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Traffic sign recognition based on multi-scale feature
fusion and extreme learning machine

MA Yong-jie" , CHENG Shi-sheng, MA Yun-ting, CHEN Min

(School of Physics and Electronic Engineering s Northwest Normal University ,
Lanzhou 730070, China)

Abstract: Feature extraction is performed on a convolutional neural network using only the same size
image and convolution kernel, which results in incomplete extraction features. In the traffic sign rec-
ognition, the continuous change of the position between the vehicle camera and the traffic sign affects
the recognition accuracy of the traffic sign. A traffic sign recognition method based on multi-scale fea-
ture fusion and extreme learning machine is proposed. Firstly, the network model adapted to three
different size images is pre-trained as the initial model of the experiment. Then, the three network
models are combined to construct a multi-scale convolutional neural network, and the parameters of

the three pre-trained networks are cascaded to the full connection of the fusion model to train the fully
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connected layer of the fusion model, and the network parameters are updated by the random gradient

descent algorithm. Finally, the fusion model is used as the feature extractor to extract features, which

are sent to the extreme learning machine(ELM) to realize traffic sign recognition. The experimental

results show that the recognition accuracy of the multi-scale feature fusion and extreme learning ma-

chine combined network is 99.23 % and the recognition speed is 46 ms. Compared with the pre-trained

network, the classification accuracy of the network is increased by 2.35%, 3.22% and 3.74 %, respec-

tively. Therefore, the multi-scale feature fusion method can effectively extract the feature information

of traffic sign images, ELM classifier can improve classification accuracy and classification time, and

meet the requirements of traffic sign recognition accuracy and real-time.

Key words: convolutional neural network; identification of traffic signs; multi-scale fusion; intelligent

transportation; extreme learning machine
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Fig.1

Structure of multi-scale convolution neural networks
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Tab.1 Parameter setting of multi-scale convolution neural network model

Sub-network Type Filter size/stride  Pooling size/stride  Pooling model Layer output
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Fig.7 Cross entropy loss and classification accuracy
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Tab.2 Classification results of different cascading method

Classification Classification
Type of network

Accuracy/ % time/ms

Size_32 96.88 40

Size_64 96.01 40

Size_128 95.49 40
Size_32+ Size_64 97.88 40

Size 32+ Size 128 96.98 42
Size_64 -+ Size_128 97.24 14
Size_32-+ Size_64 -+ Size_128 99.23 46
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Tab.3 Performance comparison of different classifiers

e Iy IENE I/ Vo 43 &I 6] /ms

Softmax 99.12 52
SVM 98.26 60
ELM 99.23 46
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Tab. 4 Comparison of different methods in GTSRB
dataset recognition results
Classification Accuracy
Algorithm
time/ms rate /%
ANN 178 89.63
Random forests 211 96.14
Algorithm of Ref.[19] 93 98.82
Algorithm of Ref.[20] 84 98.13
ARk 46 99.23
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Tab.5 Comparison of recognition classification accuracy

in complex environment

Insufficient Obscured/ Blurred
Algorithm
illumination/ % % image/ %
SCF-ELLM
95.01 93.72 94.63
of Ref.[19]
MCF-ELM
97.15 96.01 96.68
of Ref.[19]
Algorithm of
97.62 97.18 98.01
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Tab.6 Comparison with other multi-scale methods

Parameters/ Accuracy
Method Loss
million rate /%
Algorithm of
1.18 0.067 3 98.82
Ref.[20]
Single-scale CNN
0.92 0.093 5 98.38
of Ref.[20]
Algorithm of
6.8 0.008 3 99.23
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