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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) , all
of which are 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. In 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 To
achieve the aforementioned objectives, an innovative low-light object detection framework is proposed, which adopts a core
training paradigm based on normal-light pre-trained models to maximize the utilization of existing high-quality natural
image resources. The framework consists of two key modules designed to address domain differences and small/distant
object detection challenges, respectively. First, to bridge the significant 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 extraction
component employs a 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 I[IFA module to dynamically adjust the weight of training samples based
on their domain adaptation difficulty. 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 inter-domain 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 multi-scale 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. Results Comprehensive experiments are conducted on the ExDark dataset, a
widely recognized low-light object detection benchmark that contains 8856 low-light images covering 12 common object cat-
egories (e. g. , person, car, and bicycle) and various low-light scenarios (e. g. , night streets and dim rooms). The pro-
posed model is compared with two mainstream low-light object detection methods: direct training on low-light datasets and
normal-light pre-training followed by low-light fine-tuning. The evaluation metrics include mean Average Precision (mAP)
for detection 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 pre-trained models without fine-tuning on low-light data) , the model
achieves an mAP of 65. 74 and an FPS of 57. 03, outperforming the direct low-light training method and maintaining compa-

rable efficiency. When fine-tuned on the ExDark dataset, the proposed model achieves an mAP of 66. 83, a Precision of
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83.73, and a Recall of 54. 78, while maintaining an FPS of 48. 81. verifying the effectiveness of the IIFA and TSFE mod-

ules. 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 significantly improves overall low-light

object detection performance, providing an efficient solution to low-light detection challenges.
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Lol XX )=/ &(X0) = &(X0,) /7% (D)

Lo X&) =/ (X)) = &(X) /% (2)
Sl ()T W B A 27 A A 25
1 PR %5 (Reproducing Kernel Hilbert Space , RKHS)
(Park %, 2019) i i S /IMEIZI I BREL L, BE
A7 34 /NI IR AR SR A R 20 A 22 57 L (2
SRS AU 23 A A T — B, SR T A T B R AR A4 R O
otk
1.2.2 SEMAZRAE

hy it — A SR AR AU T SR Ik Y AR RE T, AR S
FUAR L 27 AT HELR A XS He B 2k R B . BRI &

~— —
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EiF, KER, BEE, B4%, BEE, UXE
B XT 55 5 7 B B SR B4R 5L B ARG 77 3%

L RAE IR EME S BARBEIR X Of 45 & dh ik
ST EOR SEBLIE REAS A RU X 1. 5 IR H LR
G0 H L B 2 AN TAE AR % 42, AR SC i
Tt AR 28 I 3 R B g RGO R o SR REE < o
S FE H A BB B SO IEREA 18 L 225
20 RGO Wk SO RS o ELAA |, 9 s 45
[ 18 S AR 3 3 bR & 4 B 1Y Jaccard similarity
(Chen %%, 2019) #Ef 7114
_ LN,

ATV
Ao, L, R A TREEMR I E SRR 65 L, R
INE A BRI T SUAR AR s R T R IR A
1., N B AR BE AL 3 B — 4~ 1 SO R 44 e 1 1]
G 1 AN EREARXT {1, 15}, 2, N H AR B AL
PRI — 18 SR A AR I EUR A 1, A Ry
XL, 1, b P, BbR R E H
L e =

(3)

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

K, 0 FoR HEREEG ) S S ; G () M A LA,
BT U5l R R AR e 4 £ A B bR SRR 1 R
TE; D) IR T K A RRER A H bFRiis
SR A A R B A . FESEE S A SR
FH U-Net(Yan %5, 2019) ZE ¥4 #4 & 4= 1l 2% G (), I i
JH PatchGAN (Schonfeld 45, 2020) /5 #1511 #8 D(-).

F TN EAE o (7 A IE R, A CEI AL
PRI IERS T VTR ARSI A T 25 28 1) 1 5 35
T MEFE (Xiao 55, 2021) o ELKT w5 S A R
PR ERE A 1% 245 28 53 254 | Bl I 1 2558 A
(1535 A 0 H] T E R B AS (9 38 W EFE TPAR o g
W8 IR E AR ORE A 28 PR H bR e G 1
A R BIRE 5 A . BE T, A SCR N
TR SHASHE TR PREL

Lye == yi log(55,) + (1 =y )log(1 = 75,)1.(6)

=1

Ko, CHRF GRSy (v, = {0, 1)) TR e
ST T WG o 5 e, 75 24 0] o A0 T T IR

—log

(4)

A, X, X FLX, AR IR A (1) (IEFEA
(L ) %5 BFRBEE AR R AEAS (1) X i H bR A
A RRAE ) 5 sim (-, - ) FH M0 5 PR SRR AR 1] B[R] (1)
AL (Liu 25, 2013) ;2 2 AARUETE TS
0 (Chen %5, 2019; Wang %5, 2021) ., il adiZx%f kb
2 S BILH FE — 20 s A 25 BURRAE X 55, 1S AU B A5G 2K
27 ) B ek B 5 [ SN AR RRE R AR, A
H A P2 AL T 58 B R AIE S 8%
1.2.3  Zha&JE RIS

BEAR A S AT B2 I AL, JE T R SoE 4
T RS AR AT, R U5 Sl PR AR AR S 3] AR SRR AE
25 [a), S I EE SRR AORS MEDC C S5 6 4. SR, DIl 2k
FEA A OR TR R B AR B AFE 22 57, 3
AN YA 0] 50 R A 552 i 8265 3l 0T 55 8 DG SEEBR AR .
B, ARG TN S A XS S 2% pR %R, A [ A
AL, X625 /D402 B AR AR AR 3 B8 S A, I
A AL L R REAS B RRAE X SRR o B TR SRR
X, FUHPRSRE X, , XHT 2k sR BT e Sl
Lyo(X,.X,,) = E[logD(X,.)]+E[ @ log(1 -

D(G(X.)))]1. (5)

exp(sim(Xw,X;”/T) + Ef: lexp(sim(XW,X;")/T)[EH% IRER I ME 3 2 hR 2 or 25 4% Fue(Liu &,

2013)f AR B e, =F e (X ¢)o

i 35 U 5 58 I 245 28 53 25 28 Fe (Long 5%,
2015) , A SCAT FEASE ALY ik A2 op L A4 B A R 1Y
PRAL T K Bl 25 8 3 25 REAS (A ZR 50, DT B X0
GRS Rl R

C
w = 9(61";][(%" > €)yi, + 1) +(1 - H)GXp(l -

NL,
Var 7
Ntar )’ ( )

C
s..C" = D I(§5, > €),
=1

2, 0 P45 288850, TR TR 0 R 3T R AU o L T
)RR 7 PRE € O RELAR E F PR RGN P B A B 5 7,
Foon B b sl G 20 c Ao 0 ARE S Y Ak A, BD
i = Fue(Xoo5 )5 N, A3 H AR R RE A BRL
Ny, R o R B0 ol i 1K 5 fie /N SR B0
PR Lo, -, ) HHENE 0 (A5), BB HE—1
25 /IR AR B R A 20 A 25 5 AR (0 7 S
IR AR T — 2 SR TS O MR RE
1.3 P RIS

IR PRARICERET T e AR ORI #7557 F /N H AR
N0 X FBE R 8 MRS, AR SR Y — i TSFE A5 B, o) 2%
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SR I 2 7R o ARG ok P DB R
B ERTHEOGT S R R SR IO RE - (1) Z24E D3 [A)4F
ik 1 5 A B (Multi-Column Feature Enhancement
module, MCFE ) , 8 12 X 25 [A] 4 3 8 38 4 B J i X
éﬁEE‘JﬁE?ﬁﬂc'—ﬁTJNﬁWﬂ%,ﬁxﬁﬁffﬂ H PRRFHIE Y
X3 5 (2) B SCRRRE $2 JUE (Context-Aware
Feature Enhancement, CFE ) , 764 fE & B3 H b5 C s 45
R BRI T, A WA s T4, s A Ay
RURFIERAE . SCUeas YR, FEC T I B 5%,
JIT 5 P i BRI 1S SR SR AEAIOG 7 557 B ARSI 55
rhERIL B B PEREALHY

A SCHE H —Fh MCFE R, 2838 T3 2 77 L
A | REAS b IR A5 1 30 1] 5 2% () 4 8 9 R AE 1)
WA Z o ELARTT 7, A 2 B 3 A DG AR | 3 (]
MR HE LA B A 3 R AE 7 A o = KR OB, 5
X E Y 5 2 J7 MFRIESE R . Bl 2(a) TR,
MCFE & e ok H 5% 22 07 20 Ak 21 iy A ¢ AE &
X e ROV HARFREANT

Y=X+a-  F(X), (8)
A, X Ye ROV 435l 4G SRS A R s ) RRAiE 1
o e [0, TR 5 2] B4R 40, BT 1 38 1 i )
R AIE F18 T AV R 5 () AR I T A DG e A

1.3.1  ZYERE P AR g HBE I 25 B AECS PE Ar B2 3K B 454, AR BOR S8
i DR OGFR I R RRE 268 B 1 S L B MR YRR T SORTFIA
M BRI AEIGIR(TSFE)
*lXMCFETH _____ H _____ HI
: I\ —[DRB |>{AAG > ESA |~[MRE
| Wprsa W @) Y@3) Y@6 @9
! © [¢ [¢ [¢
l ©+siLU A & ® ® ®
@+Siw;5 [ReLU | [ReLU |[ReLU |[ReLU |
S
a S

LRI EILIE (MCFE) (a) !

T B IEECFE) (D) |

:3x3 Conv (C) :5%5 Conv (B): #tBIA— S :Sigmoid @ 1x1 Conv @ L E mw
@ BAML X:woTSFE X':w/MCFE X" :w/ TSFE

[l 2

P B AR SRBLER (a) Z4EPRRIRFIESS 3R (b) b SORIRRE S U 5

Fig. 2 Two-Stage Feature Enhancement Module (a) Multi-Column Feature Enhancement module (MCFE) (b) Context-Aware Fea-
ture Enhancement (CFE)

1538 38 #H %M (Cross—channel Correlation) ; i%
BBk U0 3OO A AR | i 3k 4 1 0 B e
V] 2538 T[] 79 Y R TR AE %Yﬁﬁﬁﬁﬂfﬁﬁ% Eﬁﬂ‘/j
I 2 O H A OB SRR

e (X) = (W, -GELU(W -z)) (9)
K, ZeRC G o 2 s oF 33 Ak 4R

W, e RE “H W, e R Eﬁgﬂi&ﬁﬁﬁ}ﬁ%%ﬁﬁi o()Fm
Sigmoid ¥ 1 BRI % s GELU() iy ey 7 152 22 £ Pk . oT
(Gaussian Error Linear Unit, GELU) . F171% B ik
KRMAL > SR FHARRIRAE TR

23 [B) AR (Spatial Dependency ) : 1245 B

T il T 4 R A B o 22 5 B R (B I A S T RRAE,
SR IO IR DX el B AR ) 14 1) R R AR, R ITT 2 T
W DI ARSI e . HAC Rk 0h

M. (X)= (T(ConvS ;(Concat[M LM, ])) (10)

K M, M, e RV V43 511 36 7R 8 B4 B K AE
FRfEZE ; Conv, s R —A> 5X5 B ERUZE .

H 1& b FR 1k B E (Adaptive Feature Recali-
bration) : A% SCR HIFK 22 77 > WL, 3 2o 7] 27 ] 240
o f 125530 T A OGP A 15 4 [ AR 12 Py i 1 R AR
G B RIR M AR IE T, SEBRO L SRR AR F
i AL E . AR
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EiF, KER, HEE, B4%, HER, UXE
B XT 55 5 7 B B SR B4R 5L B ARG 77 3%

Y=X+oa- - F(X),
=X+a- M, (X)OM_., (X)OX,
L, © FRBICRRRIBH
SR, MCFE BEHAT 202 T 1T AT RLEAR D
T BAs e PERe , JCHAE /N H bR S s H
FRAGRFAESR IS UM 55 h R I R 5 4
1.3.2 B SCURNFHIE S
CFE L Hud ot 2 A2 0147 2 RUE Rl 230
B IPUHI MR, S0 T X SCRRIE (B i 5 1 i
ARG TH S RCR A AT T, A R T T AR
X2 RO AR RERAERE ) SR PERE . CFE AL
Pose & 7 WA B0 2 3 35 5% 2% Bt (Dynamic
Residual Block ,DRB) | H i {7 /11145 (Adaptive
Attention Gate, AAG) | /= 21 %5 [H] ¥ & J7 (Efficient
Spatial Attention, ESA) 1 2 R 45 £iF 18 558 (Multi-
Resolution Enhancement, MRE) . CFE #& ity 2% A48

(11)

) B #5 20 AR A 1 % 420G R L 2(b) iR, 4% 24
) O 28 B A TN 1] 3 BT 7 o

SIRRZEE . WE 3 (a) iR, B e fE R A 5]
A BT Y ZBHGE 1 W 3x3 HB R Z 5[5 )
(1 BN A5 5k 2 1 FE R i AN RRIE T X AT R IR 46 5 1
o, LR A EE T R
Y=ReLU(a- X +p-

BN Conv. (BN (Conv,... (X)) ) . (12)

o, YRR i YRR 18] 5 o 1 B 458 ] 3 22 A Y
Al 2k 280 BNAR it 2 19— 1k (Batch Normaliza-
tion, BN) ; 5 &5 H 5% 22 JEAR ], DRB 3 i 1 36 17 3]
TRE SIS IS UG R O B RO LU, A R A
TR R Z8 U R p R B 2R Il [R5 B T 3
AR R AR AR B AL 28, 42 TF T R AR R AR A R
T,

3 BRSUBEIRFESR BB () ZhA8 R 253 (b) U@ N R T8 (o) MR RITERE IILH (d) 2 RBEFFAERS 3
Fig. 3 Context-Aware Feature Enhancement Module (a) Dynamic Residual Block (DRB) (b) Adaptive Attention Gate (AAG) (c¢)
Efficient Spatial Attention (ESA) (d) Multi-Resolution Enhancement (MRE)

BB RN ERE T4 & 3(b) iR, AAG FE Bk
FELE AT AR S 5 BBk 25 B 20 SRRl i 7E
42 5] A3tk 5 fe Kb A -4 T84, —
T e AR 42 R B S 8, o — O TR SRR
I DX 35 [0 14 255 ) S BK , KA 5 B ARRFE RS i
FEN B AL

Rk RIE B A 48 3 (¢) i, ESA R H
XA AR R T 0 AR A TR R A
R <l 1 1x 1 F5 A S P 3 2 40K, B A%
IR A B 7XT 28 U BRI 1T 4 s o AU 4
Jry i Zs RV 5 45 W 18 13 B I, S PR I
25 AR G 28 A0 o AR, 7 PR UE ST SRR A [ sf
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PETHERAERAE X

£ R ERERR . 101K 3(d) T~ , MRE e 5L
F 4 TFIE o) i R W U RUBE RRAE - 3 B ST
Ak 3 5 (3 18] 53 30232530 500 R i A RRAE LY 1720 17
4) 4553 3 L 3x3 B AGE R TR REIE R 0 5 14
B LN FRFEIR I 2 R R AR B R =
ANy S i 0 T PR 1x1 S BURRAE A T
G e a it Sigmoid P RRECAE BY G N AY EE , X
AR AR P AT BhAS IR . XA RO 1 R
M9 15 B 5 2Rl CRH IR, i F 1R A T OB 5
REIEFRAE M S8 S50 1 .

Z R IRAZEY . CFE B E i 5| A L3R5 51k
{1, 3,6, 91 I TR B IR B, S XT 22 R J%
Z P ORS MERHE . % DRBLAAG . ESA & MRE £
g+ 1) v )RR AE S5 D i AR AE A T R
i ZHHE B AMEAL , e 2 R IS W REIE R O IR
S H A DU B L4 T A0 AR AE S H
1.4 ik

AR SR FH AR I Sk 4844 32647 H AR A I, 3 2oL
W AT 55 e AT 55 o B AL B A AR R i T W2
155 FERFIE 2 2] R wh 2 )8

RG] 190 £ 22 RS R AIE 4 73 T 4% i 1 A =S R
JERRAE I 53 0 R ( Py, Py, P ), IR SRFERS N
{8, 16,32}, X F A4~ RUEE AR B Rl 3k 2R FH I
A7 053 SCA5 R, Ho 43 2843 S ik A~ 14 22 1 3%
3B FUZFEET FEAH SARAE | e 250 1 48 Ry XWX
C(C R ZEMEE) 5 [1H 43 32 AR R FH G A 3x3 5 1
2 i FHE R A S8, AR SR S T4 A 1Y 34
FEHE N 2R 5 i 6 300 SAE 1) 32 28 1] ) [n) R 2 £k
Sh S B3R 43 AT 1102 > [

:9=§2P00>yi (13)

Ko, P(y,) 3R 30 BEAE 3 B0 T B 0Ly, 1 HE
OB X R B
1.5 HMEREH

ARSCRH H R AT 55 R 4 2k eRECHE SR, IF:
SEOHE Y G B R AR ERAE X R A 5 2 (4 Ok
5

=

K45 2K BRELR (Yaseen, 2024)

Loy = Ay Lo + X Ly + AL, (14)
R L Lo L, 4B 5P e L E I 1
RN E BRI A Ay, B, 530 R 25 3 2R AL

KR,
A2 M (4)(5), 788 By Frdti 2k v

BOE SN
Lowi=Lowr ¥ Lo + Lo + Loea (15)

2 SLIGZER

2.1 HEE

COCO02017(Lin %5, 2014) A mHEH )
2T B BRI AT 55 ) FE AR AR A0 T o
R R . 2B AR 55 804 L H AR, 1A
GIIA B HE s, B & 2RO A B
RS B A IR . FEIRIEHE FE 1%
SRS R TR AR (S B, COC02017 BN B
R IR EREE A | fig e AR ANI 2R B L RS e H n] 5
MMEAR S o SR, IR A Y O R R AR 43 A S IR
TG S AEAE 35 22 53X R 5 B AT 55 ok Tk
i TEASCEL g i AR AR h Y 86,456 TK K]
1GAE R VRIS 25080

ExDark (Loh 5%, 2019) & — & AR T
AR U B T A B 4R 8 1228 AL AT 4
T BB i AKE JRE Y R .
B FRIAR T o 3k S0 % B 5T 0 B B O6 2k B g
MIIAEE , HAT 58 BEAIR M B AR PR o LAk, Bl )
FEEEAR I o ExDark BUE &AL 7 5,963 skl 2k R AN
2,893 sk i i [l 4, 3 2k G w A H bn 3 B .
H T ORI & 5 CO0C02017 7R 7 B 35 2% 5, ExDark
AP RRAEA O S 5 Rz AL RE 1 B9 A 20 H BRisk
BimfE ., XF ExDak B WEHEE DT
COCO2017, S5 Hh AL T P AS B ds 2 HL A7 /1 124>
Z
2.2 ¥5tR

Ry TR T8 7 A AEAOE B AR AT 55
PERE , ABF TR IR 12 A AT ) 2 PP FE b
K 1128 (Precision, P) .4 A3 (Recall , R) -5 &
(Average Precision, AP) F1°F 345 )5 {H (mean Aver-
age Precision, mAP) . X BB FE AR LT AL TR
P, AT A A AR R RO ERBE T AR RS B
R N T A RO B 3R A EOUL T 5 A IR
Heds
2.3 SCIGZETS

S rh PRI 4R R H COC02017, H ARIBEL
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EiF, KER, BEE, B4%, BEE, UXE
B XT 55 5 7 B B SR B4R 5L B ARG 77 3%

PRAE % ) Exdark, #5583 25 5L T $a0K 24GB B AF
) RTX 3090 & , #i il 5By B hin 8 COC02017 %4
PR LA TINZRRCE , fik K/ 10, Bl ik
R 2 100 R o 52 5 B A B Exdark 5
COCO2017 %l 4 1 R AL [ 44 j, Forp Exdark %%
WA 7:3 WL 53 A 2R 7 4R Sl 4 . AR
TR UG 2 2] R R 0. 001 ; 6 X R B A 1 4 2
B, B SRR AR R BN 0. 3, BhASFEARE
FeFE B R 0. 64
2.4 XfLERIE

Ry UEAR SCHE Y B T vk R L 40 DT SR 2R
W E AT X L 52 56 < B F CSPDarkNet 1 J5 4 (S-
DAYOLO (Li %, 2022b) . SSDA-YOLO (Zhou % ,
2023b) .SFDA (Varailhon 45, 2025)) J&T VGG BT
1 (NSA-UDA (Zhou %%, 2023a) il TDD (He % ,
2022) ), LA K HE T ResNet 3 M 4% 19 )7 1% (PDA
(Hsu %, 2020) .DAOD (He %, 2025) .SWDA (Saito
4§, 2019) \DPA (Zheng 55, 2025) . 52568 i 44
K EE K BE A [ 3R MUR SRR AR EA T 275 VEAR L 58
K4 AN 1 R .

AT 3 U 5 S E AR A I AT A A B R PR
P SFDA PR i 2 V5 Sl B il A5, 5 S4B 155 0T
FEAFESY, HAFE MR8 XU ; NSA-UDA 1Y W A
g o TH B, 5 Z 0 R iBReE 25 5 s 0 057
2 DAOD 1775 5 300 55 b B AL | sh 2 38 Pk AS A2
(4 [l {2 s DPA 1) B Be Jal 3 i 32 Wik 7, 5 i 2k R
L 22 , I SO G o BT PR ] T L B Sl R A X 54 8
Yl BRe 1o AR SO 7 VSR FH 1R A, v A3 340
UE O R 22 AR i T, B B R A TR R [ O ]
SMF R s 5 5 N Mz ALRE ) S e R
TSFE, i iof 58 {78 B 125 5 /N AU H A5 19 i 2 X AL
0, A AR MRS SR 5 | R R AE AR [R]85, K M
FHERAAE B AR UM PERE . SCIe g R, Irit Oy
P 5 REYEEE LI ME , FPS A 51 48. 41 Ii/FD;
W 1R, HAE mAPFE 45 T35 3E 66. 83% My Lt
il M FAL G T I B B . R,
A SCHE Y TIFA 53k, ANUAE mAP 4845 L H8 #AT
WA AR E v, L FPS (B IR E] 57, 03
W/, 57 50 T A 6 H O R 2, SRR T U A 1S
O R WS A 2550 5 P

F1 SYETEHSUBHER AR LRI

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

Method Backbone mAP Precision Recall FPS
TDD (He %, 2022) VGG-16 47.28 72.15 47.67 10.74
NSA-UDA (Zhou %, 2023a) 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 %, 2019) ResNet-101 52.66 79.47 48.30 11.60
DPA (Zheng 4§, 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 %, 2023b) CSPDarkNet 54.69 78.50 49.92 34.49
SFDA (Varailhon %, 2025) CSPDarkNet 64.98 81.69 55.73 31.81
IIFA CSPDarkNet 65.74 81.47 53.20 57.03
Ours CSPDarkNet 66.83 83.73 54.78 48.41

S it — A B E MCFE 5 CFE #5551 (8 | A
AFF 5 300 o 928 o A e S0 SR FF A M < 7B PR R A 52 56
S —E TR T L B TSFE M 4% 1% MCFE 55 CFE
BB 40 B T2 9 T T T L B 22 ROBE il 5 AL
il X B R 2 R 3PN, SEIR R, G

LR N MCFE BRI, BRASAE AR 15 2 B 5 TR i i
MR TRTI S B0 fi A G 5 T 4 1 CFE SR Y
ARG 1) 2% R A e AU ASL RS B2, (H S8 ST
F 44 #4 &5 F SPP (Spatial Pyramid Pooling) (He %%,
2015) . PPM (Pyramid Pooling Module) (Zhao 5§

11
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2017) 1 ASPP (Atrous Spatial Pyramid Pooling)
(Chen 55, 2017) 45 J7 ¥ o 3% J& 2 CFE #E 8 i
Xof 4 ey 5 SR b SCRRAE B9 G843 A A BORS 20 AN R
R, JT 51 AGSF IR LA, 76 198 W 0 i 5t
Mg 1 ] AR DR B B ARSS RS R . BRI &, b

TG ST WA O 12 B
TR, T4 24 ACDL IR 2 A S5
AR A 54 I DO B A 0 2 L K P
SR 5 T SR 2 SRS
PR RIS

#*2 MCFESHEEHFEANFITLLER

Table 2 Comparison results of MCFE with existing advanced attention mechanisms

Network Structure mAP Precision Recall Params GFLOPs FPS
SE(Hu %, 2018) 65.82 81.57 54.91 122.39 384.26 51.28
CBAM(Woo %%, 2018) 65.16 82.35 53.91 122.04 384.26 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

&3 CFESHAX#HSREMENHMNIILER

Table 3 CFE and comparison results with existing advanced multi—scale fusion mechanisms

Network Structure mAP Precision Recall Params GFLOPs FPS
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

AP IR T AT 15 R e T
FRNHRT L, VLK 5 Y i et I L X b . AR
4T LA B AR PSS b A5 vk e A B

A 2R AP R 0 T Y A B Se it 75 vk O AR
/N EBR EAS SO LA T AR A%

F4 5REINERRAEFH ERX LS

Table 4 Comparison with category—specific results against state—of—the—art methods

Category Object Size

Method

Bus Car Dog Person Table Cat Boat Chair Cup Motor. Bike Bottle Small Medium Large

NSA-UDA (Zhou %, 2023a)
DAOD (He %, 2025)

DPA (Zheng %, 2025)
SFDA (Varailhon %5, 2025)

74.39 61.34 73.84 68.10 11.57 63.49 32.60 53.72 53.35 54.77 62.95 58.32 1.27 11.45 31.46
87.46 76.02 82.32 76.06 19.35 73.66 46.39 56.26 59.34 62.50 73.38 65.70 1.49 13.95 35.79
88.65 76.98 83.36 76.52 21.88 72.58 47.52 54.40 58.49 61.22 74.29 66.41 1.50 15.07 42.16
87.71 75.95 81.49 76.59 20.76 71.71 46.38 55.86 58.06 63.49 73.81 67.95 1.58 15.13 39.85

IIFA 90.07 76.89 82.87 77.23 22.87 71.44 48.23 57.38 58.14 62.97 72.31 68.42 1.69 15.10 40.78

Ours 91.06 77.01 83.09 77.68 23.53 72.89 49.22 58.33 59.73 63.82 76.65 69.00 2.48 16.44 41.97

P 4 T AL SS R BRI TEA R IR Z 1F, A
SCTT VR B R INORG BE 2 3500 T BUA f STk o it
A, TG AR ARG R MR B . BRI
M5 (<1lux) T, 120586 BEA RAR TH I T E H ARk
A ER B o AT A O AIL R < I A AR IO IR

AL, IF 4545 P B A3 i AR 4 B ) 200
SEEL T /INEL E RS R A DN , % B Y A 1
BEAh 1275 SEAEORAF (RoR E A [R] I , R8BI H B 14 5
IR T T, S RO E RER T T A DL o8 I AT 55 S 41t
TR T 5
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¥, KER, EES, B4, BER, IXE
B XT 55 5 7 B B SR B4R 5L B ARG 77 3%

(d) DAOD (e) DPA (f) SEDA (g) Ours

ple

K4 OEIBERSE T A EDr ik i ALRCR XL (a) AT (b) BAE (¢)NSA-UDA J7 ik Bl 45 5% () DAOD J7 ik il 4R (e)DPA
THETIMEE R (f) SFDA AT ES R (o) Ak T 45 4
Fig. 4 Comparing the visualization of different methods in low illumination (a) Input image (b) Ground truth (¢) NSA-UDA (d)
DAOD (e) DPA (f) SFDA (g) Ours

2.5 SHBhEFST x5 BEHUHRIIE
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Fig. 5 Effects of the components in our framework (a) Integra-
tion effect of the CDFA module. (b) Supplementary effect of the
IIFR module. (c¢) Addition effect of the DCA module. (d) Inte-

gration effect of the MCFE module. (e) Supplementary effect of
the CFE module.
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Fig. 6 Visualization of the results with and without IIFA that
includes CDFA, IIFR and DCA (a) Input image (b) Without
ITIFA module (¢) With IIFA module (d) Ground truth
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Fig. 7 Visualization results of features before and after adding
MCFE (a) Input image (b) Without MCFE module (¢) With
MCFE module
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Table 7 Detection of AP Effects by MCFE and CFE for
Small, Medium, and Large Objects

Network Structure Object Size
MCFE CFE Small Medium Large
v 1.85 15.36 41.36
v 1.77 15.56 41.78
v v 248 16.44 41.97
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Fig. 8 Visualization of the results with and without TSFE that
includes MCFE and CFE (a) Input image (b) Without TSFE
module (¢) With TSFE module (d) Ground truth
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