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Abstract: A low-light target detection method was proposed to overcome the problem of low overall
brightness, contrast and limited edge features in low-light images, which lead to poor recognition and local~
ization of target detection algorithms. Firstly, a low-light enhancement network was designed to utilize the
advantages of image Gaussian pyramid, Retinex and dark-channel defogging in low-light image enhance-
ment, and edge contour features were added to the dark-channel defogging algorithm to enhance the over-
all luminance contrast while highlighting the edge features of the target. Secondly, to improve the accura-
cy of feature extraction in the feature extraction section of RTDETR, a lightweight self correcting feature
extraction network was designed to generate and correct the feature maps generated by the backbone fea-
ture extraction network with smaller computational complexity, thereby improving the accuracy of object
detection. The experimental results on the ExDark dataset shows that compared with the benchmark RT -
DETR, the mAP improves by 2. 34%, the recall improves by 2.09% , the parameter amount reduces by
4.95 M, the model size reduces by 13. 31 MB, and the proposed method is able to effectively improve the
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performance of the target detection in the low-light scene.

Key words: object detection; dark targets; low-light intensity enhancement; gaussian pyramid; self cor-

recting network
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Fig.6 Result graph of GENet's enhancement of low-light data
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S HE e, A GENet 7 592 o M1, fif i LSC-
RTDETR J k48 M2, & 21 71 il 55 56 7 [7] — A4~
S PRBE RN LR SO HEAT .

M 1A, 5 B #E RTDETR X E , GL-
RTDETR B mAP #7172, 49% ,%F 12425
o KGR A AT — 8 M X Bicycle, Boat,
Bus, Car, Cat, Motorbike £ Table7 2% H #x %) 46 1
K5 B AP B, WA 325 B8 GENet fLEE 2 46 5 1F
LSC-RTDETR J5 i X6 A AT 55, YA
% 1 $2 7+ 45 F , 7€ Bottle, Chair, Cup, Dog il Peo-
ple5 28 B ARG BN J2 e i 9 (B — € 1Y 7T LY
PE X T SR O A s A AR, A T 2
HE SR W 4 A BLAE R AT AT R & E 1) 50 £ e 1, S
O ARG AN R e . BeAh AR ST SCC-
ResNet50 3 1 & B2 50, 5 805 40/ B bR 7E
LR R, BT AR i ORE BE O AR
Mo AR EAAR b A ST 8 T 9 AE LA 2 H BR A
W, B — @ Ll PE . 8 T RTDETR, fiff
i GENet B mAP #2755 1 2. 14 %, 26 W 38 3 XF i
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Tab.1 Comparison of ablation experiments for different

categories of AP indicators

AP/ %

RTDE- RTDE- GL—RT-
RTDETR
TR+M1 TR+M2 DETR

Category

Bicycle 85.01 82.30 80. 34 86.12
Boat 61.40 75.42 67.43 75. 66
Bottle 59.62 60. 37 61.14 59.79

Bus 77.48 79.98 78.48 80. 05
Car 73.81 74.47 73.54 74.71
Cat 69. 10 67.32 66. 21 70.13

Chair 45.51 48.51 47.24 46. 34
Cup 74.07 70.43 71.16 73.16
Dog 56.13 61.26 59.06 59.02
Motorbike  66.01 69.63 67.53 70. 34
People 76.00 79.57 79.32 77.81
Table 46.52 47.09 46.95 47.42
mAP 65. 89 68. 03 66.53 68.38

5, 58 T E AR B S AR E R i ARG T ) 4% 4
HUCETE Z2 R AE 48 5 1 AR AR B Ay o o L E
PRI T MK B . LSC-RTDETR i mAP 42 7
T 0.64% , RWIB T 52 5 AT TF RRAE £ B 4%
SCC-ResNet50 AL A T 2 4, i HLii 1 57 1
W 2% 57 1E. T 21 Backbone % HFRAE 1 A 56 1
I N7 T TR A R LA B AR B AR TR R
BE B TR AR

AR O BE B8 8 ) 2% GENet il 2 i 4L 5 1E
LSC-RTDETR J5 ¥ 75 FLAWEA 48 b5 J7 18 A 3 il
SRR 2 R .

20T Rl SE g BT RO IR B 5R ) 2%
GENet 1 LSC-RTDETR i 4> 1 4k gk ik 5 m& %if
ARV 48 bR A A B B HE L AR SCGL-
RTDETR J7 #1E mAP,mmAP, R, Para 1l MS $&
P, BT AR IEM ST HHEZE, B8H
UECHE N, T BOK: U 5K FPS RIS, (E475 58 15 12
SRS I A9 SR (FPS™>30) . 141, %6 B & 1%
Bi5R GENet 2 % B4 45 1 T 40 38, X6 4G 0 530 95 1
Z R h Para B8 K /N MS FG I 33 BE FPS %A
AL

Sk LW 2 7R 45 AN O Ak it vk R R H
B i) G VE B, R G L an 81 7 s o B 7(b) Fi
7(c) X} L, R B IE3E 58 N 26 GENet 15 bR T
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Tab.2 Comparison of ablation experiments with different improvement strategies
RTDETR M1 M2 mAP/ % mmAP/ % R/ % Para/M  MS/MB FPS
N 65. 89 39.63 56.91 42.80 86.10 86. 96
N N, 68.03 41.51 58. 64 42.80 86.10 86.96
N, N, 66.53 40. 16 57.15 37.85 72.79 72.23
NG N, N, 68. 38 41.97 59. 00 37.85 72.79 72.23

Bicycle 0.92

(a) R (b) RTDETR (¢) RTDETR+M1 (d) RTDETR+M2 (e) GL-RTDETR
(a) Original image
17 8l S g 1 R TT TEX TE

Fig.7 Comparison of thermal maps in ablation experiments

db EL

SrE ST LR T AR ST S
7(b) \7(d)F17Ce) X b, 2 B 5 A Ab 0 1F A5 L A
TR WERA B RRAE B BR T TR RLXT H AR A O
TR 45 58 vk 6 B B bR B E 7 HE B
HEf
3.5 ZEExDark#HEE EATLE LI

N T HAE GL-RTDETR J5 & 0 47 5tk 1

[f] — AN SEE PR BT, 5 LR 3 3 A9 38 T H A s D
772 (YOLOVSI™, YOLOv7x™ , YOLOVSI" Fl
RTDETR™) LA J 2 i ) Ik ' B8 H b A I O 1%
ZERO-DCE"™ (ZERO-DCE+YOLOv3) , IA-
YOLO™ FiI TIAT (Illumination-Adaptive-Trans-
former) ™ $E4T % W F M LA B2 o] A0 25 5% L 43
Br, a3k 3FNE 8 B .

R3 FAAFAEHREXLER

Tab.3 Experimental comparison results of different methods

GENet Methods mAP/% mmAP/ % R/ % Para/M MS/MB  FPS frame/s

YOLOv5I 64.22 44. 14 57.96 46. 20 89. 21 76. 21

YOLOv7x 66.51 43.37 58.16 70. 89 136. 47 65.79

. YOLOvSI 67.61 42.52 58. 39 43. 64 83.70 78.76
RTDETR 65. 89 39. 63 56. 91 42. 80 86. 10 86.96

YOLOV5I 65.49 44. 68 58.73 46. 20 89. 21 76.21

YOLOv7x 67.43 43.91 58. 94 70. 89 136. 47 65.79

N YOLOWVSI 68.07 43.65 58.97 43. 64 83.70 78.76
GL-RTDETR 68.38 41.97 59. 00 37.85 72.79 72.23

/ ZERO-DCE 68. 04 43.84 58. 74 44. 50 147. 36 66.29
/ IA-YOLO 67.89 43.49 58.45 62.31 156. 18 49. 46
/ IAT 66. 54 42.17 58.41 57.49 173.71 42.49
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Fig. 8 Comparison of visualization results of different algorithms
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