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Abstract ; Object detection technology aims to locate and identify specific category targets in images or
videos. However , in low-illumination scenarios , problems such as low contrast, blurred boundaries , and noise
interference , result in the decline of detection performance. To address this,a Color Channel Transformation
Enhancement-based Object Detection ( C2TEOD ) algorithm is proposed. Firstly, a color channel
transformation module is constructed, and learnable parameters are introduced to transform different color
channels, enhancing the flexibility of the enhancement strategy. Then, an image enhancement module is
employed to preprocess the input images. This module is jointly optimized with the object detection network
using detection loss functions, thereby enabling the enhancement module to learn to generate representations
that explicitly facilitate the subsequent detection task. Additionally, a selective self-supervised regression
loss is proposed that uses both the original low-illumination images and the enhanced images as inputs to
optimize the detection network. According to detection results,the enhancement module is further optimized
through self-supervised regression to improve detection performance. Experimental results show that,
compared with the baseline method ,the mean average precision( mAP ) metrics on the Exdark, M3FD, and
LLVIP datasets are improved by 2.2% ,1. 1% ,and 0. 2% respectively.
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Transform ) 15 2 {08 1E L B . TEN 5 CT 2h[a]4y
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3 AUk A R
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x VvV ox 76.9 61.56 102
YOLOV3 V  x  x 77.4 61.84 79
VoV x 77.9 61.84 78
voVvoV 787 61.84 79
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LG A BRI R B I 5 A U RE 1, 7F Exdark
BPnAE b ST 4 B UE T P A etk O 6 A R
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TR, AR TAERT i — 25 IF 5% 28 10 13 0 24 B9 4 45
ARAG) 1 AR R ) BRI B 28

SE Lk

[ 1] BSOS, RIGELL WRHE NI, 45, T 28 1 i 107 f) 288 0
HEATE B H BRI E T [T ], B —AUE R HR,
2023,6(21) :1-7.

[ 2] SRHRIL, /NG, RIELL, 5. BGH YOLOVT MG 7
ANEL AR E L[], i — A5 B AR, 2023,6
(20) :1-12.

[3] WANG X F, LIU X, YANG H, et al. Degradation
modeling for restoration-enhanced object detection in
adverse weather scenes [ J ]. IEEE Transactions on
Intelligent Vehicles,2025,10(3) :2064-2079.

[4] WK, ZWH, PN, 55 FT VR B S 58
PRAIN AR ZEAR [T ], o E R B 24, 2022, 27
(6) :1697-1722.

[5] LIJL,XURS,MA J,et al. Domain adaptive object
detection for autonomous driving under foggy weather
[C]//2023 IEEE/CVF Winter Conference on Applications
of Computer Vision. Waikoloa:[EEE ,2023.612-622.

[6] TANG W Y, HE F, BASHIR A K, et al. A remote
sensing image rotation object detection approach for real-
time environmental monitoring [ J ]. Sustainable Energy
Technologies and Assessments,2023,57:1-8.

[ 7] LIR H,SHEN Y. YOLOSR-IST:a deep learning method
for small target detection in infrared remote sensing
images based on super-resolution and YOLO[ J]. Signal
Processing,2023,208:1-12.

[ 8] kMRS, WIS, EARM, 55 5 TR Y 1) Hbr
M W 5E 5 R £RIR [ 1], 5L TR 5 R,
2023,59(18) ;1-13.

- 1787 -



www. teleonline. cn

HLIRE AR

2025 4

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Btk B R IR R H AR A LA ],
A ik ,2021,47(8) :1749-1768.
BRAEAE ST FEATTN , 55, LT IRE 2> 1) YOLO H
PREIER IR [J]. BT 515 B 24, 2022, 44 (10)
3697-3708.

RS, B, XUREE, 4. TR B I E
FRAGINEARZRIR[T]. HUIREEAR ,2025,65(3) :484-494.
Jith 7E AL, 25 ML, B i, 2. IEMAyoloViT: % T o it
YOLOv8 /KT BAnA sk [ J]. milE AR, 2025,
65(1) :54-62.

HUANG X C,TENG Q Z,YANG H,et al. CRKD-YOLO .
cross-resolution knowledge distillation for low-resolution
remote sensing image object detection [ J |]. IEEE
Transactions on Instrumentation and Measurement , 2025,
74.1-17.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft
COCO ; common objects in context[ C|//2014 European
Conference on Computer Vision. Cham: Springer, 2014 ;
740-755.

HOIEM D,DIVVALA S K,JAMES H et al. Pascal VOC
2008 challenge [ J ]. World Literature Today, 2009, 24
(1):1-4.

LV F F,LU F,WU J H,et al. MBLLEN: low-light image/
video enhancement using CNNs [ C ]//British Machine
Vision Conference. Newcastle ; ACM ,2018.220-229.
ZHANG Y H, ZHANG J W, GUO X J. Kindling the
darkness :a practical low-light image enhancer[ C]//The
27th  ACM International Conference on Multimedia.
Nice: IEEE,2019:1632-1640.

GUO C L,LI C Y,GUO J C, et al. Zero-reference deep
curve estimation for low-light image enhancement[ C]//
2020 IEEE/CVF Conference on Computer Vision and
Pattern Recognition. Seattle ; IEEE ,2020.1777-1786.
SUN S Q,REN W Q,WANG T,et al. Rethinking image
detection [ C ]//The 36th
International Conference on Neural Information Processing
Systems. New Orleans: IEEE ,2022.4461-4474.

YIN X C,YU Z D,FEI Z T, et al. PE-YOLO ; pyramid

enhancement network for Dark object detection[ C]//

restoration for object

Artificial Neural Networks and Machine Learning. Cham ;
Springer,2023.163-174.

QIN Q P,CHANG K,HUANG M Y et al. DENet :detection-
driven enhancement network for object detection under
adverse weather conditions[ C]//2022 Asian Conference on
Computer Vision. Cham  Springer,2023:491-507.

HASHMI K A, KALLEMPUDI G, STRICKER D, et al.
FeatEnHancer ; enhancing hierarchical features for object
detection and beyond under low-light vision[ C]//2023
IEEE/CVF  International Conference on
Vision. Paris:IEEE, 2024 .6702-6712.
CULZ T,LI K C,GU L, et al. You only need 90K

parameters to adapt light: a light weight transformer for

Computer

image enhancement and exposure correction| EB/OL ].
[2025-05-01]. https : //arxiv. org/abs/2205. 14871.
LIUW Y,REN G F, YU R S, et al. Image-adaptive
YOLO for object detection in adverse weather conditions
[EB/OL]. [2025-05-01]. https://doi. org/10. 1609/
aaai. v36i2. 20072.

KALWAR S, PATEL D, AANEGOLA A, et al. GDIP;
gated differentiable image processing for object detection

. 1788 -

in adverse conditions [ C]//2023 IEEE International
Conference on Robotics and Automation. London ; IEEE,
2023.7083-7089.

OGINO Y, SHOJI Y, TOIZUMI T, et al. ERUP-YOLO.

enhancing object detection robustness for adverse weather

[26]

condition by unified image-adaptive processing[ C ]//2025
IEEE/CVF Winter Conference on Applications of Computer
Vision. Tucson ;: IEEE ,2025 .8597-8605.

CULZ T,QI GJ,GU L, et al. Multitask AET with
orthogonal tangent regularity for dark object detection
[ C]/72021 TEEE/CVF International Conference on
Computer Vision. Montreal ; IEEE ,2022,2533-2542.

DU Z P,SHIT M,DENG ] K. Boosting object detection
with zero-shot day-night domain adaptation [ C ]//2024
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Seattle ; IEEE ,2024 . 12666—-12676.

HONG M B, CHENG S, HUANG H B, et al. You only
look around: learning illumination invariant feature for
low-light object detection [ EB/OL]. [ 2025-05-01].
https : //arxiv. org/abs/2410. 18398.

LOH Y P,CHAN C S. Getting to know low-light images
with the Exclusively Dark dataset[ J]. Computer Vision
and Image Understanding,2019,178:30-42.

LIU J Y,FAN X,HUANG Z B, et al. Target-aware dual

adversarial learning and a multi-scenario multi-modality

[27]

[28]

[29]

[30]

[31]

benchmark to fuse infrared and visible for object
detection [ C ]//2022 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. New Orleans
IEEE, 2022 .5792-5801.

JIAX Y,ZHU C,LI M Z,et al. LLVIP ;a visible-infrared
paired dataset for low-light vision[ C]//2021 IEEE/CVF
International ~ Conference  on  Computer
Workshops. Montreal ; IEEE ;2021 ;3489-3497.
MA L,MA T Y,LIU R S,et al. Toward fast,flexible , and
robust low-light image enhancement [ C]//2022 TEEE/
CVF Conference on Computer Vision and Pattern
Recognition. New Orleans : IEEE,2022 .5627-5636.
DRAELOS R L, CARIN L. Use HiResCAM instead of
Grad-CAM for faithful explanations of convolutional
neural networks| EB/OL]. (2020-11-17) [ 2025-05—
01 ]. https;//arxiv. org/abs/ 2011. 08891.

TEEE Y.

OB £, 1996 AT UG, 2021 AR A A4
A7, Bk TARIW , 55 07 o o0 G AL R TR BE 22

FXH  H,1969 G F R MEEAT, 1990 4F k242
P, BUABFSE B, R 07 10 s i T R4,

KM 24,1990 454 F b7, 2019 4k A2
(Ao =E  TE o  S s p cak SE R N a8
PEaA

KRBE  H,1996 44 F IR 1L, 2024 4Rk A2
A7, BUA TR, 2B 75 7 1) g PG A 8 R i 2 ) R 4%
23],

EWM® 40,1999 FA FREE L, 2024 kA2
A7, U4 BYHE TR, EFEAFFT5 1804 B ARSI R 22

EHERR  J,2000 FFAE TR {E BH, 2025 SEAR A L 4
{7, B -E 05T A, EEM S 7 18 A RS AL EE | AAG I

EHER] B 1991 A FRUNIE I, 2019 AR A2
A7, BN BT 61 A2 00, 32 B0 58 5 1) Sk R A0
A AP

[32]
Vision

[33]

[34]



