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Abstract: Objective Object detection, a foundational task in computer vision, has attained remarkable performance

under well-illuminated conditions with the advancement of deep learning techniques. However, its practical deployment is
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severely impeded by low-light environments, which are ubiquitous in real-world scenarios including nighttime surveillance,
autonomous driving during dusk, and low-illumination indoor monitoring. Traditional object detection methods exhibit sub-
stantial performance degradation under low-light conditions, primarily stemming from three core challenges: excessive
image noise induced by insufficient photon capture of imaging sensors, reduced contrast between foreground objects and
backgrounds that obscures object contours, and severe loss of fine-grained details (e. g. , texture and edge information) ,
which are all critical for accurate object localization and classification. Meanwhile, the development of low-light object
detection techniques is further constrained by the scarcity of high-quality annotated low-light datasets. Annotating low-light
images demands professional expertise to distinguish genuine object features from noise interference , resulting in high anno-
tation costs and limited dataset scales. By contrast, large-scale natural image datasets (e. g. , COCO and ImageNet) with
high-quality annotations are readily accessible, encompassing diverse object categories and scene variations. Conse-
quently, this study aims to address the performance degradation of traditional object detection methods in low-light environ-
ments, alleviate the bottleneck posed by scarce high-quality annotated low-light images, and fully exploit the value of large-
scale natural image datasets to provide efficient and reliable training support for low-light object detection. Method An
innovative low-light object detection framework, which adopts a core training paradigm based on normal-light pretrained
models to maximize the utilization of existing high-quality natural image resources, is proposed to achieve the aforemen-
tioned objectives. The framework consists of two key modules designed to address domain differences and small/distant
object detection challenges, respectively. First, to bridge the substantial domain gap between normal-light and low-light
images, characterized by distinct illumination distributions and feature representations, an illumination-invariant feature
alignment (IIFA) module is developed. This module implements cross-domain feature fusion through a twofold strategy :
global illumination feature alignment and illumination-independent feature extraction. The global illumination alignment
component normalizes the illumination statistics (e. g. , brightness and contrast) of normal-light and low-light features to a
unified space, reducing the impact of illumination intensity differences. The illumination-independent feature exiraction
component employs an attention mechanism to focus on object structural features (e. g. , shape and contour) that are less
affected by illumination changes, while suppressing illumination-related noise features. Additionally, an adaptive sample
priority processing mechanism is embedded in the IIFA module to adjust the weight of training samples based on their
domain adaptation difficulty dynamically. Samples with larger domain distribution differences (e. g. , low-light images with
extreme noise) are assigned higher weights during training, enabling the model to prioritize learning from challenging
samples and adapt more effectively to interdomain distribution differences. Second, aiming at the prominent challenge of
detecting small or distant objects in low-light environments where degraded details and low contrast make it difficult for the
model to capture discriminative features, a two-stage feature enhancement (TSFE) module is proposed. The first stage of
the module performs multiscale feature fusion to aggregate low-level detail features and high-level semantic features of
small/distant objects, compensating for the detail loss caused by low illumination. The second stage applies a local feature
reinforcement attention mechanism to highlight the key feature regions of small/distant objects (e. g., object heads and
limbs for pedestrian detection) while suppressing background noise. This two-stage enhancement strategy ensures that the
model can accurately locate and identify small or distant objects even in low-light conditions by sequentially enhancing fea-
ture completeness and discriminability. Result Comprehensive experiments are conducted on the ExDark dataset, a widely
recognized low-light object detection benchmark that contains 8 856 low-light images covering 12 common object categories
(e. g., person, car, and bicycle) and various low-light scenarios (e. g., night streets and dim rooms). The proposed
model is compared with two mainstream low-light object detection methods: direct training on low-light datasets and normal-
light pretraining followed by low-light fine-tuning. The evaluation metrics include mean average precision (mAP) for detec-
tion accuracy, precision (P) and recall (R) for category-specific performance, and frames per second (FPS) for detection
efficiency. Experimental results demonstrate that the proposed model outperforms the comparison methods in all evaluation
metrics, with particularly outstanding performance in small object detection. Specific metrics are as follows: In cross-
domain adaptation scenarios (using normal-light pretrained models without fine-tuning on low-light data) , the model
achieves an mAP of 65. 74% and an FPS of 57. 03 frame/s, outperforming the direct low-light training method and maintain-

ing comparable efficiency. When fine-tuned on the ExDark dataset, the proposed model achieves an mAP of 66. 83%, a
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precision of 83.73%, and a recall of 54. 78%, while maintaining an FPS of 48. 81 frame/s, verifying the effectiveness of

the IIFA and TSFE modules. The FPS of 48. 81 also meets the real-time detection requirements of practical applications

such as surveillance and autonomous driving. Conclusion This framework effectively bridges cross-domain differences

between normal-light and low-light images, enhances the detection capability for small and distant objects, and remarkably

improves overall low-light object detection performance, providing an efficient solution to low-light detection challenges.
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Fig. 1 Overview of our framework
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28 55 | S i S i 7 Tr) st , AR SOR AR I 25 H A BAR
e

2

L X0 X0) = |6 (X5) - ¢(xL)| (D

Ln(X.n X)) = |6(X.) - ¢(X) | @)
S, (g ) 3 PR S 51 P2 R A AR 2
(reproducing kernel Hilbert space, RKHS) (Park %,
2019) By eRE . T8 dRe/IMEIZ AR 2R PR Ly, BETE A
AR/ NEIRS B AR B R 2 A 22 5 AR A P
oAk T — 20, FET 3R TS SRR AY ] A
1.2.2 JEMEAERAE )

Ny itk — 25 5B A AU JC SR AE 1Y R AEBE ), AR 3C

2




$£31% /% 108 /2026 £ 10 A

i, KER, BEE, B4%, BEE, UXE
BEIERHAE XY 5 5 7 B BB 58 Y (R 5L B ARAe i 77 7%

IS o2 2] HESRAR At XoF L5 2% pR . BT 35
it 1 SRR IR R S H bR G, IF 455 L il
ST ERIEBIE ARG RLX Ty o 7 TR S B
PG 1 A & 2 DA [F]E SCPRZE A 4, A S i
AR 2 U Aok B i GO BT SRR < 3
SR B A 1 RSO BiE SOR TEREAS i L2257 W
F YRR e SO TAREA . B H, PR 14115
() 18 S 2% RN R 38 2o bR 28 6 A (1Y Jaccard similarity
(Chen %, 2019) #7158, BAA N

L. NL,

= s lar 3
AP 3

A, Ll B3 i A IR R B SR8 52455 L,

FORE A B ARBE RIS bR AR A s X TR
SREA T, DA bR AP AL B — i SR R B
EE AR I AR R TEREAS N {1, 1), 2 DA E bR
H ML B AT S R A 1 PR AR A 1 1
FREARR L, 1, PG, BT BRET5E Lk

LC(mlrast -

exp(sim(Xm, X;,.)/T)

~log C
exp(sim(Xm,X[:r/T) + z exp(sim(Xm,X;r)/T)

c=1

(4)

Kb, X X0 X, A AR IR BREA (1) OEFEAR
(1) % v BARSRE AN SRREAS (1, ) %t v A A
(8 RFAIF 150 5 5 s (+, +) T 87 SRR A 1o o 1] 1)
AIZARRIRE (X2 3E 25 ,2013) 5 7 2 MILEE V43 V35
24 (Chen % ,2019; Wang #l Liu, 2021) , 3@ 1% %}
Fb 2 2T AL 0E — A i Ak B SR I X 55, AL B A A
5 2] B Ve T Y WUR AR KR RAE , RO
S H ARSI B2 (L T 5 A RPAF S
1.2.3  sha&Z RN 57

BEAR AR SCE AN 2 2T AL, 3 T R 8o
20T 1 AU A, 4 V5 P 5 R AT S 38 A sl
fiE 43 [, 552 B 5 Sol R AF ARG M DG i 5 5 o RMT
YIGRFEALE ORI S 0] B AR RO A 25 5, 23
G AS S A 10 50 Sy 5 i) B85 35856 5 1) O R K
I, AR SOV T B A X Sk pR AR, R A
T R IACHILR , % 2 B H AR 0 R A 3 o
AR, A ST b G R AR [ R AE X SRR . 3
TR AE X, A E bR SRR AR X, X B Ok pR B
Al E LK

Loci(X... X)) = EllogD(X,.) +

Ewlog(1 - D(6(X..)))] (5)

K, 0 Fom HARIE RGN S S AE ; G () A i
B TR 5 R AR AR 45 O A B AR SUXURS 1 R
fIE; D) R AN T X 5 ARER A B FRiis
JE A LA A FE R o ARSI S B AR SCR
JH U-Net(Yan %5 ,2019) 44F9 #4 G 2E 1l s G (), IFE ]
PatchGAN (Schénfeld £ ,2020) 1 R #5158 D ().

RSB w (1 [ SRR, ARSI A Z
PR IT AR F o VARG B ARBRE AR v 25 28 1) 0 125 i
IO X FE (Xiao Fl Zhang, 2021) . EAKT F , & e F
PRI FREREAR N Gz 228 3 254 | Bl e )l 2558
IR 5325 0 T PR R AR A I e 2 1P A o
i H1 5 S A B bR SR A 20 YR R B Bl
J& B LA 3 A o BTt A SO
PR BhAXE TR R, HLAAR

c
Ly :_Z [}’ﬁm log()?:,.(,) + (1 - y")log(l - JA';()] (6)

S, CRREM LA BBy (x5, = {0, 1)) Fr A
C REAHEAE TURIE R332, B3 o 1A T
PGB, HER PR 2 B 522 05 (X 5
2013 B 5:, =F e (X, e)e

5 1o 1| 5 5 TR F) 2 452 5 2 8 By (Long 55
2015) , A SCATFEBEALYI i # o, AR F AR bR Y
5 R 0 5 A ORI R K, AT 1
e AT 1

C
w = 0(2,021(&;‘_ > €)yl, + 1) +

(1- G)exp(l - x:;)
C

s.t. C’=Z[(fffm>6) (7)
=1

A, 0 P17 2 K0, T 98 77 45 % IR AR o L
() M6 78 PRE € O AR F ARG ) B4R B 1 5
¥ BN HARIR G A I 5 o KL A9 A T H(EL, BRI
Voo = Fuo( Xy e)s N, ARE B AR SRR REAS S8
N U e SRR ol B fe /MU R TR A7
PR Ly, (-, ) GENENE 0 (K (5)), BB — L4
NI F AR A 23 A1 25 S AR (0 T SRR I
Al T2, TS S N R e
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1.3 Wk BEHEIE R

NP CEREE T I A BRI 5 S5 AN H AR
T Y 2 R ) SRS, A SCAR M —Fh TSFE BCH | H o 2%
ZERG AN 2 7 o A R i R A O BRI s
R THIOCS S RH R IO RE : 1) 24 2 P IR
i AIE 4 58 AL B (multi-column feature enhancement
module, MCFE ) , i izf X 2% [A] 24 F 300 308 4 i S i 3L

HE R 1 o3 2 e Al 5 PR AL AT BT BARRRIE R
Izﬁj\g 5 2) J:TI}EE%H %‘?E%%B;Yigi (context-aware
feature enhancement, CFE) , 76K 1 P& B8 B A S H 4
M BRI T L A & R 75 SR T4 s A A
RURIERAE . S5 Rk AT A 0,
JIT 5 P B B ARPAE 1 SR AR AE IO 37 557 B AR AT 55
TR B BT RE I

v
o @IA}
SR

a
>(+
X

(a) ZLEFEPHAIRHERE 5% (MCFE)

@ ek
MCFE-X'
—{ DRB |»{AAG }»{ EsA |»{se ]| & 3 %3 Conv
Yd=1) Yd=3) Yd=6) Y@d=9 (©) 5 %5 Conv
ik
S sigmoid
| ReLU || ReLU || ReLU || ReLU | ©p 1 1 Cony
@ it
© W st
()< X w/o TSFE
VX” X w/MCFE
(b) bR ESE IO (CFE) X" w/ TSFE

K2 PR BURHIE S s AR
Fig. 2 Two-stage feature enhancement module ((a)MCFE; (b) CFE)

1.3.1  Z4EREDMRRAIERS o
R ARG PR T FRAIE 8 RE A JE B A
A SCHE S —Fh MCFE #2325 B 25 733 2 1 MLl
(A, BB 6% 1 ) R 5 3 0 1] 15 25 () 4 B 1 R E 1)
W OC FR . BRI, 308 3 853 A DG P A 5 ]
PCHG R B2 LA K [ 3 Iy 45 AAE B A o = RO B4, 5K
X 5 2 R E s 5 . aniEl 2 (a) T
MCFE # e 5% % 22 7 =0 4k 3 i A FF 1E &
X e ROV HARFFE Ky
Y=X+a,-  F(X) (8)
A, X, Ye ROV 3 AR S A R s A ek 1]
o, € [0, L& AT 22 2] B4 S8, T T 28 7 1 )
FRIE B ARG S 5 F (X)) AR 15 10 8 A DG 1k A

s TR ARAS AT HE A K A, LA H R S B4
TR R SCRIT A

1) %5 38 38 A 5 1 (cross-channel correlation) o
AR B R T X3 SIFAT b BRELOR | 8 it 4 T 20 A
RFAIE 1 45 30 [ 1 PN D BB R Y o 0 X IR O
H Ar A I 2 5 F 2104 OC B SCRRE , LR ST
EW,)

M, pi(X) = o (W, - GELU(W, - Z))  (9)
o, Ze ROV G A RT3

W, R RW, € R0 Bk AEHR B s () 5
sigmoid I 1% PRI 41 ; GELU () o i i 25 2R v e
(Gaussian error linear unit, GELU) o JF4735 ' 1 fx
KA 73 SR FHAR TR A R
2) %5 [8] W*ﬁ*ﬁﬁ%(spatial dependency) . ZAIR
M 3l T A P B 22 S R KA PR e T
fiE, SRAG RO BRI I b F AR IR BRI AR, 28 17 2
THHZE X IR HARKIPERE . HA A3kl
M. (X)= 0'(Corw5 < 5(Concat[me .M, ] ) ) (10)

KM, M, e RV 53 50| 3R 58 38 1) 5 K AE N
PRifEZE 5 Convs s R —A>5 x SIETRZ

3) Hi&E W R # A% HE (adaptive feature recalibra-
tion) o A SCRHIFR 2227 B, il AT 22 ) 28«
o 125 308 T A G 1 A 2 [ AR 412 14 i 1 R
A B IR ARHE S, SE OGS SRR H S
P E AL HE . HH RN
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B

i, KER, BEE, B4%, BEE, UXE
SIS AE X 37 5 W B SR iR St B ARG 77 7%

Y=X+a, F(X)=
X+a M. (X)OM,,., (X)OX

K, O FRBICEFEZIBZH

SV, MCFE B30 8048 T 7 BRI ZE ARk
WEE T HAskmdERe , JUHA /N B AR S g H
PR RHESE S TR 55 th R A R H
1.3.2 b SCBGIRAE S

CFE B il o Z B2 0017 2 RE R G 2 1
B AL REBE T, SEEE T X SCRR AT ] o

(11)

?@+

(b) BERER ST 1L (AAG)

(a) BHAFLRZEH (DRB)

(0) RS EERE TIPS (ESA)

TR SRR AT & AR T 1A
X2 ROE HERBFRERAERE S SR RE . CFE AR
WL T 4L AN wkﬁf%ﬁ%(dynamic
residual block, DRB) | H i&i I 7 & /7 '] %5 (adaptive
attention gate, AAG) | 5 5045 IEHH:%J'J (efficient spa-
tial attention, ESA) Fl 22 KB H¢ 1 35 38 (multi-scale
feature enhancement, MSE) . CFE 5 B f1f) %% {4 22 44
Lo 20 LR A 1% 4 5 R AN R 2 (b) BT 7, 2% AR 1Y

o] 2% B4 Pl Gan 1 3 7w
®&—a—0

(k=2) k=D | ® wezhix

X Rk
? ? &7 x 7 Conv
ReLU 3% 3 Conv

[ ReLU | ReLU s~
v Y Y S sigmoid
[ERHE |—s{ D J=— LRH |

i @l x 1 Conv

@ it

®) QO sk

g v AR
X |-t

(d) ZREFHEMGIREELHMSE)

B3 bR SOUBRIRHIE S e

Fig. 3 Context-aware feature enhancement module ((a) dynamic residual block (DRB); (b) adaptive attention gate (AAG);

(¢) efficient spatial attention (ESA); (d) multi scale feature enhancement (MSE))

DahasskzEs . WK 3(a) i, | EEii s h
FIABIZSIRZEBR I RE 3 x 3 RUZ 5 A7
] WY B A FR 2 X ARPAE ) X AT R e e
sai L HAR AL 7 50

Y=ReLU(a-X+,B-
BN(C0mJ3X3(BN(C0m)3X3(X))))) (12)

b, Y R AR AR ] 5 o BT B SR 45 1l A% 25 AL 1Y
A Y4251 ; BN (batch normalization ) U it & 9 —
o HEGMERZEYOARTR, DRB I8 1 F 16 5 R 5
MRS b R AR P B AR L0, A A R il 1 IR
JEE T 28 1 S e A A8 JRE T R Tl [ isp S B0 1 shS 4k

S B ‘iﬁﬂ%L PEFH T RRIERAE 1 RAE T
2) HiGE NERE T4 . & 3(b) s, AAG #
BAE 25 R T A S R 25 B 0 JEARL
FEM F& AR 5| ACE S Ae 5 e Kb IR T A, —
D7 T ARG AR B R SOF B — T A ARk
FRAIE DX 8 0] 14 23 (8] ., A6 5 H AR R (48
HEE PR LS
3) s M . anlEl 3(c) R, ESA
SR FH 38 A0 R B ] 4y B A AR B Ve
() R IBE S5 AE) l  1 x 1 35 B2 S B T8 A 7 46
BRAR 0 A R i 5 1l Bl 7 X 7 35 A AR TR B ] 3 i 4
TR B Jm & 2 (AR 5 45 30 18 T R LA, S Bxt
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K B 235 (AR 5C 2R 1) v RS, 7R AR E 115 50%
(149 [7) Fsf 4 TH R AR R AE BT X o

4) Z REERFEE 58 . WA 3(d) iR, MSE #5
BT &7 0 R SR H R R AE < BB WA
Fpth A o3 S (253 [R) 43 98340 ) A s AREAIE JE1 ) 172 0
1/4) , £ 53 S L 3 x 3 45 B 58 Ry HRRAE 34 58 5 IR
Oy PR XA R AE ORI AR 2 IR IR R AE R
3N Sl EE PR S 1 x LSRR S
H @A B 5 sigmoid 3G PRECAE A B 3 I AL
6 AR R AR A T B A . X BT RO
TR AR B S A Rl SURRE , W R T TG
Yt R R AL (0 52 Bk S5 00 g

5)Z RS2 BT, CFERBEHGE 85| AFLE5
i1, 3, 6, O TFATY SR RSB, S XS 22 R
S T RAE ERR 2 . % DRBLAAG . ESA K MSE $
B 0 b ERRAE S R R R A RRIE R EA TR
i ZERAE HAMIE AL, B2 B S AR AE 1R, A
Je & H BRI 4R {1 4 T A R AE SCHE
1.4 #iusk

AR SR SR ARG T S 2844 1647 H AR AN 38 o
WG AT 55 N AT 55 o B Rb BE A5 3R i T W2k
1T55 FERFIE 2 2] v () wh 28 ] 8

R 099 26 22 R ARRAIE 4 - B I 28 B o 1 34 IR
AR 40 SR L Py, Py, P ), X R I T SRR RN
{8, 16,32}, Xt T 44~ JRUBE A R AE P, 4G 3k 2R FH O
1T X5 S 4540, Forf 43 28 4y S0 o AN I B2 1Y
3 x 3B RUZFEHU r JEAH CHRRAE | e 2850 4R )N
Hx W x C(CRZE %) ; 105 53 32 [FAE SR A~
3x 3HBBUZ, L AAERIE S8, ARSCR 3T
3T 0 320 FRE [] U9 38 R D ik, 8 120 HE 1) i &2 [l 1A
(] R 2 Ay B AR 23R 431 1 2 > [ B, BLAA

§=2P(%)'% (13)

Kb, Py,) R i FUHE 3 AL T B B0y, i HE
R n oA B X A
1.5 HMEKEH

A SR AR IAT: 55 v B 48 2% R ECHE 22, JF:
Sh G B 0O BEORARRRAE X TR 58 B iy 4 2k
PR

K51 25 R %L (Yaseen, 2024 ) Ky

Lpgr = ALy + Ay Ly + ALy, (14)

)))))))

I, L Ly L, 73590 R 53 A5 K 320 SHATE [ 3 454

PR EARPER A LA Ay, FTA, 0500 R 4546 2R A AL
g A002) @O FRK(S), BRI K bR
Lo = Logr + Lywn + Leowas T Loca (15)

2 LIGHER

2.1 HiR&E

C0C02017 (common objects context) (Lin %,
2014) AR w8 )z B T B AR AT 55
O VR AR, f i o A AR R IR . B AE
55 80 A UL H AR5, KR IR H BSE H # 3
S, BN E 2RO IR B R DL S22 5 D
MRPREE N o RFC 2 HEME Y 37 5 R0 B b 115
B, C0CO2017 F 2 BRAE B YRSB4 , BEAZ A Y
IR A e BT 5Epy BHE 5 o SR, i 8 die 4R
FOEIR A SO AP 3 25 5, X N BE
B AT S5l ok TRk AEAR SO T Al AR
FatE Ry 86 456 i 15 A1y PR s 550

ExDark (Loh Fl Chan, 2019) & — 4~ % A i 2F
SN BRI BT B R AR L A 122Kk
T4 T EFEE 0 A E R A\ R
T M A TR X SEEME T AR TR A EOE
2B I PREE , BT S AR MR SR SRR IE . AL,
xS EEEANE o ExDark 0884675 5 963 MR 11 25
PEA% AN 2 893 i I 1 &1 45, 3 22 MR AR Sy B A s
Ao BT S COCO2017 FA7E 8.3 22 5,
ExDark A VPGB AITEARO LY 5t T IZ AL RE 1 1A A%
H AR B 5 . %6 F ExDark £ 55 5928 B > T
COCO2017, 5246 Fp EAL T P Rds SR I A 19 124
.
2.2 #EHR

AT T §2 05 RO H AR IAT 55 b i
PERE , AT 50 R AU 2 A AT 1 2 PP A R,
¥ 10K (precision, P) . F [0 K (recall, R) . F- )8 &
(average precision, AP) I35 K5 15 (8 (mean aver-
age precision, mAP) . X SEHE AR T E G IEAL T %
P, AT AT SR A BB (RO R T AR RS 5
G RRE R BT B 7 A RO S E B AR 2 L T E Y T
WAk
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EiF, KER, HEE, B4%, HER, IXE
B XT 55 5 7 B B SR B4R 5L B AR 77 3%

2.3 AT

Sy eh IR AR R AT COC02017, H b ik
P AR e ExDark . #EALII 252 T HL5K 24 GB A7
9 RTX3090 &, #UJI 2k B B 28 COC02017 %l
£ E R BN A , iR/ NSO 10, Sl 2Rk AR
UKHCH 100K o SEH R H ExDark 15 COC02017 %1
P B 1 PR AL [ 4G 1, P ExDark 2048642 7:3 1
Fe Rl 43 il 7 A S 74 . BRELR) R 2] R
BEE } 0. 001 5 1 R REHURR A 108 25, ol B0 5% 46
KR R BN 0. 3, B S FEA L Fe i 1) 5E 19
fHEH 0. 6.
2.4 FfEEER

NEUEA ST EMERE , 700 5 LA HR 4 SR A 7
X LS H T CSPDarkNet (97774 (S-DAYOLO(Li 4%,
2022b) . SSDA-YOLO (semi-supervised domain adapta-
tive yolo) (Zhou & ,2023a) . SFDA (source-free domain
adaptation) (Varailhon 4§ , 2025) ) ; & F VGG (Visual
Geometry Group) Y J7 1 (NSA-UDA (network stability
analysis for unsupervised domain adaptive detection)
(Zhou %% ,2023b) #1 TDD (He 5 ,2022) ) ; VL 3T
ResNet (residual neural network) 3 1 ¥ 2% f9 J7 7%
(PDA (Hsu %, 2020) .DAOD (domain adaptive object
detection) (He 4§ , 2025) . SWDA (Saito % , 2019) .
DPA (Zheng 55 ,2025) ) o 55 5o 3 2o “F- 445 B ¥ 10
(mAP) A58 (P) 4 9] 3 (R) AT 3 (frames per

second, FPS) FEF8 AR HE AT 25 5 VARG , S IR 2 S an sk 1
FIER .

PRA = 9 Sk B AR A DU AT A A B R R
P SFDA IR fil 2 P 80850CH 86 0t , 5 S5CAHDA B 1255 T
FEAFEST , HAEAE A UK s NSA-UDA ) e 7
R T H B, 5 20 Jm AR iE 22 5 ik
DAOD 77 85 38 0 7500 B8 50 | sl 24 38 W 1 AN A2 11
[f] 1 s DPA 1 By B 43 K £ W B, 2 7 A R AR
BR2E, X LE R FE BRI T S SRR X SRS B 5
SOERCAE ST o A SCO7 R HTIFA A A 250 I8 OG IR
25 S R TR, I B A B A R [0 BR A5 2
P53 75 T iz A RE ) S B ; Rl E 8 & TSFE,
i 3o 5 A 8 B 5 /N B ) S XA, A R
GRS SRS 5] R B REAE RO [R)8, 4R T 55 5
fEBFRAIR B ERE . SCHR 2 AR, FT R ik 1 P
5 R e FPS ik 51 48. 41 Wi/s; tnss 1 f
7, HAE mAP 4845 L5266, 83% AU AL fE , AHEL
TALGEL I L B B Rl 48 i
Y LIFA J5 5, AMUAE mAP $845 188 BT R B A 58,
FI 3 N 7 i, G FPS i B 2 35 2] 57. 03 Mil/s, 251 Jir
BN Z BRI AU F A R W A R
PE S OUBE

Rtk — 2L B IE MCFE 5 CFE #5859 0 #k | A<
T 5% 308 3k 42 ) AR H SE G R IF 00T < 8 PR R H A S 56
S —E BT R ¥ TSFE R 2% 1 (59 MCFE 5 CFE

F1 H5HETEHHEHEN AR R

Table 1 Comparison with the state-of-the-art domain adaptation methods

ik backbone mAP/% K 102%/% B % FPS/i/s)
TDD(He %:,2022) VGG-16 47.28 72.15 47.67 10.74
NSA-UDA (Zhou %% ,2023b) VGG-16 55.70 78.36 49.28 8.38
PDA(Hsu%%,2020) ResNet-50 49.73 74.69 47.48 12.62
DAOD(He % ,2025) ResNet-50 64.87 83.78 52.16 16.15
SWDA (Saito%5,2019) ResNet-101 52.66 79.47 48.30 11.60
DPA(Zheng %% ,2025) ResNet-101 65.19 82.65 54.92 14.83
S-DAYOLO(Li%,2022b) CSPDarkNet 55.23 77.71 50.40 37.32
SSDA-YOLO(Zhou % ,2023a) CSPDarkNet 54.69 78.50 49.92 34.49
SFDA (Varailhon 4 ,2025) CSPDarkNet 64.98 81.69 55.73 31.81
IIFA CSPDarkNet 65.74 81.47 53.20 57.03
ES'S CSPDarkNet 66.83 83.73 54.78 48.41

T L P SRR 5 8 B A2 2R
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BP0 o BRAT 32 it v 2 I LT M 22 RUBE Rl 5 L
i, % AR AN R 2 IR 3 R . LRI, AR
W0 2% 4 i MCFE L8, RERS 7R IR IF S E S TR =
dre/ IV [T S5 300 e e G UK 2 5 T 7 CFE BB
PR AL TN o 2 58 K AT de (10 A6 IORS B2, (H H S B i
(Params) 5 11 & JF £ FLOPs (floating point opera-
tions) ¥4 & F SPP (spatial pyramid pooling) (He %,
2015) .PPM (pyramid pooling module) (Zhao %5 ,2017)
F1 ASPP (atrous spatial pyramid pooling) (Chen 55 ,
2017) %751 o 32 K CFE BEHGHE i x4 )5 5 )5

P_E N SCRAE Y ZE T 20 A A O A HE IR, O 5
GRS LT FOLE] , 78 G N 0 ] 75 5 05 7 1 ]
PG EOR B B b g MR B . BRI , 11 3eseit
i e 5 R S A A O 22 = A PR T T
Vi, A5 AL BN L ALt 225 | AR AS 5 1t
B R 2 E T 5 i 5 A8 2 )2, DA B PR R 20 I P
ARRIE B A o b B, i — P S B ST R R T
EELOREE I8
RAMESH— LR TASONES et Ik
fXF HE o ARG 5 B S, bR RUBE 5 S Bl A (TR

#*2 MCFESHEEHFEAVNFITLLER

Table 2 Comparison results of MCFE with existing advanced attention mechanisms

P 245 £ 1y mAP/% ER AR /% SHRIM FLOPs/G FPS/(i/s)
SE(Hu%¥,2018) 65.82 81.57 54.91 122.39 384.26 51.28
CBAM(Woo%%,2018) 65.16 82.35 5391 122.04 384.26 48.79
CA(Hou%%,2021) 64.39 81.70 54.02 122.09 384.28 43.48
MCFE 66.83 83.73 54.78 122.04 384.25 48.81
E IR AR R R % 5 e LS5 R

®3 CFESUFL#HZREMAVGIITEER
Table 3 CFE and comparison results with existing advanced multi-scale fusion mechanisms

I 45 4 4y mAP/% RH1% A% ZHRIM FLOPs/G FPS/(i/s)
SPP(He %,2015) 63.73 80.54 52.81 71.94 269.27 59.56
PPM(Zhao %,2017) 62.96 79.47 53.69 69.63 261.19 54.39
ASPP(Chen %%,2017) 64.40 82.69 52.12 72.17 269.66 52.69
CFE 66.83 83.73 54.78 122.04 384.25 48.81
TE I AR R B S R LA 2R

x4 SRNEHEEREN LRI (AP)
Table 4 Comparison of category results with state-of-the-art methods(AP)
/%
el
Tk

Bus Car Dog  Person Table  Cat Boat  Chair  Cup  Motor Bike Bottle

NSA-UDA(Zhou%¥,2023b)  74.39 61.34 7384 68.10 11.57 63.49 3260 53.72 5335 5477 6295 5832
DAOD(He%§,2025) 87.46 76.02 8232 76.06 1935 73.66 46.39 56.26 5934 6250 73.38 65.70
DPA(Zheng 55 ,2025) 88.65 7698 83.36 76.52 21.88 72.58 47.52 5440 5849 6122 7429 66.41
SFDA (Varailhon % ,2025) 87.71 7595 8149 7659 20.76 71.71 46.38 55.86 58.06 6349 73.81 67.95
IIFA 90.07 76.89 82.87 77.23 22.87 7144 4823 5738 58.14 6297 7231 6842
AL 91.06 77.01 83.09 77.68 23.53 72.89 49.22 5833 59.73 63.82 76.65 69.00

T L P SRR 5 8 B A2 2R
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i, KER, BEEE, B4%, BERE, UXE
B XT 55 5 7 B B SR B4R 5L B AR 77 3%

HA B AR T AR 23 /N AR B8 3 FOHE RSN T
32 x 321K s P A HARRY L FAE ROF A 732 x 324%
R 96 x 9613 F Z [A] s KA H AR Y 1 FHE RS RTF
96 x 96 53 . NFK 4 MK 50 LI i, BRAK A1 Y
ANZGNIN ARSI IEAE A BT A 250 A AP (3 .35
PLFxF Ik OF BAR/N bR B AR SCR RS I 45 5 W
BT HABS
x5 SEEAEESBERRST ERNERIIE (AP)
Table 5 Comparison of object size results with

state-of-the-art methods(AP)
/%

Hr RS
Ik
/N i N
NSA-UDA (Zhou%,2023b) 127 1145  31.46
DAOD (He%%,2025) 149 1395 3579
DPA (Zheng%:,2025) 150 15.07  42.16
SFDA (Varailhon % ,2025) 158 1513  39.85
IIFA 1.69  15.10  40.78
A 248 1644 4197
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Fig.4 Comparing the visualization of different methods in low illumination

((a) original images; (b) ground truth; (¢) NSA-UDA; (d) DAOD; (e) DPA; (f) SFDA; (g) ours)
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Table 6 Module ablation research
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CDFA IIFR DCA MCFE CFE mAP/% FE0R/% 1 [2/% FPS/(1i/s)
- - - - - 62.07 78.81 47.73 54.91
N - - - - 63.19 79.97 49.00 62.33
- N - - - 63.44 80.75 50.05 71.94
- - N - - 63.58 81.05 49.28 60.98
N N - - - 64.45 80.36 51.30 75.03
N - N - - 64.64 80.79 51.29 62.31
- N N - - 64.34 80.79 52.40 62.96
N N N - - 65.74 81.47 53.20 57.03
N N N N - 66.16 82.54 53.18 49.25
N N N - N 65.92 82.03 54.48 42.15
N N N N N 66.83 83.73 54.78 48.41
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Fig. 5 Effects of the components in our framework

O 5k (EF6HT)
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((a) integration effect of the CDFA module; (b) supplementary
effect of the IIFR module; (¢) addition effect of the DCA
module; (d) integration effect of the MCFE module;

(e) supplementary effect of the CFE module)
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Table 7 Ablation study on the loss function

Ly Ly Lo Ly mAP/% Ka2=/% 112 /% FPS/(1i/s)
N - - - 63.04 79.86 49.15 4373
N N - - 64.09 81.68 51.46 48.10
N N N - 65.38 82.59 53.04 56.24
N N N N 66.83 83.73 54.78 48.41
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Fig. 6  Visualization of the results with and without IIFA that includes CDFA, IIFR and DCA

((a) original images; (b) without IIFA module; (c¢) with IIFA module; (d) ground truth)
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Fig. 7 Heat map before and after adding MCFE
((a) original images; (b) without MCFE module;
(¢) with MCFE module)
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Table 8 Detection of AP effects by MCFE and CFE for
small, medium, and large objects
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Fig. 8 Visualization of the results with and without TSFE that includes MCFE and CFE
((a) original images (b) without TSFE module; (¢) with TSFE module; (d) ground truth)
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