1434 1360 860 430 300 220 180
number

From Table 2, a total of 1434 labeled car images in the dataset are selected as special dense road
sub-dataset. The images are then divided into a training set and a test set in a 4:1 ratiol?l. In addition,
the classes of the special dense road sub-dataset must be modified to 7 and the file path of "train,"

"nan

"valid," "names," and "backup” must be modified correspondingly for the transfer training model to
correspond with the extracted special dense road sub-dataset. This is necessary for the transfer
training model to correspond with the special dense road sub-dataset. Meanwhile, parameters Batch,
LEARN-RATE and IOU in config.py need to be optimized with the following consideration:

1) The Batch function is set to 8. It can make the network complete an epoch in a few iterations,
and reach a local optimal state while finding the best gradient descent direction[21]. Increasing this
value will prolong the training time, but will better find the gradient descent direction; decreasing

this value may cause the training to fall into a local optimum, or not converge.
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2) The LEARN-RATE function is set from le-4 to le-6. During the training procedure[22], the
total number of training cycles generally determines a learning rate that continually adapts to new
input. Ten rounds of training are setted. Experiments indicate that the learning rate is initially set at
0.0001 at the beginning of training and then gradually slows down after a certain number of rounds
have been completed. As the training nears its conclusion, the learning rate is lowered until it hits
0.000001. The setting of the learning rate, which is based on ten training rounds, not only solves the
problems of easy loss value explosion and easy oscillation caused by a learning rate that is too large
at the beginning of training; if it is too small, it is easy to over fitting, resulting in slow network
convergence.

3) The IOU function is allocated the value 0.65. In computer detection tasks, the IOU value is
equal to one and the intersection is the same as the union if the actual bounding box and the predicted
bounding box entirely overlap[23]. Generally, a value of 0.5 is utilized as the threshold to determine
whether or not the predicted bounding box is correct. It is possible to increase the detection accuracy
of tiny items and edge objects while dealing with the detection of dense road objects by setting IOU
to 0.65. This will enable the gathering of higher-quality samples and enhance the identification of
dense road objects.

2.3. Loss function selection

In the proposed YOLOV3, the error loss mainly comes from the misjudgment of prediction
frame, confidence and category. The error in the prediction frame is determined by the rate of
coincidence between the a priori frame and the prediction frame. If the rate at which the prediction
frame and the a priori frame agree is large, this implies that the prediction is accurate and error
margins are small; confidence error refers to the mistake induced by random sampling during testing
in the test set, sampling the test set, and then estimating all test sets; category misjudgment error is
the error caused by detecting one type into another. These three types of losses are expressed as Ibox,
lobj and Icls respectively.

s> B R
Ibox = ﬂ’coordzzlsf'j(z_wi Xhi)[(xi _)%i)—i_(yi _)’}i)“'(wi _wi)_‘_(hi _hi)] (1)

i=0 j=0

s2 B
lels = A 2,117 D pi(€)1og(p,()) @)

i=0 j=0 ceclasses

lobj= 0y S S 1 (8 42, 3 1 (6, —6,)? ®

i=0 j=0 i=0 j=0

loss = lbox+ lobj+Iclcs (4)

Here, s is the grid size; B is amount of prediction frames; Ii"’ }I-’j is the indicator function, which stand
obj
iLj

function, which stand for if The prediction box at i, j has no object and its value is 1, otherwise it is 0.

for if the prediction frame at i, j has a object, its value is 1, otherwise it is 0; I, ;”is the indicator

3. Experimental testing and evaluation

3.1. Required environment

The experimental configuration is shown in Table 3, using Tensorflow framework in deep
learning and Opencv Python framework in computer vision.


https://doi.org/10.20944/preprints202307.2106.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 July 2023 do0i:10.20944/preprints202307.2106.v1

Table 3. Configuration environment.

Operating CPU  Memory GPU CUDA CUDNN
System
Windows10  Inteli5  8GB NVIDII{?)SEISORCE CUDA 10.04 CUDNN 7.04

3.2. Detection performance evaluation

In the existing object detection algorithms, map and P-R value are the common evaluation
indicators of recognition accuracy. The P-R curve is composed of precision and recalll?4l.

P -
P=rp i Fp
P
R= (6)
TP+ FN

here, "true positive" (TP) refers to the genuine example, "false positive" (FP) refers to a false positive
example, and "false negative" (FN) refers to a false negative example. Besides, the index of mAP®! is
also adapted to show the Mean Average Precision.

Figure 4 displays the P-R curve generated by applying the proposed YOLOvV3 to the data for the
car object detection in road scene. If the classification results of all test samples are positive, the recall
rate of the model will be 1 and the accuracy rate will be extremely low; if the classification results of
almost all test samples are negative, the accuracy rate will be high and the recall rate will be very low.
Precision and recall are two rather contradicting metrics. Figure 4 shows that the proposed YOLOV3
is capable of reaching a high accuracy rate, that the recall rate slope drops in a moderate and steady
fashion, and that the accuracy rate and recall rate achieve a more balanced state.

In the special dense road sub-dataset, the training set and test set are divided into two sections
with 4:1 ratio. AP statistics are performed on the 7 types as Table 2, and mAP is calculated. Tables
4 and 5 show the object detection performance of the proposed YOLOvV3 and the YOLOvV2,

respectively.
class: 85.65% = Car AP
1.0
0.8 1
H 0.6 1
£
04
0.2 1
0.0 : .
0.0 0.2 0.4 0.6 0.8 1.0
Recall
Figure 4. P-R curve of vehicle object detection.
Table 4. Object detection performance of the proposed YOLOV3.
Classes AP TP FP AP
car 89.25% 86.5% 13.4%
person 83.43% 73.2% 26.8% 87.85%

bicycle 82.12% 88.9% 11.0%
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motor cycle 82.08% 78.6% 21.3%
bus 84.14% 89.8% 10.2%
dog 79.44% 79.6% 20.4%
cat 86.34% 69.6% 30.3%

Table 5. Object detection performance of the YOLOV2.

Classes AP TP FP mAP
car 78.25% 79.65% 20.34%
person 75.43% 60% 40%
bicycle 72.12% 82.81% 17.18
motor cycle 70.08% 74.14% 25.85 76.7%
bus 73.14% 81.06% 19.02%
dog 69.44% 77.07% 22.92%
cat 78.34% 65.41% 34.58%

From Tables 4 and 5, compared to the YOLOv2, the proposed YOLOvV3 exhibits a obvious
improvement in the detection accuracy of each category and average detection accuracy.

3.3. Comparative analysis of different algorithms

Using the UA-DETRAC dataset as the test set, for detecting static road pictures, Table 6 shows
the detection accuracy of each algorithm, compared to the traditional YOLOv3 and YOLOVS5, the
proposed YOLOvV3 approch exhibits a obvious improvement in the detection accuracy of each
category and average detection accuracy.

Table 5. Object detection performance of the YOLOV2.

Algorithm A
mAP Car Bus Van Others verage
mAP
mAP
YOLOv3 79.61% 80.29% 76.21% 70.32% 75.1%
YOLOV5 83.32% 82.26% 79.64% 72.11% 77.87%
The proposed o o o o o
YOLOV3 82.73% 81.37% 80.36% 74.53% 79.23%

Figure 5 shows the original object image in the top row, the detection result of YOLOvV2 in the
second row, and the proposed YOLOvV3 detection result in the third row. It is evident that the
proposed YOLOV3 is capable of accurately differentiating between different types of vehicles and
pedestrians, as well as accurately detecting pedestrians at the edge of the image; it is also capable of
using a confidence box to indicate the object type division probability, and to mark the object type
division probability; besides, the confidence will not decrease as the density of road objects
increasing.

(a).Few object image (b).Medium object image (c).Dense object image
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(g).Few object image(YOLOv3) (h).Medium object image(YOLOv3) (i).Dense object image(YOLOvV3)

Figure 5. Object detection results of a single picture.

When detecting the real-time collected videos, the test results of YOLOv2 and the proposed
YOLOVS3 utilizing of road dense objects are shown as Figures 6 and 7, respectively.

(a).Close-range object detection (YOLOV2) (b).Long-range object detection (YOLOV2)

Figure 6. Real-time video detection based on YOLOV2.

(a).Close-range object detection (YOLOvV3) (b).Long-range object detection (YOLOV3)

Figure 7. Real-time video detection based on the proposed YOLOV3.

Comparing Figures 6 and 7, the proposed YOLOvV3 can detect and divide vehicles and
pedestrians in real-time, even the detection confidence for different types of objects can also be
provided; while the YOLOvV2 can only roughly divide the object types, and cannot provide confidence
information.

Considering the the difference of object image resolutions, and for the YOLOvV2, traditional
YOLOV3 and the proposed YOLOV3, the detection time is shown in Table 7. Table 8 shows the
corresponding detection time of selecting the length 42.6 seconds of video as the input.

Table 7 shows that the proposed YOLOvV3 has the faster detection time, which changes
proportionally with image resolution. The accordingly result can be taken from Table 7, which
demonstrates that the proposed YOLOV3 can identify 87 frames per second, which is clearly superior
to the 12frames/second of the traditional R-CNN and superior to the 9 frames/second of the
traditional YOLOV3. In addition, the proposed YOLOv3 does 79.38 billion floating-point operations
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per second, which is three times more than the traditional R-CNN, and obviously surpasses the
YOLOV2 and the traditional YOLOv3.

Table 7. Detection time for the images with different resolutions.

. 320%320 Detection 416x416 Detection 6OSX6_()8 FPS/frames per
Algorithm . . Detection
time/ms time/ms _ second
time/ms
YOLOV2 31.6 37.9 64.6 19.3
YOLOvV3 22.8 29.4 51.9 23.6
YOLOV5 20.3 26.1 43.1 26.9
The
proposed 19.2 24.4 39.7 31.2
YOLOV3
Table 8. Detection time for the video.
Algorithm De.tection FPS/frames per second FLOPS/floating point operations
time/s per second
YOLOv2 76.8 67 59.36Bn
YOLOV3 66.9 78 65.86Bn
YOLOvV5 64.7 85 76.38Bn
The
proposed 61.8 87 79.38Bn
YOLOV3

4. Conclusion

The application of YOLOv3 network in road dense object detection is studied in this paper,
mainly including the deepening of Backbone network layers in YOLOv3 network structure and the
cross-layer addition and operation in residual network. Different convolutional layers can realize
image detection of small, medium and large scale features respectively. Thus, the traditional idea of
deepening and improving the recognition rate by relying on network structure is fundamentally
improved. It can provide higher recognition accuracy with fewer network parameters and network
layers, and the detection speed is also taken into account. The proposed algorithm can accurately
distinguish different types of vehicles and pedestrians, even pedestrians at the edge of the detection
area. A confidence box can be used to mark the probability of object classification, and the confidence
does not decrease with the increasing of road object density. By contrast, although YOLOv5 model
has a good detection accuracy, the training and detection time is relatively low compared with the
proposed algorithm, and it cannot be well applied to real life. In addition, the proposed training
strategy of transfer training in a special dataset can also be extended to other dense object detection
scenarios, which can achieve high target detection precision and is simple to train.
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