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Anchor-Free Traffic Sign Recognition Algorithm Based on
Attention Model

Chu Jinghui, Huang Hao, Li Wei

School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China

Abstract Aiming at the problem that traffic signs only occupy a very small area in the image and are difficult to
accurately identify, an anchorless frame traffic sign recognition algorithm based on the attention model is proposed.
The densely connected network DenseNet-121 is used as the backbone network and features are extracted. In order
to solve the problem of low accuracy of small traffic signs, an attention model is added to the backbone network to
make adaptive adjustments to the space and channel of the feature map. The recognition performance of small traffic
signs can be improved by strengthening or suppressing the weight of elements in the feature map. In order to reduce
the semantic gap between the encoding path and the decoding path, the residual network connection method is
introduced and a semantic connection path is proposed. In order to solve the problem of the imbalance of positive and
negative samples in the anchor frame, the detection method without anchor frame can locate the center point of the
traffic sign to regression the position and size information of the boundary box. The proposed algorithm is verified
on the TT100K dataset, and the experimental results prove the superiority of the proposed algorithm.
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Table 1 Performance comparison of different traffic sign recognition methods

Method Backbone Params /10° Index S/% M /% L/%
Recall 72.0 91.3 91.5

Faster R-CNN ResNet-101 52.2 Precision 76.1 87.5 86.1
Fl-score 74.0 89. 4 88.7

Recall 86. 6 95.5 95.1

Faster R-CNN +FPN ResNet-101 60.1 Precision 85.0 92.9 92.3
Fl-score 85.8 94.2 93.7

Recall 87.4 93.6 87.7

Ref. [15] 81.2 Precision 81.7 90. 8 90. 6
Fl-score 84.5 92.0 89.1

Recall 87.4 95.1 93.1

RetinaNet ResNeXt-101 94.7 Precision 84.3 95.9 94. 2
Fl-score 85.8 95.95 93.6

Recall 88.7 95.6 92.4

FCOS ResNeXt-101 89.7 Precision 85.6 96. 4 93.5
Fl-score 86.8 96. 0 93.0

Recall 89.7 96.0 92.4

CenterNet HourglassNet 191.3 Precision 90.1 96.7 94.9
Fl-score 89.9 96. 3 93.6

Recall 90.6 95.6 93.1

AAFCNN DenseNet-121 48.1 Precision 91.2 97.3 96. 8
Fl-score 90.9 96. 4 94.9
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Fig. 6 Accuracy-recall curves of traffic signs at three scales. (a) Pixel interval of (0,32); (b) pixel interval of (32,96];
(¢) pixel interval of (96,400]
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Table 2 Effect of depth of densely connected network

on recognition performance

B, PR AR T 5 0 AR 4 o7 Xk I 2% TR S P g
B S5 RN 3 s . NER 3 "I LA B, 16 9 %
A RO A T R R R AT AR 1 45 ) 1 e
(DS AN B R AT I S ) S E A /1PN
VBRI R 1.3 AN A s [ A AR
PEAR 5 G A AR I TR R BB L I 4% Y R
PEREA 215 20 5 2 19 16 45 , il A % 4% v 19 T 5 0 A8
TR 00 ) 2 B 6 A8 0 T U RS AR PR RE . A 0 45 4R 1R
FRAER S R AR B 151 & AT R BUE 2 A
fii A AR AR E L 5 73 2 BT SCRHIE , IR TE )
I e PO 4 614 2 T B A b 2 (ol SRU 25 SR T A
3 WA AL B RN P RE Y 5
Table 3 Effect of location of attention model on

recognition performance

AP /%
Backbone Params /10°
S M L
DenseNet-121 48.1 63. 4 80.1 86.1
DenseNet-169 65. 4 62.5 79.9 86.1
DenseNet-201 101. 4 61.7 79.7 85.7
DenseNet-264 154. 8 61.9 80.0 85.0

» AP /%
Location Params /10°
S M L
In coding path 48.1 63.4 80.1 86.1
In decoding path 47.8 62.1 80.0 85.8
Both coding path and
48.2 62.6 80.0 85.1

decoding path
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Table 4 Performance comparison of each module

» AP /%
Model Params /10°
S M L
Base 14. 1 60. 8 79.7 85.9
Base+ AM 14. 2 61.7 79.8 85.1
Base+ SCP 47.8 61.9 80.0 87.2
Base+ AM-+SCP 48.1 63.4 80.1 86.1
:I: N
4 % 1w
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