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Abstract

Object detection is an important part of intelligent driving system, among which traffic signs are
small target detection, accounting for a very small pixel ratio in the image, which is difficult to iden-
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tify, with numerous types and unbalanced data samples. Therefore, a traffic sign detection method
based on YOLOv7-tiny is proposed in this paper. Add the object detection layer to the YOLOvV7-tiny
algorithm to make the network pay more attention to small targets and improve the effect of tar-
get detection. The Triplet Attention Module (TAM) is introduced to improve the detection ability of
small targets by using a three-branch structure to capture interdimensional interactions and calcu-
late attention weights. In TT100K traffic sign data set, mAP reaches 84.23%, 4.21% higher than YO-
LOv7-tiny. The test results show that this method has better detection performance for traffic signs
in a complex environment and can meet the actual demand.
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Figure 1. Diagram of YOLOv7-tiny network structure
1. YOLOV7-tiny [4& 544 E

BINEEREIN B AR HASHE, JE/N HARHESECA[10, 13, 16, 30, 33, 23], kBB N =4, Hult)s, i
SkFE MU, /N B ERHESBUNIS, 6, 8, 14, 15, 11], 1] LALERI2% 5 =<y /N B bR RGN, 328 1 42 R 25
W AN E Mg E, T3 E 4.

3.2. I\ TAM FEHH%

TAM (Triplet Attention Module) [5]2& — i i {5 FH = 73 3 45 ¥4 % 4 J5 28 HR v S = IRLE (1771
TAM = HERE ISP RN K & AT ek e, SRIG R E S/ S A R 4R 2 TR &R, A BA
BN TR R IEIE S B DA A (AE BT S . AT T IEE v & L e s (A vE & L], TAM =&
VER AIHLE A DUR I s 347 5@ IE 5 SRR B, TS bR T @8 A EE 2 [a] il e st i, IR T H
FRATA AL e, B RN, B A= 0 M NI 2 Fios.

1 § 7
B ol e}y 5 n
9. w .. g w . I f! _W,

AL

HT H

Si id %
(.i——» Z-Pool}—>| Cony =5 " c = I
i w s w

O] e i

Permutation

Avg )
| | Sigmoid
Input Tensor Identity I_’|Z_POO1 Conv I } Triplet Attention
o

Figure 2. lllustration of three branches in triplet attention

E 2. ZEFENN=0XRA

[
(-

b1 2 o, Triplet Attention 2005 3 s, B R U5 A9 SO AT e BG4 AT, i 3022 1)

DOI: 10.12677/csa.2023.134072 739 TFENUER S N A


https://doi.org/10.12677/csa.2023.134072

Mril 45

YENE H AW R RS, RS, AT RE R BCE T, Ao i H] Sigmoid B8 HOHAT HUR R
fEo PIRIEYSE, DREFSIAMERE W AR, BEATIER A, il C 4eFEMZE R H MER, 3T
HWIEALH. . i EJTHI9Y S0, MGRAHARIEIE C i/ 5 A 4EE W B A5 2. et =70 SCdAT $
TORIE A

Z-Pool IR T I AL MIER GAL R IEIE S, AR IR0 H 0 4R3I 2 4. X E151%)= REW (R B
KPR RIE R, RN e N R, MRt — s i S . Bk A 30T pos:

Z-pool( ) = MaxPool, ( 7),AvgPooly, (7)] @

Forpr, 0 d SR REAT OIBAL RIS At A B E RO 2 0 4k ltn, —MARTKE(C x H x W) Z-Pool 45 2
—/MEIRFKE(2 x H x W),

FARH TAM ME S5 F K 3 Fos. A — 2 SINATRMN KRR IRIE, HeMAKELT
Z-Pool, FATHIEMMACERAE, BEEHAT 7 x 7 MGHRIE, BE)5#EAT BatchNorm U3 —fL#dE, HUa e
Sigmoid $i pA KUE B RVE R IR . AT AHMEE 03, AN SCE SE#EAT Permute fiedii AT,
FREAT Ja SRR B TEIE AT HR AT

Y k
— Permute — Permute
Channel Pool
¥ L
l Z-pool Z-pool
7x7 Conv l l
l 7x7 Conv 7x7 Conv
Batch Norm l l
l Batch Norm Batch Norm
¢ Sigmoid J, Sigmoid
Sigmoid @ @
L 4
v + ¥
— @ Permute Permute

| D |

g

W QAR I, OdRih

Figure 3. Network structure of TAM
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Figure 4. Diagram of YOLOV7-tiny network structure after improvement
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AT S8 SR FH A8 i bR 2 H08E 4 Tsinghua-Tencent 100K (f577% TT100K) [6], 1% 5 5605 221 M350,
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SEIGIREE . $E{E R % Ubuntu 20.04, 7% SIHESE Pytorch 1.10.0 + Cuda 11.3 + cudnn 8200, CPU Ay
AMD EPYC 7642, P{7 80 GB; GPU JyH.Ht NVIDIA GeForce RTX 3090, ‘&f7°4 24 GB.

SRR E: EIFHAK/AD 640 x 640, JIZiH KA Adam R4k #s, #1465 1% 0.001, RAIRILIE K
TEIHCRIG TR B 22 5] 3, R KN 0.937, AUE I R % 0.0005, AL R ] (Batchsize) %4 64, 1%4K 300
A~ epoch.
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Figure 5. Results of training
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Figure 6. Comparison of detection results at complex intersection
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Figure 7. Comparison of detection results in highway
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Figure 8. Comparison of results from different models
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Table 2. Ablation experiment
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Lt mAP
YOLOV7-tiny 80.02%
YOLOV7-tiny + TAM 81.21%
YOLOV7-tiny + &l 2 82.53%
YOLOV7-tiny + TAM + #&:Z 84.23%
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