E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

FEGES S TP391.4  XEFRIAEE: A XEHS: 1006-8961(2025)10-3319-16

B35 A& :Shen Y X, Guo X, Wang H, Hu K Y and Tao C. 2025. Integrated generation-detection approach for pedestrian recognition in dark-
light conditions. Journal of Image and Graphics, 30(10):3319-3334 (PR MM, 3825, T2, WIRTE, Bk . 2025, 110 G &L AT ARSI A&
B I — AR AL 753 . A E R L EIE AR, 30(10):3319-3334)[DOI: 10. 11834/jig. 240649 ]

T[] B S &% M4 TS 17 AR A B &£ sode il — 4 4L 77 7%

ﬂﬂ%#&%?ﬁ%,i%jﬂﬁg’@ﬁx

TR A R B S B A, KV 410083

O OE. BE WOUIED T AT AR L AT 1) — 3 E R Pk A, o A TR IR 7840 & S 80T A4
TEASRI AN TR . A5 50y i — i 3k G 5t ol A 2T MR SR AR T2 45 B AR P — (a8, (H el st f S
TR AT 5 A AE S B, BRI N FPERE o X3 — AL, 5 b — i o) 506 2 A0 AT RO A= s il — Ak 7
2%, B TR O AL 5030 3 b 8 R MR B B SR AN T WA AT 55 R A B2 I B, sk 4 R — oty 381 ity A G o] — 1
ARBH , F AR B D5 O L5 A ey B 20 AMBEES UG, D i 2R i 2 ROBE AR SR T B ARl M R ot
G, T SR BE JCTA 2855 VAE (variational autoencoder) fif Rt 2 12 i3 1) 5] S50, 32— 25 &t A= Juher ) i 1) i 66 45 A4k
KMg. ZER  FE LLVIP(low-light visible-infrared paired dataset) fl VTMOT (visible-thermal multiple object tracking data-
set) BHR A b1 S 0G 45 R I, AR SO TR AE BAORE BE R AR b 3 0 A% G0 vk AL A e E ) vk o 7E LLVIP $dii 4
T ARSC B FLAE 85, 75%, T 0K BE A (mAP) 2y 75. 35%, M6 T-1% 48 07 1 h 25 R 5 A 1) SCI (self-calibrated
illumination) /7% (F1 {H 82. 05%, mAP{H 72. 30% ) FHAth 5 1 Jy i o 25 R 5 A 119 Faster_ RCNN_hrnet (F1 {8 82. 91%,
mAP{E 70. 02%) . 7E VIMOT ##i 4 b, ARSI ik MR I 5, F1{E 4 90. 01%, mAP 3 73. 44%, AT SCI J5 i (F1
{8 85. 91% , mAP {# 72. 19%) Fl Faster_RCNN_hrnet (F1 {# 84. 48% ,mAP{H 71. 16%) . 40, IHALSZ I BIE 1 A= A
BB & AL R mE AE S ORHER P AT 8t . 8518 AR SCUERA 128 UK — A PR AE 2R 7E 5 24 IO IR B T i ple et
ARURR T A S R SR 55 B R 108, AR T B — 2D DA A USRI T i BT 2 2R
AR

SCBIA : WEOCAT NN s A U — Ak s SR HIORERY 5 HARASIN 5 ZL AR MR AR B ; 3 3 i B0 5 DA s RS Bl

Integrated generation-detection approach for pedestrian recognition

in dark-light conditions

Shen Yuxiang, Guo Xin, Wang Hao, Hu Keyan, Tao Chao’
School of Geosciences and Info-physics, Central South University , Changsha 410083, China

Abstract: Objective Pedestrian detection in dark-light environments is a key challenge in the field of computer vision due
to the lack of sufficient lighting, which results in blurry and low-contrast features of pedestrians. Traditional approaches to

address this issue often focus on enhancing image quality through domain-specific visible light enhancement or generating
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infrared images to provide complementary information. However, these approaches are typically limited by the separation
between the data enhancement process and the downstream detection tasks, which results in suboptimal performance. To
overcome these limitations, this study proposes an integrated generation and detection framework tailored for pedestrian
detection in dark-light conditions. The primary goal of the proposed framework is to bridge the gap between data enhance-
ment and pedestrian detection by generating high-quality infrared images from dark-light images and jointly optimizing the
generation and detection tasks in a unified architecture. Method The proposed framework is built upon a conditional diffu-
sion model, which is used to generate auxiliary infrared modality images from dark-light RGB images. Unlike traditional
approaches that first enhance or generate images and then input them into a detection network separately, this framework
integrates the image generation and pedestrian detection tasks into a single end-to-end architecture. Inspired by Control-
Net, the model leverages a conditional diffusion process to produce infrared images that provide enhanced pedestrian fea-
tures. These infrared images are then used in conjunction with the original dark-light images to improve the detection per-
formance. In addition, the framework extracts multi-scale features from the generated images through a UNet architecture,,
which replaces the traditional backbone network of the detection model. These multi-scale features are directly fed into the
detection head, which allows the detection task to be optimized simultaneously with the image generation process. To
ensure effective joint optimization, the framework incorporates a novel strategy to bypass the typical gradient flow limita-
tions encountered when using variational autoencoders (VAEs). In standard designs, the VAE decoder is often a fixed
module that prevents gradients from being propagated back during the training of the detection task. To address this limita-
tion, the proposed framework allows the gradient to flow through the multi-scale feature maps generated by the UNet, which
ensures that the generation and detection tasks benefit from the same optimization process. The detection task is supervised
by a loss function that combines boundary box regression, classification, and confidence losses. This integration enables
the model to learn object localization and classification. Result Extensive experiments were conducted on the LLVIP and
VTMOT datasets, which together contain 26 193 paired visible-light and infrared images (a total 52 386 images) , all anno-
tated with pedestrian detection labels. These datasets present significant challenges, particularly due to images captured
under extreme low-light conditions. The proposed method was evaluated against several state-of-the-art techniques, includ-
ing single-domain visible light enhancement methods and cross-domain infrared image generation approaches. Experimen-
tal results on the LLVIP and VTMOT datasets show that the method proposed in this study significantly outperforms tradi-
tional and state-of-the-art methods in terms of overall accuracy metrics. For example, on the LLVIP dataset, the F1 value
of the proposed method is 85. 75%, and the mAP is 75. 35%. It outperforms the SCI method, which is the best of the tradi-
tional methods (an F1 value of 82. 05% and a mean average precision(mAP) value of 72. 30%) , and Faster_RCNN_hrnet,
which is the best of the state-of-the-art methods (an F1 value of 82. 91% and a mAP value of 70. 02%). On the VTMOT
dataset, the proposed method also performs effectively with an F1 value of 90. 01% and a mAP of 73. 44%. It is superior to
the best SCI method among the traditional methods (an F1 value of 85.91% and a mAP value of 72. 19%) and the best
Faster_RCNN_hrnet among the advanced methods (an F1 value of 84. 48% and a mAP value of 71. 16%). Moreover, the
proposed method outperforms other methods overall in terms of precision, recall, and F1 score, which highlights its robust-
ness and reliability in detecting pedestrians in dark-light conditions. In addition to the quantitative improvements, qualita-
tive analysis reveals that the generated infrared images, when fused with the original dark-light images, provide clearer and
more distinguishable pedestrian features. This fusion process helps reduce false positives and enhances the accuracy of
pedestrian detection. The proposed framework could successfully detect pedestrians that were missed by other methods,
especially in challenging scenes with low contrast between the pedestrians and their backgrounds. These results demon-
strate the advantages of the joint infrared generation and pedestrian detection approach in overcoming the limitations of tra-
ditional methods, particularly in extreme lighting conditions. Ablation studies were conducted to evaluate the contribution
of different components within the proposed framework. The results showed that the infrared image generation module and
the joint optimization strategy are crucial for improving detection performance. Removing the infrared generation module
led to a notable performance drop, as the model struggled to detect pedestrians in low-light conditions using only visible-
light images. Similarly, excluding the joint optimization strategy caused a decrease in accuracy due to the lack of gradient

propagation between the image generation and detection tasks. Conclusion This study presents a novel integrated frame-
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work for pedestrian detection in dark-light environments, which combines the generation of infrared modality images with
the detection task in a unified architecture. By leveraging a conditional diffusion model to generate auxiliary infrared
images and extracting multi-scale features to assist pedestrian detection, the framework successfully addresses the limita-
tions of traditional methods that separate the data enhancement and detection tasks. The proposed end-to-end architecture
not only simplifies the detection pipeline but also ensures optimization of the generated images to improve detection accu-
racy. The experimental results confirm that the proposed framework significantly improves pedestrian detection perfor-
mance under dark-light conditions compared with single-domain visible light enhancement methods, cross-domain infrared
generation methods, and current generalized pedestrian detection methods. The framework achieves higher precision,
recall, F1 scores, and mAP while reducing the number of false detections and missed pedestrians. Furthermore, the abla-
tion studies validate the importance of the infrared generation module and the joint optimization strategy in achieving supe-
rior detection performance. In summary, the integrated generation and detection framework proposed in this study offers a
powerful solution for pedestrian detection in dark-light conditions, which provides qualitative and quantitative improve-
ments. Future research may focus on addressing the computational complexity and inference time associated with diffusion
models by exploring accelerated sampling techniques and lightweight architectures to enhance the real-time capabilities of
the framework. The flexibility of the proposed architecture allows for easy adaptation to various detection models, which
makes it a versatile tool for future developments in multimodal pedestrian detection.

Key words: dark light pedestrian detection; integrated generation and detection; conditional diffusion model; object

detection ; infrared image generation; end-to-end joint optimization ; multimodal fusion
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Fig. 1 The integration of generation and detection framework proposed in this paper
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Fig. 2 Comparison of luminance metrics between test samples and training samples with test datasets sample demonstration

((a) luminance metrics of LLVIP test samples vs. training samples; (b) samples of LLVIP test dataset ;

(¢) luminance metrics of VTMOT test samples vs. training samples; (d) samples of VTMOT test dataset)
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Table 1 Comparison of two traditional paradigms with the method of this paper on commonly used detection metrics

/%

LLVIP 4l 4E VTMOT %4 4
i FiEE=

WERR HEE Flscore mAP  JEFfFE  FHEIER  Flscore  mAP
YOLOv3 ] DGR 85.67  62.34 7217 6334 90.05  73.04 80.66 68.21
Hr Bk [F] B i 90.26  74.89 81.86  71.99 9443  71.97 81.69  67.06
SCI [i7) e i 86.18  78.30 82.05 7230  95.10  78.34 85.91 72.19
pix2pix 15 R 88.79  65.74 75.55 68.60  81.64  69.85 75.29 60.89
diffusion s R 89.67  70.21 78.76 70.21 92.54  71.13 80.43 67.03
AL — {1k 94.15  78.72 85.75 7535  93.18  87.05 90.01 73.44

TE R AR R S e LA R

®2 WMHEFEEXSAXFTEEFETEER LHLLER

Table 2 Comparison of the two traditional paradigms with the method of this paper on specific assessment systems
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i WL B G e T o ine  sRECLIYG)
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Fig. 3 Comparison of visualization results on LLVIP dataset between two traditional paradigms and our method ((a) visible single
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mode; (b) SCI homology domain enhancement; (c) diffusion cross domain enhancement; (d) ours; (e) ground truth)
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Fig. 4 Comparison of cross-modal enhancement with our method for generating infrared auxiliary data for visualization results at

LLVIP dataset((a) visible images; (b) infrared images generated by pix2pix; (¢) infrared images generated by diffusion

(d) infrared images generated by ours; (e) realistic infrared images )
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Table 3 Comparison of advanced methods for pedestrian detection with our method

on commonly used detection metrics

1%

- LLVIP %itHi 4 VTMOT ¥4 4
o MR HEIER Flscore mAP HEFAR HEIE Flscore mAP
retinanet_ResNeXt101 93.41 69.36 79.61 63.38 58.30 84.29 68.92 54.20
esp_r50 78.21 68.72 73.16 55.82 86.40 49.89 63.26 50.91
Faster_RCNN_hrnet 77.01 89.79 82.91 70.02 79.92 89.60 84.48 71.16
A3L 94.15 78.72 85.75 75.35 93.18 87.05 90.01 73.44
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Table 4 Comparison of the effects of introducing different modules
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