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Lightweight detection of foreign objects on road surfaces
in challenging driving environments
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Abstract: To address the issues of small apparent size, weak edge features, and strong background
interference of some road-surface foreign objects in complex road scenes captured by forward-facing
vehicle-mounted cameras, a lightweight YOLO11In-based detection algorithm, YOLO11-MSDF, is
proposed. The WFD-Down module decouples high- and low-frequency features to preserve edge and
texture details. The DSA-SPPF module employs strip pooling to suppress structured background
interference. The MAK-C3 module introduces adaptive sampling to enhance irregular-boundary features.

The HADF module fuses shallow-layer details with deep-layer semantic information. Experimental results
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show that the model contains 2.9 million parameters and requires 7.5 GFLOPs, achieving a precision of
85.8%, arecall of 73.9% , and an mAP@Q0. 5 of 83. 7%, which are 7.1, 2.0, and 4. 0 percentage points
higher than those of YOLO11n, respectively. The detection speed reaches 90. 5 FPS on the experimental

platform. On an external dataset, the three metrics improve by 5.2, 1.3, and 1.9 percentage points,

respectively. Experiments under synthetic fog and motion blur show that the proposed model outperforms

the baseline under most degraded conditions, while the analysis of vehicle operating constraints identifies

the main factors affecting practical vehicle-mounted applications.

Key words: deep learning; road-surface foreign object detection; lightweight model; feature fusion;

object detection
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Tab.3 Performance comparison of different downsampling structures

(i) mAP@O0. 5/ % mAP@0. 5~0. 95/ % Params/M FLOPs/G
YOLO11n 79.7 55. 4 2.6 6.4
YOLO11n+SCDown 78.9 54.8 2.5 6.1
YOLO1ln+ADown 78.8 54.4 2.5 6.2
YOLO1ln+WFD-Down 80.3 57.2 2.6 7.2

TE HLASCF ROR R ALE s SCDown Fl ADown 43 5l 328 42t AL AR T R A 25 Tl Rl R A
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4.5 DSA-SPPF #5658 1iF

T B3 AE DSA-SPPF A8 i ¥ 58 A& BEME
AR ¥ H 5 SimSPPF  ASPP BEA7 X} L, 52 5 &%
R4,

22 4 70, SImSPPF B AR 4% T 8 AR 10 15
BRI HH mAP@O. 5HIFEE 79.3% , KW H L

ROBEFFAE A FRAR B AP AE—E A s ASPP Y
KT ESZ B (B S 80 i E B 3 i & 2. OM
6.8 GFLOPs, - mAP@0. 5% % 78. 7% , % W H:
FEVZAT 5 LIRS IE R AR AR . M2 T, 5]
A DSA-SPPF J& , ZEALIE I 0. 2M 2 85Uk 19 45 1F
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Tab.4 Performance comparison of different spatial context aggregation structures

| mAP@O. 5/ % mAP@0. 5~0. 95/ % Params/M FLOPs/G
YOLOI1In 79.7 55.4 2.6 6.4
YOLOI11In+SimSPPF 79.3 55.7 2.6 6.4
YOLO11ln+ASPP 78.7 55.1 2.9 6.8
YOLO11ln+DSA-SPPF 80.7 56.4 2.8 6.5

TE AT RN S A8 s SImSPPE FI ASPP 2% Az ] bR SCR G 4544 .

4.6 MAK-C3 =B RIS IE

R T Bk MAK-C3 B8 (1 PE R Fl A #LPE , A
SCRE 5 OR R C3k2 g i 25 1 3 A7 % L, 52 50 2
RILEKS,

2 501, 51 A MAK-C3 )5 , B 5 S50 3

AR AR 0.4 GFLOPs, mAP@O0. 5 Al
mAP@0. 5~0. 95 43 7l i5 #] 81. 3% H157. 6% , %%
FEL AR 1.6 M 2. 24 A 43 A, B T LAl X
Pty . 45 R E W, MAK-C3 e 78 & /N 8T
B HG TIB AETT TACE  TE S P RE
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Tab.5 Performance comparison of different improved C3k2 structures

el mAP@0.5/% mAP@0. 5~0. 95/ % Params/M FLOPs/G
YOLO11n 79.7 55.4 2.6 6.4
YOLO11n+C3k2-DWConv 79.4 55.9 2.5 6.5
YOLO11n+C3k2-STDConv 80. 1 56.0 2.6 6.7
YOLO11n+C3k2-DCN 79.9 55.7 2.6 6.4
YOLO1ln+MAK-C3 81.3 57.6 2.6 6.8

MRS KR L ; DW Conv .STDConv Fl DCN 45 51 6 7R T JBE 1 43 5 45 B A 7 2 BRI AT A8 45 71,

4.7 HADF =R BEIEIE
T B UE HADF AR 14 14 B A4 B, A SC

$ HADF 5 A& AWFE AY3E 5 FREDG 50 AF BEAT
XL, SCIe 4 R L2 6,

®6 TEZREMSRMMERIL

Tab.6 Performance comparison of different multi-scale fusion strategies

TR mAP@0. 5/ % mAP@0. 5~0. 95/ % Params/M FLOPs/G
YOLO11n 79.7 55.4 2.6 6.4
YOLO1In+AF 79. 4 55.3 2.8 7.3
YOLO11n+HADF 80.9 56. 1 2.7 7.0

TE BLARBCT ROR AU s AF 378 A & A 38 B ANAC R 850 AW (18 3 X ik il S0
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22 6 T 40, {0 R JH AF SERG I, #5585 mAP@
0.5 2 79. 4% , Ui B JE XT FR Al & 45 4 A B Ry
KM E . R4S & AWF 9 58 % HADF 24
5, mAP@O. 5l mAP@0. 5~0. 95 43 5] ik #|
80.9% F156.1% B It m 1.2 0. 74 H 4
ML BRI 0. 1M, Z5 SRR, 51 & R

K 3 B A B T B AN 8] )2 GORRAE L6 DR A7 A0/
TR RS (1% ] HSF o5 2 A 00 4 i o
4.8 THELEIG

POl T R G 2 N N I S VO S N D
YOLO11n 2y JE£& AR RS | 7 AH [) 25048 48 % 43 5
SRMCE T RIE AR SR A R IR T

%7 YOLO11-MSDF #2516
Tab.7 YOLOI11-MSDF model ablation experiments

WFD- DSA- mAP@0.5/ mAP@0.5~ Params/ FLOPs/
YOLO11n MAK-C3 HADF P/% R/%

Down SPPF % 0.95/% M G
J — — — — 78.7  71.9 79.7 55.4 2.6 6.4  120.5
N N — — — 73.9  77.2 80.3 57.2 2.6 7.2 106.3
N N N/ — — 79.4  72.2 80.8 57.3 2.8 7.3 103.1
J N J N/ — 80.0 75.7 81.6 57.7 2.8 7.0 100.0
N N NG N N 85.8 73.9 83.7 58.5 2.9 7.5 90.5

TR BT R B s B T IR — R R T
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Fig. 10 Feature response maps after progressive module introduction
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HEMT EARBA, 5EL YOLOLIn A1 1L,
mAP@O. 52 & 4. 0 F 4y &, S 80 M
SR 0. 3M A11. 1 GFLOPs., 5 YOLO11s#f
o, HmAP@O. 5 1. 40 40 5, 80 fit
BN 6. 5M fil 14. 1 GFLOPs., I 4h, 5
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Tab.8 Comparison with mainstream detection algorithms

il P/% R/% mAP@0. 5/ % mAP@0. 5~0.95/%  Params/M  FLOPs/G  FPS
RT-DETR 83.9 76.6 79.1 57.4 92.3 103. 4 52.9
YOLOv6n 79.8 71.8 80.9 55.7 4.2 11.9 151.5
YOLOvS8n 79.6 71.7 80.6 56.5 3.0 8.2 149.2
YOLOvS8s 84.8 7.7 86.3 62.7 11.1 28.7 142. 8
YOLOvIOn 70.7 67.9 73.3 52.3 2.7 8.4 138.8
YOLOvV10s 75.2 72.3 79.5 57.5 8.0 24.8 116. 2
YOLOIlIn 78.7 71.9 79.7 55.4 2.6 6.4 120.5
YOLO11s 82.7 73.8 82.3 58.6 9.4 21.6 105. 2

YOLOI11-MSDF 85.8 73.9 83.7 58.5 2.9 7.5 90.5

T R BT R i

e A B AL )5 1, YOLO11-MSDF # 6 il
R AL AR YOLO11n 9 120.5 FPS [ &
90.5 FPS, 3 B A6 DU A5 B2 1 2 T+ £ Bt — & 1) 4
P . BV TR AR DL 2. 9M &
B N 7.5 GFLOPs I A s B T 83.7% 1Y
mAP@O. 5, I 78 A SCK - 7 _F A4 90. 5 FPS
4 Ak BT RE A R ORGSR S g A A R
Z AR T B A AR B R A S
SIS A i T o
4.10 WS

Ry Ll 3 PR R AL A S % G 3 s R B A
FEIL, AR Sk B RD it 46 Hh i B R R AR HE AT T
AL BT, 25 R UL R 11, 78 BT R 1 /N RUBE H s
TR 1] %O B AR IR BE 25 3 sy BE R B AU TE 1R K
T 46 B 43 H A A ) A R IR 0L . A TG
Z T ,YOLO11-MSDF BEf% 8 45 &4 b 52 BLXT H b
EODERARS RIS W (=23 775 - e el R iRl N =i i E PO
W IR RS R R R T T 4 A A A g
52 2% s v R Bl 3, O E DRI A5 SRR AL T
BEWANTE .

(a) J5LE

(a) Original images

(b) YOLO1 In#! (c) YOLO11-MSDFA
(b) YOLOL1n (¢) YOLO11-MSDF

L1 AR X L

Fig. 11 Comparison of detection results
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Fig. 12 Comparison of images under different synthetic fog intensities
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Tab.9 Detection performance comparison under different synthetic fog intensities

Y LT P/% R/% mAP@0.5/% mAP@0. 5~0. 95/ %
YOLO11ln 78.7 71.9 79.7 55.4
JER K& .
YOLO11-MSDF 85.8 73.9 83.7 58.5
- YOLO11n 73.8 64.1 71.9 51.5
IR B A M %5
YOLO11-MSDF 77.4 65.6 73.4 51.1
. YOLO11ln 61.1 53.7 59.0 41.0
HhE AL
YOLO11-MSDF 68.8 57.7 61.5 42.2
o - YOLO11n 47.7 43.7 41.8 25.9
= o A %
YOLO11-MSDF 49.2 42.8 45.2 30.0

T LR RO s el

2% O A B 5 U250 2 A0, PR RIS AL 1Y
e PERE S W TR, IR b (R RE A E T,
YOLO11-MSDF f mAP@0. 543 %1% YOLO11n
PEWE 1. 5.2. 5 F 3.4 A 43 a5 AP ARG B A LSS

T mAP@O. 5~0. 95 FEAR 0. 4 A~ 4 &, =5 5
BEA RS T A R SRR 0. 9 H 4 o, Ui B
IR AE T A 15 h5 L. RRESME T,
YOLO11-MSDF i A [l # Fl mAP@O. 5 43 5l %
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Fig. 13 Comparison of images under different motion blur intensities

(d) H R 2 SR

(d) Severe motion blur
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Tab. 10 Detection performance comparison under different motion blur intensities

Y5 FBEHY P/% R/% mAP@0. 5/ % mAP@0. 5~0.95/%
YOLO11n 78.7 71.9 79.7 55. 4
R n EE

YOLO11-MSDF 85.8 73.9 83.7 58.5
YOLO11n 78.7 68. 1 76.9 52.4

AR L=5
o YOLO11-MSDF 83.6 69. 6 79. 2 53.8
YOLO11n 63.4 56. 0 62.2 35.0

RO L =10
- YOLO11-MSDF 70. 1 63. 1 66. 6 36.5
YOLO11n 55.9 40.6 44.0 21.6

R L=15
. YOLO11-MSDF 50.9 49.6 48.1 23.8

T R BCT Fom i
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(a) High-intensity synthetic fog

(b) YOLO1 Ini
(b) YOLO11n

(¢) YOLO1 1-MSDFf
(¢) YOLO11-MSDF

(d) T B iE SR

(d) Severe motion blur
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(e) YOLOl1n

(f) YOLO11-MSDF# !
(f) YOLO11-MSDF
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Fig. 14 Comparison of detection results under high-intensity synthetic fog and severe motion blur
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Tab.11 Comparison of detection performance on the

external dataset

Fi 4 P/% R/%  mAP@O0.5/%
YOLO11ln 71.4 73.7 74.8
YOLO11-MSDF  76.6 75.0 76.7
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Fig. 15 Comparison of detection results on the external dataset
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