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Abstract

In modern intelligent transportation systems, efficient and accurate traffic sign detection is of
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great significance for assisted driving and autonomous driving systems. Aiming at the problems of
low recognition accuracy and missed detection caused by the small size of traffic signs in road
scenes with complex backgrounds, a traffic sign detection algorithm based on indivisible wavelets
and improved YOLOv8 is proposed. Firstly, the input image is processed with Non-Separable
wavelets to effectively extract high-frequency information in order to enhance the detail perfor-
mance of the image and improve the robustness of the model. Second, a detection layer for small
targets is introduced to replace the large target detection layer in the original model, and the
network structure is optimized, thus significantly improving the detection performance of small
targets. Next, the stepwise convolution in the network is replaced with SPD-Conv to effectively re-
duce the loss of feature information. Finally, the WIoU loss function is used instead of the original
loss function. Trained on the TT100K dataset, the experimental results show that the improved
algorithm improves 9.7% and 11.5% compared to YOLOv8 in terms of accuracy and mAP@0.5,
respectively, and the performance is significantly better than the original algorithm.
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AR BN T YA @ T RO bR 2 W2 A R EEAE A, Al bs EATIIE N B S B R G =
TR S, BRSNS B R A AE BN, AN B D TE A HERR ARG (e, T
WS ER R A MhA, BEE NSRRI RE, AR SR TS e 4 B 3 S R A R

ACIEAR BRI VLT DL ARG AL TR FE 2 S P 2K . ARG i dadad Bt . AR S S5 R Ak i
TR, TN THREURHE, 1 H 5 2 RAROGRRSESMT R Rgma,  [Rlth, e A 2 A8 i@ Ax A U S
HERISERR TR oK. MRS, HE TR S M EATERHESR L LR A 2, B A5 TE SR Az AL R T AR
PERE, CRCNACEARERI E R % R N BRI SR B R K2, i BEARA 0 R-CNN [1]
Fast R-CNN [2]. Faster R-CNN [3]%%, it X 8k A5 il 9 2% ok A5 il H AR IR A, SR J5 %6 H R HEBE 1T 4028
AET U o BRI HAG B v PR Rar UDKS 52, (LA P L1 o B B B502:4R 34 1 SSD [4]1411 YOLO [5] [6] [7] [8]
5, E R LAE R PR BRI SR TR H A5 23 ANALE, A7 v B0, A4 a5 A T ORGP
AR

ITEEAER, A8 AR A A 7T A O S 2 2 R . Wu 28 A [917E YOLOV3 H15| N T DarkNet19 1E
NS, PR T R T A B AR S RHE R AR R, S AR RE, (RN AE IR R A
MK A . Zhang %5 N [1016 25 (8] 4 725 1Ak (SPP) BB A N YOLOV3 J-45 & G s e AR, FI
JEHRLERAE, LEHEE S HbR. Yao S5 A[LL]EF X SER AR AN, &8 T YOLOV4-Tiny 53, 5l
N IE BRI 42 - 35 0 2% (AFPN) R Rl & AN 6] ROBE ARRAE /2 o B T I 2% rh 5] N2 BFH(RFB), 5t T
PRANRHIE 2 PRFIE SR U, W53 T 20 lAn BRI 1 B - Wang 48 A [12]33d 7E yolovs H1 5] AV &
JIBLHURIRRAE G SRR, $& i 7 AR 2 bs E R ANRE 11, M T R IEIE s> 51 2 1 R s
Bk,
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1) FEEMINGER, &5 FEORE G BME, SASHRIBE R BSIN T AR 70N, 18
I SR EHR B EE B IR S R R — RIS N 2%, TS AL R I 4B KRR, 32 sl e

2) HTAEAREH G RRRICT 32 x 32, Jy G RFAE B 4 28 IR T 2%, A SO AR AL S5 i AT Ak
IS B AR ZACE SR 0K H AR 2, 5o/ BAsta il ge /), RIS 22 b 7B S8R
HoRE.

3) K AEs M o S AR FEAE B ) B R AR R-IE R R, A5\ SPD-Convolution #4455
B s DR, DA B ™ AR A RS Bk, 9 AIC 7 HE /I H AR R SR B RE

4) ¥4 )7 B 125 K%L CloU loss (Complete Intersection over Union)# #: 5 WloU loss (Wise Intersection
over Union), fRHRAR ARSI S0 FE

2. YOLOVS [RZ& /48

YOLO &RANA i AW ikt ALiiC, YOLOV8 /£ 5 YOLO RAIHihA, % Esspgmittae, o
T B bRk, S 5351, B 28 BT84 240, #2648 7 YOLOV8n, YOLOV8s, YOLOv8m, YOLOvSI,
YOLOV8X FLAAFK/ANIHAL,  SHeidh R A F s TT K, ASCEBUATN, KRR YOLOVSSs.

WiE 1 FrR, YOLOVS HIMZEHESE F 2 FE: Hi Adm(Input). 3T M 2% (Backbone). i3 ) 45 (Neck)
Afgr v (head) . S SGEH T Mosaic 2, FUEMAIEHETT 5, SHPNE. EFTMEPLE
Conv. C2f. SPPF &f&itl, = Zith o7 Wi N\ EHRIRIURFAE. Hor, YOLOV8 #it 140l C2f 454y, il
I Z 5 2 E R, PG EE MR ERE R, 2Ol 73— P R E ik . SPPF #HLUR 25 7] & v bk,
TER RG22 REERHE, REERAS [ RBE AORRIE B i — R . B0 48 F EEH TRk B =T W
210 % RERAE, % T PANet (Path Aggregation Network), {5 FH [ Tl [a) T A1 i 5] B2 4, TS
R TSR, HRE T PR ANE R R R A RE T
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Figure 1. YOLOV8 network architecture diagram
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Figure 2. Improve the model structure diagram
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AR, AT B SR (5 S A EE, oM ARSI E] YOLOVS W4 riit AT HARK . XA
T BB AR, R TR BRI RME R, WS 1 IZE /N H AR ASIE AR S A AR = .

3.2. NBFRNE

YOLOVS JF 4 H 7Y (g v, i FH 20 x 20, 40 x 40, 80 x 80 = AN[] R HIRLINZ, 43 7 kAR
MRy ANZMORERSE I AR, IE5 R, SRR EURZ I R, A& INFEE e s R,
B BAE B, ERAE B A 5, 1 AR & B T HaidiE s o, —M A BRI —H# 4, 20 x
20 [RESZ BP0 AS @ AR SR UL K, 0 B3R AE S B 48 IR &2k, T30 YOLOVS IR ISR A,
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3.3. SPD-Conv

BN 2% (CNN)FETHEHUL AR S5 T, AR A B AR, #RRBLR AR i, (22402
R A R BN R, HERE 2 B35 TR, IXARKREREZ R CNN H (5 22 B AL /2 2 R EOR
BRI Z R AR AE Y 2] o AEZHSCIR[15], fEFFE T — Mo 2 458 ——SPD-Conv, it
7 R 23 1) SR 2 (SPD) MR B 20 B AR AL s BT T LA AL S 15 20 B A A IAL )2

SPD = ZR XL I HEAT N SRAE A RIS, $8 25 [AVRRAE A5 S OR B BB S 245 Z , 8 0 TR IEAE B 22Kk
AR b ERR HEEIE YRR, JFRRRF IR & . X T RN S x S x Cy (A PEE] X, WAL
BT 2N FAEE] . SR B R (6):

foo = X[0:S:scale,0:S : scale],

fo=X[1:S:scale,0:S:scale],---,
fo. = X[0:S:scale,1: S : scale],---,
f
f
f

(6)

= X [scale—1:S :scale,0: S :scale],---

scale-1,0

= X[0:S :scale,scale —1:S : scale],---

0,scale-1 —

= X [scale—1:S :scale,scale—1:S: scale]
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2 LA A7 (scale) & 2 I, X T 584 S, i@ S, B Cy AR IE I X AT 433 44T g, forn o fy o
Wk e EIFEBE AL I T O, A3 BDHURHE B X BB ORI NRHE I 4 £, B0 4C1, SRJ5 kAT
— AR EPOR R BETE LR . i 3 fos. Bk, SPD-Conv il T AL G B A B A (1R IRV, XF
THENULSE AT S5 2 — N INA RO R ESRBUNE, Rl e A BRAR A M AN H AR BRI

KHFFEKH SPD-Conv 1EA T RFENLH, PRI T RFEEFE T RERE B8R, LERTE T AER 2305

TANPARCIIIRE 1, 1G58 TR A2 AL RE S A E R
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P TP+ FP (1)
Recall =L (12)
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R MAE R AR EFR, Hd TP 2 B EREAR TIPSR, FP R H K FFEAS Tl
M IERIREASCE, PN RH R IERE AT A f1 i RE A B

PS5 FEE (AP) A2 X B — R RS R - A I 23R 4R AT AR U155, mAP A2 B A 28 314 AP [~ 3518,
A DL R PP AR AL X BT AT 2R A I PE RS, mAP 293880 1, RoRBRL R M Aty . AR Hop,
nEHIEG APG)ZSE j N REIT AP,

AP=['P(R)dR (13)
mAP:%Zn:AP(j) (14)

FPS Fon iR AEAD AT AR R ) PR Wik, (EDBOR, S Pl o AR 25 M0 AN 2R 52 % B2l I
b,

43 KWHESSYEE

ARSI AT 4 5 Intel(R) Xeon(R) Silver 4210 CPU @ 2.20GHz, #:4F %%iy window10, GPU Jy
16G A7) Quadro RTX 5000. Sk AT pytorch IR FES: SIHESE, FF &K FAE 2 python3.8. PyTorch 1.90,
CUDA 10.2. ¥I4h%: 213K 0.01, ALEIZIKARECH 0.0005, BhEWEN 0.637, ALK ILZBEHLERE TF%
(SGD), i NE1EK/INA 640 x 640, s K/NE A 16, num_workers B4 8, close_mosaic %4 10, RI7E
511> epochs FEYIZRET 56 1 mosaic AR I ZRR0R, ISR EC 150 4~ epoch, YIRS AE H Fitilll 25
B,

4.4. EWERSHH

4.4.1. jHmhsCIS

N B IRAE SRR G 2, BL YOLOV8s AFEZERR, % Precision. Recall. mAP@0.5.
MAP@0.5:0.95. FPS. Parameters /£ JyPEREVFAL 4R R, dHId2H & A [F] RS R0 B BTV AT 75, A RS S
ANEELER, B AREEHK B Z AN BFstaill =, C 251\ WioU, D AREIMAANT] 73tk
W, Horh, V7 FORERN TS, G X7 MRS R E AR, SRR 1R

MRt 1R, BEE SN, B POREEAEE . H IR A mAP SEFR R A IR E T,
FHELT YOLOVSs, MUkt SUW-YOLO Sk fERs i fE 3T %8 87.5%, #&7F 1 9.7 MH 73 A, mAP@0.5
PETH 2 88.6%, FEF T 115 ANFE b, EAR FPS HHT NI, (B3R5 L H bRAG I f se 44 755K
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Table 1. Ablation experiment
< 1. JHELSCI

A B C D Precision/% Recall/% mMAP@0.5/% MAP@.5:.95/% FPS Parameters/M

x x x x 778 68.7 771 60.4 204 11.15
Y x x x 83.1 72.8 82 64.5 161 12.69
Y N x x 85.2 77.3 86.9 67.9 123 451
\ v x 86.6 78.9 88.1 68.6 125 451
S v S v 87.5 80.4 88.6 69.1 120 452

4.4.2. FFELSCEE
T PSR SO SUW-YOLO SBELEAS Il AR ks M AR T DA F B e Re e ds, ik
HY Precision. Recall. mAP@0.5. mAP@0.5:0.95. FPS. Parameters 1F LA EtTabr, R4 BB
FFRIBHRER ST, 5 Faster R-CNN. YOLOV3, YOLOV5, YOLOV6. YOLOV8 £550EH#E4T T SEI R EL .
I 2 BT En, Sod S SUW-YOLO S M Reter il 7 th 4= i 4 2 T HAb %, & FPS 1
BIAK, (AR SHETE D, R SCL 1AM R ) B3 T
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Figure 4. Comparison of traffic sign detection effect
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Table 2. Comparative experiments of different algorithms in TT100K
= 2. FEIESALE TT100K Shpysfbb s2ie

Models Precision/% Recall/% MmAP@0.5/% mMAP@.5:.95/% FPS Parameters/M
Faster R-CNN 61.4 51.3 53.1 42.7 14 138.68
YOLOv3-tiny 66 45.8 52.7 40.6 256 12.15

YOLOv5s 70.3 61.1 65.5 51.2 212 9.14
YOLOv6s 65 60.1 65.7 51.1 208 16.31
YOLOv8s 77.8 68.7 77.1 60.4 204 11.15

Ours 87.5 80.4 88.6 69.1 120 4.52

NY UL R AR S ek T R A B, B YOLOVSs, YOLOVSs LUK A S SUW-YOLO $i: i
FAIRAERTLG, sl 4 Bram. SEaR b = AMBEAY A IS SR TR I, TEC B B /N A AR A T T, B
B SUW-YOLO 53 3 5w AR A FE AN 14 B 7 A 29 YOLOV5s Al YOLOV8s #Hs pl30 it
% pl80, 1M SUW-YOLO £ i1 58 ekl . it B, C ZHrEH|, YOLOv5s Hl YOLOV8s #iH AN [F]
FEEEMIA S DL, 1 SUW-YOLO SEA B SR 71X AW R, X dk— A8 7 AR 58 BRAE 5 A 85
X I8 R B /N H AR A AR A A LA B A

5. &hig

ASCHEH T —FpEE T AW 3/ N YOLOVS A B bR SRR SUW-YOLO, 1] LA 2k
RIS /NS H bR A AR AN A IS BE G, IR . Skae4h R W], SPD-Conv 1) 5] A1)
DAY /D DR 5 22 5 AR 3 B ARRAEAS B, S5/ B AR RRIE SR IR 77 ¥ F R B ARSI 2 B 5K H
PRRTINZ , A 3R/ H ARSI MRS, 10 s> TR B S HORITT R 4 s (6 WioU 1B i 2k sk 4L,
BRI B2 A RE I SRR A s AT A3/ N AR e A8 R A 280 v 1 B 0 4 S B SRR . A
TT100K Hdf £, ki) SUW-YOLO BB AH LU T R A B AU E MG i 22 ) mAP@0.5 E43 JiISEHL 1 9.7%
A 11.5%I1 BT, KIESEm 7 E BB OL T/ BARSClAR Al RE . 48 T @ br A M55
MR AN, RRTIEKBOITIRRES . T KRS KK T RS TR R 7%
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