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Abstract

Image composition aims to seamlessly integrate a foreground
object into a background, where generating realistic and
geometrically accurate shadows remains a persistent chal-
lenge. While recent diffusion-based methods have outper-
formed GAN-based approaches, existing techniques, such as
the diffusion-based relighting framework IC-Light, still fall
short in producing shadows with both high appearance re-
alism and geometric precision, especially in composite im-
ages. To address these limitations, we propose a novel shadow
generation framework based on a Keypoints Linear Model
(KPLM) and a Shadow Triangle Algorithm (STA). KPLM
models articulated human bodies using nine keypoints and
one bounding block, enabling physically plausible shadow
projection and dynamic shading across joints, thereby en-
hancing visual realism. STA further improves geometric ac-
curacy by computing shadow angles, lengths, and spatial po-
sitions through explicit geometric formulations. Extensive ex-
periments demonstrate that our method achieves state-of-the-
art performance on shadow realism benchmarks, particularly
under complex human poses, and generalizes effectively to
multi-directional relighting scenarios such as those supported
by IC-Light.

Introduction
Image composition (Niu et al. 2021) aims to combine fore-
ground images and background images to generate compos-
ite images and has a wide range of applications. The prob-
lem addressed in this paper has broad practical application
prospects, especially in the generation of composite image
shadows in multiple scenarios and with multiple characters,
such as virtual game scene transformation, obstacle shadow
recognition in autonomous driving of automobiles, and esti-
mation of building height based on shadows in remote sens-
ing and geographic information systems, which are of great
significance (Liasis and Stavrou 2016; Kadhim and Mour-
shed 2017; Song et al. 2023; Liu et al. 2024). Therefore, this
issue not only has academic research value but also has a
promoting effect on practical application.

Diffusion-based methods (Liu et al. 2024; Zhao et al.
2025) can leverage rich prior knowledge from pre-trained

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

�� �� �� OursGT

GT Ours-L Ours-R

GPSDiffusion

IC-Light

Appearance 
realism

Geometric 
accuracy

Appearance 
realism

Geometric 
accuracy

Left Right

Figure 1: Comparison with GPSDiffusion (Zhao et al.
2025) and IC-Light (Zhang, Rao, and Agrawala 2025).
The first row and columns 2 − 4 are the random differ-
ent results of GPSDiffusion, the second row and columns
2 − 3 are the different light results of IC-Light. It can be
seen that each image presents problems of appearance real-
ism (shadow color is slightly darker) and geometric accu-
racy (limb shape is incorrect). However, our method (ours)
has effectively solved these two problems.

foundational models, consequently outperforming GAN ap-
proaches significantly and producing more realistic shadow
effects. Recent studies show that diffusion-based methods
are effective in producing shadows with appearance real-
ism, yet they struggle to capture geometric accuracy. As
shown in Figure 1, the problems of appearance realism and
geometric accuracy are clearly visible. Appearance real-
ism aims to make the generated shadows visually consis-
tent with the physical properties of real shadows (such as
color, transparency, softness and hardness, edge blurriness,
etc.) and conform to the natural performance under light-
ing conditions, and geometric accuracy aims at the shape,
position, and proportion of the shadow generated in three-
dimensional space to be strictly consistent with the geomet-
ric relationships of objects and light sources in the scene.
Imposing Consistent Light (IC-Light) (Zhang, Rao, and
Agrawala 2025) has been established as a rapid diffusion-
based composite image relighting technology. However, due
to generating backgrounds via prompts before compositing

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

12036



with the foreground, IC-Light can preserve scene texture de-
tails after relighting, but still suffers from issues in appear-
ance realism and geometric accuracy of ground shadows.

The task of generating shadows based on composite im-
ages has been a research focus in recent years. Appearance
realism and geometric accuracy have always been the diffi-
culties in the shadow generation task. To improve this prob-
lem, we propose KPLM-STA. The Keypoints Linear Model
(KPLM) module precisely localizes key limb coordinates of
the human body, ensuring the realism of shadow shape gen-
eration. Shadow Triangle Algorithm (STA) then estimates
the corresponding shadow length and proportion for each
limb based on varying viewpoints, light directions, poses,
and ground angles. Through KPLM and STA, shadow an-
gle, shape, length, and scale can be accurately controlled,
resulting in realistic and geometrically consistent shadows.

In summary, our contributions are as follows:
• We propose to equip diffusion-based shadow generation

model with KPLM, which is a key point to enhance the ap-
perance realism.

• We introduce a shadow triangle algorithm to predict the
shadow geometry for the foreground shadow.

• We conducted experiments on the images processed by
DESOBA (Hong, Niu, and Zhang 2022), DESOBAv2 (Liu
et al. 2024), and IC-Light to verify the effectiveness of our
method. Experimental results show that our method achieves
the state-of-the-art on three datasets, and it has a greater
level of authenticity than previous methods.

Related Work
Shadow Generation
Shadow generation methods can be broadly categorized
into GAN-based, geometry-guided, and diffusion-based
paradigms. GAN-based approaches, such as Mask-
ShadowGAN (Hu et al. 2019) and AR-ShadowGAN (Liu
et al. 2020), aim to synthesize visually realistic shadows
via adversarial training. While effective in texture genera-
tion, they often suffer from structural inconsistencies—such
as distorted contours or unnatural deformation under novel
lighting—which limit geometric plausibility.

To address this, geometry-guided methods introduce
structural priors to enforce alignment between objects and
their shadows. DMASNet (Tao et al. 2024) and SGR-
Net (Hong, Niu, and Zhang 2022) leverage bounding-box
regression and physical illumination constraints to improve
fidelity. However, these methods are primarily designed for
rigid or simplified objects, making them unsuitable for artic-
ulated human figures.

Recently, diffusion-based approaches have gained atten-
tion for their flexibility and controllability. SGDiffusion (Liu
et al. 2024) and GPSDiffusion (Zhao et al. 2025) incorpo-
rate sketch priors or geometric embeddings to enhance spa-
tial consistency. Yet, they largely focus on static objects or
primitive shapes, without addressing the complexity of ar-
ticulated human shadows. Moreover, most existing methods
tend to optimize for either appearance realism or geometric
accuracy—rarely both.

Meanwhile, text-conditioned relighting frameworks of-
fer fine-grained lighting control. IC-Light (Zhang, Rao, and
Agrawala 2025) leverages a latent diffusion model to manip-
ulate light direction and tone via prompts, achieving high-
quality relighting with contextual consistency. However, it
lacks explicit modeling of object-ground interaction and
thus cannot generate cast shadows, undermining both pho-
torealism and physical correctness.

To address this gap, we extend IC-Light by explicitly
modeling cast shadows for articulated human figures. Our
method enables end-to-end generation of shadows that are
both light-consistent and structurally grounded, advancing
physically-aware, human-centric shadow synthesis.

Human Model
Human shadow generation requires structured body model-
ing. OpenPose (Cao et al. 2019; Wei et al. 2016; Simon et al.
2017; Cao et al. 2017) and MediaPipe (Google 2020) offer
efficient 2D pose estimation from monocular images, pro-
viding keypoint landmarks that can represent body geome-
try. SMPL (Loper et al. 2023), a parametric 3D mesh model,
offers high-fidelity shape and pose reconstruction, but is of-
ten computationally intensive and unsuitable for lightweight
relighting tasks. In our framework, we adopt a simplified 2D
body abstraction using 9 keypoints and one bounding block,
which captures sufficient spatial structure while enabling ef-
ficient shadow geometry inference.

Method
Our method consists of three stages: geometry-aware pre-
processing, latent diffusion-based (Rombach et al. 2022)
shadow generation, and GAN-based (Goodfellow et al.
2014) post-processing refinement. Given a composite im-
age Ic without foreground shadow, we firstly extract geo-
metric priors using Keypoints Linear Model (KPLM) and
Shadow Triangle Algorithm (STA), which provide key-
point and directional shadow information. These priors
are encoded and injected into a latent diffusion model
(LDM) (Rombach et al. 2022) via ControlNet (Zhang, Rao,
and Agrawala 2023) following SGDiffusion (Liu et al.
2024). Finally, we employ a trainable GAN-based post-
processing network to refine the generated image and alle-
viate color shift and background variation. An overview of
our pipeline is shown in Figure 2.

KPLM-STA
In the first stage, KPLM and STA perform synchronized pre-
processing to ensure geometric accuracy. As shown in Fig-
ure 2, both modules require two sets of computations. Given
the input image Ic, KPLM determines the keypoint data of
the foreground object through individual mapping of 9 key
points and 1 key block, while STA models shadow triangles
to estimate the overall position and length of the shadow,
including missing limb parts. These geometric features are
organized and encoded to control key factors such as shadow
color and shape.

In the second stage, given the ground-truth shadow image
Ig , noise ϵ, and optional text input T0, the latent representa-
tion is obtained via Z0 = Er(Ig), and forward diffusion is
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Figure 2: The framework of our KPLM-STA. In the first stage, we use KPLM to get key point coordinates, use STA to
obtain the shadow angle. In the second stage, we use Control Encoder and Diffusion to generate image. Finally, we use a post-
processing GAN for realistic processing.

computed by Zt = ϵ+Z0. Following SGDiffusion, we apply
ControlNet to inject spatial priors into the denoising U-Net.
Specifically, the processed Ic and Mfo are concatenated and
fed into the control encoder to produce conditional features,
which are combined with Zt during denoising. Addition-
ally, ControlNet uses Mfo to predict the foreground shadow
mask Mfs, which regulates the reverse diffusion process and
guides the generation of intermediate latents Zi. After de-
coding Zi, the predicted shadow image Îg is obtained.

In the third stage, Îg is further refined by a multi-task
GAN-based post-processing network that incorporates the
foreground mask Mfo and composite image Ic to improve
realism and remove color shift or background disparity.

Keypoints Linear Model (KPLM)

Generalized Torso

1 Key-points of Head：Short Hair/ Long 
Hair

2 Key-points of Elbow: Move/ Static

2 Key-points of Wrist: Move/ Static
2 Key-points of Knee: Move/ Static
2 Key-points of Ankle: Move/ Static

Figure 3: KPLM modeling schematic diagram.

For the task of generating human body shadows in two-
dimensional images, there are often problems such as miss-
ing limbs, incorrect positions and postures. Previous work
such as Pose2Light (Liu, Qiu, and Shen 2022) estimated the
lighting direction of human pose in coarse ambient scenes.
We leverage 2D keypoints to model the light direction via
a linear mapping. KPLM regards the trunk as a universal
skeleton frame, which changes with human posture and an-
gle. Unlike pose capture or other human-based tasks, the
human body corresponding to the shadow does not require
more detailed keypoint capture. KPLM can determine the
general posture and position of the people in the picture, and
it can achieve better results at a lower cost.

For human body postures, we adopt 9 key points and 1 key
block for modeling. Moreover, we can abstract the changes
in human shadow postures into the changes of 9 key points
as shown on the right side of Figure 3, that is, the generation
of human shadow is driven by 9 key points. As shown in the
figure, our 9 key points are Head-1, Elbow-2, Wrist-2, Knee-
2, Ankle-2 respectively, and the trunk can be regarded as a
key block, which can be obtained through STA rotation scal-
ing. As shown in Figure 4, our method was compared with
the most universal methods, OpenPose and MediaPipe. The
object mask of KPLM is closer to the real object mask than
OpenPose, and KPLM uses fewer points than MediaPipe.

In addition, the four vertices of the block change as the
human body rotates, which ensures that the universal skele-
ton frame transforms as the human body rotates. The skele-
ton frame and key points of each character can be deter-
mined through KPLM to determine the human body pos-
ture and position. Although in our current implementation
KPLM is treated as a pre-processing step, it can extracts
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Ground-truth OpenPose MediaPipe KPLM (Ours)

Figure 4: KPLM compared with the mask of object in the
most universal method OpenPose, MediaPipe.

structural pose representations from the input image. In this
form, KPLM can be integrated into the full diffusion frame-
work, enabling end-to-end training. We leave this extension
for future work.1

Shadow Triangle Algorithm (STA)
Prior work has explored physically-based shadow rendering
by simulating light projection over estimated height maps,
such as Pixel Height Maps (Sheng et al. 2022), which enable
hard shadow synthesis under geometric constraints. How-
ever, such methods assume the human body stands verti-
cally on a flat ground plane, limiting applicability to up-
right poses and restricting scene diversity. In contrast, STA
supports arbitrary body positions and complex poses by en-
abling triangle-based shadow modeling for each limb indi-
vidually.

Recent state-of-the-art methods like GPSDiffusion (Zhao
et al. 2025) treat the human and its shadow as two separate
bounding boxes, deriving the shadow via rotation and trans-
lation. While effective at a coarse level, this lacks the gran-
ularity needed for fine structural alignment. STA overcomes
this by leveraging keypoints extracted from KPLM to per-
form triangle-based limb-level shadow projection, allowing
precise control over the orientation and length of each limb’s
shadow.

STA models the person and their shadow as geometric

1More details see (Yin et al. 2025).
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Figure 6: Proof of STA in Physical Formulas. K is the pro-
portionality coefficient between body segments and shad-
ows; θ is the angle between the light and the ground.

segments. According to the principle of light projection, the
light source direction is uniquely determined by the align-
ment of the person and the shadow. For points A and D, let
C1 and C2 be the corresponding circles of their heads, with
centers r1 and r2, respectively by Ar1 ⊥ CS, Dr2 ⊥ ES.
The triangle formed by light direction, body, and shadow is
called a shadow triangle. As shown in Figure 5, triangles
△ABC and △DEF correspond to different light angles a◦
and b◦. The limbs and their shadows obey a linear scaling
relationship that

BC = K ·AB, FE = K ·DF. (1)

Since sunlight can be treated as parallel light, the shadow
length of each limb is computed by scaling the limb vector
with a coefficient K. To model this process differentiably,
we formulate STA as an affine geometric projection. For a
limb defined by two keypoints P1, P2 ∈ R2 on the image
plane (e.g., elbow to wrist), we aim to compute its projected
shadow endpoint P3, forming a proportional relationship:

K =
∥P1 − P2∥2
∥P2 − P3∥2

, (2)
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where ∥ · ∥2 denotes Euclidean distance. This coefficient K
encodes the ratio between the limb and its shadow, varying
with light direction, body orientation, and camera viewpoint.
Under orthographic projection and directional lighting, we
approximate K ≈ tan θ, where θ is the angle between the
light and the ground. Given K, we compute the projected
shadow position using:

ShadowPos = P2 +
1

K
· ∥P1 − P2∥2 ·

[
cos(θ)
sin(θ)

]
. (3)

Eq. 3 simulates the projection of a limb along the light
direction. After computing projected shadow endpoints for
all limbs, we construct shadow limbs by connecting each
original limb to its corresponding shadow. These projected
limbs form the basis of the shadow mask used in the reverse
diffusion process.

To validate STA, we examine both image-space consis-
tency and physical correctness. First, we compare the scal-
ing factor K across the full human body, left elbow, and
right knee in 2D image space. Results show all values of K
are approximately equal, with a maximum deviation of 0.05
due to keypoint approximation and sampling noise. Simi-
larly, for another sample, the deviation among K values is
below 0.02.

Second, in the physical world, shadow formation obeys
tan θ = h

L , where h is the object height and L is shadow
length. We empirically verify that K ≈ tan θ by extracting
keypoint coordinates, computing limb and shadow lengths,
and measuring θ. As shown in Figure 6, the real-world angle
θ aligns with that in the image, confirming that STA faith-
fully maps 3D shadow behavior to 2D projection, with a
maximum observed error of 0.09, which is acceptable given
the measurement noise.

Loss Function
Our training objective consists of three main components
that correspond to distinct stages in our generation pipeline:
geometry-guided denoising diffusion, and control mask pre-
diction.

Geometry-guided diffusion loss. Following SGDiffu-
sion (Liu et al. 2024), we supervise the denoising net-
work using a geometry-aware conditional control feature ex-
tracted by KPLM and STA. These modules provide spatial
priors that are injected via ControlNet. The diffusion noise
prediction loss is formulated as:

Lmwsg=Et,ϵ∼N (0,1)

[
∥Wfs ◦ (ϵ− ϵ̂ψ(zt, t, cgeo))∥22

]
, (4)

where cgeo denotes the concatenated geometric condition de-
rived from KPLM and STA, ϵ̂ψ is the noise predicted by
the denoising network at time step t, Wfs is the soft fore-
ground shadow mask, highlighting training focus on shadow
regions.

Foreground shadow mask loss. To ensure that the gener-
ated shadows are correctly located with respect to the fore-
ground object, we supervise the predicted mask M̂fs with
an L1 loss against the ground-truth Mfs:

Lmask =
∥∥∥M̂fs −Mfs

∥∥∥
1
. (5)

Optionally, dice loss or binary cross-entropy can be added
to stabilize training, but we use L1 loss by default. Fi-
nally, we summarize the mask prediction loss in Eq. 4 and
weighted noise loss in Eq. 5 as Lall = Lmswg + λLmask,
where λ is a trade-off parameter.

Experiments
Experimental Setting
For KPLM, we need to obtain the key point coordinates of
each image and store them in json form. Each json includes
information such as image number, pose: front, side, key
point coordinates, etc. For STA, we need Ground Truth as
the guide, and we need to obtain the coordinates of points
A, B, and C for each Ground Truth. Following (Zhao et al.
2025), we divide DESOBAv2 into 21,088 training images
with 27,718 tuples (composite image, foreground object
mask, ground-truth image) and 487 test images with 855 tu-
ples, including both BOS (with background object-shadow
pairs) and BOS-free images in the test set. Our Method is
implemented with PyTorch (Paszke et al. 2019). We use
AdamW optimizer (Loshchilov and Hutter 2017) with a
fixed learning rate of 0.0001. All experiments are conducted
on 4 NVIDIA RTX 4090 GPUs.

Experiments with IC-Light
The goal of this paper is to generate physically accurate
shadows for images relit by IC-Light. We deployed the
open-source IC-Light model on an NVIDIA RTX 4090,
keeping the output resolution consistent with that of the in-
put image. To ensure generalizability, we evaluated the scene
types, seasonal conditions, and lighting directions in var-
ious ways. Although IC-Light excels in the relighting ap-
pearance, it does not produce realistic ground shadows. Our
method, when applied to the relit outputs, can synthesize
plausible and geometry consistent shadows. For quantita-
tive evaluation, we use ground-truth images as reference and
compare PSNR, SSIM, and LPIPS between IC-Light and
our method, as shown in Table 3. IC-Light’s scores on these
metrics are naturally lower due to the lack of shadow data
post-relighting, but this is to be expected and does not re-
flect its original relighting performance. Figure 8 visualizes
the shadows added by our method. Since our pipeline is con-
ditioned on both the relit image and the original structure,
the generated shadows align well with the actual scene se-
mantics. As demonstrated in Figure 9, our KPLM module
remains effective in various lighting directions.

Experiments on DESOBA
The results of the quantitative comparison are summarized
in Table 2. In contrast to DESOBAv2, our comparisons in-
clude Pix2Pix (Isola et al. 2017) and its residual variant,
Pix2Pix-Res. Our method consistently outperforms all base-
line approaches across all metrics. Although the DESOBA
dataset is smaller in scale compared to DESOBAv2, our ap-
proach still achieves state-of-the-art performance. Specifi-
cally, our method yields the lowest GRMSE and LRMSE,
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Image Mask ShadowGAN AR-SG SGRNet DMASNet SGDiffusion GPSDiffusion Ours Ground-truth

Figure 7: Visual comparison with state-of-the-art methods on DESOBAv2 dataset. From left to right, we show composite image,
foreground object mask, results of ShadowGAN(Zhang, Liang, and Wang 2019), AR-SG(Liu et al. 2020), SGRNet(Hong, Niu,
and Zhang 2022), DMASNet(Tao et al. 2024), SGDiffusion(Liu et al. 2024), GPSDiffusion(Zhao et al. 2025), Ours, Ground-
truth.

Method BOS Test Image BOS-free Test Image

GR ↓ LR ↓ GS ↑ LS ↑ GB ↓ LB ↓ GR ↓ LR ↓ GS ↑ LS ↑ GB ↓ LB ↓
ShadowGAN 7.511 67.464 0.961 0.197 0.446 0.890 17.325 76.508 0.901 0.060 0.425 0.842
Mask-SG 8.997 79.418 0.951 0.180 0.500 1.000 19.338 94.327 0.906 0.044 0.500 1.000
AR-SG 7.335 58.037 0.961 0.241 0.383 0.761 16.067 63.713 0.908 0.104 0.349 0.682
SGRNet 7.184 68.255 0.964 0.206 0.301 0.596 15.596 60.350 0.909 0.100 0.271 0.534
DMASNet 8.256 59.380 0.961 0.228 0.276 0.547 18.725 86.694 0.913 0.055 0.297 0.574
SGDiffusion 6.098 53.611 0.971 0.370 0.245 0.487 15.110 55.874 0.913 0.117 0.233 0.452
GPSDiffusion 5.896 46.713 0.966 0.374 0.213 0.423 13.809 55.616 0.917 0.166 0.197 0.384
Ours 4.486 46.190 0.972 0.376 0.205 0.418 12.620 54.243 0.941 0.247 0.198 0.382

Table 1: The results of different methods on DESOBAv2 dataset. The best results are highlighted in boldface.GSSIM (GS),
LSSIM (LS), and LBer are indicators that can measure appearance realism, while GRMSE (GR), LRMSE (LR) and GBer
are indicators that can measure geometric accuracy.

as well as the highest GSSIM and LSSIM* scores, clearly
demonstrating its effectiveness. In fairness, all methods were
evaluated under the same pre-processing protocol, and the
visualization results for DESOBA are included in the sup-
plementary materials.

Experiments on DESOBAv2
As shown in Table 1, our method achieves the best perfor-
mance across most key metrics, including GRMSE, GSSIM,
LSSIM, and LB, demonstrating a clear overall advantage.

Although our GBer score is slightly higher than the GPSdif-
fusion (Zhao et al. 2025), this marginal difference of 0.001
falls within the range of experimental variation and has neg-
ligible impact on overall performance. This minor increase
in boundary error may result from our model’s design, which
emphasizes structural consistency and semantic alignment
with human posture. Such a design choice may lead to
slightly softer transitions at certain boundary regions. Nev-
ertheless, our superior LB score indicates that our method
still maintains accurate delineation in critical boundary ar-
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Method BOS Test Image BOS-free Test Image

Evaluation matric GRMSE ↓ LRMSE ↓ GSSIM ↑ LSSIM* ↑ GRMSE ↓ LRMSE ↓ GSSIM ↑ LSSIM* ↑
Pix2Pix 7.659 75.346 0.927 0.249 18.875 81.444 0.856 0.110
Pix2Pix-Res 18.305 81.966 0.901 0.107 5.961 76.046 0.971 0.253
ShadowGAN 5.985 78.413 0.986 0.240 19.306 87.017 0.918 0.078
Mask-ShadowGAN 8.287 79.212 0.953 0.245 19.475 83.457 0.891 0.109
ARShadowGAN 6.481 75.099 0.983 0.251 18.723 81.272 0.917 0.109
SGRNet 4.754 61.762 0.988 0.380 15.128 61.439 0.927 0.183
GPSDiffusion 3.613 39.843 0.991 0.415 12.603 60.312 0.931 0.197
Ours 3.012 38.720 0.997 0.423 11.974 59.108 0.933 0.198

Table 2: The results of different methods on DESOBA dataset. The best results are highlighted in boldface.GSSIM, LSSIM are
indicators that can measure appearance realism, while GRMSE, LRMSE are indicators that can measure geometric accuracy.

Ground Truth
IC-Light Ours

Sea+Left Light

Garden+Left Light

Autumn+Right Light

Garden+Right Light

Sea+Right Light

Winter+Left Light

IC-Light Ours

Figure 8: Visualization results of shadow generation for IC-
Light relighting images by our method.

Morning Noon Afternoon

Figure 9: KPLM with Different Light.

eas. Therefore, we believe our method strikes a better bal-
ance between structural precision and visual realism.

Ablation
We conduct ablation studies on BOS test images to investi-
gate the impact of each module using four metrics: GR, LR,
GB, and LB. Firstly, we trained the base model of Control-
Net, which had no geometry before, as shown in the first
row of Table 4. Secondly, we injected STA into ControlNet

Prompt Method PSNR ↑ SSIM ↑ LPIPS ↓
Different Scene IC-Light 27.961 0.166 0.612

Ours 28.140 0.235 0.590

Different Light IC-Light 27.869 0.182 0.582
Ours 27.972 0.207 0.563

Different Season IC-Light 27.759 0.200 0.584
Ours 27.767 0.249 0.558

Table 3: Different prompts’ comparison on DESOBAv2.

to explore the effect. The result in the second line confirmed
that the shadow triangle algorithm is useful. Compare the
third line and the first line to verify the validity of KPLM.
As mentioned in Line 5, our mature model achieves the best
performance. To further demonstrate our effectiveness, we
evaluated the metrics on the DESOBAv2 test set.

Row Base KPLM STA GR ↓ LR ↓ GB ↓ LB ↓
1 + − − 14.317 61.735 0.214 0.441
2 + − + 13.172 55.384 0.201 0.397
3 + + − 13.213 55.744 0.207 0.391
4 + + + 12.620 54.243 0.198 0.382

Table 4: Ablation studies of our method on BOS test im-
ages from DESOBAv2 dataset. “Base” means ControlNet
base model.

Conclusion
In this paper, our framework for generating shadows af-
ter IC-Light relighting is presented. The Keypoints Linear
Model (KPLM) and Shadow Triangle Algorithm (STA) are
combined to identify the spatial coordinates of keypoints
that correspond to shadows induced by the human body.
Both modules obtain all necessary geometric information
during preprocessing and inject it directly into the con-
trol encoder. Then performed using a diffusion-based model
to generate shadow. In future work, we will explore more
lightweight diffusion models, aiming to maintain generation
quality while significantly reducing model complexity. Ad-
ditionally, we will investigate further structural refinements
to enhance both the efficiency and fidelity of the shadow.
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