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Foreground Harmonization and Shadow Generation for
Composite Image

Anonymous Author(s)

(a) Composite image (b) DIH-GAN (c) SGDiffusion (d) Ours (e) Ground Truth

Figure 1: Illumination editing effects. A composite image as input, it is possible to generate a harmonious foreground image
as well as realistic cast shadows. From left to right are composite image, results of DIH-GAN, SGDiffusion and our method,
Ground Truth, respectively.

ABSTRACT
Wepropose amethod for light and shadow editing of outdoor dishar-
monious composite images, including foreground harmonization
and cast shadow generation. Most existing work can only perform
foreground appearance editing tasks or only focus on shadow gen-
eration. In fact, lighting not only affects the brightness and color of
objects, but also produces corresponding cast shadows. In recent
years, diffusion models have demonstrated their strong generative
capabilities, and due to their iterative denoising properties, they
have a significant advantage in image restoration tasks. But it fails
to preserve content structure of image. In this purpose, we propose
an effective model to tackle the problem of foreground light-shadow
editing. Specifically, we use a coarse shadow prediction module (SP)
to generate coarse shadows for foreground objects. Then, we use
the predicted results as prior knowledge to guide the generation
of harmony diffusion model. In this process, the primary task is
to learn lighting variation to harmonize foreground regions. The
secondary task is to generate high-quality cast shadow containing
more details. Considering that existing datasets do not support
the dual tasks of image harmonization and shadow generation, we
construct a real outdoor dataset, IH-SG, covering various lighting
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conditions. Extensive experiments conducted on existing bench-
mark datasets and the IH-SG dataset demonstrate the superiority
of our method.

KEYWORDS
Image harmonization, shadow generation, diffusion model

1 INTRODUCTION
Image coposite refers to the process of combining images from
different sources to create new images, which has a variety of appli-
cations like advertisement propaganda and digital entertainment.
However, due to variations in lighting conditions, camera parame-
ters, and other factors, composite images often have inconsistent
lighting statistics compared to real images. This necessitates im-
age harmonization to adjust the appearance of the foreground for
visual consistency. Additionally, most existing image harmoniza-
tion methods focus solely on the lighting effects of foreground
regions. However, lighting also produces corresponding shadow
effects. These shadows provide important clues about object shape,
position, and relative depth, conveying information about volume
and depth to observers. Therefore, shadow generation is equally
essential for achieving lighting-shadow consistency.

For image harmonization, most traditional methods focus on
better matching low-level appearance statistics. They mainly focus
on color correction and lighting compensation [3, 31, 33, 49] for
the foreground area, or adjustments based on gradient information
[18, 30, 45] and multiscale statistics [43] of foreground and back-
ground regions. They fail to solve the significant appearance differ-
ences between foreground and background images. Deep learning
based methods provide powerful capabilities for modeling regional
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appearances to facilitate harmonization. Some methods [7, 47] ex-
plore the semantic information of synthesized images to reconstruct
coordinated images. Several methods [4, 6, 14, 23] have been pro-
posed to explore domain adaptation, aiming to bring the predicted
foreground closer to the original background domain. Guo et al.
[13] introduced the Retinex theory into the image harmonization
task. These methods [11, 12] explored Transformer-based image
harmonization. Considering the limitations of existing datasets, self-
supervised or semi-supervised methods proposed [19, 27, 29, 48].
CDTNet [5] and PCT-Net [9] adjust the image through color trans-
formation, but ignore lighting e�ects. Tan et al. [44] used unrelated
L, a, b features to guide image reconstruction.

For shadow generation, render-based methods [39� 41] require
explicit knowledge of lighting, re�ectance, material properties, and
scene geometry to generate shadows for inserted virtual objects
using rendering techniques. However, obtaining such knowledge is
often impractical in real-world scenarios. The estimated results are
in�uenced by the accuracy of the input information [8, 17]. Deep
learing-based methods [16, 25], on the other hand, directly learn the
mapping from input images without foreground shadows to output
images with foreground shadows, without the need for explicit
knowledge of lighting, re�ectance, etc. Bao et al. [1] consider the
harmonized appearance and illumination of the foreground objects
while generating reasonable shadows for the foreground objects.
But this method only studied indoor images.

To address these issues, we propose a novel method for both
image harmonization and shadow generation in this paper. Con-
sidering the powerful generation capability of di�usion models,
inspired by [10], we use a condition di�usion model as the back-
bone network. Recognizing that images provide rich structural and
semantic features to assist image reconstruction compared to tex-
tual information. We use composite image with coarse shadows
as condition to guide the di�usion model. Since our task also re-
quires generating plausible cast shadows for the foreground objects,
we introduce a feature extraction module, a channel-spatial cross
attention and a shadow generation model to generate coarse shad-
ows. The main task of the harmony di�usion model is to learn the
lighting changes in the background to handle the foreground area
harmoniously, and re�ne the shadow area to generate high-quality
shadows.

The existing dataset are not well-suited for our task. IHarmony4
[6] provides di�erent color conversions but lacks attention to light-
ing. RealHM [19] and RdHarmony [2] require a signi�cant amount
of manpower and technical resources. CcHarmony [29] focuses
on realistic lighting changes, but it requires high requirements for
the shooting process. ShadowAR [25] dataset is collected through
rendering models. However, the attributes of shadows may also
not match those of real images. DESOBA and DESOBAv2 [16, 26]
use real images as target images to remove shadows from the fore-
ground to generate composite images. Bao et al. [1] proposed an
indoor dataset for foreground harmonization and shadow gener-
ation, but only focusing on indoor scenes. So we construct a new
outdoor real-world dataset (IH-SG) for image harmonization and
shadow generation task. We obtain composite images through re-
lighting foreground objects.

Our contributions can be summarized as follows:

� We constructe a new outdoor real-world dataset (IH-SG)
for image harmonization and shadow generation task.

� We propose a new image light-shadow editing method
based on condition di�usion model, which can achieve
controllable harmonization of foreground regions and rea-
sonable generation of cast shadows.

Extensive experiments conducted on both public datasets and
our IH-SG dataset demonstrate the e�ectiveness of our method.

2 RELATED WORK
Our task aims to handle the illumination of the foreground regions
and generate reasonable cast shadows for foreground objects, while
image harmonization or shadow generation tasks can only solve
one of them.

2.1 Image Harmonization
Traditional image harmonization methods primarily focus on ad-
justing the low-level appearance statistics between foreground ob-
jects and the background, such as color statistics [3, 31, 33, 49], and
gradient information [18, 30, 45]. The limited representation capa-
bility of low-level features can negatively impact their performance.
Especially when there are signi�cant di�erences between the fore-
ground and background regions, these methods often struggle to
produce satisfactory results.

Recent research has built reasonably sized datasets [6, 19, 29], to
advance learning-based approaches. CNN-based methods analyze
semantic information [7, 47]. Since image harmonization adjusts
the foreground lighting or style to match the background, domain
adaptation methods [4, 6, 23] have also been proposed to explore
the idea of domain harmonization. Guo et al. [13] introduced the
Retinex theory into the image harmonization task and proposed
decomposing the synthetic image into re�ectance and illumina-
tion. With the rise of Transformers, Guo et al. [11, 12] applied the
Transformer framework to image harmonization tasks. But intrinsic
decomposition is a di�cult problem. Some methods treat image
harmonization as a style transfer problem. These methods have
achieved advanced research results through contrastive learning
[14], high resolution [20] or color space adjustment [5, 9, 44]. Shen
et al. [38] trained Global Perception Adaptive Coordination Kernel.
Bao et al. [1] utilized a multi-scale attention mechanism and illumi-
nation exchange strategy to harmonize objects and generate cast
shadow. However, these methods for indoor scenes are di�cult to
generalize to outdoor scenes. Unlike existing methods, we learn
the illumination of images through di�usion model to generate
the consistent illumination of the foreground object itself with the
background, as well as corresponding cast shadow.

2.2 Shadow Generation
The existing work on shadow generation can be divided into two
categories: rendering-based methods and image-to-image transla-
tion methods. Rendering-based methods require explicit knowledge
of lighting, re�ectance, and scene geometry to generate shadows
for inserted virtual objects using rendering techniques. However,
such detailed knowledge relies on user input [21, 24] or model
prediction [8, 22]. Sheng et al. [40] explored the generation of con-
trollable soft shadows. And then, they introduced the concept of
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