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Improved small target traffic sign detection algorithm of YOLOv11
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Abstract: To address the challenges of insufficient feature representation, strong background interference and low
localization accuracy in small traffic sign detection, an improved multi-scale feature enhancement algorithm TSD-
YOLOs based on YOLOvI1 is proposed. Firstly, a CSP-MSFPF module is designed using heterogeneous partial
convolutions and cross-scale feature fusion, effectively enhances the feature expression of small targets. Secondly. a
foreground enhancement feature pyramid network is constructed in the neck of the network to improve target focus and
suppress background noise through contextual correlation and foreground enhancement. In addition. the Haar wavelet
downsampling is adopted to retain high-frequency details while reducing computational overhead, alleviating
information loss for small targets. Meanwhile, the WIoU v3 loss function is utilized to dynamically adjust gradient
allocation and optimize sample distribution, improving localization accuracy. Finally, a channel pruning strategy based
on the LAMP score is applied to compress the improved model, which significantly reduces model complexity and
computation while maintaining detection performance. Experimental results demonstrate that compared to the baseline
model, TSD-YOLOs achieves 2. 6% and 2.1% improvements in mAP50 and mAP50:95 respectively on the TT100k
dataset, with a detection rate of 242 fps; On the CCTSDB dataset, mAP50 and mAP50:95 improved by 1. 6% and
3. 9%, respectively. Furthermore, the computational cost is reduced by 27.6% , the model size is compressed by
58.7%, and the number of parameters is reduced by 59.6%. The experimental results adequately verify that TSD-
YOLOs significantly improves the detection accuracy and robustness of small-target traffic signs in complex scenes
while ensuring real-time performance.

Keywords: object detection;traffic sign; YOLOv11;cross-scale feature fusion;foreground enhancement
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Fig.5 The operation process of the Haar wavelet
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WIoU v3 3R & 2114 55 B 38 5 43 e 5% g 2 28 00 fk e
5k VRS 5 5 A A 458 2 o B BT L i A3 A B 6 0 T Y
JRHEREAS B TR S R R R
1.5 ET LAMP S M@ E &

B B A AR R — T X R (1 A0 4 5 0y 1% L R
8 S 25 T A R I 48 R A T A U R B B o
BRE S . HOR T IR I RS R R 2 4 b ) T A B K
o 4 0 2B R ROR B Y AR R L K I e B
BORCRE AR TF RS L T 35 T o 20 3

K LAMP 855 SEH 0T R R . 5 A 55 A 7 ik
A LAMP J& T 4 s 89 4 )7 5+ RE AT 808 G J2 i Bt ) A
LAMP 7E3FA AL b6 ] T 3 T3 50 B bR 2 1 09 R R 1R
1 (97 J7 1 J7 25, LAMP 42808 SUH

Wlu?
>0 (Wl

b, W Wo 4 P4 w o A 45 1 AR
WluD? % B 45 % 3% 0 BE K ME 0 F s
D0 (WhoD? Rk A —J2 W H % 0T 1 1% 2 B 4
LA T AN T I T 42 1 A

2 XRHEREHH

2.1 ZRHREESHELE

ARSI BT B F & 48 % Ubuntu 20. 04, 8 4 it &«
CPU & Intel (R) Xeon (R) Platinum 8462Y + CPU @
2.80 GHz,GPU 3 NVIDIA RTX 4090, B 7F 24 GB, &
J¥ 2 I HEBR R A Pytorch2. 2. 2+ cul2l, SEH il 45 %
k1 PR,

score(u ;W) = 2D

*x1 ZXRSHEE
Table 1 Experimental parameter setting
S8 Al
i AR 640 X 640
it K/ 16
AL 500
g A 0. 937
&S 0. 000 5
[RGB 0.01
Ak SGD
LR 4
A I 25 i

* 220 -

2.2 ZWHIESE

TT100K B 455" % R I8 T 11 T 18 47 = 508
10 TR RN 2 048X 2 048 pixels B EEFNL 3 TA
ELSLAZ 3 bR R FE ), B AR ROTJEFE 2 16 X 20 pixels ~ 160 X
160 pixels, 5% Z OGRS RT&M, B Rm G5 E 22
SRk, Ko b ab g 232 bR, it 201 28R
BRREE, BAS G o0 T R A 24045, 48 s VI R Pk S T
ZALBE 1 A SCAE Tk BE Y B 5 Bk L BB 2 100 19285,
I 7222 1R 48 N ZREE (6 598 BK) (IR TIEAE (1 889 3K) A
AR (970 5K, FRITENR Koded 5 28 50 43 A 1) S48k

CTSDB2021 ¥ 47 4. & 17 856 ik 4> ¥ R Fl £
600X 900 pixels~1 024 X 768 pixels [ E 15, H ¥ ] F 5 1
TE 20X 20 pixels~573 X557 pixels, FpaaZeM EE W N
325, o0 A s AR IR S R
2.3 M iER

AR CSE B % FH E i 3R (precision, P) | 43 [ & (recall,
R) -4 #E 1 & 4 {8 (mean average precision, mAP){E N
BE R M RE R IEAG R bR . HFEA XN

TP

P =15 1Fp 22
TP

R=Tp1EN (23
1

AP:JP(R)dR (24)
DTAP,

mAP = = (25)

n

Hodr, TP 3R7R TE 5 TOI fY) TF B A5 B4 ik, FP 3R 45 1%
TR Y AR AR FN R S5 IR B Y IEFE A SR, AP
e AR RS I BRL — S 531 A A B S, mAP R X BT A 28 5
KFH AP fH.

WA A F 240 (Params) 77 502 5B (FLOPs) (4
75 FH (Model size) . #E B! AE B (Latency) F1 & #0 I £¢
(FPS) 25 45 b WAl 865 10 &2 2% B2 A+ 3R . Hevh FLOPs
M Params I TIF AR 1155 2 J2 B ; Latency RIBEAL5E
J— YR T [6] B 8 B [, A 5 4 121 4 990 Ak B4 1 S A KA 4
#l (non-maximum suppression, NMS) i 72 , F T 7E 44 B 2%
TR0 s FPS X B8 i 0 ) 2 B
2.4 HEXK

hy B T 4 5 1 AE A2 T AR A A AT 55 b A kot B
T 4 AR IR 5 S 50T /Y Bl St 58, &5 R 3k 2 i
N. FTE A KR C3k2 BBk CSP-MSFPF 3,
mAP50 $¢ 7+ 1. 120, RV HAEZ REF ARG 5/ Hir %
75 T AR, 18 B 7R M HE Al E 5] A FE-FPN,
mAP50 i — 24— TF 0. 7% , 45 A IR 7 5L ER N 5 5 10
RES1. SC8 C M A Haar /N F R A, 75 mAP50 2 F
0. 6% MBI T 2B ESITAE. M T /DHEREE
TET R, 8 D #2225 A WloU v3 i
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Table 2 Ablation experiment
W@ CSP-  FE- WIoU P/ R/ mAP50/ mAP50:95/ Params/ Model  Latency/
" HWD LAMP .. GFLOPs

#®  MSFPF FPN v3 % % % % (X10%) size/ MB ms
Baseline X X X X X 85.6 74.3 84.7 67.5 9.4 21.4 18.4 3.40
A J X X X X 83.7 78.1 85.8 68.3 9.5 26.5 18.7 3.42
B J J X X X 87.477.9 86.5 69.0 12.2 34.3 23.7 4.45
C N NG N X X 86.3 78.7 87.1 69. 4 10.5 31.3 20. 6 4.78
D NG NG N J X 86.8 78.6 87.8 70. 0 10. 5 31.3 20. 6 4.59
E NG NG N J v 85.6 79.0 87.3 69. 6 3.8 15.5 7.6 4.12

T ORI B 5/ S TR LB . IR R D R AL 1

PR RIS R iR A, K E a5 AT LAMP
S350 3 TE B A SR W, 5% B R AR (1 S B i S A A
MR SRS . 47 A 85 SRR, 5L B R A L, AR S 4R
B SRR A A AR T 4. 70 . mAPS0 $2FF 2.6% .
mAP50:95 #2F+ 2. 190 WY [Al B L 110 i B AR 27. 6 %0 .S 5k i:
W 59. 6% BRI K /NG I 58. 7% . 47 T B IR T
AL A I 4 E
2.5 xfhbsEEg

1) AN TR AR 7R % L S 6

SRy a2 56 UE AR ST B B 9 A A0 38 A 7R UM 5

WIAE 55 HP i B P B L 328 BRCM 1 2R AT YOLO R AR
TTXF HLSE B . T A AR TR A A ] A B 4 b R AT U 25 )N 2
SRR — B Z R RSB R HRAR
. ST SR S R gk 3 BroR . TSD-YOLOs 78
G U0 IR L A e 2 (R SR T B AT . AEAN 3. 77 X
10° 2404 . 15. 5 GFLOPs M i AT #2 F . TSD-YOLOs
SEPT 87. 3% B mAP50 5 69. 6% A mAP50:95, WAL
F YOLOv5m. YOLOv8s 4 F i #&% %, [F] Hf, TSD-
YOLOs #5719 3E 30 3 B 38 3] 242 {ps, 58 B 558 19 52 1
K 8 3, 6 H3E T 0 St v SR i

R3 TEEBAN LR

Table 3 Comparison experiment of different models

=7 mAP50/ % mAP50:95/% Params/( X 10%) GFLOPs Model size/ MB FPS/fps
YOLOv5m 82.7 64. 6 21. 01 48. 4 40.6 329
YOLOv7? 68. 1 51.0 37. 41 105. 8 71.8 240
YOLOv8s 84. 4 67.1 11.14 28.5 21.6 400
YOLOv9s 84.5 67.2 9.63 38.9 19.4 107
YOLOv10m 85. 2 67.8 16. 50 63.7 32.1 150
YOLOvl1s 84.7 67.5 9.43 21.4 18.4 293
YOLOv12s 83.0 66. 2 9.28 21.3 18.1 172
YOLOv13s 81.4 64. 2 9.01 20. 1 17.8 333
RT-DETR™’ 83.0 60. 3 20. 14 61.3 — 132
D-FINE™" 87.1 67.2 19. 22 56.5 — —
DEIM™ 87.3 67. 4 19. 22 56. 5 — —
RT-DETRmg"" 83.1 — 16. 70 51.4 — 169
CEkL11] 81.7 — 7.74 21.3 — 45
CHkl12] 84. 4 64. 6 2. 67 — — —
Ghost-YOLO™ 84.8 63.1 9.10 21.0 — 62
TSD-TOLOs 87.3 69.6 3.77 15.5 7.6 242

kLA R B A .
T£ 5 Transformer 42 4 & W #% #9 X 1L+, TSD-
YOLOs [al%E 2 81 4556 #. M8 F RT-DETR™, A&
CITEAE mAP50 Al mAP50:95 43 42T 4. 3% A1 9. 3% 5

5 D-FINE" M kb, A 307 s 20 4R T+ 0. 2% F1 2. 4% 5 M

T DEIM™’, TSD-YOLOs £ mAP50: 95 &7} 2.2%,

A, TSD-YOLOs fE 38 & 44 ¥ J5 i\ @ % K F RT-

DETR.D-FINE fl DEIM, J& 8t H 5 4 /) 25 3% 5 52 .
FAREL TSD-YOLOs 7E 38 3 b a A& M 450 35 14 157 A8

e 221 o
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T # K

POA SN TSD-YOLOs 5 Ho At 27 25 1 38 38 i s o ) 45
BRI T B AT . RT-DETRmg ' &% RT-DETR
B4t AL e #E 2k, T TSD-YOLOs 78 mAP50 ¥ Ji 7 1
B ERT RT-DETRmg ., [F] i 76 4 5 2 505 M35 7 45 -
WRIAHE PSR, WFS5EF YOLOvIT etk ik
AH . TSD-YOLOs 1 A 4 fig Ot F SC#k [11 ] A1 Ghost-
YOLO"™ s 5@k 12140 ey B4R TSD-YOLOs 13 S it
W% <. {H TSD-YOLOs £ mAP50 #l mAP50:95 I 43 5 4%
S 2. 9% 5. 0%,

AR AT R E RS RE L2 A

#6845, TSD-YOLOs I LI 255 PERE i — P ik T
S SC T B AHE SR W A A S e R T S Dy B 30 38 3B A
SBF R IR AL T MO B S AR R R B A B
SR L FH AN .

2) AN A5 % BRECRT HE S G

REIE WloU (W78 8t X H 2 80k B 10 A BHE o 5
5 GIoU™ ., DIoU™ | EIoU™", SIoU™ . ShapeloU™"
PloUP™ 47 % L, an & 4 Fin. ffi Fl WIoUv3 (a= 1.4
3= 5.0) J§ % % i mAP50. mAP50. 95 4% 9| ¥ &
0.7%.0.6%,

R4 MEABHPERIER

Table 4 Comparison of loss functions results (%)

K PR R P R mAP50 mAP50:95
CloU 86. 3 78.7 87.1 69. 4
DIloU 85. 1 80.0 86. 6 69. 2
EloU 86. 3 77.2 86. 1 69. 2
SloU 87.4 77.5 86. 8 69. 2
ShapeloU 85.2 79.3 86. 6 69. 3
PloU 84.2 79.7 87.0 69. 6
GloU 86.9 78.6 87.0 69. 5
WloU-vl 86. 7 78.3 86.9 69. 3
WloU-v2 86. 6 78.6 86. 7 69. 4
WloUv3 oa=1.7 06=2.7 85.1 80. 4 87.3 69. 6
WloUv3 «=1.9 8=3.0 87.3 78.0 87.1 69.7
WloUv3 a=1.6 8=4.0 86. 1 79.3 87.2 69. 8
WloUv3 a=1.4 8=5.0 86. 8 78.6 87.8 70.0
WloUv3 a=1.2 08=6.0 87.9 78. 4 87.5 69. 2

T IR S B A .

3) AN [R] B A% 2 %) b 5 56

ANFI BT AL 2 T AR S it SR R X L g5 RSk 5
FE7R o Horbr, BYAS SR W S 1 EUE (A0 1. 5) Fon B RLAT S 1T
AR ME. 2 LAMP2. 0 I, iZE R R TR H LAMP
ML TR T 50U S, TR RFW, EHE B
BRI, SRR AR E TRBEE, HIFAR
WAIR S EPERE T . 140, LAMPL. 5 K5 55 (4RG3 R 81
RRAR , 16 B[] — J2 45 B R AT R 2 2 B K i Al AL R AR, A2 7
SHAHEICS ., 75 LAMP2. 0(50% 87 A %) K, B #l &
R RN R 2 0 AR I BE AR R R AR, ST
Bl 5RCENTE ., 6% I8 SR R RO, A
WEFEBE$E 50 %6 M BT AE R, LLFE CRIERS BE 1 [5] B i 2 B AIC A5
RIRFR,
2.6 ZHEE

KEAIE TSD-YOLOs Bk 0978 2tk 52 g 71, A 3
£ CCTSDB2021 38 i A 2k A I B 5 48 b 5 FL 4 4 100 3 47
TR SZE, hZe 6 WAL, TSD-YOLOs 75 4& T 1% G 48 5
ERT YOLOvILs, H ks B4R 7 0. 6% . A | 2 42 F

e 222 o

2.8% .mAP50 $2 7+ 1. 6% .mAP50:95 42 T+ 3. 9% , T 401
MT AT EEE RIS RPN ERESRITNTER
fie 71,
2.7 WL

DFAE AT AL 5 b7

AR SCHE 2 R R 37 55 X 58 9 A o R AT T T
X H S W S I BE N B AR LB — H AR 2 B bR B A
ST T BRI G B, IR A Grad-CAMPY A 34
B A 7 Bis . FEUERES 1 3R R AR A UG L 5 2 B o %
LRI I [R5 3 B SR SO AR A TSD-YOLOs 1Y
F Al

FH T BE LR AR R 7 /)N A 22 388 A 7 K00 eP FE A R AE B
BT A R R AR S e E B B RSN, HoE
B RO A 4 TP 7R 30 b 7 B T L o L4 T 35 H bR
BAREEAE, RHAESE 2 TR ERE == T R
/N B BR R BCHTRE B R 2, 2K 5 v R B AR B .
M2 F . TSD-YOLOs fig 5 # # b 8 42 T H A% A9 o0 X
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Table 5 Model performance at different pruning rates

B O W mAP50/ % mAP50:95/%  Params/( X10%) GFLOPs Model size/ MB FPS/fps
Base 87.8 70.0 10. 59 31.3 20. 6 217
LAMPI.5 87.7 70. 1 5.16 20. 8 10. 3 222
LAMPI1.7 87.7 70.0 4.43 18.4 8.9 230
LAMPI. 9 87.6 69. 8 3.92 16. 2 7.9 236
LAMP2. 0 87.3 69. 6 3.77 15.5 7.6 242
LAMP2. 1 86. 1 68. 8 3.48 14.0 7.1 251
LAMP2. 3 85. 7 68. 2 3.24 12.8 6.6 260

R 6 EHEBHHIEAE CCTSDB LRy HERERT L

Table 6 Performance comparison on CCTSDB before and

after algorithm improvement (%)

Bk p R mAP50 mAP50:95
YOLOvlls 96.0 92.5 96. 6 75. 8
TSD-YOLOs 96.6 95.3 98.2 79.7

TE < AL R o e DA

- p—

_ (a) RAGEMR (b) FELARA (¢) TSD-YOLOs
(a) R (b) LR (¢) TSD-YOLOs (a) Original figure (b) Baseline
(a) Original figure (b) Baseline Bl 8  TSD-YOLOs 5 F £ 85 RIAG I 45 55 He
B 7 R T R g R B Sy PR Fig. 8 Comparison of the detection results between

Fig. 7 Comparison of the heatmaps of the improved TSD-YOLOs and the baseline model

model with the baseline model

(D) FERAARLE S B ) 3 5 1 A7 R R, R
R RO BE H AR AR A RS L, X — IR A PR RIS I W S aE AR AR (E AR R AL pm 207 R
T CSP-MSFPF 4% He X 41 k7 B 5 4 (19 3% 5% | FE-FPN X #if PR “pld0”, 1 TSD-YOLOs & By Haar /N F R FE 7R JE
AR A RORE L HWD St w4 iR B A ARRIE R O B OB 20Ty A7 R T T 0 AR AL 0 A B IR

BB TV T A2 38 o 5 ) ARG K JE R R fEJ1.
2) 5 I 45 2R 53 B (2) HEL MR I A5 /N RUBE H B 5 2 A7 R . TSD-

HE W IE TSD-YOLOs 7F 38 18 A5 i 46 AT 45 i YOLOs S5 0 H w6 A~ AS Ta] ROBE /) H # , i 3% 28 45 7Y U
F R, 7 SC O a4 T4 K i B 1R R AT B AR KT /NRH I “i0” bR i i B CSP-MSFPF # R4k T %
IF 5 H LA AT AT AL H L, WA 8 AR . JURBE AL F) SR B S Rl AR T T /N B AR RS T 3k SR .
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