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Abstract. This paper presented a method makes traffic sign recognition faster and more accurate. 

Traditional faster detectors are limited by their accuracy and are not sensitive to small objects, in the area of 

self-driving, it has some inconspicuous but important object of concern, such as traffic sign. We noticed that 

most traffic signs in dataset is small and easily to confuse with complex backgrounds. In this situation, after a 

series of convolutional layers, some of these traffic signs can’t be detected or classified correctly, and the 

problem of neglect happens a lot. In order to settle this problem and optimize the result, we simplified the 

SSD structure and introduced an up-sampling structure to make the geometric details of small objects 

distinctly. This method significantly improved the result of recognition, we got 97.6% mAP on The German 

Traffic Sign Benchmark with 96 × 96 input and SSD300 has 79.7% mAP on same dataset. 
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1. Introduction
Neural networks involving image learning generally use convolutional neural networks as the basis, but

after years of practice and development, the convolutional neural network has inherent problems in structure: 

the high-level layer has a large receptive field and strong semantic information representation, but low 

resolution brings weak ability of the geometric detail information representation. In this respect, the low-

level layer’s receptive field is relatively small, and the geometric detail information representation ability is 

formidable, although it has high resolution, each feature map contains scant contextual semantic information.  

On this basis, the SSD strategy is to use multi-scale feature maps to predict objects, high-level feature 

information with larger receptive fields to predict large objects, and low-level feature information with 

smaller receptive fields to predict small objects. This brings up a problem: when using the feature 

information of the low-level network to predict small objects, due to the lack of high-level semantic features, 

SSD has a poor detection effect on small objects.  

In order to tackle the lack, we simplified the model and utilized multi-scale features, followed by an up-

sampling structure.  For small objects, a shallow convolutional network can better preserve its geometric 

features, and multi-scale features contain rich semantic information [10][12]. In addition, up-sampling can 

magnify small features[21]. Theoretically, the model can significantly improve the detection ability of small 

objects and accuracy while maintaining detection speed. In our experience, we got 97.6% mAP on dataset. 

This paper first introduces some state-of-the-art works about object detection and briefs problems they 

encountered at the time, then compared with recently proposed detection systems, we have summarized 

some superior methods for detecting small objects and combined them on our model, proved to be superior 

to the original one which trained on traffic sign dataset. 
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2. Related Work 
In the field of neural networks and deep learning, many models can be utilized to identify and detect 

objects, but due to different subjects, the performance of the model is also uneven.  

In the task of object detection, the classical machine learning algorithm used the Histogram of Oriented 

Gradient (HOG), support vector machine (SVM) [1][2][23], etc. to extracted features and classified them. In 

recent years, deep learning has become popular, current state-of-the-art object detection models can be 

roughly divided into two methods. One method, called as two-stage object detector. The previous object 

detection models used selective search to find the area of the image where objects may exist, such as R-CNN 

[3], it needed to perform a forward feature extraction for each proposal extracted by selective search (about 

2000 proposals per image), which the amount of calculation is large and cannot meet the requirements of 

real-time detection. Faster R-CNN [4] is a typical example that used Region Proposal Network (RPN) to 

extract proposal via sharing convolutional layers, it can achieve 83.8% accuracy on the voc2012 dataset. He 

K solved the problem that RoI Pooling will deform the RoI region[24] during the pooling process with the 

location information is not accurately extracted by Mask R-CNN [5], accomplished the segmentation task by 

improving the structure of Faster R-CNN. These two-stage object detection models can achieve the most 

advanced requirements in terms of accuracy at the time, but due to the features must be extracted first, then 

predict and identify the object’s position, the detection speed is inevitably constrained. 

To solve the shortcomings of the slow operation speed of the first one, the second method proposed. For 

example, Yolo (you only look once) and the subsequently proposed upgraded version Yolo9000, Yolov3 

[6][7][8], as its name suggests, returned the position of the bounding box and the category directly at the 

output layer that achieve one-stage detection. Although the speed has a great improvement, the accuracy is 

lower than the first method. Single shot multibox detector (SSD) [9] inherited the idea of regression from 

Yolo, based on VGG network, completed objects location and classification once, that met the requirements 

of detection speed, although it is not as accurate as the two-stage detector, but it has higher precision than 

Yolo. 

Traffic sign is a common typical small object, and in the actual observation, it is easy to be affected by 

occlusion and its own deformation, but to summarize these two methods above, most of them are lack in 

small object detection. In each image, such as SSD, the detector had to evaluate abundant candidate regions, 

but most of these regions does not contain the object that we need. In response to these problems, researchers 

had also proposed many effective suggestions. Reference [11] proposes that the network can effectively 

identify deformed objects by changing the shape of the convolution kernel; PSPNet [12] used a way to add 

contextual semantic information based on FCN [13], which can not only found small objects in the picture, 

but also distinguished targets in complex backgrounds; Online hard example mining (OHEM) [14] and Focal 

Loss (FL) [10] compensated the weight of small positive samples with algorithms. 

For solve the problem that the extracted objects are not obvious due to insufficient training data, a 

feature extraction method based on up-sampling is proposed. After extracting the effective information in 

images, the features of the small objects are amplified and try to fuse features of different scales. After that, 

the non-maximum value suppression method is used to enhance the effect, then combined with the existing 

model to improve the recognition ability of the network and train a more rapid and effective model. 

3. Up-sampling SSD 
Our goal is to make the neural network has a more remarkable ability in detecting small objects such as 

traffic sign. The original SSD model has been excellent in detection speed, therefore all we have to do is 

improve its accuracy and the ability to detect small objects.  

3.1. Issues in preparation 
In our early research, we found that some of the images in the dataset were too small in resolution, there 

were also cases where the image was too bright or faint. After a deep convolutional processing, the 

geometric features of these images will be eliminated, which is not conducive to network extraction and 

learning features. 
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                                (a)  Overly bright samples                                      (b) Dim samples 

Fig. 1: Some samples of ‘speed limit 70km/h’. Images above illustrate the difference in size and contrast between the 

light and dark in the training samples. From human perspective, it is arduous to distinguish the classes of image.  

In response to such problems, our work is to resolve the contradiction between low resolution and 

superior detection results. We first improved from model structure. 

3.2. Framework 
The deeper the convolutional network, the stronger the semantic information. But the deeper network 

structure will cause the feature map of the last layer to be too small. For example, the size of input image will 

from 32×32 becomes 2×2 after VGG, which is not conducive to subsequent detection and regression.  

 

Fig. 2: Overview of our proposed model. Given an input image, first use a simple CNN to get the feature map, then 

send to up-sampling process, fuse deconvolution feature maps to predict location and confidences. The prediction part 

uses same measures and parameters with SSD basically. 

For the task of improving the semantic information, not only [15], but also [16], [17], [18] and [19] are 

show a multi-scale approach to extract semantic information. In order to enhance the character expression 

capability of small objects, we use an additional up-sampling layer to put the geometric features of the object 

in size, that we can get the final feature maps where have the same size as input images, and then combined 

with the characteristic diagram of the previous high semantic information to forecast the object class. In this 

experiment, we use a series of successive deconvolutional layers to fulfill the up-sampling operation. As Fig. 

2 demonstrates, different from the SSD, because of the simplified levels, we use all feature maps after up-

sampling layers fusing and predicting. What surprised us is that this method can not only make up the 

deficiency of small object detection, but also speed up the training speed to a certain extent. 

3.3. Training 
In a network, feature maps from different levels are considered to have different receptive field sizes, 

some state-of-the-art object detection frameworks use similar pyramid structure prediction methods or 

enhance data size to improve the effectiveness of detection results. However, contrary to training large and 
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complex datasets that in most object detectors, we use less data augmentation methods because the dataset 

we used is not very large, so that it will encounter less trouble of overfitting, and the following experiments 

had also improved the accuracy of the model trained by the dataset after complex data augmentation is not as 

high as the model not adopted. 

4. Experiment 
In this section, we evaluate our model on the task of traffic sign recognition, then compared with initial 

SSD model. Try to control variables, use different optimizers and set different learning rates to force the 

model more outstanding. 

4.1. Dataset 
In this paper, we used The German Traffic Sign Benchmark (GTSRB)[20] as the main training dataset to 

detect and classify traffic signs, in addition, the pre-trained VGG network weights on ImageNet are loaded in 

SSD to extract feature maps when comparing. This dataset has 43 classes, over 39k train and 12k val images 

cover almost all signs we can see daily, and there are comparisons between glare and low light. Meanwhile, 

for the purpose of simulating the practical observation of traffic signs in the field of view, the problem of 

deformation and occlusion may encounter, the appropriate data augmentation processing is done. 

 

Fig. 3: The German Traffic Sign Benchmark 

4.2. Results 
On this dataset, we compare against SSD300 and SSD512 on GTSRB respectively, our model used 

deconv5, deconv6, deconv7, deconv8 to predict location and confidences. First fine-tune the model use SGD 

and Adam, find a better optimizer. We adopted a learning rate reduction strategy to ensure the orderly 

decline of gradient. Initial learning rate 0.001 and reduction factor 0.2, if the loss is not reduced after a 

certain epoch, next learning rate will become initial learning rate multiply factor, until the minimum learning 

rate 10-5. The batch size set as 16.  

Table 1: Effect of different optimizers on model performance. We use both SGD and Adam to calculate the optimal 

gradient, we did this work to certificate which is more effective in our work 

optimizer loss val_loss mAP 

SGD 0.0914 0.1640 94.9 

Adam 0.0181 0.0831 97.6 

 

Table 1 shows that our test result. Adam falls more quickly and reaches stable value faster. SGD can be 

more stable, but it requires more iterations. It is difficult for SGD to choose an appropriate initialization and 

learning rate, which Adam is a better selection. 
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(a) Adam (b) SGD

Fig. 4: SGD and Adam downward trend 

We used the same parameters as those used above to train original SSD, compared with our model. Table 

2 shows the results. As we can see, SSD512 is deeper than SSD300, which also indicates that deeper 

convolutional network is not conducive to identify small objects. In fact, when we only simplified the feature 

extraction structure, we can yield better results than the original SSD.  

After we applied the up-sampled structure, the accuracy of each class increased significantly, bring about 

the final mAP boost. In terms of experimental results, the multi-scale prediction combined with the high-

resolution feature maps can better recognize the traffic signs, and the high geometric features after up-

sampling are more advantageous.  

Table 2: GTSRB test results. The horizontal axis represents the classes of signs. SSD300 and SSD512 parameters 

include data augmentation as well as the original. ‘ours’ refers to the simplified feature extraction network, ‘up’ is the 

up-sampling process, and only the brightness is processed, while ‘DA’ is completely based on the SSD data 

augmentation 

Method  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

SSD300 91.4 86.6 87.2 81.1 90.6 77.5 79.5 87.4 79.3 90.3 89.9 89.4 83.2 90.7 90.6 

SSD512 55.4 76.5 84.4 78.8 90 67.5 74.7 74.2 69.3 89.7 90.5 89.3 90.7 90.9 90 

Ours+up 100 99.8 97 91.9 97.3 98 94.2 92.9 93.6 100 97.2 99.7 98.5 99.5 100 

Ours+up+DA 100 90.9 90.9 91.4 90.9 95.1 95.8 88.5 91.1 99.3 94.5 90.5 90.9 92 98.8 

Method 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 

SSD300 90.9 93.5 78.7 76.7 53.7 38.3 79 88.6 77.1 87.2 87 85 88.8 83.3 85.5 

SSD512 91.7 88.1 85.8 80.6 45.8 39.5 41.2 85.3 67.9 53.6 77.5 62.6 69.6 88.3 77.5 

Ours+up 99.7 100 100 95.1 100 100 97.6 92.1 97.1 100 97.7 93.7 80.4 99.8 99.8 

Ours+up+DA 95 97.5 88 89.8 54.8 66.7 95.3 79.9 91.2 98.6 90.6 92.8 95.3 99.3 92.7 

Method 31 32 33 34 35 36 37 38 39 40 41 42 43 mAP 

SSD300 68.2 90.3 87.4 79.4 82 90.1 61.4 38.1 84.5 14.8 84.3 85.8 71.1 79.7 

SSD512 52.7 92.9 96.4 71.4 73 86.2 76.1 24.4 77.7 36.9 73.2 58.7 71.6 73.4 

Ours+up 95.9 100 100 100 100 99.9 100 97.3 99.6 99.8 92.2 99.3 99.2 97.6 

Ours+up+DA 87.2 98.8 100 88 83.1 97.1 76.3 48 85.1 51.7 90.3 91.2 85.3 88.6 
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In addition, we also tried to utilize data augmentation, but the experimental results display that only a 

few classes prediction can meet or exceed the original results. The probable cause is that it does not work 

well for this dataset, which has the opposite effect. We tried the data augmentation built into Keras and 

redesigned several different sets of parameters as well, still didn't meet expectations. 

Since as the last layer of convolution, conv4 also has higher semantic information. We try to use conv4, 

deconv6, deconv7, deconv8 as fusion prediction as well, made a comparative experiment with the same 

parameters and data processing medium, but the result showed that using all deconvolutional layers was 

slightly better. Table 3 and Figure 5 illustrate training result. It is means that in our case, the higher 

resolution of deconvolution layers can detect small objects better when the semantic information contained is 

relatively similar.  

 

Fig. 5: Conv4, deconv6, deconv7, deconv8 training result. 

Table 3: A comparison between different layers 

Layers loss val_loss mAP 

Deconv5,6,7,8 0.0181 0.0831 97.6 

Conv4, 

deconv6,7,8 
0.0224 

0.0992 
97.2 

 

5. Conclusion 
This paper proposes a model that uses a simple convolutional neural network combined with SSD 

regression prediction function, and attaches an up-sampling structure, which surpasses the original model's 

detection ability in traffic signs recognition without sacrificing detection speed. Traffic signs are a symbolic 

symbol, each symbol has a specific shape meaning. Subsequent work will be applied to traffic signs around 

the recognition of human poses [22]. 

The experiment results suggest that this structure can be applied to many small object detection fields. 

For larger objects, it may require some special functions to reach the state-of-the-art level. 
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