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Abstract: Objective The photometric consistency between virtual objects and real-world scenes directly impacts user
immersion in applications such as the metaverse and augmented reality. In the film industry and artistic creation, lighting
plays a vital role in expressing visual aesthetics and emotional experiences. However, the arrangement of lighting has
always been a technical and labor-intensive task. Image relighting, which enables the control of lighting in images, can
heavily reduce the workload of professionals in related fields. Existing relighting models based on the Lambertian diffuse
reflection model and depth map path tracing perform image relighting by constructing reflectance field models or leveraging
computer graphics principles, but these approaches are limited by the expressive capacity of the models and the difficulty of
data acquisition. The latest deep learning networks, including convolutional neural networks (CNNs) , generative adver-
sarial networks, and diffusion models, have demonstrated exceptional performance in image generation tasks and have

been introduced to image relighting. Benefiting from the implicit modeling capabilities of neural networks, end-to-end
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learning-based relighting methods achieve remarkable results in handling complex surface reflection phenomena. However,
they perform poorly in addressing cast shadows caused by pixel-to-pixel interactions. The challenges of using deep learning
methods for relighting with cast shadows are due to two primary issues. First, neural networks struggle to model cast shad-
ows without prior knowledge or shadow features matching the target lighting condition. Second, most deep learning methods
rely on convolution operations, which excel at capturing local features and fusing multichannel features but are less effec-
tive at modeling the long-distance dependencies between pixels that are inherent to cast shadows. This study addresses the
lack of expressiveness in modeling cast shadows, the difficulty faced by CNN in handling long-distance dependencies, and
the inability of traditional reflection models to represent the complex surface reflection properties of objects. Inspired by
previous approaches, including those that use computer graphics principles to model relighting, deep learning-based neural
rendering methods, and attention mechanisms from natural language processing for capturing long-distance dependencies,
this study analyzes past methods and resolves the issue of cast shadow generation in image relighting through a relighting
method via depth-light direction joint modeling. Method The core features of this method are the analysis of the generation
mechanism of cast shadows and the development of an explicit mathematical model, depth-light direction joint modeling
algorithm, for their representation, and the design of an advanced neural renderer based on the characteristics of attention
mechanisms and CNNs. First, the learning-based method is used to estimate the depth of the image, and an explicit model
is constructed using the depth map to predict the feature prior where cast shadows are generated. Given that cast shadows
arise from occlusion, this study designed an algorithm leveraging vector inner products to determine cast shadow regions.
Additionally, considering that the scene geometry estimated by monocular methods is ill-posed, leading to inaccurate cast
shadow predictions, and that explicit models describing surface reflection phenomena are limited in their ability to express
complex surface reflections, the proposed neural renderer employs a two-stage, cascaded U-Net-like architecture for neural
rendering. The design preserves the U-shaped structure of U-Net while incorporating a multihead attention mechanism to
capture long-distance dependencies between pixels, effectively representing cast shadows in conjunction with the depth-
light direction joint modeling algorithm. In the second stage, a traditional convolutional U-Net is employed to merge multi-
channel features such as shadows, textures, brightness, and specular highlights, thereby achieving neural rendering. To
ensure effective supervision of the generated images, this study adopts common relighting loss functions and constructs an
image pyramid to supervise the generated images at multiple scales. A synthetic dataset called the human stage (HS) data-
set was created using the rendering software Blender to evaluate the effectiveness of the proposed method. Unlike previous
datasets that used flat surfaces as shadow receivers, the human stage dataset employs horizontal ground and vertical walls
as shadow receivers, better reflecting the relighting method’ s performance in handling cast shadows. Furthermore, training
and testing were conducted on the real scene relighting (RSR) dataset to validate the generalization of the proposed method
on real-world data. For the real dataset validation, depth and normal were obtained using publicly available pretrained mod-
els. Considering the method’ s applicability across different scenarios, a subset of the RSR dataset was used, excluding
objects with colored lighting or metallic materials. Result This paper conducts comparative experiments on the real-world
dataset and the synthetic dataset against four representative relighting methods, evaluating qualitatively and quantitatively.
The qualitative evaluation of relighting images focuses on the following aspects: maintaining the texture of the input image
while adjusting brightness according to the target lighting; generating clear cast shadows under the target lighting; and
restoring specular highlights experimental results demonstrate that the proposed method achieves the best peak signal-to-
noise ratio (PSNR) , structure similarity index measure (SSIM), learned perceptual image patch similarity (LPIPS), and
mean perceptual score (MPS) on the RSR dataset, with improvements of 5. 45% and 2. 58% in peak signal-to-noise ratio
and the comprehensive metric MPS, respectively, compared with the second-best model. On the synthetic dataset, the
method achieves the best LPIPS metric and produces subjectively more intuitive results aligned with human perception.
Additionally, ablation studies on the cast shadow algorithm, loss function, and network architecture validate that the pro-
posed algorithm, loss function, and network design effectively enhance the quality of relighting images. Conclusion The
proposed method effectively addresses the cast shadow generation problem in image relighting and has been validated on
synthetic and real-world datasets to produce relighted images with accurate cast shadows. This research introduces a

method for predicting shadows using explicit mathematical modeling and proposes leveraging the strengths of attention
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mechanisms and convolution operations in provides improvement directions for future research. For instance, in scenarios

involving colored lighting and metallic objects, future work should refine the neural renderer architecture and optimize the

predefined surface reflectance model on the basis of the linear nature of lighting and reflection models for metallic objects,

enhancing relighting performance in more complex lighting scenarios and diverse object types.
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Fig. 4  Comparison of photometric consistency among different methods under occlusion-free conditions on the RSR dataset
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Fig. 5 Comparison of photometric consistency among different methods under occlusion on the RSR dataset
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Fig. 6 Performance of different methods on HS dataset

(b)

HNIEIG W E 8RR A el R TransUNet AL A
i AR

Bl 7 TransUNet i AR iyt AR 5 TG B8 RS T

Fig. 7 Input feature , output feature and relighting image comparison of TransUNet
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Table 1 Performance of different methods on RSR dataset

ik PSNR/dB 1 SSIM 1 LPIPS | MPS 1
Isola % A (2017) 21.2535 0.8215 0.107 3 0.857 1
Zhu %5 A (2022) 23.2277 0.891 2 0.074 0 0.908 6
Nathan H1 Kansal (2023) 18.984 7 0.841 1 0.1193 0.860 9
Zhang %5 A (2024) 23.873 3 0.869 7 0.0720 0.898 9
E5'q 25.174 1 0.9129 0.048 7 0.932 0
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Table 2 Performance of different methods on HS dataset

Wik PSNR/dB 1 SSIM 1 LPIPS | MPS 1
Isola 55 A (2017) 23.8309 09121 0.0529. 0.929 6
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Fig. 8 Performance of different configurations on HS dataset
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Table 3 Ablation study on HS dataset

Jrik PSNR/BT  SSIMT  LPIPS | MPS 1
o 1 224445 09178  0.0442 0.936 8
Jic 2 239005 09375  0.0292 0.954 1
fil 5 3 229498 09214  0.0395 0.9409
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