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Abstract: [Objective] In order to solve the difficulties such as small target feature extraction, a transformer-
based traffic sign detection model was proposed.[ Method ] Through fully utilizing the advantages of convolution
and Transformer, a multi-scale feature extraction backbone model was established with attention fusion, which
could enable the backbone network to selectively enhance the features of useful information and suppress the un-
important ones with the support of global context information. In addition, pooling-like connection are incorpo-
rated in order to prevent network degradation while enhancing feature fusion. Finally, experiments were conduct-
ed on the TT100K dataset. [ Result] The experimental results show that the meta-architecture with this model as
the backbone achieves the highest mAP of 84%, and the maximum improvement of mAP is about 7% compared
with the baseline model. [ Conclusion] The model provides a new idea for traffic sign detection while improving
feature extraction.
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(a) Overall architecture of AFPC-T
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(b) PAB structure
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(c) DAB structure
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Scalable convolutional attention block(SCAB)

(d) SCAB structure
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Fig.1 AFPC-T overall architecture and its component structure
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(a) Transformer unit structure

(b) DAB module

(c) Two successive DAB modules

B2 AEBTLHEHIILL

Fig.2 Comparison of different unit structur
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A A Q I i K RME R VO ek
SHt R B QK V=x W, x W x W, . Hth
Wy, W, W,eR"” 2 BIZRAT R A A
HAEFE . D, #H A D/h , D FIRNTFHIWSYERE
hoE HEREINRE. BkAEENESE IR IF
K5 kA Sk BB A VA T A R R IR R T
SLAFEE 1. SoftMax Frk Softmax % eREL, AL
SR T AN B RS, B F A (3 B
i, T R E ., SCABRLHL ™= A {4 43 38 8 1
TIRRAE 2 AF K (S) W-MHSA B i 5 A, BT DL 21
(S)W-MHSA B He AR 5 A REAF R J2: B 28 (10 U 72
FIRE HERE x, o x, 76 LNBEH 2 J5 3 A MLP

e, MLP #Ee b 5 )2 4 28 W 28 21 B, HORS 8 R
MLP(LN(x,))=W,GELU(W,LN(x,)+b)+b, (6)

Ko W e R W e R™C R ) B IR M
#e; D, FREKNEWG YR ; GELU J2 i PRAL .
I JE B R T RlA B AR R S 7 28 0 RR AR A B
Jai , EAT —A> DAB A5 o — J7 1fil i i Reshape f4
YEAS 2R AR IR 1, — AR SE T
(patch merging, PM) .

Transformer & 8K 4 A X 41> 70 Z 18] 19 A0 L
FUCER AR () 5 K RE g, (E R H Bl 1 AR 3 [R] (1)
KR o MiASCR AT LA E B 3 7] 5¢ & (1) SCAB A
Heig A 2] (S) W-MHSA # 2 §ij , F| ] Transformer
FE R B RS B B T XU 5 77 Rl A0 R E B
S AEAR R —Jy ] AR 2 Jm E R SUEE L
SE 0T /N H AR AR AE 38 i ) [R] B 0 15 e s B B T3,
G — 7 THDSUE 7 7 e 5 AT DA ) Bsf 56 3 AN () 38 0 AN
[F) 57 AR, ABR m A0/ N B AR i s
2.3 PABZH

1 (b) Urn , PABEE R T 3> FE 4.
DAB e PMBLHL I PCAEER , RAF HE U8 i 1
PAB i & — ok Z 4 DAB R SIELAY . DAB
PEIUG B FEAE B S, — 5 17 38 43 Reshape 52 1F 315
TR TR 2k n 2 ROEERHIE Rl G, — 7 TH GE
i PMABEHRGHEAT T SR A DL S 43 )2 SN W, B S
A PCHEIH DI SR FFAE S B, PC BRI T4 & IF
W T IR 4 B AR 1S SR R IR Rl 1 R B 38
G TRl A AN R S5 M RRE B [ 8, AFPC-T A LA
BEA [R] RUBE B R AIE , LARE Bl 58 43 28 A R AT 55
FEHE S — B B 2T, 4 1 24k AR R AR
xe R 23k Fp 5 G i A B IS R LR N



1

FEEN,4F . BT Transformer FYAS bR AR R AR BRI 58 05

e RO e B Hoh B = HIA W, = WA | C,
JEWURAERE , BRI 96, IR 4 PABRLLR AT IHE S
7,=PM(DAB(x,)) +PC(x)) (7)

A : PM il PC #4124 Patch merging #2415 y, KRS

A~ PAB IS —ERF AR T 5 x, R j 1> PAB
PRI — e E R A X L 45T 1, DAB, £ &
7@ /4~ DAB . i AJF51 xeR" " @ it DAB 3k

B TER A R, R 52— £
4~ DAB J5#EA PM . 7E PM H1, —4E ¥ 51K 4
IR ZHEREAE SRS S B R R R e p 4 B AR Oy
JER ) 2 4%, B x B9 R/NAE R H, < W, x2C, , Hir
H,=H/12 ,W,=W,/2 . ZJ5, YR 5 o] —
Yerpsl . fe)a, Fed iP5 5 PC AR B RRAE Bl
IRIGHEAN T —1~PAB A,

3 SLEEIEBALIE R SKHEH T

TT100K K 4 2 fie 52 Wl 14 28 38 A s B 4
Z—, EHE MR T @R, AR
STASHAR L o IZEHR RS 3 A RIS 2221 A,
FEA T E A Sl bR R . B 3 R R T ER
AN B R T (VAN 0 | o Aoy T O
Him T 100 000 5K, 78 HE3 R 2 048%2 04814 K .

R T BRI AR, AR SO KA £ N BR T A
ﬁﬂ%ﬂiiﬂ’b&ﬁﬁ SR IR BRI T 42 FhagiE
PRz 2850, A2 R AR K F 100 5K, Forfrfy
6 105 3K 2 &A1 3 071 skl &%

BEAN, o T R AR A T i 1R SR T8
P AR R A s A . Wi 4 iR et 4(b)
SEREARAL 4 (c) TR NI RN 4(d) BE % 2 b —Fhok
ZFRCR A AN R i 500 S SE ], et
AR 5 & 4R S48 & 17 704 mﬁl’il
%o TR T ELMII AR E R ECE
TER I, I LA R S b T 4 T%ﬁlﬁ%ﬁ
FIEREE LA R i AR SCBeAT & 1T X A e i

AR AdH T Microsoft COCO i i H 42 2 i AH
A b, XA BT % BUAG I 25 X A [ K /N ik
MRHIBE ) o LS/ INPIR EAVINT 32x3218 %K)
TR (TR T 3253248 /N T 96x96 14 %) il
KA R (EFLR T 96x96 1% K ) o FHIKEE (mean
average precision, mAP ) Fl%;F UL (frames per sec-
ond, FPS) [ T-fiij &t & A )y bE PR RE . X T 226

P00V HBOHOO06
il 2 i3 4 i5 6 7 8 19 il0
CQOO0OCODN
i1l i12 {13 14 15 i* ip

(a) Indication signs

@@@@@@@@@@
P2 p3 p4 p5 pb p8 p9 plo
®®®®®®®®®®

pll pl2 pl3 pl4 pl5 plé pl7 pl8 pl9 p20

ORI GEEODO®O®

p21 p22 p23 p24 p25 p26 p27 p28 p29 pa*

OReVeI®OOLee

pb pe pd pe pg ph* pl* pm* pn pne

.@@@

pnl pr* ps
(b) Prohibitory signs

AAAAAAALAAAA

wl w2 w3 w4 w5 w6 w7 w8 w9 wl0

A A AAAAAANANA
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AAAAAAAAAA
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AAAAAAA
w6l w62 w63 wbd w65 w6 w67
(c) Warning signs
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wl3’,'w55', 'w57', 'w59'])
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Fig.3 Three signs
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AFPC-T A8 T BRI IR (2,2, 6,21, BI{d
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(c) Noise

(d) Flipping

B4 HiREE

Fig. 4 Data enhancement
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Tab.1 Number of final images

Dataset Size Number
Train 17 704
2 048x2 048
Test 3071

JH AdamW Hi 4L %% . %) T Faster R-CNN Fl Cascade
R-CNN, #] i3 2% 2] %2 3% & 24 0.000 1, Xf T Reti-
naNet, ¥ Ui > R BERE M 0.000 05, JIT A A5 7R [ 7
PR AR REHER I E N 1000, 7E 45 8 I AIER 11 %
AR 27 27 SR 3 YA R 2 2R W 0.1 %5, BLAh, T
BRI N2 T B T 2R DA sl I st ]
JF A 52 56 #4978 Ubuntu 20.04 2 4 F 347, Ge-
Force RTX 3 090 ti GPU it A5 24 GB IN AT, fili FH 4 2
W & Python 3.8 T& Ji 2% >J #£ 42 PyTorch 1.12 Fl
MMdetection HE 42 i 17 52 46 F1PFAl . H T TT100K
H R R 0 2 048 %2 048 14 5, ANME Tl 2k, H ik
i FHERIA B S 4 15k (1333, 800) o IHEAh, B4~ H

TR ARLER R AL T DU B B R AE S Y R A S
HEAAFZE AN AR

4 SCIGHHT

4.1 RS

WE S iR, 7R T DL AFPC-T O 5 TR
2R F %k 129 epoch 1Y Loss K114, 7] LUA 2 7E
EARUECH 25 000 UK A2 47 (B 12 epoch) Loss # T2
T, Z e BN ZRbr i e 2 T AR D

TR 3 PP ICHEAE IS IS RIS Ay i T i

4.0
3.5
3.0
2.5
2.0
1.5
1.0
0.5
0.0

—— Cascade R-CNN
—— Faster R-CNN
— RetinaNet

Loss

%ﬁ

0
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Iter
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BE5 LLAFPC-T AEFH =TTRIMEE Loss B
Fig. 5 Meta-architecture Loss diagram with
AFPC-T as backbone

AT TXTEE S, 26 2 ety 1 7E AR B I 5 45
g5 R HH mAPs Fl mAP>s 53 5 3 7% 0.5 #1 0.75 1Y
ToU, S M HI L 43 5175 X b F /I | o R R A (4
() mAP, WX Segh b n] DUE 76 A JC2EA T
et LA AFPC-T i T R B H A T I Lo i, 5
FPST%A W N, 5RLRBIRIAA L, DA RetinaNet
R mAPso B 5 KARFHIEBE L 7%, A, H
AP B 55 T 29 3% , AP & 155 T 2 6% , AP B2 151
T %) 8%, K RetinaNet F | i & & & , {H Cas-
cadeRCNN B85 T fefELE R . 78 HZR T 124> ep-
och TG T, HmAPs ik 5] T 84.0% , 1M mAP:s ik 3
T 78.7%. LIREE T, FERS A REAR FPS % I
TRRPERE TR 0 mAP  fE—E TR
T UARE T RGN A B E 2 ] (1) SPA
4.2 HELSR

TH Rl S AIE AFPC-T B4 S, il iy
H A I (CA) T2 A4 (PC) & — IS N2 5
LA IEBEATRRCER . 23405 TRl SE 5
(ILER +CA FRTE Swin-T I SCAB, +CA +PC
FRTE Swin-T FP A SCAB [ [RIHIA PC, 1 1
IS CA BB R 3806 B £ 11 2L 4E i |, Faster R-CNN
il Cascade R-CNN L) &z RetinaNet [ P REFS 3] T &
Fim, L ETE R /NEE N . Cascade R-
CNN+CA i H mAPs,. mAPys. S M %3 51| )\ 83.8% .
78.5% .45.1% . 74.3% % 5 5] 85.0% .79.8% .47.2% .
751%. f£ FPS{UM 19.8 T [& % 18.2 i F,CA
AR 2] TR

R T RREA BVER, B X PC YRR i
17 TAL . 33 FrR, PCIE—EFREE L5 TH
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Tab.2 Performance comparison
Method Backbone mAPs/% mAP:s/% SI% M/% L% FPS
ResNet-50 76.9 69.8 355 69.8 69.5 50.2
ResNet-101 75.4 68.7 35.6 68.1 70.6 39.6
Faster R-CNN PVT-T 76.6 71.0 36.8 70.7 69.9 41.0
Swin-T 78.6 73.4 37.2 71.9 74.9 37.4
AFPC-T 80.4 75.3 40.7 73.2 75.6 359
ResNet-50 61.1 55.5 30.8 55.3 52.7 52.7
ResNet-101 64.3 57.4 324 57.9 55.6 40.4
RetinaNet PVT-T 69.1 61.1 359 60.7 57.9 45.5
Swin-T 67.3 60.9 34.2 61.1 58.5 37.8
AFPC-T 71.4 63.8 35.7 63.6 63.5 36.4
ResNet-50 79.6 73.9 38.6 72.4 73.0 27.1
ResNet-101 77.4 71.6 37.1 70.6 73.4 213
Cascade R-CNN PVT-T 83.4 77.8 449 73.8 75.2 19.0
Swin-T 83.8 78.5 45.1 743 79.4 19.8
AFPC-T 84.0 78.7 46.3 74.4 78.8 18.1
3 HELXTEE
Tab.3 Ablation comparison
Method Backbone mAPs/% mAP:s/% S% M/% L% FPS
Swin-T(Baseline) 78.6 73.4 37.2 71.9 74.9 37.4
Faster R-CNN +CA 79.6 74.3 38.7 73.0 76.5 36.0
+CA,+PC 80.4 75.3 40.7 73.2 75.6 359
Swin-T(Baseline) 67.3 60.9 342 61.1 58.5 37.8
RetinaNet +CA 69.0 62.4 35.0 61.8 64.2 36.5
+CA,+PC 71.4 63.8 35.7 63.6 63.5 36.4
Swin-T(Baseline) 83.8 78.5 45.1 74.3 79.4 19.8
Cascade R-CNN +CA 85.0 79.8 47.2 75.1 78.4 18.2
+CA,+PC 84.0 78.7 46.3 74.4 78.8 18.1

M &5 B M HE . K J Faster R-CNN+CA+PC Ji7 , H
mAPsy. mAPs. S. M F1 L 73 5] M\ 78.6% . 73.4% .
37.2% . 71.9% F1 74.9% & & 2 80.4% . 75.3% .
40.7% . 73.2% 1 75.6% ., LH 45 KK W], CA Fl PC
HBHE R T AFPC-T IPERE 1T BT AL AR 8] T
FEMERE . N T HE—2B 8T PC I RZ I, 1 /E T Epoch
AR Z B R &, anlE 6 ffR, It A PC A, 7E
AH [R5 23 BB P, D v 5w ik /b L GIEBH T PC Y
AR
43 TS

R TR WU [ ) A R REAE i B
AR AR B HEAT T al Ak b B, DL X AF-
PC-THHATENER A . 1K 7 /R T 3 FhoCHk By 451k

AIAALZE SR . A O R Y g 38 R S AR AR
Swin-T, 43T AFPC-T., Al LIFE H, 763X 3 FhoC
Batgrh AFPC-T Lt EE 2B A Swin-T fiE 5T fE4ff b 7
i G b 8 A~ B 2 A A T T S 0 QT R
o WEREE IR 5| AlIA R 1A B F AFPC-T
REFHEYME, DR, WETE A TR
AT L3 5 Bl R B 4 b O 3 G ) T RRAE
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