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Figure 1: ProjectiveShading is a fully automatic approach for realistically inserting virtual objects into indoor images (left). It handles bi-
directional shadow interactions between the real scene and the virtual object, and blends virtual shadows with complex textures, significantly
outperforming previous methods. Compared to rendering with a single environment map (center), our approach (right) casts realistic real
shadows and highlights onto the virtual object and synthesizes plausible virtual shadows. (Image source: Tanya Prodaan, Unsplash. Model
source: Stanford Computer Graphics Laboratory.)

Abstract

Realistically inserting virtual 3D objects into real-world images requires perceptually coherent shadowing of the object and
background scene. Achieving this in single-view indoor scenes with sunlight is challenging due to complex, partially visible
occluders and indirect lighting. Environment maps alone cannot produce realistic shadows on virtual objects, and any rep-
resentation (scene parameters) used for rendering must be practically estimable. We introduce ProjectiveShading, the first
automatic method for inverse- and re-rendering that handles bi-directional shadow interactions for realistic object composi-
tion. Our key innovation is the sunlight map, a 2D image encoding direct sunlight and arbitrary occlusions. It is generated from
single-view estimations using off-the-shelf models and is compatible with standard rendering engines. We also propose algo-
rithms to estimate sunlight direction and to blend virtual and real shadows while preserving background textures. Experiments
on synthetic and in-the-wild images show our method outperforms previous approaches.

CCS Concepts
» Computing methodologies — Visibility; Image-based rendering; Scene understanding; Mixed / augmented reality;

1. Introduction

The photorealistic integration of virtual objects into real-world
scenes is a long-standing challenge in visual computing, with
broad applications in visual effects and mixed reality [KBG*15,
T Corresponding author: jundanluo22 @ gmail.com NCL*21]. Shadows are critical to visual realism and coherence, as
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they provide geometric and photometric cues about spatial relation-
ships and lighting in an image [MKK98, KOF13,Mam04, KKK06].
Our approach aims to automate hard-shadow synthesis in single-
view virtual object composition: casting real shadows onto virtual
objects and projecting virtual shadows into real environments.

The challenges arise from both rendering and inverse render-
ing. From the rendering side, shadow synthesis relies on light-
ing estimation. While recent deep models can estimate spatially
varying lighting [GSH*19,LSR*20, WYLL22,BHY *23,CLP*23],
simplifying the rendering process to a single global environment
map [DM97] prevents the reproduction of expected shadows on vir-
tual surfaces. This assumption of distant lighting ignores near-field
illumination variation [RHO1,LYX"24], e.g., due to occlusions, as
demonstrated in Figure 1. Valenca et al. [VZG*23] adopt a sim-
plistic indirect lighting model that considers only sky illumination,
making it unsuitable for indoor scenes. Besides, their method fails
to handle non-Lambertian objects and secondary sunlight bounces
even for Lambertian ones. From the inverse-rendering side, any
representation (scene parameters) used for rendering must be prac-
tically estimable. Although explicit occluder geometry is required
in the conventional approach to render shadows, reconstructing it is
difficult with partial or missing observations in single-view images.
Recent deep models [YGH*23, VZG*23] rely on direct shadow
detection to represent occlusion, but their generalisation to indoor
scenes is severely limited by the lack of indoor annotations.

To overcome these challenges, we reformulate the prob-
lem of shadowing virtual objects as the projection of a 2D
shadow—illumination image. This formulation is motivated by a key
geometric principle: shadows maintain a consistent shape in the
sun’s perspective (Figure 2), which enables shadow rendering to
be treated as an image projection. It is further supported by intrin-
sic image decomposition theory [GRPCLM22], which shows that
estimated shading naturally encodes both illumination and shadow
information in general scenes. The key component of Projective-
Shading is the sunlight map, a novel high-resolution 2D represen-
tation that encodes spatial lighting and occlusion information in a
lightweight way. This specialised illumination map acts as a projec-
tive textured light, ensuring compatibility with standard rendering
engines like Blender [Ble25] without requiring custom shaders for
various materials. In inverse rendering, we propose algorithms to
recover the sunlight map in the sun’s view from camera-view esti-
mations using off-the-shelf models, including the essential step of
estimating sunlight direction. As inaccurate estimation of indirect
lighting often results in inconsistencies between rendered virtual
shadows and background shadows, we further propose a shadow
refinement algorithm that leverages learned image priors from a
pre-trained generative diffusion model to refine both shadow inten-
sity and the underlying albedo texture.

In summary, ProjectiveShading is the first automatic hard-
shadow-aware composition approach for single-view indoor im-
ages. Our approach addresses both real and virtual hard shadows:

e Modelling occluded sunlight as a projectable sunlight map, en-
abling shadowing of virtual objects with proper light bounces as
well as estimation from single views;

e A sunlight direction estimation algorithm exploiting geomet-
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Figure 2: Shadows from the camera and sun’s perspectives. The
image is shown in the camera’s view (a), and direct shading of
sunlight as seen from (b) the camera and (c) sun. Shadows appear
deformed in views (a) and (b), but retain their shape in the sun’s
perspective (c). This shadow deformation can be resolved by ortho-
graphically projecting the shadow from the sun’s perspective onto
the virtual object. (Image source: our LightSOC dataset.)

ric relationships between potentially unseen occluders, shadows,
and light sources to improve the estimated sunlight map;

e A novel shadow refinement method using a pretrained diffusion
model for seamlessly blending virtual shadows with real ones
without fine-tuning the model; and

e Comprehensive validation on our proposed synthetic benchmark
and real photos, demonstrating our method’s state-of-the-art per-
formance in achieving photorealistic rendering with shadows
and overall scene realism.

Source code is released at
https://github.com/JundanLuo/ProjectiveShading/.

2. Related work

Lighting estimation. Lighting estimation is essential for virtual
object composition. A thorough survey is presented by [KBG*15].
Some previous methods [UWH™*03, Deb98] use mirror spheres
to capture panoramic lighting, but these require specialised se-
tups and are unsuitable for the single-view in-the-wild images
we target. We focus on single-view lighting estimation. Previ-
ous works estimate a single environment map for the entire im-
age [GSY™*17,SK20, LMF*19,PCS*24,7Z7ZY*21,LTH*23, YS19,
LGND*24, SBXX25, WTC*25], while others estimate spatially-
varying environment maps to capture localised lighting changes
[GSH*19,SF19,LYS*21,LSR*20,TZW*22,WYLL22,GHGS* 19,
BHY™23, ZZ1.S21, ZLM™*22]. Voxelised lighting representations
[WPFK21, WXL24,ZLH*22], editable parametric representations
[WGL22] and hybrid lighting models [KSH*14] have also been
proposed. Despite progress in indoor lighting estimation, real
shadow projection is often overlooked in virtual object rendering.
This is the focus of our work.

Existing light source estimation methods have limitations, such
as the requirement for user interaction [ZYL*17], segmentation
of light sources [LSB*22], assumptions of point lights [JRM20],
the need for panoramic input [ZCB*22], assumptions about con-
strained environments [SSI03], or designs specifically for outdoor
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Figure 3: Our proposed ProjectiveShading approach: an automatic inverse- and re-rendering approach. Given a single-view input image,
a 3D object, and a user-specified placement, we estimate intrinsic components via inverse rendering, followed by estimation of the sunlight
direction and sunlight map. The virtual object is then rendered into the reconstructed scene and composited onto the input image. Finally, the
rendered virtual shadow is refined using our shadow refinement algorithm. (Image source: Utsman Media, Unsplash. Model source: Stanford

Computer Graphics Laboratory.)

scenes [HGSH*16,HGAL19,LEN12,CCC*18,YGH*21]. By con-
trast, our proposed sunlight estimation algorithm applies to general
indoor single-view images without requiring additional inputs.

Shadow synthesis. Previous methods for virtual object shadow-
ing have limited applicability. [CGC* 03] only transfer pre-existing
shadows. Some methods [XZP* 13, KHFH1 1] require extensive hu-
man input for geometry and light-source estimation. Karsch et al.
[KHFH11] model shadows via light shafts, which cannot handle ir-
regular shapes. Other approaches [XZP* 13,VZG*23] treat shadow
casting as texture mapping, failing to handle light bounces accu-
rately (see Figure 8). Yu et al. [YGH"23] propose an end-to-end
deep model for warping shadows, but it heavily depends on train-
ing data and does not generalise to indoor scenes. Duchéne et al.
[DRC*15] reconstruct unseen occluders to edit sunlight direction,
but require multi-view input. Deep models for synthesising shad-
ows of foreground crops [LLZ*20, LYW*24, WLT*21] are limited
by the available training data. SpotLight [FCZM*26] requires user-
defined uniform darkness and cannot handle overlaps between real
and virtual shadows.

Intrinsic image decomposition. Intrinsic image decomposi-
tion [BBS14, LS18a, LS18b, LHL*20, LZLR24, LCY*24, CA23,
ZDG*24, CA24, CPY*25, KSN23, JLYT23], surveyed by Garces
et al. [GRPCLM22], estimates albedo, shading and geometry or
other physical properties from images. Careaga et al. [CMA23]
and Guo et al. [GZJ*21] utilise intrinsic images to harmonise
or composite foreground image crops, enforcing physical consis-
tency. Some methods [ZFCG*25, ZDG*24, LDHG*25, LGL*25,
FCZM*26] condition diffusion models on intrinsic images of vir-
tual objects to generate composition results. We construct our vir-
tual scenes and sunlight maps based on intrinsic decomposition.

© 2026 Eurographics - The European Association
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3. Projective shading methods

Our method is an automatic inverse- and re-rendering approach
that requires only a single-view input image, a 3D object, and a
user-specified 2D image coordinate for object placement (which
determines the 3D proxy plane). The full pipeline is illustrated
in Figure 3. A notation table is provided in the supplement. We
first describe scene reconstruction (Section 3.1), including sunlight
direction estimation (Section 3.1.2). In Section 3.2, we introduce
our sunlight map, a projective textured light source representing
occluded sunlight. Finally, we present shadow refinement (Sec-
tion 3.3). We refer to components in the original input image as
“real” or “background”, and newly added elements as “virtual” or
“foreground”.

3.1. Inverse rendering with sunlight direction estimation
3.1.1. Scene representation

Given an input background image IB of a Lambertian scene and a
user-provided 2D pixel location X, for object placement, we con-
struct a 3D scene (Figure 4) with:

e A proxy plane G that receives shadows, modelled with normal
No, distance po from the camera and albedo AY,

e A virtual object O,

e A camera with intrinsic matrix K™, and

e Lighting modelled as the combination of a sunlight map X" (Sec-
tion 3.2.2) and an environment map .

While renderers can shadow arbitrary objects or meshes, we adopt a
proxy plane for simplicity. This proxy G, defined by the normal and
depth at the user-specified 2D object location Xo, allows arbitrary
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Figure 4: Illustration of sunlight map placement. The dashed sun
and occluder represent elements replaced by an orthographic area
light projecting the sunlight map along the sunlight direction —v.
The sunlight map, a 2D image acting as a projector, encodes sun-
light as bright regions and occlusion as zero intensity. It is placed
perpendicular to the light direction, between the occluder and the
shadow-receiving proxy plane.
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Figure 5: The sunlight direction v lies in the plane I1 spanned by
the directions of the occluder e, and its shadow es.

orientation. The environment map &, represents indirect illumina-
tion and contributions from secondary light sources at Xo.

In general, our scenes are reconstructed from standard intrin-
sic components in inverse rendering: depth D, surface normals
N, albedo A, shading S, environment lighting &,, sunlight direc-
tion v (Section 3.1.2), and optionally the camera’s intrinsic matrix
K™, Most of these are obtained using off-the-shelf models. We
use MoGe [WXD*25] for depth, normals, and the intrinsic ma-
trix; IntrinsicDiffusion [LCY*24] for albedo and shading; and Li
et al. [LSR*20] for environment lighting estimation. Our contribu-
tions on estimating the sunlight direction and the sunlight maps are
described next.

3.1.2. Sunlight direction estimation

The direction of sunlight is crucial for computing the sunlight map.
We propose an algorithm to automatically estimate and refine the
sunlight direction in general indoor scenes. It first coarsely esti-
mates the direction from an environment map and then refines it

based on the geometric relationship between the sunlight, occluder
and shadows. This refinement algorithm is geometry-based rather
than learning-based due to the lack of sufficient indoor sunlight
training data. To the best of our knowledge, no publicly available
indoor datasets provide sunlight annotations. Existing models do
not support the estimation of indoor sunlight from a single image
without additional inputs, such as user interactions [ZYL*17] or
light source segmentation [LSB*22].

Initial sunlight direction estimation. Our approach assumes
sunlight as the primary light source and thresholds the shading
intensity image to distinguish sunlight and shadow regions. We
aggregate the spatially-varying environment maps originally pre-
dicted by Li et al. [LSR*20] in the sunlight regions by averaging
(Figure 6), and use the brightest pixel to define the initial sunlight
direction v'.

Refining the sunlight direction. As the sun is virtually infinitely
far away, all sunlight rays are effectively parallel. Under parallel
projection, parallel occluding edges (e.g., on a window frame) cast
parallel shadow edges on the same planar surface. We propose a
sunlight direction refinement algorithm that leverages this paral-
lelism. As shown in Figure 5, consider a vertical occluder (e.g.,
a window frame) with direction e,, which casts a shadow line e
on the proxy plane G due to the sunlight direction v. The sunlight
direction v lies in the plane I spanned by e, and es (see supple-
ment for verification). Any sunlight direction within this plane IT
casts a shadow parallel to es from the occluder e,. To ensure consis-
tent shadow orientation between parallel real and virtual occluding
edges, we project the initial estimate v’ onto the plane IT to obtain
the refined sunlight direction v.

Hard shadows in indoor scenes are typically cast by occlud-
ing edges aligned with the surface normal of the shadow-receiving
plane. For instance, shadows on floors are commonly cast by win-
dow frames or furniture resting on the floor. We use normal-aligned
edges as anchor occluders to refine the coarse sunlight direction.
Based on this, we search for shadow edges es in the background
image and assume the corresponding occluder direction e, using
the average surface normal of the shadow edge’s endpoints. We use
a RANSAC-like algorithm [FB81] to exclude outliers that violate
the occluder direction assumption, and project the initial sunlight
direction onto the planes IT spanned by the inliers (see supplement
for details). In practice, we interpolate the refined sunlight direc-
tion v with the proxy plane normal No, limiting the deviation to a
maximum of 70° to avoid infinite shadow lines when the sunlight
is nearly parallel to the proxy plane G.

The results are shown in Figure 6. By leveraging geometric re-
lationships between shadows, occluders and receiving planes, our
algorithm identifies anchored shadow edges and refines the sunlight
direction, thus enhancing the realism of compositions.

3.2. Sunlight map estimation and rendering
3.2.1. Sunlight map representation

To model sunlight under occlusion, we propose the sunlight map.
As illustrated in Figure 4 and Figure 7, the sunlight map is a 2D
high-dynamic-range image that encodes where the sun’s rays are

© 2026 Eurographics - The European Association
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Input image Ground-truth insertion Shadow line detection w/o sun dir. refinement w/ sun dir. refinement (final)
(] "

Figure 6: Composition results with and without sunlight direction refinement. Selected shadow lines for refinement are marked in red,
others in cyan (third column). The insets (fourth column) show the average environment maps [LSR*20] used for initial sunlight direction
estimation (Li et al. [LSR*20] only estimate the visible hemisphere per surface pixel). Sunlight refinement improves the shape of shadows
on curved surfaces (indicated by cyan arrows) and corrects shadow orientation on the floor (green arrows), even for the slanted window in
the bottom row, which deviates from our surface-normal-oriented assumption. Without sunlight correction, inconsistent orientations between
virtual shadows (green arrows) and real shadows (red arrows), cast by objects on the floor, are clearly visible. Table 2 shows quantitative

ablation results. (Image source: our LightSOC dataset.)
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Figure 7: Estimated sunlight map example. t Sunlight map de-
rived from the ground-truth sun’s direct shading and our proposed
camera—sun view transformation, shown for reference since no true
“ground truth” is accessible from the Blender renderer. The sun-
light map is first computed in the camera view, then transformed to
the sun’s view using a planar homography induced by the proxy
plane. This single-plane homography ensures that the occluder
does not cover its corresponding shadow (red arrows) in the sun’s
view, allowing shadow projection. A user-selected location (circled
in cyan) specifies the object placement and proxy plane. (Image
source: our LightSOC dataset.)

blocked or transmitted: zero values indicate occlusion, whilst bright
values represent direct-light intensity. This sunlight map Lgyn is po-
sitioned above the proxy plane G to project sunlight and shadows
on virtual objects.

© 2026 Eurographics - The European Association
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For rendering, the sunlight map Lsun is directly used as a light
source (without conversion into other light primitives such as envi-
ronment maps). It can be inserted into the reconstructed scene by
texturing any planar orthographic emitter without requiring custom
shaders to support various materials (Figure 8). In practice, we use
Blender’s standard area light with zero angular spread (i.e., ortho-
graphic projection) to emit the sunlight map. For completeness, we
define sunlight as X = {Lsun,V,t}, where v is the sunlight direc-
tion (from the surface to the light) estimated in Section 3.1.2, and
t is the translation of the sunlight map from the camera center. In
principle, t can be set arbitrarily as long as the virtual object is il-
luminated; for convenience, we place it above the virtual object’s
center. Next, we describe how we estimate the sunlight map Lgun,
for a given light direction v and translation t.

Comparison with shadow and texture mapping. The key dif-
ference between our method and previous shadowing algorithms
is how occlusion is modelled: we treat it as zero-intensity illumi-
nation. Shadow mapping techniques resolve visibility by storing
depth and performing depth comparisons [SWP11]. Some meth-
ods [VZG*23,XZP*13] first render sunlight without occlusion and
then mask out direct shading in shadowed regions, treating occlu-
sion as a zero-intensity diffuse texture. This design cannot render
non-Lambertian materials, as shown in Figure 8. Even for Lamber-
tian surfaces, indirect sunlight is exaggerated because secondary
sunlight bounces are not tracked after rendering and thus remain
untouched. By contrast, our approach enables more visually plau-
sible and natural shadow rendering across different material types.

3.2.2. Sunlight map computation

We propose an algorithm for computing sunlight maps from shad-
ing and environment lighting estimation, which is applicable to
both indoor and outdoor environments. A key observation, illus-
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Input image Ground truth

Valenga et al. [VZG*23] *

Figure 8: Comparison of different rendered materials. Valenga et al. [VZG* 23] cannot render non-Lambertian materials such as metal and
glass (bottom row). In addition, (a) sunlight bounces on Lambertian surfaces are improperly handled, causing light leakage artifacts; (b)
colorful inter-reflections from the ground plane are lost because its albedo is ignored in scene reconstruction; and (c) our shadow refinement
blends virtual shadows more smoothly with background shadows (Section 3.3). By modeling occlusion as zero-intensity light rays, our
method allows the renderer to naturally handle diverse light transport, e.g., reflections and transmission through glass (d). * Both methods
are provided with ground-truth lighting conditions and other required properties.

trated in Figure 2, is that the shape of occlusion/shadows remains
consistent in the sun’s perspective, regardless of the inserted object.
This motivates capturing the sunlight map Lgun in the sun’s view for
rendering. However, since intrinsic component estimation is avail-
able in the camera’s view, we first compute the sunlight map in the
camera’s view and then transform it into the sun’s view, as shown
in Figure 7. Unless explicitly stated, computations are presented in
the camera’s view.

Sunlight map in the camera’s view. The sunlight map Lgun
is estimated from the direct shading map due to sunlight, which
represents the light received by a surface without reflections or
secondary bounces. We approximate direct shading by separating
it from overall shading and environment shading. Assuming a
Lambertian background scene, an image I is modelled as the
element-wise product of albedo A and shading S using intrinsic
image decomposition [GRPCLM22, BT78]. The shading S can be
further decomposed into direct shading S9! from the sun, and
the environment shading S from other light sources and indirect
light bounces from the sun:

I=AGS :AG(Sdirect_’_Senv)' (1

Sy at location x can be obtained by integrating over the environ-
ment map & (excluding direct sunlight from the sun’s direction v)
with respect to the surface normal vector Ny [BJO3, KBG*15] via:

Sen / Ex(®) max(0, Ny - ©) do, 2
Q

where Ny is the surface normal at x, Ex(®) is the radiance from
direction ® in the environment map and ‘-’ denotes the dot product.

Since we assume that the plane G is Lambertian and infinite, and
render it with a single environment map, S§" is constant and equal
to S3", where subscript o denotes the user-specified location of
the inserted object. Then, S¥™t can be derived from Equation (1).
The sunlight map in the camera’s view is computed via Lambert’s
cosine law [Lam60]:

Sdirecl .
X fNo-v>0,
Lcam,x = { Nov> ! o'V (3)

0, otherwise.

We use the normal N, of the plane G, ensuring that Lcam generates
the same S on this plane in the rendered foreground image IF.

Sunlight map in the sun’s view. We transform the sunlight map
Lcam from the camera’s view to the sun’s view Lgun using a pla-
nar homography induced by the proxy plane G [HZ03]. Unlike a
full-scene view transformation, this homography prevents in-the-
image occluders from covering their corresponding shadows on G,
as shown in Figure 7. Since only the shadows on G are properly
prepared for projection, the sunlight map requires recomputation if
the virtual object is moved to a different plane. This computation is
detailed in the supplement.

3.2.3. Rendering and image compositing

We render the foreground image IF of the inserted object and
its shadows from our scene representation with Blender’s Cycles
path-tracing engine [Ble25]. We then composite the rendered
foreground image IF with the background image I to produce the
composited image I, as detailed in the supplement. Using ground-
truth intrinsic components required by our approach, the renderings
in Figure 9 represent the upper-bound performance of our method.

© 2026 Eurographics - The European Association
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Input Ground-truth insertion Ours w/o shadow refinement * Ours w/ shadow refinement * Ours final

Figure 9: Rendering results of our proposed ProjectiveShading. <’ denotes results using ground-truth intrinsic components, representing
the upper-bound performance of our ProjectiveShading. Shadow refinement improves the consistency between the rendered virtual shadows
and existing real shadows in the background. It is also useful when rendering using ground-truth components, as the environment lighting
can change within the shadow regions (bottom row), which is insufficient to approximate using a single environment map. (Image source:
our LightSOC dataset.)

(a) Input image ~(b) w/o shadow refinement (9 wlo diffusion inpainting ) (d) w/o guidance ) (e) Ours (final)

Figure 10: Visual ablation of our two-step shadow refinement. (a) Input background image. (b) Raw rendered shadows from Blender. (c)
Results after the first-step refinement. (d) Diffusion-based inpainting without guidance. While (c) achieves plausible shadow brightness and
colour; it lacks smooth blending with background shadows and detailed albedo due to imperfect estimation. Without guidance from (c),
(d) produces unrealistic shadows. The full shadow refinement (e), using (c) as guidance, significantly enhances the quality of the virtual
shadows, overcoming issues caused by inaccurate estimation of the environment lighting and material. (Image source: Larry Zhao (top),
Tanya Prodaan (bottom), Unsplash. Model source: Stanford Computer Graphics Laboratory.)

3.3. Shadow refinement diffusion model [RBL*22], selected for its strong generalisation
ability and support for guided inpainting without task-specific fine-
tuning. As trained on diverse image distributions, such generative
models are not inherently constrained to produce physically correct
results, even with explicit text prompts such as “realistic.” To steer
generation toward physically plausible shadows, we inject physi-
cal cues into the diffusion inpainting process through a guidance
image. This guidance image is the result from the first-step refine-
ment, where shadows are aligned using nearby real shadows, and it
provides cues such as shadow shape from the renderer and coarse
shadow brightness from the refinement step. The shadow mask M’
defines the inpainting region. Following the guided inpainting tech-

Inconsistencies between original and rendered shadows can result
in visually unconvincing composites, often caused by inaccurate
intrinsic estimation or illumination changes introduced by the in-
serted objects. To improve realism, we propose an inpainting-based
shadow refinement algorithm that leverages image priors learned in
large-scale generative models. This algorithm consists of two steps:
first, we globally adjust virtual shadows to align with nearby real
shadows, similar to Valenca et al. [VZG™*23]; then, we refine shad-
ows pixel-wise via guided inpainting.

For the second step, we use a pre-trained text-to-image latent

© 2026 Eurographics - The European Association
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Ground-truth insertion

Input image

IC-Light [ZRA25]
SSIM: 0.553, MSE: 0.104

Environment lighting *
SSIM: 0.736, MSE: 0.049

RGB+X [ZDG*24]
SSIM: 0.705, MSE: 0.025

Li et al. [LSR*20]
SSIM: 0.732, MSE: 0.056

Intrinsic Harm. [CMA23]
SSIM: 0.771, MSE: 0.019

ZeroComp [ZFCG*25] Ours
SSIM: 0.809, MSE: 0.012

SSIM: 0.636, MSE: 0.046

¢

Figure 11: Visual comparison of object insertion.

*> ground-truth components required for lighting and scene are provided. Only our

approach can cast shadows onto the virtual object in this indoor image. The best scores are bold. (Image source: our LightSOC dataset.)

nique SDEdit [MHS*21], we add noise to the guidance image for
the last 20% of denoising steps, i.e., 20 out of 100 denoising steps.
The noisy image is then denoised using the latent diffusion model
with the text prompt “A photorealistic, highly detailed image with
hard shadows” and a guidance scale of 7.5. The inpainted and re-
fined shadow region is extracted from the denoised image iERGB,
and composited back into ISCRGB to obtain the final result. As shown
in Figure 10, our guided diffusion inpainting refines virtual shad-
ows and enhances realism.

4. Evaluation
4.1. Benchmarks and metrics

To evaluate our approach, we render a synthetic indoor dataset,
LightSOC, tailored for virtual object insertion. Scenes and models
are adapted from LightS [ETDBJ21] and rendered with Cycles,
Blender’s path-tracer [Ble25]. The dataset consists of 11 back-
ground scenes, each with multiple insertion results under primary
sunlight, varying sky, and dimmer secondary lights (e.g., lamps).
Each scene includes at least three Lambertian spheres and one
additional object for evaluation, resulting in 63 test images in total.

OpenRooms [LYS*21] is an indoor dataset with pixel-wise
ground-truth environment lighting maps on surfaces. We curated
140 test images likely containing primary sunlight and approxi-
mated the ground-truth sunlight direction as the brightest in the av-
erage environment map. These images were split into two folds of
70: one for tuning the sunlight direction refinement algorithm and
the other for evaluation. More details are in the supplement.

On LightSOC, we use MSE and SSIM [WBSS04] to evalu-
ate differences between rendered objects and ground truth within
object mask regions (excluding shadows). Camera intrinsics and
the depth of the closest ground-plane point are provided to ensure
scale-invariant depth alignment and reduce perspective errors. On

LightSOC and OpenRooms, sunlight direction estimation is evalu-
ated using average and median angular errors, along with the per-
centage of errors below 10° and 20°.

4.2. Comparison
4.2.1. Comparison of inserted objects.

Since no previous work directly addresses our problem, we com-
pare against the most relevant baselines from related areas:

e Environment lighting estimation and rendering [LSR*20];
e 2D image-based composition [CMA23,ZRA25]; and
e Neural rendering [ZDG*24,ZFCG*25].

For the environment lighting estimation method [LSR*20], we
reimplemented the rendering pipeline in Blender using their es-
timated lighting, since the released code is not fully automatic.
To ensure consistency, other scene properties (albedo, geometry
and camera) match ours. As environment lighting estimation spans
a large family of methods [GSY*17,PCS*24,77Y*21, GSH*19,
LSR*20, WTC*25], a baseline using ground-truth environment
lighting for rendering is included to approximate upper-bound per-
formance.

For 2D composition, we evaluate Intrinsic Harmonization
[CMA23] and IC-Light [ZRA25]. The rendered result of Li et
al. [LSR*20] (which is also used for rendering the environment
lighting effects in our approach) is provided as the foreground crop.
Neural rendering baselines include RGB<+X [ZDG*24] and Zero-
Comp [ZFCG*25]. Both are diffusion-based models conditioned
on intrinsic properties. Background intrinsics are estimated using
RGB<+X, and ground-truth intrinsics of the virtual objects are
given.

Figures 11 and 12 show visual comparisons with baselines, and
Table 1 reports quantitative results. All composited images have a
long-side resolution of 1024 pixels. The virtual objects in Figure 12

© 2026 Eurographics - The European Association
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Li et al. [LSR*20] Input image
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IC-Light [ZRA25]
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ZeroComp [ZFCG*25] RGB++X [ZDG*24]
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Figure 12: Visual comparison of object insertion into in-the-wild images: outdoor scenes (a—b) and indoor scenes (c—e). Our approach
renders shadows on virtual objects and casts virtual shadows into the background, handling complex shadow interactions more faithfully than
existing methods. Material characteristics: (a—b) spatially varying BRDF with various textures; (c) subsurface scattering,; (d) mainly glossy;
and (e) glossy with 0.5 roughness. (Image sources: Vero Eve (Unsplash), Victoria Strukovskaya (Unsplash), Utsman Media (Unsplash),
David (Flickr), and Gianandrea Villa (Unsplash). Model sources: (a—b) from Hellz (FAB) and ViadGl (Blender Swap); (c—e) from Stanford
Computer Graphics Laboratory.)
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Figure 13: Qualitative comparison of shadow refinement with Valenga et al. [VZG*23]. Our rendered results are used as input for both
methods, as their approach assumes sky-only environment lighting and is unsuitable for indoor scenes. Their shadow harmonization fails in
detecting shadows in indoor environments and in blending virtual shadows with the background. Our shadow detection solely performs on

the plane. (Image source: Collov Home Design, Unsplash.)

Table 1: Quantitative results of object composition on LightSOC.
Errors are computed in the object mask regions (without shadows).
* ground-truth components for lighting and scene are provided.

Method SSIM T MSE |
Environment light * 0.724  0.049
Ours * 0.925 0.007
Careaga et al. [CMA23] 0.611 0.079
Li et al. [LSR*20] 0.695 0.062
Ours 0.728 0.045

have diverse geometries and are all non-Lambertian. In particular,
the Stanford models (c—e) contain rich geometric detail and self-
occlusion, stressing both visibility and light bounces.

Shadows on virtual surfaces are missing in almost all previous
methods. RGB++X is the only method that attempts this, though
limited to outdoor scenes. It fails indoors and, even outdoors, pro-
duces shadows that are unrealistic and physically inconsistent with
the occluder shape (b, Figure 12), in contrast to ours.

Virtual shadows on real surfaces are also missing in almost all
previous methods. Li et al. [LSR*20], ZeroComp, and RGB<++X
produce only soft shadows, lacking the hard cast shadows required
under direct sunlight, and these soft shadows do not blend naturally
with background shadows. Intrinsic Harmonization and IC-Light
do not support casting any shadows into the background.

Material consistency is limited in diffusion-based neural render-
ing methods [ZDG*24, ZFCG*25]. Although ground-truth mate-
rial properties of the virtual 3D objects are provided, RGB«+X in-
troduces noticeable colour shifts (c and e, Figure 12). ZeroComp,
on the other hand, often produces Lambertian-like results whilst
the virtual objects are all non-Lambertian in Figure 12. Our results
strictly preserve the provided material properties, a key advantage
of classical rendering over these diffusion-based methods.

Our ProjectiveShading supports more realistic and complex
shadow interactions.
4.2.2. Comparison of virtual shadows.

Valenga et al. [VZG*23] model the sky as the sole environment
lighting, making it unsuitable for indoor scenes. We use our results
as the initial rendering for shadow refinement. Our shadow detec-

Table 2: Quantitative results of sunlight estimation on LightSOC
and OpenRooms [LYS*21] datasets. With our proposed refine-
ment method, the sunlight direction accuracy significantly improves
across all metrics: average and median angular error, as well as
percentile within 10°/20°.

LightSOC
Method avg. | med. ] 10°(%)1 20°(%)+ avg. ) med. | 10°(%) 1 20°(%) 1

wloref.  32.5° 21.6° 9.1 36.4 47.7° 44.4° 10.0 34.3
Ours 27.0° 9.2° 54.5 72.7 43.5° 36.9° 20.0 414

OpenRooms

tion, based on thresholding the direct shading map, outperforms
their proposed model, as demonstrated in Figure 13. Furthermore,
our diffusion-based algorithm performs better in blending virtual
shadows into the background. A key limitation of their model is its
reliance on training data, which was only trained in outdoor envi-
ronments. A comparison with additional examples is presented in
the supplement.

4.3. Ablation and additional results

Ablation study. We evaluate the accuracy of our sunlight direc-
tion estimation with and without our proposed refinement quali-
tatively in Figure 6 and quantitatively in Table 2. Our refinement
significantly improves over the initial estimate across all metrics.
Figure 10 shows the visual quality improvement from our shadow
refinement, which significantly improves shadow fidelity, as light-
ing estimation and intrinsic decomposition struggle with general
and more complex Internet images.

Additional results. Figure 15 shows our results on a vertical
wall, non-planar surfaces (with meshes reconstructed from Open3D
[ZPK18]), and scenes lit by a spotlight. For the spotlight exam-
ple, ground-truth intrinsic components and light direction are used,
as our current method does not estimate spotlight direction. Our
approach could be extended to other light sources with appropri-
ate lighting estimation and projection models. More results are in-
cluded in the supplement.

5. Limitations

The effectiveness of our method depends on the quality of geometry
estimation and inverse rendering. Missing texture details in the es-
timated albedo can lead to blurring in virtual shadow regions if our

© 2026 Eurographics - The European Association
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Figure 14: Failure cases in sunlight direction estimation. While shadowing virtual objects enhances realism, the estimated sunlight direction
is incorrect. Image sources: Amin Hasani (Unsplash) and Daniel McCullough (Unsplash).

(a) Vertical proxy plane (b) Non-planar shadow receiver

(c) Spotlight *

Input image

Figure 15: Our insertion results. Our method supports arbitrary
proxy plane orientations (e.g., the vertical wall in (a)) and shad-
owing non-planar surfaces (b). * indicates use of ground-truth in-
trinsic components, including spotlight direction. In (c), the high-
light on the sphere is dim due to the improper use of orthographic
projection for the spotlight, but the shadow on the sphere still en-
hances realism, demonstrating potential for extending our method
to other light sources. (Image sources: Sreeja (Unsplash, left);
erocsid (Flickr, middle); LightS [ETDBJ21] (right).)

shadow refinement fails to recover them. Sunlight map estimation
is influenced by the quality of HDR shading, the planarity of the
proxy plane, the accuracy of the sunlight direction, and the visibil-
ity of background shadows. Sunlight direction refinement may fail
when the environment lighting model significantly misidentifies the
primary sunlight orientation or when hard shadow edges are not re-
liably detected. Some failure cases are shown in Figure 14. Finally,
since our method leverages visible background shadows to infer
sunlight-occlusion relationships, it supports shadowing virtual ob-
jects regardless of light source and occluder visibility, but struggles
when the background shadows themselves are out-of-view. More
discussions are included in the supplement.

6. Conclusion

We addressed the long-standing challenge of realistically insert-
ing virtual objects into real-world images, particularly in complex
indoor environments with intricate lighting conditions. Projective-
Shading achieves high realism by handling bi-directional shadow
interactions through a fully automatic inverse- and re-rendering

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.

process. By rendering real-shadow effects on virtual objects, esti-
mating primary sunlight direction, and blending newly cast virtual
shadows into the background whilst accounting for material tex-
tures, our method significantly outperforms previous approaches
in compositing objects. The effectiveness of ProjectiveShading is
demonstrated through quantitative and qualitative evaluations on
both synthetic ground-truth renderings and in-the-wild internet im-
ages. Our approach provides a novel solution for achieving realistic
virtual object insertion in images of indoor environments.
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