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Abstract

In order to enhance the robustness of visual tasks in complex low-light environments and enable to
enhance the robustness of visual tasks in complex low-light environments and meet the real-time
object detection requirements of edge computing platforms, this paper proposes an improved light-
weight low-light image processing network (RPC-YOLO). The front end of the network uses the Ret-
inexIGTNet, which is based on improvements to the Retinexformer, to quickly process low-light im-
ages and combines with YOLOv5n to achieve efficient end-to-end object detection. In addition, the
model introduces partial convolution (C3-fasterblock) to reduce computational redundancy by skip-
ping irrelevant regions, significantly reducing the number of parameters and improving inference
speed. Meanwhile, a cascaded group attention mechanism (CGA) is designed to enhance the preci-
sion and computational efficiency of feature extraction. Experiments show that the improved model
has increased the mAP value on public datasets by 23% compared with the original YOLOv5n, re-
duced the number of parameters by 120,000, and achieved a detection speed (FPS) of 44.65 in real
scenes, meeting the real-time requirements of edge computing platforms. This model provides a
more efficient solution for edge computing tasks in low-light environments (such as visually guided
robotic arm grasping).
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OB 5RAT 55 Th R 2Ll . Feng 28 AN [2]142 i ) MVP-Net T RAW 20d5 508l 1 A s s R B E,
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Hry TR B B 2%, BEOR BRI G o 1, SRR T 2 B B A B ) v v SR B T 8] AR e
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Figure 1. The network architecture of RPC-YOLO
B 1. RPC-YOLO MI4& &5

3.2. BESeichiEIR RetinexIGTNet
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Figure 2. Network architecture of RetinexIGTNet
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BOR A3 S AT VPG, BrA R B Y AT A I ke 36— 50 r N Zs, AR BIZGARE: B
BRI, T H R R AR EE— Sk . RPC-YOLO Il %5 B B BT A0 5 AL s 25 i 4 134
SRS, F NIRRT A 640 x 640, batch size N 5, WA SIF N 0.01, 1%k 300 4 epochs.

4.2. SEHHEESR

SIRAE T A B 5 R S5 BRI E 4. A TFI ExDark [ 16150055 FFAH (1 “Af” £l
££. ExDark B.% 7363 SKAKJEHEEUE, a6 MRS R IE 5581 10 OB &M, M RafEEN.
FAh NG EFYAERE . LI, ExDark HHEEN 80%H T4, 20%H Tllik. A “M” %
P 1000 5kEG, o 20%NIEFEEIR, 30%MEE, 50%NEEE, [FIFEREIR 8:2 [t kil oIl 45
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4.3. ¥fELEEIE
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KinD. SCINet. SNR-Net. RetinexNet % F- i HELLHEAT LA o T S HE B35 5% FH Sl 184 6 A 00 £ 5 =X 4ck R I
e . S2BSE BN 1 iR, RPC-YOLO 7E ExDark BUREE1 12 N2E5IH, 4 6 N2 5 Ak i 5 4%
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Table 1. Performance of different network models on the ExDark dataset

# 1. FTREIMEIERIE ExDark HIEE L& LMMEERI

Methods Bicycle Boat Bottle Bus Car Cat Chair Cup Dog Motor People Table Mean
KinD [5] 722 665 589 837 745 554 617 613 638 63.0 70.5 478 65.0
SCINet [8] 746 653 658 854 763 594 57.1 605 656 639 69.1 459 65.6
SNR-Net [17] 753 644 636 853 775 591 541 596 663 652 69.1 446 653
RetinexNet [18] 73.8 628 648 849 808 534 572 683 615 513 659 431 64.0
Retinexformer 67.0 66.7 708 847 77.6 612 535 607 675 634 69.5 46.0 675
RPC-YOLO 790 665 738 850 812 605 61.1 685 674 66.0 709 449 68.7

Table 2. Comparison of different models in params, flops, and average mAP
F2 TEEEESHE, FREHEE, T mAP HIXTEE

mAP@0.5 (%)

Model Params (M) FLOPs (G)
A B
IAT + YOLOV3 [15] 3.03 22.6 0.672 0.969
SCINet + YOLOVS [8] 4.76 53 0.65 0.971
Retinexformer + YOLOVS 4.82 28.4 0.68 0.972
RPC-YOLO (ours) 2.64 23 0.69 0.988

BEXT TG CHEE T HISE HARRIATE %, 62 SEH PR A B, S i) FPS RS AL e B HR ARG
MFRRAE B AR, ASCHRH IO FPS 1A% 35.79, SE4H AL L AT 5% .
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Figure S. Comparison of FPS values for different models
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Figure 6. Demonstration of model performance on public datasets
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