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Abstract: Object detection in foggy scenes is an important research topic in computer vision, aiming to improve the percep-

tion capability of intelligent systems under low-visibility conditions. However, fog-induced degradation, including low con-
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trast, blurred boundaries, weakened texture details, and severe background interference, significantly reduces feature dis-
criminability and often leads to missed detections and false alarms. In practical applications such as autonomous driving,
intelligent transportation systems, unmanned aerial vehicle surveillance, and security monitoring, reliable object detection
under adverse weather conditions is essential for ensuring environmental awareness and decision-making safety. Neverthe-
less, atmospheric scattering not only obscures object appearance but also weakens the distinction between foreground tar-
gets and background regions, making feature extraction and target localization considerably more challenging. Existing
approaches mainly improve detection performance through image dehazing or network architecture optimization. However,
dehazing-based methods usually introduce additional computational burden and may generate artifacts that negatively affect
subsequent detection, while many detection-oriented methods still suffer from insufficient feature representation, inad-
equate multi-scale information fusion, and weak robustness to-small or low-contrast objects in complex foggy environments.
To address these issues, this paper proposes a feature-enhanced object detection network named SD-YOLO11 based on
YOLO11. The proposed method improves the network from both the backbone and neck components to enhance the repre-
sentation and fusion of degraded features under foggy conditions. Specifically, a Spatial Interaction Block (SIBlock) is
introduced into the backbone network to strengthen the modeling capability for blurred targets and weak texture regions. By
recursively aggregating spatial contextual information, SIBlock enhances high-order spatial interactions and improves the
network's ability to capture structural continuity and semantic correlations in degraded scenes. Compared with conventional
convolution operations that mainly focus on local receptive fields, the recursive interaction mechanism enables the network
to establish richer contextual dependencies and improves the representation of degraded object features. To further improve
computational efficiency while preserving feature quality, Ghost Convolution (GhostConv)-is adopted to reduce redundant
computation through inexpensive feature generation operations, and an Adaptive Downsampling (ADown) module is
employed to enhance feature preservation during the downsampling process. These two modules jointly improve the balance
between detection accuracy and computational complexity by reducing parameter redundancy while retaining essential
semantic information. In the neck network, an improved feature fusion structure named BifpnCat is designed to enhance
information exchange among feature maps of different resolutions through bidirectional feature aggregation and channel-wise
fusion. Compared with conventional feature concatenation strategies, the proposed structure facilitates more effective inte-
gration of semantic information and spatial details, thereby improving multi-scale feature representation. In addition, a
simplified DASI attention mechanism is incorporated into the feature fusion stage to adaptively emphasize target-related
responses while suppressing background interference, which enhances the discriminative capability of the network in com-
plex foggy scenes. Furthermore, the feature concatenation pathway is redesigned to retain richer channel information dur-
ing feature aggregation, and a high-resolution P2 detection head is introduced to improve the detection performance for
small and distant objects. The additional detection head allows the network to utilize high-resolution feature maps more
effectively, thereby alleviating information loss caused by repeated downsampling operations. Unlike methods that rely on
explicit image restoration, the proposed framework focuses on enhancing feature learning directly within the detector,
reducing computational overhead while avoiding error propagation from image enhancement to object detection. Through
the collaborative optimization of feature extraction, feature preservation, attention enhancement, and multi-scale feature
fusion, SD-YOLO11 establishes a more robust detection framework for low-visibility environments. To verify the effective-
ness of the proposed method, extensive experiments are conducted on three representative fog-related datasets, namely
HazyDet, Foggy Cityscapes, and RTTS. Experimental results demonstrate that SD-YOLO11 achieves 78. 8%mAP and
61.4%mAP,, _0n the HazyDet dataset, improving the original YOLO11 by 1.4 and 2. 0 percentage points, respectively.
The ablation experiments further confirm the effectiveness of each proposed component, showing that SIBlock, GhostConv,
ADown, BifpnCat, and the DASI attention mechanism all contribute positively to the final detection performance. In addi-
tion, the proposed method achieves superior results on the Foggy Cityscapes dataset compared with mainstream one-stage
detectors, fog-oriented detection models, and transformer-based detectors. It also demonstrates competitive performance in
categories closely related to small and low-contrast objects, indicating strong robustness under controlled fog degradation.
Detailed comparative analyses show that the proposed improvements consistently enhance feature representation and multi-

scale perception capability, leading to more accurate localization and classification of degraded targets. To further evaluate
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cross-dataset generalization capability, experiments are performed on the RTTS dataset, which contains real-world foggy
traffic scenes. The results show that SD-YOLO11 maintains stable detection accuracy across different visibility conditions
and achieves better overall performance than other competing methods. The consistent improvements obtained on both syn-
thetic and real-world datasets demonstrate that the proposed method possesses strong adaptability and robustness under
diverse foggy conditions. Moreover, despite the introduction of multiple enhancement modules, the proposed network still
preserves real-time inference capability, making it suitable for practical deployment in intelligent transportation systems,
autonomous driving platforms, and video surveillance applications operating in adverse weather environments. Overall, the
proposed SD-YOLO11 effectively alleviates feature degradation caused by atmospheric scattering through enhanced spatial
interaction modeling, lightweight feature extraction, adaptive feature preservation, attention-guided feature enhancement,
and improved multi-scale feature fusion. Experimental results on multiple benchmark datasets demonstrate that the pro-
posed method consistently improves detection accuracy, robustness, and generalization ability while maintaining favorable
computational efficiency. These findings indicate that SD-YOLO11 provides an effective solution for object detection in
foggy scenes and offers a practical reference for visual perception tasks in complex low-visibility environments. The pro-
posed framework also demonstrates the feasibility of improving adverse-weather object detection through detector-oriented

feature enhancement rather than relying solely on image restoration, which may provide valuable insights for future research

on robust visual perception and intelligent scene understanding in challenging environments.
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EZE , ME 2Rl X R AL ., g" Conv
25 ] X RRAESEAT 1 380, [ AR A HARAYFRIE
A T2 A 2 R85 S e Re R 4RI B
PR Zs aE B o ZJFFE f MLP Zb 3R 1 56 £
B RE IS A AR R AT i 2 S, DT B 5
SRR

SRS BUNAE [¥] 7 JRSZ B N A Jmy S i 1y AN
[i] , SIBlock 38 i 326 VA 5 ARTE Z2 kAt B rp B 20 3R
(e =] VR T ol O P SN S (TR I s 9] 8
T BB R ARS8, fEZ 583 5, HARil g
N SCBRAT AT PR RIS 20007 T 7% B 3% S BRI AR A, Bk
BIRG K BARS T RIR G ERL, s 5 25 (1) 52 5.AE
% 7E SR Bl P AR 58 0 1) 5 24— Bk, AT
SR XAt B R AR RE ) o X s [
BEALH A B T 2EARXS LG BE 25 0 T FasE H bR 4 44 el
L, Ay S AR I Sk A EEfm S S P R A
1.2.2 mmZEFHERE SRS T RO

TE55 58 55 R IER A A B O A2 BB A 520,

TOARTHEAAUE LA A R0 4, 38 7] RE RO A
; g"Conv .
." @
SiBlock J—F |
,' 1x1Conv, 2C
Layer Norm | 1split
R T
b
| g"Conv  |{
=)
‘ ) T
[l
— 1X1Cony, C/2 |
Layer Norm | ﬁﬁ,ﬁﬁ
I A 1% 1Conv, C
i [
MLP ' ‘ HHIE
L ! 1X1Conv, C
- 1
DropPath 1
l(—‘l 7 @
! o
\

P2 SIBlock 45H4
Fig.2 SIBlock Structure Diagram

T4, BT, ASGETG] A GhostConv 5 ADown
B FECR R IE R IR BRI BY IR N T AT, OF
B9 22 ROBERIELE TR FEE AR h YA 2R B

P A FRGH 6 5 5 AR A U — TR RIS PR
5 Ty HE UK B AL ARRAIE T8 3 O e A B 4
I, GhostConv 5% PR A 2URRAE A 1SR W (Han 55
2020) . 5%, FTHEVNETRZ bR B AR
TEFELX e R v A il — 21 3 18 U8 /0 16 DY AR AR AE
Y e RV A h Bl 430 R i AR IR Y
JEFNGERE , ¢ R AGHIEE, B ' F ¢’ 53 0 7~
PR A PRT A o 2 B 1 K, T I ¢ = o2,
B, X 1 P AR 0 T R P TR 4 R B
FRIE 00 @, J5cJ 14 0 55 7 300 0 2 R A T DR A B i
Zda it o P “Identity” 37 18 S5 B 5 L% 73 5,
TR R BIFRE M AR, AT IABINSEL,
WE 3 FR . BT, ASCRH GhostConv AL 31
WO, LAREAIR 1330 i O S T S

I Ah AR SR F ADown R SR RESR B BV A
P4 {7 B AR EAS PSS (Wang 55 ,2024) . 156, XF
By A CFRAE 47 O 273t fE (average pooling 2D, Avg-
Pool2d) SRR AE T R s BEJS B FRAE R 0 o 199 i
— 2 F Al (max pooling 2D, MaxPool2d ) fl#: 1
SRR AN (R R, 5y — s B HE A PR IR AR
R SCE B s B R AR PR AT 8 T P, A
4PN o A RS TR T R R AE S L
SR T BRI A [A] RUEE H AR 092N RE ), JE e
THREAR B REER RN ZE Y5

3 GhostConv 157
Fig. 3 GhostConv Module

Conv
sr | 50

S ]iﬁ Chunk

K4  ADown ik
Fig. 4  ADown Module
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1.3 HEZREFENREIERIZIT
13,1 T Rl 025 KRR AL Rl

TE5 sa R, F AR RUBE oA 2 2% ELIE AR B
oy WLV BN TR T SR, T B A8 5 I B 42 M LA e 1
JE T CHARIZAN . S, AR SO S I 4 rh
et 2 ROBERHE A 22 577 20, 18 5 i RS AR il 5
FN I IATER LS, AN ) ROZE AR A il i 7
HRERS S A A IR B E R AR SC AR B, DT 2 T 10 4%
TEE 25 5 PR IAR 2 M. 78 YOLO &4
P 265 v, SUTHR HRE PR B AR LR DR . AR 24
JUE 25 S BRI Tl B DA B 1 A U2 o 5% B
B FERFE A 554k . Ak, BiFPN (bidirectional feature
pyramid concatenation) 5| A [ L1 F/H T i L AL
li] AR EAT FRAE B, ol R o0 B A R AR RE A2 17 55 0
P 2 AL 18 S B TR T 2 R R 5
il 5 ZCR (Tan 55, 2020) 5 [F] F SR FHAAS Rl 5 SR
2% [ 27 2] 53 BC A5 i A BOASCER | 3 S 1 3SR A/ BF
S PR IE 2R S5 Bh 5, WP 5a R

e IR |, A SCHE S BifpnCat, 51545 BiFPN
(¥ 25 A il S ], BifpnCat 1 56 %1 448 )2 F5AE
e SRl Z R A P ]S 5 py Al pss Horh,
e JZ AL p, 28 b RIS S ARZ R p, BEAT AL Rl &
P2 po 1 pr W AR JZ R p, 52K A R B AR
RV py A A, HatSd A (3) 5 (4)
B

p;)id — Com}(wl : UP(Pz)"’ Wy * Py ) (3)

w, +w, +¢&

/////

, “p +w, D “
pit = Conv(w3 pi+w, - Doun(p; )) (4)
wy; +w, + &

B, p, Flp, 73 5 2R 7R AR AR RUBE 1) i AR 5 pi
Py o RN B — W B Rl A5 2 A R TEREAE 500, 051
w, Flw, 7R M2 A 57 2 15 B 1Rl GAE ; UP ()RR
FRFEEAE s Down () 7R T RAEERAT: ; Conw (1) 7R 4
FUHRAE 5 & R8P 10 B TR /INE L
B , 7E H [RVRRAE (8 Sl Ttk — 2D 2R it s
Hopt S py  HatE B A=K (5) 5 (6) s :
pi = Concat (p'l’”"l,p'z""l,pl ) (5)
py" = Concat (p’l’“',p;"id,pz) (6)
2, pi F ps 3 5l B B 2 R R LD R AR
Concat () F2/~ 10 B PHEEAE
T3 A% B G BEAR  Of 4 e WG B I A

7 8BS RFERS LA R AR S, an &l S 216
TLRELR I/ 5 76 i 0 A0SR FH 8 T8 D 4208 B8 W I e 3
MAE—2 AN, Z 3 ME B HES (xn) B BERELEXT
WNEPRS 5 TANE . B, BifpnCat 72 £ R
TR 2% B T 458 0 TR s, AN [) R E [) 1 £ S8 A
HO A R T 2 RERHIER A SRk B
ANA LR/ AR AR BT R — 2 ) F
SR, DT 2 B v 22 0 SO S IR Ay 1 b )
G mE sh R . EERE RS2 RE R &
T E R

SR, AT B AL Ge 4 v, TR ) 45
Ja PN BHZ RS A 73 3R A T C3K2 A1 C2PSA X
Sk A 38 B FOR R A R PR T
25X AE B AR B Ty o oA TR — [, R
TR I PR A DE 1 A A4 R s P DE R i o 25
e, TR B O 22 B 388 T8 85, n &) 1 40 R AR LR BT
TNo XML TE T T RB S AT R T 25 X
YA FEAE RN RE D, S T T B R B
(RFIE IR RE S AR o Tl X R 3% | 45 0] LA
G Hb A A 2 ER R B A 5 B SR T T AR D
K.

5 BIFPN 5 BifpnCat [ % Ht
Fig. 5 Comparison between BiFPN and BifpnCat

1.3.2 JEFRRAELERE R T T T Y SR AL

TEZ5 Fa G 1 5 IX S H AR X RS
S EHAMRGETH R, 7 5 A5 A 25 18] o 7= A
I RE . DASI LB i 8 18 Ve 5 7k 22 45, Wy
AUk e 17 A e 1 5 ) e AR AR S AR IR AE
BERNFAE 23 A o 4 B R A, DA T i TS Y 7 52
IR NI ENE:

AR SCAE SR R 245 7 5] — TR 5L T DASTREAEL Y
a7 fh 7 = ML (Xu 55, 2024) , 3 5 46 BV 5
FRERIRBE ST . 5 IA DASIINE T 243 32 9k
MESE B AR A SCR B0 S IR T 1358
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BH, k=i, HZikw, BKE, RKE, TER
THI [0) 2 58 3% = FI4F1EIE 38 YOLO 11 B ARt

PR 76 R AE 5 B B, DA 47 i3 i YOLO &R 81 4
TN ) 28 1) SER L5 o A PR BA AP E 128 1 JEUAEL ) ]
AR T AT

BEHOR AR AN - E5G,  ARRIE & 00 B AR B
(convolution block , ConvBlock ) #2 B FE filt RE 1 , ¥ L
Y i & )2 (Conv) It IH — fL JZ (batch normaliza-
tion, BN) Fl Re LU # 1% pRXUZH I 5 B, P20 56 —
MG — PR R IR R | K W URA IR AT
FRZEFINAG ;s 5, tH —16 5 ReLU 3 5 i
R ZRHE, AT 6 T

ARSI T DASEABR 2% + RAIEIEEE " 1R
O JEAE REATSFR M DASI, 12245 B i i 45 FL B 2 [
AR R IE S 5 i 5 44 A RO 5 1 R E R 2
JERERIERETT o ANNRAE RERS Bl 5 A [R) 5 BRUZ SR B
PRFIEAR B, DU B FHBE R G 52 22 3 5t B REAE 27 2]
AEJT .

TE%s g8 st b, R 5 XS H AR KA I
WifE B BAT RS HRR I | A 5 7R 23 (] i
A IR B o DAST R B i 7k 22 45 44 5 18 3 e 4

HLA X FARARSCRFEEA T3 58, TR ) 55 79 5 £ 5
AITCAIRNE o AL AR R R Rt
SEAN, T I 22 T A B AT A 3 B
MITFEA IS B ST AL 2R A T3 T, $2
P R 52 A 25 5 S P R PR S

[ %ﬁ!ﬂ& ] = [ Conv BN I relu ‘

K6 DASITERE L
Fig. 6 DASI Attention Mechanism

WeAh ARG T LA BRI 2 9 — 20 1 ik
TR/ HARBURAAE T o A I Z RS TR
I P2 /1 7 BEARAE LU B 9 P3 2 PS5 2 RUE
R IE RS, {6 100 265 BE A% [v) I 1) P Aibr 2 =5 [R5 2 5
e JZIE SR B I 1 FTR, 23 BER O 160160 FY
P2 R B T 22 M/ HARAE B R AE L R P (5 B 2
R A TR o E A I AR BRI Sk, ) 26 45 44 RE %
SN 25 2R £ T 5/ FRR AR 5 B HRAE , DT T
AR VERE o

2.1 HiE&E

HazyDet Z046 4 2 51 %) 55 55 2R 58 T B AL H bR
A6 DA 55 Ay 7t 4 R LA B3 405 4 (Feng 55, 2024) , £
Ta T B s SRR AT ARG H ARG I s 4
PG — PP BEE . BOE AW S 3T | & A A T A
ZMY5 ML AR TR S AE TS
S5 Horb, B O i R (atmo-
spheric scattering model , ASM ) A= i, , ELSCES s WU 3 3f
MR AR S W AR IR . RN B SR 1,
000 5K £ 1 B £ A1 600 5K L5 & 3 hnid 29 365,
0001 H AR SE 01, 2R FH R4 R FIASE . it
SR8 1 145 S U e e SR A AR, T
BRI SRR 05 TEREVTAG

Foggy Cityscapes. APl 7 L 166 %5 FREE T
BB, FAT5] A Foggy Cityscapes £ 4E . 25
LE LA Cityscapes RS Fr i FEG h FEA 4R H8 R AH
S5 1F DR AR DR I A -5 R  LAAT AN 22 Y i
P T A A [ 55 % RS (R WL SN
B e{0.005,0.01,0.02}) . F& fil X H H 5
Cityscapes —E(AY train/val/test X1l 73528 A R, BR
WG v 45 55 5 B RRAS AT I R S A R e £, JH LA
Ko 6 75 52 55 25 A5 B T B9 AG I A R KX /s A A /A1
Xf L AR S R

RTTS(Real-world Task-driven Testing Set). A4
WEBS AUl SRz AL e )y, JATT#E— 2D AE RTTS LA
M. RTTS H 52 55 5 5008 37 5 4 A8, A0 25 3k T i
i AR 2 MRS S RE UL, SR AR AT
55 Bt (0 B AR FAE bR i o FRAT T LA TT 2800,
IS A SCAE 55 B S IR Z A — BobEme it JH T8
BAREF T4 . AN P Y RTTS SEit
N 4,322 BRIEIR (41,201 A5 CLAA SChR 2 S5
JE BRI EEE e ), T A i S R 7 52 55 4 3 5t
SRS A C o it S e
2.2 SEWINZIEM ISR

FHRAE R YR Windows 11, ZbHHEEH Intel i5-
13600KF, ¥ K & NVIDIA GEFORCE RTX 4070
SUPER, W47 12 G, A7 R 32G. JIIZRREEiC &
Python3. 9. 20, ¥ J¥ “# ~J H£ 22 24 Pytorch 2. 1.0 #l
CUDA 12. 1. BRI 465 A B K/ 5 640X
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640, AL 25 J& 1] (epoch) 5 2 200, batch K/
WE N4 VIR RBE ] 0. 01, % 2] R K
BN 0.937, I3 F e T Bl BLBR R B (sto-
chastic gradient descent, SGD)VE AMLAL AR, IR AT
5%IR KA 2] AR B

T R TR I 5 5 % BRI M R L AR SR
S 9K B (mean average precision, mAP) | K #f K
(precision, P) . 4 1% (recall, R) \F1 43 % L) Ko g #5
W% (frames per second , FPS)AE A PEREPEM $8Fr ; A
i 2R FH 2400 (Parameters) I B FD T AR I R85
# (giga floating-point operations , GFLOPs) ¥'f- ff 451 7Y
BRE . A RN E(7) ~ 3 L10) P

TP
P=rp+Fp (1)
TP
R= b N ®)
2% P xR
F1 =~ e TR (9)
k 1
> [ PRk
mAP = = °k (10)

Kb, PRISKEHA TR A 13 F1RIRRE 5%
5 13 [ 24 P - 341 5 TP (true positive ) 32 78 1E A

KW () B FR & 5 FP(false positive) 67~ R4 H AREL
i ; FN (false negative) FR/n ik H bR %4t ; P, (R) 3
N 1 25 H AR Precision — Recall [ 2% %% 1 RS i %2 pR
B kR HARZEn SAL

H TR B0 3 A 0] 3850 J31) Sz RS R AR ] 0y T )
HGr DU B , SRl 3 — i b e LA 4 T A1 A6 I Ak
R IR PSR G A R ORIPERE . 1A
A 0] A g I, F 10 K0t AH W 45 s , 1t B A 2R
HA B LS KM EE S o mAP, RRTESS I L
loU (intersection over union) [ {H 4 0. 5 B 45 2 51| °F-
PRS2 69 2 {5 mAPy, o 7R ToU [ {H M 0. 50 %
0. 95 (14 0. 05) VLl 2200 L A 1AL

ToU F7F fiy i T AE 5 B SEAE 22 (8] Y 8 5 2
B AR AR D) PR

ANB
AUB

Ao, A FORTIHE X 3, B F 78 EL9ZHE X 3k, A 0 B
IR T AE 5 B ICAE 1Y s B TR L A U B 3o Tl
HE 5 FLSHE A FFHE THI AR
2.3 HELXIR

S PEAR 25 SRR AR AR D 2% 2548 T A VR

IoU = (11)

F1 BUHRRAHELSSIE
Table 1 Ablation Study of the Improved Modules (Vindicates use of the module)

Model Para/ o ob Preci  Recall  FI/ mAPy/ mAPy, 5/ FPS/

4D SIBlock GhostConv ADown BifpnCat DASI (M) sion/(%) (%) (%) (%) (%) (f7s)
94 213 833 656 734 774 594 159.9

N 98 307 833 663 738 774 59.8 1442
N N 147 562 82.6 68.1 74.6 780 607  119.8
N N N 138~ 539 83.7 672 745 778 604  123.0
N N N N 137 534 83.9 682 752 784 61.0 1186
N N N N 137 534 84.5 67.8 752 783 60.7 1182
N N N N N 160 548 84.2 682 754 788 614 1187
N v N 166  56.1 83.9 682 752 78.7 613 115.6
N N N N 162 558 84.2 682 754 783 60.7 1172

YRR XS R AR IO A 5 e DR, Ik R 5 AR

AR SCR 2 A 5 AR i Z2m =T b5 4 3
T, BIAg— 25 AN TR i — o0 4% T 5 i At 38— A
e, Il gromme 5 B S8 F— 2. X0t B
I M A R 2 BT 2 R A AR PP 32 B i) B HE P[]

ROR T EIRSE ARG BB 7 R RE . A ST
YOLO11 Ry FEZR A5 AT | 7 HazyDet 08 45 LK K 5
N DY A K Sk | SIBlock . GhostConv , ADown | Bif-
pnCat LA K DASI {2 L, SCB 45 R a0k 1 R .
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BH, k=i, HZikw, BKE, RKE, TER
THI [0) 2 58 3% = FI4F1EIE 38 YOLO 11 B ARt

FR2  FEW KPR R RN B A E RS
Table 2 Ablation Study on Modified Concatenation Input in the Neck

Para/ Preci- Recall/ mAP,,/ mAP, o/

Model GFLOPs F1/(% J %099
ode (M) R N U R ) (%)
SD-YOLO11 (Baseline) 15.6 53.7 83.4 68.0 74.9 78.3 60.9
SD-YOLO11 (Modified Concatenation Input) 16.0 54.8 84.2 68.2 75.4 78.8 61.4

T UKL A B9 e LM

TE Rl S, TR G YOLO1 T K5 750 it i v 1 g
 mAP,77. 4% F1 mAP,, 59 4%, 751 A5 U4
K Sk J SR m AP BRAFANAE 1T mAPy, s $ETF
T 0. 4%, 2 B AR AMG I Sk 7E — B E b I 0R T AR
RITERTE] U BIAE T BRI e e v, JUH X/ B bk
S BB . RS Rk T — & 1)
THE TG I, AR 1 Frs i FPS 255k F |
A P AT R A Tl A2 SR ARSI 755K

#E—2 5] A GhostConv Jii , # 8 Z % &
i BT R, Hrp SR 0 2 0. 9M, GFLOPs %
K2 2. 3G, i 4 REFE A CRFF RS o 456 e A
R R b 20X B 52 56 7] DAE Y, 22B% GhostConv J&
SHCE ST RS I, TR REAS RS R R
UL HZ A BB NS A BB ARTUAR T B R e 3R
A&7l

BifiJ5 7E 51 A ADown BB B8 1) mA P, $2 T+
F 78. 4%, mAP,,_ o HETFE 61. 0%, IR H %A He
2 ROBERAAE T Rt B oo AR B B — 2@ ng R
WetEH . #2500 A BifpnCat BEE 5 |, 8 13 %) 5¢ 5%
BRI AT RS B 20 BT LUK B, B it 2 S 30
mAP, 5 mAP, o5 ¥ H BN B U8B SO S 09 RRAE
A HNMEBIAR G P X 2 ROERIE & A E 2
SN

TESERAE RIS | A DASI 1 2 LIS , mAP,,
FImAP,, o 73 5l i — D42 T 0. 5% 1 0. 7%, K%
TF R ST 2 2675 S ERE R AL 45 0 R e fis 1 om
HARAH DGR (0 R ROR . R | Bl &5 15k
(3B 51 B mAP,, Fl mAP,, o FH A0 5L 28 4
R SIEETE T 1.4 F102.0 4@ S a5 REE T T4 1
25 k) R A 55 5 o H AR R AT 55 b ) S R
B

1300 N B e 7 A R R (Y & 105 /2= W i )
FEMR AR SO H T FEZR AL (SD-YOLO11, Baseline)
5ol i P A G B AL (SD-YOLO11, Modified

Concatenation Input) , Z5 U3 2 prox. W AEH,
e #E 5 B B /E mAP,, Bl mAP,, o [ R T2
0. 5%, . BH 38 3 I8 B DF B2 AR IR, ZERRAIE il 1
PR REAS R B B M E S A0 (5 8, N ks H bk
FRIEMRINRE S . RE XU W R T S HES
GFLOPs 52388 i, {EURR o T 460 v e i $2 71,
BN RIS T T 2 N
2.3 fEbIRIE

H T P RAE I YOLO 11 78 %5 58 K115 h
Ao GG T AT 35k 1 55 B A 5 7 4R ) 4 3
EE T, R H HazyDet £ 45 5 25 A7 309 B sk
DL AT TR S0, SEgR B A W R 3. B oL,
W AR SO R B RS B 28 LA T A Y YOLOVS (Her-
mens %% , 2024) . YOLOv9 (Wang 45 , 2024) #l
YOLOv10 (Wang % ,2024) HEA7XF 1L, &5 R Bow , &
B YOLO 58 BU 75 55 58 37 5¢ T B9 A U £ 68 (LA mAP,
FImAPs, o5 B FEFEHR) BIL T A SCele itk J5 3k
Tk AR SCekct AR AL 5 H R T ) S ik et
$4: YOLO11 (Khanam 45, 2024) . YOLO9tr (Youwai
42 2024) \LeYOLO (lightweight and efficient YOLO)
(Hollard %5 ,2024) .YOLOv10DS (Ahmed % ,2023) .
CAF-YOLO(Chen %5, 2025) .SCoralDet (Lu %, 2025)
AT MHAF-YOLO (multi branch heterogeneous auxiliary
fusion YOLO) (Yang %% ,2025) #EA7%} b . AHHEZ R,
AR SR AR T R Hazy Det $0905 45 A0 K6 0 1 fiE 26 31
oyt BHAKT F . 5 YOLOIL, YOLOtr,
LeYOLO. YOLOvIODS, CAF-YOLO. SCoralDet #I
MHAF-YOLO #H [t , 4 SCHE A Y mAP, 53 51§ F+ T
1.4%.0.9%. 1. 8% .4. 2% .6. 3% 1. 3% 1 3. 6%, Ifi
mAP, o W43 5 R T 2. 0% .2, 2%.2. 5% .6. 1%,
4.0% 1. 0% F1 6. 1%, X B H 45 78 40 3R W, A Se 4
H Y A SR W A 55 S e T RERS

A R B RS IORG B W] B AR R R AR T 5
AR RUEE T SC 0 T B S . 3 A X %
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%3 HazyDet#HIEEHHXIWER
Table 3 Experimental Results on the HazyDet Dataset

AP on Test—set

Model Para/(M) - GFLOPs F1/(%) FPS/(f/s)
Car/(%) Truck/(%) Bus/(%) mAP,/(%) mAP,, _,/(%)
YOLOv8 9.8 233 73.2 87.5 57.9 84.6 76.7 59.3 95.6
YOLOv9 6.2 22.1 73.7 87.7 59.1 853 77.4 60.0 923
YOLOv10 8.0 245 72.5 87.4 57.8 83.6 76.3 58.9 135.2
YOLOI11 9.4 213 73.4 87.7 59.6 84.8 77.4 59.4 110.4
YOLOOtr 10.0 40.2 74.2 88.1 60.1 854 719 59.2 122.3
LeYOLO 33.6 73.9 73.4 87.8 58.8 84.4 77.0 58.9 97.4
YOLOv10DS 16.5 63.4 75.4 87.0 54.0 82.9 74.6 55.3 128.6
CAF-YOLO 26.6 73.2 68.1 76.6 57.5 83.3 72.5 57.4 107.9
SCoralDet 29.2 73.3 73.5 87.8 60.0 84.7 71.5 60.4 101.5
MHAF-YOLO 15.8 67.6 759 86.7 55.8 83.2 75.2 55.3 104.1
SD-YOLO11 16.0 54.8 75.4 90.7 60.3 85.5 78.8 61.4 118.7
IR PO BB R (E, T R Fom 5 L (E
%4 TFoggy-Cityscapes #iEE P RILIG &R
Table 4 Experimental Results on the Foggy Cityscapes Dataset
Model Para/(M) GFLOPs F1/(%) mAP /(%) mAPy, _ /(%) FPS/(f/s)
YOLOv8 9.8 234 49.2 55.4 35.7 95.6
YOLOv9 6.2 22.1 50.1 56.5 37.6 92.3
YOLOv1O0 8.0 245 47.5 53.8 35.4 135.2
YOLO11 9.4 21.3 494 54.9 36.6 110:2
PC-YOLO 223 98.7 53.9 49.9 30.0 67.3
DNE-YOLO 10.5 255 50.4 56.6 37.2 112.6
SCoralDet 29.3 73.3 50.0 56.8 37.4 101.5
MHAF-YOLO 15.8 67.6 50.7 47.0 28.2 104.1
RT-DETRv2 20.1 30.7 54.6 54.5 335 94.0
Relation-DETR 18.3 41.1 449 42.1 235 79.5
DR-YOLO 15.5 31.5 47.3 46.7 28.0 85.8
DA-Detect 17.2 38.8 49.8 45.5 26.8 76.8
SD-YOLO11 16.0 54.8 54.1 58.5 37.7 118.7

G L P A BES e ALfEL, F RIRFRs RS

FEALLE mAP,, Fl mAP,, o F6 45 1 U273 & i, mT LA
PR EEIE AR SCT $E H 1 ik S 7R 55 S A T 1Y
H AR A AT 55 Hh 5L S PR ARG 0 1 B A B 3 1) S B
;A

Ry ik A AR B — B AR A 258 O 22 , T
B TR ML UE 5 A e S B Sl A AR

SCAE HazyDet Z 46, #iH9 7€ Foggy Cityscapes 5 RTTS
BT LU P« A TR S 4 55 B T Sk
WOR BRI T R & H T s SR £z b 5 &
T N E N BRIPAS X G AN BN i i
5 % F L A I %% PC-YOLO (Wang %, 2025) 5
DNE-YOLO (Wu %, 2024) , LA J & F Transformer ()
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B, KEM, ZIRE, KR, RKE, TEL
THI [0) 2 58 3% = FI4F1EIE 38 YOLO 11 B ARt

%5 Foggy—Cityscapes HiIIEEF ZE N LW LWL R
Table S Experimental Results for Each Category in the Foggy Cityscapes Dataset

Model person rider car truck bus train motorcycle bicycle
YOLOv8 57.6 61.5 75.1 40.6 61.1 52.2 42.3 52.8
YOLOv9 57.2 58.7 753 45.0 60.8 61.9 41.2 51.7
YOLOv10 57.8 58.8 74.1 37.8 62.8 47.9 41.6 493
YOLO11 58.5 59.2 75.6 39.9 61.1 53.7 38.4 52.7

PC-YOLO 53.2 55.0 72.5 339 61.6 44.6 33.0 45.0
DNE-YOLO 58.2 61.5 754 40.9 63.8 59.3 42.6 51.1
SCoralDet 59.7 62.4 76.9 38.0 64.3 59.0 41.0 52.8
MHAF-YOLO 50.0 51.9 72.1 31.6 55.5 39.4 332 41.9
RT-DETRv2 56.8 60.3 71.3 41.5 63.8 42.7 42.1 51.6
Relation-DETR 49.3 494 71.1 24.8 40.5 29.0 334 39.4
DR-YOLO 52.1 52.3 73.4 332 50.2 444 31.6 36.4
DA-Detect 46.5 51.1 65.2 324 49.7 342 394 45.6
SD-YOLO11 60.8 61.4 71.6 40.9 65.3 71.1 40.2 50.7

T L7 A B9 e UL, P 3 R s B8R
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Table 6 Experimental Results for Each Category in the RTTS Dataset

Model person bicycle car bus motorcycle mAP, /(%)  mAPs,_ /(%)
YOLOv8 84.8 70.3 90.7 68.4 72.3 71.3 57.2
YOLOv9 84.5 70.5 90.1 70.2 73.7 77.8 57.3
YOLOv10 83.7 68.8 89.6 69.9 72.5 76.9 56.7
YOLO11 84.7 67.0 90.5 69.0 74.7 77.2 56.3

PC-YOLO 84.2 64.4 91.7 69.7 73.0 76.6 52.9
DNE-YOLO 84.2 69.2 90.3 68.8 74.4 77.4 574
SCoralDet 83.9 66.0 89.8 69.0 72.3 76.2 56.6
MHAF-YOLO 83.8 65.0 90.5 70.1 74.4 76.7 53.1
RT-DETRv2 84.5 70.4 90.8 70.4 74.5 78.1 55.4
Relation-DETR 79.2 514 83.3 54.8 56.7 65.1 40.8
DR-YOLO 80.7 60.8 84.9 55.4 57.2 67.8 47.5
DA-Detect 80.6 61.7 85.4 56.1 58.2 68.4 48.0
SD-YOLO11 85.1 70.8 92.3 70.4 74.8 78.7 579

E L P AR RS e LR, IR SRR

¥ ] #§ RT-DETRv2 (real-time detection transformer)
(Lv % ,2024) | Relation-DETR (Hou 4§ , 2025) , DR-
YOLO (dehazing and reasoning YOLO) (Zhong 5% ,
2024 ) 1 DA-Detect (domain adaptive object detection)

(Li%5,2023),
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LeYOLO. (d) SCoralDet. (e) SD-YOLO11

Fl7  HazyDet 582 (RIS R . (a) HT AR5 (b) YOLO11;(c) LeYOLO; (d) SCoralDet; (e) SD-YOLO11
Fig. 7 Detection results on the HazyDet dataset. (a) Input image. (b) YOLO11. (c¢)
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Fig. 8 Confusion matrix visualization comparison. (a) Confu-

sion matrix of YOLO11.
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