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Abstract
Traffic sign recognition is meaningful for real-world applications such as self-sufficient
driving, traffic surveillance, and driver safety. However, traffic sign recognition is a hard
problem because different sizes, illuminations, and noises affect the sign detection and
recognition. This work recognizes Taiwan’s prohibitory signs using deep learning
methods. First, we develop a traffic sign database since there is no such kind of database
available in Taiwan. Next, we adopt three different You Only Look Once (Yolo)
networks (Yolo A, Yolo B, and Yolo C) and three various Yolo V3 SPP networks (Yolo
D, Yolo E, and Yolo F) for prohibitory sign recognition. Finally, we conduct the
comparative experiment of Yolo V3 and Yolo V3 SPP with different weights provided
by the darknet framework (the best weight, the final weight, and the last weight).
Experimental results show that the mean average precision (mAP) observation of all
models that the Yolo V3 SPP is better than other models. Yolo D took the optimum
average accuracy at 99.0%, followed by Yolo E and Yolo F 98.9%. The accuracy of Yolo
V3 SPP is growing within the detection time, but it needs more time to identify the sign.
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1 Introduction

Computer vision-based traffic sign detection and recognition have been studied for some
purposes, such as Advanced Driver Assistance Systems (ADAS) [34, 35], Auto Driving
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Systems (ADS) [27] and traffic surveillance. Detecting and recognizing traffic signs are
challenging tasks due to several issues, including rotation, occlusion, color variation, and
skewing from camera setup in the environment. Moreover, an image with varying sizes,
shapes, and colors may contain multiple signs [43, 46].
The arrival of modern breakthroughs in deep learning [36] has significant state-of-the-art

results for recognition tasks and object detection [14, 25, 32]. A lot of the research focused on
designing deep convolutional neural networks to improve accuracy [17]. Nevertheless, the
development of a steady real-time Traffic Sign Recognition (TSR) still presents a challenging
problem based on the latency in its testing time, which is crucial in making decisions based on
the environment and real-world variability. TSR is one of the most well-known and widely
discussed by lots of researchers. The primary goal of our research focuses on Taiwan’s
prohibitory sign detection and recognition.
The motivation arises from the lack of database, dataset, or research system for Taiwan’s

traffic sign recognition. Recognition of traffic sign contains two steps: localization and
subsequent classification [33]. Due to the recent development of object detection, Fast R-
CNN [13] and Faster R-CNN [10, 42] provide predictions using hundreds of milliseconds to
seconds. One of the most powerful and fastest algorithms based on deep neural networks is
Yolo Darknet [38]. Yolo is about six times faster than Faster R-CNN [46]. The latest version of
Yolo [41], Yolo V3 [39], has shown a significant advancement in real-time object detection,
especially in the detection of smaller objects. Therefore, Yolo V3 is used for our object
detection system.
Besides, the work adopts Spatial pyramid pooling (SPP) to pool the extracted features at

variable scales and to get the superior features in max-pooling layers [15, 28]. SPP itself has
been known as one of the most successful methods in computer vision [51], which has the
flexibility of input scales and will improve the performance of Yolo V3.
The main contributions of the paper can be summarized as follows: (1) Since there is no

pre-existing dataset for Taiwan’s prohibitory sign, the system had to modify a database and
collect the image by ourselves. Taiwan’s prohibitory sign image dataset with 900 of total
images was provided in this work. (2) Analyze the costs and benefits of using Yolo V3 and
Yolo V3 SPP for Taiwan’s prohibitory sign recognition. (3) Perform comparative analysis of
Yolo V3 and Yolo V3 SPP with different weights provided by darknet framework (the best
weight, the final weight, and the last weight). The observation and evaluation of specific
models include essential metrics measurements, such as the mean average precision (mAP),
workspace size, detection time, intersection over union (IoU), and the number of billion
floating-point operations (BFLOPS).
The outline of the paper is as follows. Section 2 explains the related work of traffic sign

detection and recognition systems. Section 3 briefly describes our proposed methodology. The
dataset, the training, and the system’s testing results will present in Section 4. Finally,
conclusions and future work are proposed in Section 5.

2 Related work

2.1 Traff ic sign detection and recognition

Recently, Faster R-CNN [53], You Only Look Once (Yolo) [37], and Single Shot Multi-Box
Detector (SSD) [24] has become the most popular object detection frameworks. Yolo and SSD



show the fast detection speed while struggling to precisely localize small objects because they
both divide images into many grids that contain perhaps two or smaller objects. Faster R-CNN,
the two-stage object detection framework, shows higher accuracy than Yolo and SSD [28].
The research related to a traffic sign, especially in Taiwan, could be seen on [51], where the
primary goal of this work is to capture the traffic signs from the video footage through their
proposed traffic signs capture software. Therefore, the Convolutional Neural Network (CNN)
is used for the accuracy verification of the generated dataset. Base on C. Yanliang [50], the
research combines the methods of the Adaboost classifier and Yolo V2 and tests the traffic
signs. However, the results are a waste of time, and the accuracy is not good enough.
Typically, the researchers use free data collection to perform the experiment or capture the

traffic sign picture by themselves. A variety of the various traffic sign databases are available,
such as the GTSRB [44], the Chinese Traffic Sign Database, and the Tsinghua-Tencent 100 K
(TT100K) [53]. Nevertheless, it is not easy to obtain a large number of high-quality image
details. Different countries or states have their own traffic sign images. We focus on the
prohibitory sign of Taiwan which consisted of no entry, no stopping, no parking, and speed
limit images.

2.2 The Darknet-53

The Darknet-53 is a framework to train neural networks; it is open-source and is written in C and
CUDA and serves as the basis for Yolo. The Darknet is fast and easy to install. It also supports
CPU andGPUcomputation. TheDarknet-53 is used as the framework for training Yolo, meaning
it sets the architecture of the network [24, 37]. Darknet-53 Structure is shown in Fig. 1.
Darknet-53 is better than ResNet-101 and 1.5 times faster. It has a similar performance to

ResNet-152, but it is two times faster. Darknet-53 also achieves the highest measured floating-
point operations per second. The network structure utilizes the GPU to be better, and it makes
processing time more efficient to evaluate and faster [40]. The weights of the custom detector
are saved for every 100 until 1000 iterations, and it continues to be saved for every 10,000
iterations until it reaches the maximum batches. Recently, with the latest version of darknet
while training, it provides the best weight, the final weight, and the last weight. Therefore, our
work will do comparative weight analysis accordingly.

2.3 Yolo V3

Yolo V3 algorithm consisted of fully CNN and was proposed in 2018 [21, 48]. It is an
algorithm for post-processing outputs from the neural network. Also, it divides the input image
into grid cells of the same size and predicts bounding boxes and the probabilities for each grid
cell [18]. Yolo V3 neural network consists of 106 layers and uses multi-scale fusion to make
predictions. The input of the image size is 416 × 416 and combined with three scales [47].
Furthermore, the detection is done on the three separate layers [3]. The input dimensions width
and height are 13 × 13, 26 × 26, and 52 × 52 [5]. Output tensors from those detection layers
have the same widths and heights as their inputs, but depth is defined as for formula 1.

depth ¼ 4þ 1þ class probabilitiesð Þ 3 ð1Þ

where 4 is the number of bounding box properties such as width (bw), height (bh), x and y
position of the box (bx, by) inside the image; 1 is the probability that box contains the
detectable object (pc) and class probabilities for each of the classes (c1, c2,…, c5). That sum



is multiplied by three because each of the cells inside the grid can predict three bounding
boxes. The backbone of Yolo V3 is Darknet-53 is shown in Fig. 1. It was made of 53
convolutional layers to capture deep features and has been proved to be more effective than
Darknet-19, ResNet-101, or ResNet-152 [21]. The algorithm of Yolo V3 divides the input

Fig. 1 The Darknet-53 structure



image into S×S grids. If the center point of the object’s ground truth falls within a certain grid,
the grid is responsible for detecting the object. Figure 2 shows the bounding boxes with
dimension prior and location prediction. In Fig. 2, bx, by, bw, bh are the x, y center coordinates,
width, and height of our prediction. tx, ty, tw, and tk are the network outputs. cx and cy are the
top-left coordinates of the grid, whereas pw and ph are anchors dimensions for the box [38, 40].
The loss function of parameter training of Yolo V3 is indicated as follows [4, 11]:

L snð Þ ¼
−log snð Þgn ¼ 1
−log 1−snð Þgn ¼ 0

�
ð2Þ

where n indicates the sample index; sn ∈ [0, 1]represents the objectness score predicted by the
network; the loss value measures the predicted probability that the n-th sample is an electrical
component. Moreover, gn indicates the ground truth. It should be noted that gn ∈ [0, 1] means if
the n-th sample belongs to the class of objects.

2.4 Spatial pyramid pooling (SPP)

Spatial pyramid pooling (SPP) in terms of object recognition has been tremendously success-
ful. Due to its simplicity, it is competitive with methods using more complex spatial models
[12, 30]. In the representation of the spatial pyramid, the input image is separated into a series
of increasing finer grids at each pyramid phase. Furthermore, the output of the last
convolutional feature maps is divided into proportional proportions into space containers in
the SPP layer. The number of containers is fixed irrespective of the image size. In each space
bin, the network adopts the max-pooling strategy [19, 54].

Fig. 2 Bounding boxes with dimension priors and location prediction



SPP has some advantages as follows [16]: SPP not only allows us to produce images of
predetermined proportions for processing but also allows us to feed images of varying
measurements or weights during training. Next, training with variable-size images grows
scale-invariance and reduces over-fitting. Moreover, SPP can pool features obtained at variable
scales to the flexibility of input systems. A network structure with a spatial pyramid pooling
(SPP) is shown in Fig. 3. In our experiment, SPP entered in the Yolo V3 configuration file.

3 Proposed methodology

vTaiwan’s prohibitory sign detection and recognition are performed by the Yolo V3 and Yolo
V3 SPP framework in one phase. BBox label tool is used for generating a bounding box for
each sign. The labeling process is performed for four class labels (P1, P2, P3, and P4). Further,
one image can host more than one bounding box. In the detection stage, a single class detector
model was used and one class label belongs to one training model. The return values of the
bounding box labeling tool are object coordinates in the form (x1, y1, x2, y2). The Yolo input
value is not in the form of object coordinates. Instead, the Yolo input value is the center point
of the object and its width and height (x, y, w, h). Hence, the system needs to change the
bounding box coordinate into the Yolo input format. Equations (3)–(8) shows the transforma-
tion process [1, 11].

Fig. 3 Spatial Pyramid Pooling (SPP) layer



dw ¼ 1=W ð3Þ

x ¼ x1 þ x2ð Þ
2

dw ð4Þ

dh ¼ 1=H ð5Þ

y ¼ y1 þ y2ð Þ
2

dh ð6Þ

w ¼ x2−x1ð Þ dw ð7Þ

h ¼ y2−y1ð Þ dh ð8Þ

WhereW is the width of the image, dw is the absolute width of the image, H is the height of the
image, and dh is the absolute height of the image. In addition, float values relative to width and
height of image (dw, dh), it can be equal from 0.0 to 1.0.
The purposed methodology is to recognize Taiwan’s prohibitory sign using Yolo V3 based

on spatial pyramid polling. Therefore, Fig. 4 describes our architecture of Yolo V3 SPP and
Algorithm 1 describes object recognition with Yolo V3 SPP.
The Intersection over Union (IoU) is an overlap metric that indicates the degree of overlap

between the model-generated target window and the original labeled frame [26]. It is not
susceptible to scale and non-negative changes and is a common evaluation standard in target
detection, also referred to as detection accuracy. The value of IoU is the relation between the

Fig. 4 The architecture of YOLO V3 SPP



result of the detection, the reality of the ground truth, and the relationship between them [20].
IoU calculates the overlap ratio between the boundary box of the prediction (pred) and ground-
truth (gt) shown in Eq. (9).

IoU ¼ Areapred∩Areagt
Areapred∪Areagt

ð9Þ

The input of the target detection process using the Yolo V3 SPP algorithm is prohibitory sign
Class P1, P2, P3, and P4. After the algorithm processes, the detected targets are bounded by
bounding boxes, and the image class objects are associated. Also, the same target is given the same
mark in each image and a uniform label is given to the same target. NMS is used for full local
search to delete redundant boxes and output and to display object detection results. In our work,
Yolo V3 uses down sampling in convolutional layers with a spatial model to receive important
characteristics in max-pooling layers. For each picture, it applies three different sizes of the max
pool with [route]. Through [route] uses various layers −2, −4 and− 1, −3, −5, −6 in conv5.
The comparison of Yolo V3 and Yolo V3 SPP with different weights provided by the Darknet
framework in this work. The fully connected layers used for SoftMax classification and
bounding-box regression are initialized from zero-mean Gaussian distributions with standard
deviations 0.01 and 0.001, respectively [13]. To speed up the training process and prevent
over-fitting, the global learning rate is 0.001, momentum is 0.9, and parameter decay is 0.0005.
The learning rate hyperparameter controls the rate or speed at which the model learns.
Specifically, it regulates the amount of apportioned error of the weights. The weights of the
model are updated regularly based on the batch of training examples.
Our work arranges 6 model experiments shown in Table 1. Scale = 0.1, 0.1 was used for

each Yolo V3, and Yolo V3 SPP. Hence, for an n-classes object detector, it is advisable to run
the training for at least 2000× n batches. In our case, with four classes, so the maximum

Table 1 Experiment models

NO Name Model Weight

1 Yolo A Yolo V3 TSData_best.weights
2 Yolo B Yolo V3 TSData_final.weights
3 Yolo C Yolo V3 TSData_last.weights
4 Yolo D Yolo V3 SPP Yolov3spp1_best.weights
5 Yolo E Yolo V3 SPP Yolov3spp1_final.weights
6 Yolo F Yolo V3 SPP Yolov3spp1_last.weights

Algorithm 1. Object detection process using Yolo V3 SPP



batches number was 8000. Moreover, the training will be processed for 8000 iterations. The
darknet framework will automatically provide three different weights such as the best weight,
the last weight, and the final weight if the training process reaches the maximum batches or
iteration. While training darknet will recalculate the mAP and resave the weight every 1000
iteration. During the training process, the weight that has the highest mAP will save as the best
weight. If the training process does not reach the maximum batches it will just obtain the best
weight and the last weight.

4 Experiment result and discussion

The data set was split into 70% for training and 30% for testing. Since Taiwan’s prohibitory
signs are not exists, the system has had to configure the database and collect the image itself. In
addition, our experiments focus on the prohibitive sign of Taiwan consisting of no entry
images (235), no stopping images (250), speed limit images (185), and no parking images
(230). In addition, a total of 900 images are used as shown in Table 2.

4.1 Training result

In the training process stage, data augmentation techniques such as cropping, padding, and
horizontal flipping are applied. Such methods are used for the preparation of large neural
networks. The experiment therefore conducts such operations during data augmentation with
multiple settings like rotation range = 20, zoom range = 0.10, width shift range = 0.2, height
shift range = 0.2, and shear range = 0.15. Furthermore, a bounding box labelling tool [3] was
used to manually detect and recognize traffic signs for the object to be detected. The results of
the tools together with the class label are four points of the position coordinate. Then, before
practicing, use the Yolo Annotation tool [4] to convert the label into Yolo format. The tool
changes the values to a format which the training algorithm Yolo V3 can read. Additionally,
the training environment is equipped with a Nvidia RTX1080Ti GPU accelerator11 GB
memory, i7 CPU, and 16 GBDDR2 memory.
Figure 5 describes the training process using Yolo A (a) and Yolo B (b). The training

configuration file uses network size width = 416, and height = 416 means that every image
will be resized to the network size during training and detection. The training will be processed
for 8000 iterations (max_batches), policy = steps, and steps = 6400, 7200. The learning rate is
a hyper-parameter that controls how to adjust the weights of the network. At the beginning of

Table 2 Taiwan’s prohibitory signs class P1, P2, P3, and P4

NO Class Sign Total Image Sign

1 P1 No entry 235

2 P2 No stopping 250

3 P3 No parking 230

4 P4 Speed Limit 185

Total 900



Fig. 5 Training loss value, mAP, and AP result using Yolo A (a) and Yolo C (b)



the training process, the learning rate needs to be high. Typically, when one sets their learning
rate and trains the model, one would only wait for the learning rate to decrease over time and
for the model to converge eventually. Further, in the configuration file, the degradation in the
learning rate is accomplished by first specifying that our learning rate decreasing policy is
steps. In the above example, the learning rate will start from 0.001 and remain steady for 6400
iterations, and then multiply by scales to get the new learning rate. The summary of Fig. 5b is
that Yolo V3 SPP is more constant than Yolo V3 in Fig. 5a during the training process. Table 3
describes the detail of training loss value, AP, TP, FP, precision, recall, FI-score, Intersection
over Union (IoU), and mAP performance for all classes.
Table 3 shows the training loss value, mAP, AP, precision, recall, F1, and IoU

performance for all classes after training 8000 iterations. The average of the training
validation loss for all classes is around 0.0133. Thus, our training model detected the
objects with high accuracy. The training model converged after 7200 iterations and
remained stable during the training phase. The loss value for Yolo V3 SPP is 0.0141,
and for Yolo V3 is 0.0125. Also, Table 3 shows that Yolo V3 SPP obtains maximum
average mAP 99.043%. During mAP calculation, Yolo V3 SPP loaded 107 layers,
with total BFLOPS 65.312, while Yolo V3 loaded 114 layers with total BFLOPS
65.69. Furthermore, SPP could improve the total BFLOFS 0.378, thus make Yolo V3
SPP more accurate and constant. The average mean average precision (mAP) is the
integral over the precision p(o).

mAP ¼ ∫10p 0ð Þdo ð10Þ

where p(o) is the precision of the object detection. Precision and recall are represented
by [7, 8, 52] in Eqs. (11)–(12).

Precision ¼ TP
TP þ FP ¼ TP=N ð11Þ

Recall ¼ TP
TP þ FN ð12Þ

Where TP represents true positives, FP false positives, FN false negative, and N is the total
number of objects retrieved (TP + FP). Another evaluation index, F1 [22] is shown as follows.

F1 ¼ 2 Precision Recall
Precisionþ Recall ð13Þ

4.2 Testing accuracy class P1, P2, P3, and P4

Table 4 shows the testing accuracy for all classes (P1, P2, P3, and P4) of Taiwan’s
prohibitory sign. Class P2 got the maximum average accuracy around 97%, followed
by class P4 for 96.52%, class P1 reached 96.54%, and the minimum accuracy was
95.70% in class P3. Yolo V3 SPP scored the maximum accuracy compare to Yolo
V3. Yolo D presented the highest accuracy, around 99.42%, followed by Yolo E and
Yolo F at 98.99%. Finally, from these results, the conclusion is the best weight
achieved the highest accuracy, the last weight and final weight got the same accuracy
for both Yolo V3 and Yolo V3 SPP.
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4.3 Experimental results and discussion

We discuss twenty prohibitory sign images with several sizes and testing conditions. Table 5
presents the accuracy and time measurements of the experiments. Nevertheless, Yolo V3 SPP
is generally more accurate for the different weights than Yolo V3. Further, Yolo D took the
highest average accuracy at 99.0%, followed by Yolo E and Yolo F 98.9%. The accuracy of
Yolo V3 SPP is increasing within the detection time, but it requires more time to detect the
sign. For instance, the average time of detection was 0.516 s for Yolo D, while Yolo A
required 0.508 s. Moreover, Yolo B and Yolo C got the same accuracy of 92.3%while Yolo E
and Yolo F receives 98.9%.

Table 5 Recognition result using all models with various images and sizes

Image Yolo A Yolo B Yolo C Yolo D Yolo E Yolo F

Acc
(%)

Time
(s)

Acc
(%)

Time
(s)

Acc
(%)

Time
(s)

Acc
(%)

Time
(s)

Acc
(%)

Time
(s)

Acc
(%)

Time
(s)

P1–1.jpg 0.966 0.523 0.980 0.514 0.980 0.501 0.972 0.523 0.969 0.519 0.969 0.510
P1–2.jpg 0.898 0.503 0.909 0.495 0.909 0.493 0.972 0.506 0.965 0.511 0.965 0.503
P1–3.jpg 0.837 0.526 0.891 0.513 0.891 0.499 0.993 0.525 0.993 0.520 0.993 0.513
P1–4.jpg 0.949 0.518 0.975 0.523 0.975 0.510 0.992 0.528 0.991 0.511 0.991 0.506
P1–5.jpg 0.867 0.510 0.895 0.495 0.895 0.499 0.990 0.515 0.991 0.507 0.991 0.517
P2–1.jpg 0.976 0.504 0.983 0.503 0.983 0.513 0.988 0.506 0.987 0.516 0.987 0.524
P2–2.jpg 0.965 0.506 0.919 0.510 0.919 0.510 0.997 0.512 0.997 0.505 0.997 0.509
P2–3.jpg 1.000 0.499 1.000 0.521 1.000 0.509 0.999 0.528 0.999 0.524 0.999 0.519
P2–4.jpg 0.883 0.515 0.888 0.518 0.888 0.516 0.987 0.513 0.987 0.530 0.987 0.507
P2–5.jpg 0.906 0.488 0.949 0.489 0.949 0.507 0.982 0.515 0.981 0.514 0.981 0.521
P3–1.jpg 0.971 0.517 0.983 0.506 0.983 0.521 0.993 0.509 0.991 0.540 0.991 0.522
P3–2.jpg 0.823 0.514 0.874 0.508 0.874 0.504 0.992 0.515 0.992 0.514 0.992 0.513
P3–3.jpg 0.997 0.513 0.997 0.500 0.997 0.497 0.999 0.512 0.999 0.519 0.999 0.523
P3–4.jpg 0.995 0.506 0.997 0.516 0.997 0.501 0.999 0.514 0.999 0.511 0.999 0.520
P3–5.jpg 0.935 0.497 0.893 0.499 0.893 0.525 0.979 0.523 0.975 0.527 0.975 0.505
P4–1.jpg 0.879 0.487 0.861 0.509 0.861 0.509 0.992 0.502 0.992 0.517 0.992 0.512
P4–2.jpg 0.988 0.490 0.989 0.509 0.989 0.507 0.997 0.500 0.996 0.527 0.996 0.505
P4–3.jpg 0.953 0.497 0.894 0.494 0.894 0.506 0.998 0.525 0.998 0.512 0.998 0.517
P4–4.jpg 0.891 0.518 0.751 0.513 0.751 0.506 0.994 0.525 0.994 0.510 0.994 0.510
P4–5.jpg 0.897 0.518 0.842 0.518 0.842 0.504 0.987 0.520 0.986 0.506 0.986 0.508
Average 0.929 0.508 0.923 0.508 0.923 0.507 0.990 0.516 0.989 0.517 0.989 0.513

Table 4 Testing accuracy for class P1, P2, P3, and P4

Model Testing Accuracy

P1 P2 P3 P4 Average

Yolo A 0.9346 0.9756 0.9402 0.9378 0.9470
Yolo B 0.9298 0.9228 0.9053 0.9719 0.9324
Yolo C 0.9298 0.9228 0.9053 0.9719 0.9324
Yolo D 0.9985 0.9999 0.9971 0.9814 0.9942
Yolo E 0.9985 0.9999 0.9971 0.9641 0.9899
Yolo F 0.9985 0.9999 0.9971 0.9641 0.9899
Average 0.9649 0.9702 0.9570 0.9652



The experimental results indicate (1) Yolo V3 SPP is more robust than Yolo V3; (2) If the
system wants to get the maximum accuracy, use the best weight. However, if we want to focus
on detection time, the last weight is the fastest, among others. (3) Both of last weight and final
weight will provide the same result of the accuracy, although they have different time
detection. The last weight time detection is faster than the final weight.
Moreover, both convolution subsampling and max-pooling receive different advantages.

Convolution subsampling can be better exchanged, apparently in the subsequent upsampling
layers. Max pooling acts somewhat eliminating some high-frequency noises from the images
by choosing only maximum values from the adjacent regions. By combining both, SPP seems
to be leveraging the benefits of both, improving the backbone network of Yolo V3. Figure 6a-c
gave the test results (P4–1.jpg) for the Yolo V3 model with an average accuracy of around
86.75% and a detection time of 0.5023 s. Further, Fig. 6d-f showed the test results for Yolo V3
SPP using the same image. The average accuracy was 99.21%, and the detection time was
0.5109 s. The system can detect and recognize Taiwan’s prohibitory sign of class P4 very well.
In Fig. 7a-c, Yolo V3 failed to detect all class P1’s signs in the image, detecting only a single
sign. However, Yolo V3 SPP was able to detect all signs well in Fig. 7d-f.
Yolo V4 [2] has recently been published and has been very successful compared to

previous detectors and other known object detectors. Furthermore, Yolo V4 combines some
features such as Weighted-Residual-Connections (WRC), Cross-Stage-Partial-connections
(CSP), Cross Mini-Batch Normalization (CmBN), Self-adversarial-training (SAT) and Mish-
activation, Mosaic data augmentation, Drop Block regularization, and CIoU loss. Most of the

Fig. 6 Taiwan’s prohibitory sign (Class P4) recognition result using Yolo A (a), Yolo B (b), Yolo C (c), Yolo D
(d), Yolo E (e) and Yolo F (f)



precise modern models require several GPUs to work with a large mini-batch size, and this
means that training with one GPU is very slow and unworkable. Yolo V4 solves this problem
bymaking an object detector that can be trained for a smaller mini-batch size on a single GPU.
Therefore, Yolo V4 has subsequent benefits as follows: (1) It is an effective and robust object
detection model that allows anyone with a 1080 Ti or 2080 Ti GPU to train a super-fast and
precise object detector. (2) The importance of state-of-the-art “Bag-of-Freebies” and “Bag-of-
Specials” object detection methods through detector training has been established. (2) The
adjusted state-of-the-art methods, including CBN (Cross-iteration batch normalization), PAN
(Path aggregation network), etc., are now more practical and fit for single GPU training.
Perfect combination features from Yolo V4 can be employed as best-practice for future
research studies and advancements.

5 Conclusion

In this paper, the Spatial Pyramid Pooling (SPP) was implemented in the Yolo V3 configuration
file. SPPwas applied to feed imageswith varying sizes or scales during training. The experimental
results show that SPP can improve the effectiveness of recognizing Taiwan’s prohibitory sign.
mAP comparison of all models shows that Yolo V3 SPP (Yolo D, Yolo E, and Yolo F) is
outperforming Yolo V3 (Yolo A, Yolo B, and Yolo C). In addition, mAP results show that the
Yolo V3 SPPmodel gives the best performance compared to Yolo V3. Finally, based on all of the
experiment results, the best weight will provide the highest accuracy. Hence, the final weight and
last weight will produce the same accuracy. The fastest time detection is the last weight.
In future work, our plan is to extend the dataset focus not only in Taiwan’s prohibitory

signs but also all Taiwan’s traffic signs. Our work also tries to expand the data set through the
GAN network [6, 9, 49] and Contrast-Limited Adaptive Histogram Equalization (CLAHE)
[23, 29] to achieve better results during training and testing. Also, in future research we will
implement the newest Yolo V4 the Optimal Speed and Accuracy of Object Detection [2] and
use other datasets as benchmarks such as TT100K dataset [53] and BTSD dataset [31, 45].
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