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Abstract—An essential component of many user applications today, as well as security
surveillance systems, text recognition, and some diagnosis for diseases from few scans like CT
or MR, is object identification, a computer vision problem. Also if we can see one of the most
important components like object detection which can help detect any object etc. The traffic
sign recognition is also a main important task which have a crucial role in intelligent
autonomous vehicles. In our work we have implemented different models of YOLO v5 (You
only look once) algorithm for traffic sign detection. To train yolo algorithm for the traffic sign
detection on German Traffic Sign detection benchmark which have multiple scenario of images
like moving vehicle images, clear images, uncleared images, and different environmental
conditional images all these will help in to detect the four different classes and improve the
mMAP of the model with the existing work and comparing results of different models of Yolo v5
algorithm with the existing work.

Index Terms— YOLO, GTSDB, Traffic Sign Detection.

|. INTRODUCTION

A self-driving vehicle refered as an autonomous vehicle has the ability to sense its surroundings and move safely
with little bit or no human intervention. The fundamental goal of computer vision is to identify image. When we
see the world with our own eyes, our brains are continually engaged in doing classification activities.
Furthermore, for autonomous vehicles an accurate object detection and classification algorithms are crucial to
enabling the vehicle to see the world similarly to humans. The objectives of our work is to create a model which
will be able to detect traffic signs provides sufficient performance which can be used in real-time applications.
Metrics like box_loss, objectness loss, and classification loss these are all the loss functions which the yolo has
to evaluate the results. Where box_loss is an mean squared error, the confidence of object present is the obj_loss
and classification loss is the cross entropy.

Il. LITERATURE SURVEY

[1] In this paper authors started with the explanation of one stage and two stage detectors and explained different
models of one stage and two stage detectors. The authors have discussed about the few most used datasets which
wil be used for detection and also the applications of the algorithms. Further latest trends in the detection
algorithms have been explained.
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[2] In this paper authors used 2 models in which first model is trained to locate traffic signs into 4 categories and
the model 2 has been trained to classify fragments located of images in to one of 43 classes in which both the
models solve detection and classification issues. For detection autors have used Yolo v3 algorithm on the
GTSTB which has total of 900 RGB images and have acheived 97.22mAP and model 2 i.e., CNN has been
trained on GTSRB with a 66000 amount of RGB images.

[3] In this paper authors started with the explanation of two stage and one stage detectors. Further explained the
YOLO algorithm and its working with the history of the versions following to this authors have explained
MobilenetSSD, SSD and Mobilenet. Further comparaative analysis of the YOLO v3 and Mobilenet SSD and
finally concluded YOLO has been provides better accuracy if we compare to the Mobilenet SSD which has been
given more detection speed.

[4] In this paper author has conferred literature review on the traffic sign identification by using techniques of
machine learning, also the comparative study and reasoning of those techniques. Author proposed an solution
which gives a voice alert message to the driver using CNN algorithm and have explained about the image
preprocessing which will be done before classification which helps to reduce noise and improve precision of
algorithm, convolution neural network architecture and traffic sign recognition.

[5] In this paper author has presented the system for doing detection and recognition for traffic signs that has
applied to the Spanish traffic signs dataset. Author followed 3 stages for detection and classification like
segmentation, shape classification, and recognition and explained the working of all the 3 methods. After the
segmentation support vector machine is used for classification which classify 4 different color signs with 2 or 3
different shapesin each color. Once the classification is done recognition is implemented by SVMs with
Gaussian kernels for the training LIBSVMS library for support vector machines has been used.

[6] The mask RCNN has been selected in this study. Convolutional neural network (CNN) for doing the
detection and recognition part of traffic signs has been used. Rather than using the Hough transform method, the
scale invariant feature transform, local binary patterns, the authors employed CNN for broad feature extraction.
They have also used the data augmentation method to defeat real-time issues with traffic sign appearance.
Models like Faster RCNN and Mask R-CNN are checked using the Swedish traffic-sign dataset (STSD). Further
they have created a new data set called DFG traffic-sign which help to have less inter-class variability and more
intra-class variability. Average precision change been performed in Mask R-CNN method to increase the overall
recall.

[7] In this paper researchers came up with the challenges and successors for object detection using Yolo. Authors
explained about the fudamental tasks involved in the object detection. Further explored the different two stage
detectors like RCNN, Fast-RCNN and Faster-RCNN and explained the important applications for each of the
models. Further explored the different versions of yolo and done a comparative analysis using darknet
architecture. The different versions of YOLOs compared in this are Yolo v1, Yolo v2, Yolo v3, Yolo v4 and
explained various applications in which each versions has been showed with performance metrics. Authors
further concluded Yolo v3 is better detector, which is fast and accurate compared with different versions.

[8] The researcher in this work has concentrated on the problems with cramped objects detection and developed
an effective CNN model for cramped traffic sign detection, then comparing accuracy with R-CNN and Faster R-
CNN model. Forward, backward, and loss functions are all thoroughly explained along with the CNN model. In
order to down-sample this network all along the stage of feature extraction, authors have created max-pooling
layers with a stride of 2 and expanded the figure of the convolutional kernels per each layer of convolution from
the start. To do a optimization to this model further three strategies has been used like convolution factorization,
fully connected transformation and redundant layer cropping. Dataset called Tsinghua Tencent has been used for
doing the part of evaluation. The proposed methodology is not only for adequate but it also consume less
memory of GPU and reduces the figure of computation.

[9] In this paper authors come up with two algorithms which work fast for doing traffic sign detection as well as
classification. For the detection part German Traffic Sign Detection Benchmark and chinese traffic sign dataset
has been used and for classification german traffic sign recognition benchmark has been used. In this detection
algorithm first do extracting traffic signs by using model called color probobility and MSER region detector.
Further SVM is used to do the classification which can refine false positives based on a odd color HOG features.
[10] In this paper researchers came up with the challenges and open issues with the object apprehension in self
driving cars. Further authors explained about expansion of the autonomous cars with their advantages also the
drawbacks, levels of the autonomous vehicles have been briefed. Further discussed about the deep learning
architectures for different object detection models and computer vision in automonomous vehicle.
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1. DATASET

German Traffic Sign Detection Benchmark has been used for the detection process. This dataset consists of 900
RGB images. This dataset consists of images files and text files with their annotations. The dataset includes
images with no traffic signs to be used for training. However, it was decided to eliminate such images. Those txt
files will include all annotations of every bounding box of traffic signs in format of YOLO.

In this Dataset the traffic signs has been concerted into four different categories like prohibitory, mandatory,
danger and other.The following signs of traffic under the category of prohibition are: speed restriction, no
passing, no vehicle in both directions, and no trucks.

Priority at next intersection, hazard, animals, cycles crossing, pedestrain crossing, narrow road, bend,
construction, slippery road and traffic signal are include in the danger category. The following traffic signs are
included in the mandatory category: go straight, round about, go left or straight, go right, go left or straight, go
left. The following traffic signs falls under the other category: no entry, halt, priority ends, give way, and
restriction ends. This dataset contains different scenerios of weather conditions and different scenrio of images
like moving, clear, blur etc.

IV. EXISTING WORK

Valentyn Sichkar, Sergey A. Kolyubin[2] describes the “Real time detection and classification of traffic sign
based on YOLO version 3 algorithm”. In this paper authors used 2 models in which first model is trained to
locate traffic signs into 4 categories and The model 2 is trained to classify located fragments of images into one
of the 43 classes in which both the models solve detection issue. The darknet framework has been used by model
1. Every image will be having an annotations files in the yolo format where bounding boxes and class humber
will be reorded. Images are collected in the batches of 64 while training. Once the traffic sign is detected using
the model 1 the fragment will be fed to the model 2. The model 2 have been trained on GTSRB in which the
dataset is divided as 50000 images for training, 12000 images for validation and 4000 images for testing the
model. This model 2 will have one convolutional layer with rectified linear unit activation function, 32 filters
and one down sampling layer with 2*2 maximum factor. For detection authors have used Yolo v3 algorithm on
the GTSTB which has total of 900 RGB images and have acheived 97.22mAP and model 2 i.e., CNN was
trained on GTSRB with 66000 RGB images in which the result will be the one of the traffic sign out of all 43
classes.

V. PROPOSED WORK

In our proposed work the Yolo v5 algorithm has been trained for the traffic sign detection on German Traffic
Sign detection benchmark helps to detect in four different classes and improve the mAP of the model with the
existing work. In this for yolo v5 Pytorch framework has been used which is just an extension for yolo v3. The
main objective is to design a YOLO algorithm that accurately detects traffic signs and further comparing our all
different models of Yolo v5 algorithm like v5s, v5m, v5I, v5x with the existing work. In our work the stochatic
graient descent optimizer has been used. Our yolo v5 model architcture consists of backbone, neck and head. We
have used the cross stage partial networks as a backbone to extract the features from the input feed image.
Further PANet has been used as a neck to get features and the model head has been ued to perform the detection
part which gives the generated final output vectors with the bounding boxes and probabilities as shown in the
fig-2.

Prohibitory
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Figure 1: Flowchart of the Traffic Sign detection process using Yolo V5

1312



Figure 2: Original Image and Traffic Sign Detected Image using Yolo v5

VI. RESULTS
TABLE |. TRAINING RESULTS OF YOLO V5S ALGORITHM
Epoch box_loss Obj_loss Cls_loss Precision Recall mAP
30 0.03304 0.00714 0.00498 96.8 89.3 94.6
60 0.02497 0.00578 0.00260 97.7 92.1 97.1
90 0.02096 0.00481 0.00208 98.0 95.2 98.0
120 0.01728 0.00418 0.0018 98.4 94.4 97.7
150 0.01318 0.00387 0.00115 99.1 95.4 97.5

The above Table 1 shows the training results of the yolo v5s algorithm in the different epochs range. As we can
see the precison and recall has been increased with the epochs and aacheived the highest as 99.1% and 95.4%
with the 150" epoch. Where as the best mAP has been achieved as 98% in the 90" epoch.

TABLE Il. TRAINING RESULTS OF YOLO V5M ALGORITHM

Epoch box_loss Obj_loss Cls_loss Precision Recall mAP
30 0.03187 0.00604 0.00451 97.0 92.2 97.0
60 0.02322 0.00512 0.00249 98.0 96.3 98.7
90 0.01949 0.00418 0.00201 99.4 95.5 97.5
120 0.015 0.00351 0.00177 99.2 93.7 97.4
150 0.01087 0.00314 0.00108 98.4 96.1 97.8

The above Table 2 shows the training results of the yolo v5m algorithm in the different epochs range. As we can
see the the model has acheived the best precison results at 120" epoch i.e., 99.2% and the recall has got a good
result which is 96.3% at 60" epoch. Where as the best mAP has been achieved as 98.7% in the 60" epoch.

TABLE Ill. TRAINING RESULTS OF YOLO V5L ALGORITHM

Epoch box_loss Obj_loss Cls_loss Precision Recall mAP
30 0.03149 0.00573 0.00387 96.2 95.9 97.6
60 0.02272 0.00468 0.00226 99.4 95.5 98.0
90 0.01785 0.00382 0.00175 98.9 96.8 97.9
120 0.01436 0.00319 0.00151 98.8 95.8 98.2
150 0.00996 0.00273 0.00102 98.5 97.9 98.1
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The above Table 3 shows the training results of the yolo v5I algorithm in the different epochs range. As we can
see the the model has acheived the best precison results at 60" epoch i.e., 99.4% and the recall has got a good
result which is 97.9% at the 150" epoch. Where as the best mAP has been achieved as 98.2% in the 120" epoch.

TABLE IV. TRAINING RESULTS OF YOLO V5X ALGORITHM

Epoch box_loss Obj_loss Cls_loss Precision Recall mAP
30 0.03201 0.00570 0.00404 99.3 95.9 98.2
60 0.02258 0.00460 0.00210 99.2 97.6 98.8
90 0.01818 0.00368 0.00169 98.5 97.6 98.8
120 0.01384 0.003085 0.00159 99.4 96.4 98.3
150 0.00948 0.00267 0.00097 98.7 97.5 98.3

The above Table 4 shows the training results of the yolo v5m algorithm in the different epochs range. As we can
see the the model has acheived the best precison results at 120" epoch i.e., 99.4% and the recall has got a good
result which is 97.6% at the 90™ epoch. Where as the best mAP has been achieved as 98.8% in the 90" epoch.

TABLE V. PRECISION AND MAP COMPARISON WITH THE EXISTING WORK([2]

Precision
Model Prohibitory Danger Mandatory Other mAP
Yolo v3 100 100 89.2 90.9 97.22
Yolo v5s 99.2 100 98.5 99 98.0
Yolo v5m 99.2 98.8 96.2 100 98.7
Yolo v5l 98.3 99.8 96.3 100 98.2
Yolo v5x 99.7 100 95.8 99.1 98.8

The above Table 5 shows the precision of all 4 classes and mAP metrics comparison of different yolo v5 models
with the existing work. As we can see that the mAP performance is better than the existing work for all the
models of yolo v5 and the highest mAP achieved around 98.8% with yolo v5x model.
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Figure 3: Metrics comparison of different Yolo v5 models Figure 4: Precision comparison of different Yolo v5 models with existing

work[2]

Figure 3 shows the different metrics comparison for different models of yolo v5. where the precision is
represented in blue color, recall is represented using orange and mAP using green color.

The above Figure 4 represents the precision comparison of different yolo v5 models with the existing work[2]. In
this the precision has been compared for all the four different classes.
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Fig-5: Results of sample detected traffic sign image using Yolo v5

VIl. CONCLUSION

The study gives the detection issue for differnt variety of traffic signs. As for doing the detection version 5 Yolo
model has been trained on German Traffic sign Detection Benchmark to predict all the locations among the 4
categories. Our work has been showed the training of deep network with 4 categories to detect traffic signs
acheives high mAP reaching 98.8 using yolo v5x. Further we have done the comparison of different yolo v5
models with the previous exixting work. The main aim for our model is giving the improvement in mAP and get
the better results than the previous existing work using the different yolo v5 models. As a future work we have
been planned to do the segmentation and classification of the traffic signs which uses the real time images for
training and testing our models.
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