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Coarse-to-Fine Algorithm for Traffic Sign Recognition

Xu Dan, Zhang Jiangli, Yu Hualong, Zuo Xin, Gao Shang

(School of Computer Science, Jiangsu University of Science and Technology, Zhenjiang, 212003, China)

Abstract; In this paper, a coarse-to-fine traffic sign recognition algorithm is proposed to alleviate the con-
flict between recognition precision and time consumption. In the coarse classification, a traffic sign region
is represented with color name-histogram of gradient (CN-HOG) descriptors to describe its color and
shape features. A linear support vector machine (SVM) classifier is used to classify the region into differ-
ent categories: prohibitory, warning, mandatory, release of prohibitory and others. In the fine classifica-
tion, the different fusion methods of color and shape features in Bag of Words model are discussed and the
color-shape early fusion method is employed to combine the CN and scale-invariant feature transform
(SIFT) descriptors. The final class labels of the region are obtained by Gaussian kernel SVM classifier.
Experiments in public dataset show that the proposed algorithm satisfies real-time practice and meanwhile
achieves a high classification precision of 99, 15%.

Key words: traffic sign recognition; coarse-to-fine; bag of words; color name-histogram of gradient (CN-
HOG)
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Fig. 1 Flowchart of coarse-to-fine traffic sign classification
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Tab.1 Comparison of HOG, RGB-HOG and CN-HOG on 20 category objects of PASCAL VOC 2007 %

BEE Plane Bicycle Bird Boat  Bottle Bus Car Cat Chair  Cow  Table
HOG 28.9 59.5 10. 0 15.2 25.5 49.6 57.9 19.3 22.4 25.2 23.3

RGB-HOG  33.3 56.5 6.8 13.7 22.9 46. 2 56.6 14.9 20. 4 22.8 19.3
CN-HOG 34.5 61.1 11.5 19.0 22.2 46.5 58.9 24.7 21.7 25.1 27.1

FRAE Dog Horse Bike Person Plant Sheep  Sofa Train TV Mean Ap
HOG 11.1 56.8 48.7 41.9 12.2 17.8 33.6 45.1 41.6 32.3

RGB-HOG  11.7 57.1 46.7 40. 6 13.3 19.2 31.6 47.5 43. 4 31.3
CN-HOG 13.0 59.7 51.6 44.0 19.2 24. 4 33.1 48. 4 49.7 34.8
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Fig. 3 Fine classification of warning signs
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Fig. 6 Comparison of classification results of different features on prohibitory signs
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