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Abstract. Shadows encode rich information about scene geometry and
illumination, yet existing methods either predict a unified shadow mask
or overlook attached shadows entirely. We address this gap by propos-
ing a framework for jointly detecting cast and attached shadows through
explicit physical modeling of light direction and surface geometry un-
der a dominant directional-light setting. Our approach is grounded in a
simple observation: surfaces facing away from the light source tend to
fall into shadow. We exploit the reciprocal relationship between shadow
formation and light estimation to construct a closed feedback loop, a
dual-module architecture in which a shadow detection module and a
light estimation module iteratively refine each other. At each pass, up-
dated light estimates, together with surface normals, produce partial at-
tached shadow maps that guide detection, while improved shadow pre-
dictions sharpen light estimation. To support training and evaluation,
we introduce a dataset of 1,458 images with manually annotated cast
and attached shadow masks sourced from three existing benchmarks.
Experiments demonstrate that our proposed method outperforms prior
methods, with at least a 33% reduction in attached-shadow BER, while
maintaining strong full-shadow and cast-shadow performance. Project
page: https://shilin21.github.io/attached_detection/
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1 Introduction

Shadows define how we perceive shape, depth, and illumination in visual scenes.
They are commonly categorized into two types: cast shadows, which appear
on external surfaces and reveal spatial relations between objects [19, 31, 35, 43],
and attached shadows, which form directly on an object’s surface when light is
blocked due to the surface’s geometry and orientation relative to the light source
[17, 71]. Together, these two shadow types encode complementary cues about
scene structure and illumination, enriching visual realism and 3D perception
[5, 52,63,65].
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Table 1: Comparison of recent
shadow detection datasets. Most
existing datasets omit attached shad-
ows or annotate them only implic-
itly, while our dataset provides explicit
cast/attached shadow annotations as
separate classes.

Dataset Att. #Imgs Split

SBU [46] ✓ (occ.) 4.1K ✗

ISTD [47] ✗ 1.9K ✗

SOBA [50] ✗ 1.0K ✗

ViSha [3] ✗ 11.7K ✗

SILT [61] ✓ 0.6K ✗

CUHK [14] ✓ 10.5K ✗

Ours ✓ 1.5K ✓

Input Unified Mask Separate Masks

Fig. 1: Effect of shadow mask granularity
on removal quality. Using a unified shadow
mask, ShadowFormer [10] over-attenuates ob-
ject regions. Using separate cast and attached
shadow masks sequentially enables targeted
correction and recovers natural object color.

However, most modern shadow detection methods predict a unified shadow
mask [14,46,61], or ignore attached shadows entirely [3,47,50] (see Tab. 1). As a
result, explicitly modeling attached shadows remains largely unexplored in the
literature, despite their potential usefulness in downstream applications. In 3D
shape reconstruction, attached shadows provide strong cues about local surface
orientation and therefore reveal valuable information about the underlying ge-
ometry of objects. In shadow removal, separate cast and attached masks enable
more targeted correction of receiving surfaces and object regions. As a simple
illustration, applying an existing method [10] with separate cast and attached
masks improves removal quality over using a single unified mask (see Fig. 1).

Yet attached shadow detection is far more than a simple extension of existing
shadow detection approaches. As we will show experimentally, naive adaptations
of current methods [4, 14, 61, 68–70] fall short; see Fig. 2 for typical predictions.
This difficulty arises because cast and attached shadows are governed by differ-
ent formation mechanisms: cast shadows are often driven by object boundaries
and produce relatively contiguous regions of contrast, amenable to appearance-
based detection. Attached shadows, by contrast, arise from the interplay between
surface orientation and illumination. They follow object geometry closely, often
appearing fragmented with weak contrast, and resist detection without explicit
reasoning about scene geometry and lighting.

We therefore introduce a framework that jointly detects cast and attached
shadows by modeling their physical dependence on light direction and surface
geometry. The key insight is simple: under direct illumination, surfaces facing
away from the light receive no direct light and therefore form attached shadows.
This relationship works in both directions. Given a light direction1 and sur-
face normals, we can estimate a partial attached-shadow map. Conversely, given

1 We assume a single dominant directional light source.
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(a)Input (b)MTMT [4] (c)SDCM [70] (d)SILT [61] (e)Ours Cast (f)Ours Att.

Fig. 2: Existing shadow detection methods primarily focus on cast shadow detection
and do not differentiate between cast and attached shadow types (b, c, d). In contrast,
our method accurately segments cast and attached shadows separately (e, f).

observed shadows and scene geometry, we can partially reason about the light
direction. We exploit this reciprocal relationship through a closed-loop, dual-
module architecture, in which a shadow detection module and a light estimation
module mutually refine each other across iterative passes.

To support training and evaluation, we contribute a dataset of 1,458 images
with manually annotated cast and attached shadow masks, drawn from three ex-
isting benchmarks [14,44,50]. Experiments confirm that our iterative, geometry-
and light-aware formulation outperforms prior methods on both shadow types.

Our contributions are:

– A joint framework for detecting cast and attached shadows through shared
learning with light estimation.

– An iterative refinement scheme in which lighting and shadow cues mutually
reinforce each other.

– A curated dataset with separate annotations for cast and attached shadows,
enabling standardized evaluation.

– Our method outperforms previous methods on both shadow types, with at
least a 33% reduction in attached-shadow BER.

2 Related Work

Shadow detection and removal [6,11–13,16,21–23,28,38] are fundamental tasks
in computer vision, where accurate shadow estimation is crucial for tasks such
as scene understanding [20,24,26,27] and generation [54,56–60]. Earlier shadow
detection studies [30–34,39] extensively explored the relationship between light-
ing and shadows. Panagopoulos et al . [35] were among the first to jointly model
shadow detection and light estimation using coarse scene geometry. However,
their approach relied on simplified geometry and idealized physical models, which
limited its ability to handle the complexities and variations in real-world images.

Recent deep learning advancements have significantly improved shadow de-
tection [2, 14, 15, 25, 47, 67, 68]. Ding et al . [8] introduced an attentive recurrent
GAN that iteratively detects and removes shadows. Chen et al . [4] leveraged
multiple cues from shadow regions, edges, and shadow counts, using a student-
teacher model. Zhu et al . [69] noted that deep shadow detectors were overly
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reliant on intensity cues and proposed a feature decomposition and reweighting
approach to reduce intensity bias. SDCM [70] used a complementary mechanism
to jointly detect shadow and non-shadow regions by transferring deactivated in-
termediate features between branches. Sun et al . [42] focused on preserving mul-
tiscale contrast information by mapping RAW images to sRGB representations
of varying intensities. More recently, SwinShadow [53] leveraged a transformer-
based architecture with a shifted window mechanism to better detect adjacent
shadows by capturing hierarchical contextual details. In addition, several ap-
proaches have targeted more specialized tasks. [48–50] focused on the instance
shadow detection task, concentrating on cast shadows associated with annotated
objects. Wang et al . [51] proposed MetaShadow, which studies object-centered
shadow reasoning by jointly addressing shadow detection, removal, and synthesis
within a unified framework.

While these recent methods have significantly advanced shadow detection,
they do not explicitly address the unique challenge of detecting attached shad-
ows. Several methods and datasets acknowledge the importance of attached shad-
ows. Yang et al . [61] annotated attached shadows for the SBU-test set and pro-
posed a method that uses predicted shadows as updated training labels. Hu et
al . [14] introduced a benchmark in which a large portion of the shadows are at-
tached shadows. However, these approaches still treat cast and attached shadows
uniformly, ignoring their distinctions.

Estimated lighting has been widely used in computer vision tasks. Exist-
ing illumination representations can be broadly categorized into three types:
environment maps [40,45], light probes [1,37], and parameterized lighting mod-
els [7,9,64]. In this paper, we adopt a three-dimensional light-direction parame-
terization to model a dominant distant directional light, typical of outdoor day-
light, and to provide a controlled, interpretable link between illumination and
scene geometry. Importantly, shadow understanding under this single-direction
assumption remains actively studied [55], and attached shadow detection is still
challenging even in this setting.

3 Method

3.1 Framework Overview

Our framework detects both cast and attached shadows by jointly learning
shadow detection and light estimation from a single RGB image and its cor-
responding normal map (Fig. 3). We define attached shadows as shadows on the
object itself (typically on surface regions oriented away from the light), and cast
shadows as shadows projected onto external surfaces. Attached shadows depend
on surface orientation and lighting, motivating our geometry- and light-aware
design. We assume a single scene-wide directional light shared across the image,
and define ℓ to point from the light toward the scene.

Our shadow detection module is formulated as a multi-class segmentation
task over {bg, cast, attached}, taking the RGB image and normal map as input.
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Fig. 3: Framework overview. Our network consists of a shadow detection module
and a light estimation module. The detector predicts cast and attached shadows, while
the light module estimates a 3D light direction and generates a geometry-based partial
attached shadow map. This partial map is fed back to the detector as an additional
input during iterative training, enabling progressive refinement.

Our light estimation module leverages the normal map and predicted shadows to
estimate the light direction as a three-dimensional vector. Using the estimated
light direction and surface normals, we generate a geometry-derived partial at-
tached shadow map from a simple normal-light alignment cue. This partial map
is incorporated as an additional input to refine shadow detection, while the pre-
dicted shadows provide auxiliary cues for light estimation. The two modules
operate in a closed loop and are iteratively refined over multiple forward passes,
improving both shadow detection and light estimation.

3.2 Iterative Training

Shadow and illumination serve as mutual cues for estimating each other [35].
Similarly, our framework jointly and iteratively refines shadow detection and
light estimation.

Each training step consists of multiple iterations. In each iteration, we use
the predicted light direction and surface normals to generate a partial attached
shadow map derived from geometry and light direction. This map highlights
pixels that are likely to belong to attached shadows based purely on local sur-
face orientation and the light direction. It is not a complete attached shadow
mask because it does not model visibility or geometric blocking; thus, it can-
not capture cases where one surface region blocks light from reaching another.
Still, it provides reliable local cues near contact regions and boundaries, and is
fed to the shadow detection module in the next iteration as an additional input
to predict the complete cast and attached shadow masks. Because this map is
generated from the current light estimate during training, the detector learns to
use imperfect geometry cues.

Specifically, given a light direction vector ℓ ∈ R3 pointing from the light
source toward the surface and surface normals n ∈ RH×W×3, the partial attached
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shadow map, denoted as Mattached, includes surface points oriented away from
the light source as:

Mattached =

{
1, n · ℓ > 0

0, n · ℓ ≤ 0
(1)

This geometry-based map serves as a coarse attached-shadow prior. As the
estimated light direction becomes more accurate across iterations, the map is
progressively refined, leading to improved shadow detection and, in turn, better
light estimation. In the first iteration, the partial attached-shadow map is set to
an all-ones map.

3.3 Training Objectives

We jointly optimize the two modules with complementary objectives for shadow
detection and light estimation. The shadow loss enforces accurate and well-
separated segmentation of cast and attached shadows, while the light loss su-
pervises the estimated light direction and regularizes it for physical plausibility.
Together, these objectives encourage stable convergence of the iterative refine-
ment process described above.

Shadow Detection Loss. We supervise the shadow detector at two complemen-
tary levels. First, for global shadow segmentation (shadow vs. background), we
aggregate subclass logits with the log-sum-exp (LSE): LSE(a, b) = log(ea + eb).
Let zbg, zcast, zatt ∈ R be per-pixel logits; we define:

s = LSE(zcast, zatt)− zbg. (2)

We match s to the union ground-truth shadow mask yunion ∈ {0, 1} using a
binary cross-entropy (BCE) term plus a Dice [41] regularizer:

Lseg = BCE(s, yunion) + λDice Dice(s, yunion). (3)

Second, to distinguish shadow types (cast vs. attached), we apply a standard
multi-class cross-entropy (CE) on the full logits with per-pixel labels ytype ∈
{bg, cast, att}. In addition, we impose a class-conditional margin on the cast vs.
attached logits to sharpen their separation. Let d(i) = z

(i)
cast − z

(i)
att, and let Ωcast

and Ωatt be the index sets of pixels labeled cast and attached, respectively. With
margin m = 0.2, we have:

Ldist =
1

|Ωcast|
∑

i∈Ωcast

max
(
0, m− d(i)

)
+

1

|Ωatt|
∑

i∈Ωatt

max
(
0, m+ d(i)

)
, (4)

Ltype = CE(z, ytype) + λdist Ldist. (5)

Together, this supervision encourages robust recovery of overall shadow extent
while explicitly teaching the model to separate attached from cast shadows. The
total shadow loss is therefore:

Lshadow = Lseg + Ltype. (6)
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Light Estimation Loss. We constrain the light estimator with three comple-
mentary losses. First, we encourage light cues to localize attached shadows by
aligning Mattached with the ground-truth attached shadow mask yatt ∈ {0, 1} via
a weighted BCE. Second, we regress the predicted light direction ℓ̂ to a heuristic
target ℓ⋆ (from geometry; see Sec. 4 for details) with an ℓ1 loss. Third, we enforce
a unit norm:

Latt = BCEw(Mattached, yatt), Ldir =
∥∥ℓ̂− ℓ⋆

∥∥
1
, Lunit = (∥ℓ̂∥2 − 1)2. (7)

The overall light loss is then:

Llight = λattLatt + λdirLdir + λunitLunit. (8)

Finally, the full training objective is:

Ltotal = Lshadow + Llight. (9)

4 Dataset

We introduce the first dataset specifically curated for cast and attached shadow
detection, consisting of 1,166 training and 292 test images. Each image is paired
with (i) a surface normal map, (ii) a ray-based heuristic 3D light direction, (iii)
binary cast and attached shadow masks, and (iv) an “undefined” shadow mask.
Fig. 4 shows example annotations.

Our dataset is compiled from three public sources: 220 images from WSRD
[44] (paired shadow/shadow-free images), 710 images from SOBA [50] (shadow
images with instance-level cast masks), and 528 images from CUHK [14] (scene-
level full-shadow masks).

Accurately annotating cast and attached shadows per pixel in natural scenes
is highly labor-intensive due to mixed shadow types. To simplify annotation, we
restrict fine-grained labeling to foreground objects: we manually mark the cast
shadows and attached shadows associated with the annotated objects. All re-
maining shadow pixels not attributable to these objects are labeled as undefined
shadows. We use undefined shadows only for full-shadow supervision and evalua-
tion, and exclude them from cast/attached training and evaluation. This avoids
ambiguous ownership and provides a fairer assessment of cast/attached separa-
tion. Additional details on data preparation are provided in the supplementary
material.

Normal Maps. Since geometry is crucial for identifying attached shadows, we
use a recent foundation model [62] to predict relative depth, which we convert
to normal maps.

Object Masks. We extract object masks using BiRefNet [66]. These masks are
used only for annotation and evaluation.
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Fig. 4: Examples of our proposed dataset. We curate the dataset from WSRD [44],
SOBA [50], and CUHK [14]. Each image is paired with its normal map, light direction,
and cast/attached/“undefined” shadow masks. Light direction is camera-centric: +x
right, +y down, +z inward.

Cast and Attached Shadow Masks. Using the object masks, we manually an-
notate and refine cast and attached shadow masks for SOBA and CUHK. For
WSRD, which lacks shadow masks, we derive full-shadow masks by color-space
subtraction between shadow and shadow-free images, and then annotate cast
and attached components.

Light Directions. WSRD images are captured under a calibrated fixed-lighting
system [44]; therefore, we manually compute ground-truth 3D light directions.
For SOBA and CUHK, we estimate a heuristic 3D direction in two steps. (i)
In-plane direction. We compute a 2D image-plane direction by connecting
the centroid of a foreground object to the centroid of its cast shadow. Under a
directional-light assumption, a cast shadow can be viewed as the object trans-
lated along the illumination direction and projected onto the receiving surface;
thus, the object-to-shadow displacement provides the illumination ray’s image-
plane projection. (ii) Depth sign. We infer the third component from the rela-
tive depth between the object region and its cast shadow region. If the shadow lies
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Table 2: Quantitative comparison with state-of-the-art methods on our dataset. We
report BER↓ and F1↑ for full, cast, and attached shadows. Methods fine-tuned on our
training set are marked with †. Best results are in bold.

Full Cast Attached

Methods BER↓ F1↑ BER↓ F1↑ BER↓ F1↑

BDRAR [68] 21.29 70.53 7.23 79.64 35.41 52.32

DSD [67] 22.53 68.75 7.83 80.10 35.93 51.74

FSDNet [14] 24.46 66.09 10.51 79.16 37.53 46.24

MTMT [4] 33.10 50.00 15.16 74.66 42.02 38.10

FDRNet [69] 23.69 65.69 8.95 71.65 34.82 55.15

SDCM [70] 24.27 66.51 7.88 83.42 36.83 49.02

SILT [61] 20.20 71.51 4.64 80.39 32.70 60.23

BDRAR† 8.15 83.95 5.18 72.86 20.75 82.69

FSDNet† 10.17 85.10 5.82 81.94 19.49 80.57

FDRNet† 8.62 83.00 4.65 73.27 23.11 81.42

SILT† 6.51 82.98 4.52 68.31 26.57 80.72

Ours 6.50 86.61 5.04 85.46 12.92 86.49

on a surface deeper than the object, the illumination has a component pointing
into the scene; if it lies shallower, the component points toward the camera. Com-
bining this signed component with the in-plane vector and normalizing yields a
3D unit direction in our camera-centric frame (+x right, +y down, +z inward).

5 Experiments and Results

Implementation Details. The proposed framework is implemented using PyTorch
[36]. The shadow detection backbone follows SILT [61], and the light estimation
module uses ConvNeXt-S [29]. We train with Adam [18] (learning rate 5×10−4,
20 epochs, batch size 4). We set λDice, λdist, λatt, λdir, and λunit to 0.1, 0.2, 0.4,
0.5, and 0.1, respectively. Additional details are provided in the supplementary.

Evaluation Methods and Metrics. We compare against seven state-of-the-art
methods: BDRAR [68], DSD [67], FSDNet [14], MTMT [4], FDRNet [69], SDCM
[70], and SILT [61]. We evaluate all baselines with their SBU-pretrained weights
and additionally fine-tune BDRAR, FSDNet, FDRNet, and SILT on our training
set with full-shadow supervision (marked with † in Tab. 2).

We report the F1 score, F1 = 2TP
2TP+FP+FN , and the balanced error rate

(BER), BER = 100×
(
1− 1

2

[
TP

TP+FN + TN
TN+FP

])
, where TP , TN , FP , and FN

denote true positives, true negatives, false positives, and false negatives.
For prior baselines that output a single shadow mask, we split their predic-

tions using the object mask. Cast evaluation excludes the undefined region, and
attached evaluation is restricted to the object region.
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Image BDRAR† FSDNet† FDRNet† SILT† Ours GT

Fig. 5: Qualitative comparison of our method with retrained BDRAR [68], FSD-
Net [14], FDRNet [69], and SILT [61] on our dataset. Predicted masks are overlaid
on the input image (green: attached, red: cast). Our geometry- and light-aware itera-
tive framework produces more accurate attached-shadow boundaries.

5.1 Comparison with SOTA methods

Quantitative Comparisons. Tab. 2 reports BER and F1 scores for full, cast,
and attached shadows. Our method achieves the best performance on full and
attached shadows in both metrics and the strongest cast F1, while its cast BER
remains comparable to prior approaches.

We first evaluate the SBU-pretrained baselines, which are cast-focused. All
methods show a clear gap between cast and attached performance, with attached-
shadow BER worse by about 20–30 points. These models primarily capture cast
shadows, which often appear as contiguous, lower-intensity regions, and only
detect attached shadows when they visually resemble cast shadows. This high-
lights the limitations of cast-biased training data for attached-shadow detection.
We then retrain the baselines on our data using full-shadow supervision. This
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Image Our Prediction GT Image Our Prediction GT

Fig. 6: Examples with foreground-only annotations. Although supervision is limited
to the foreground objects, our method produces coherent cast and attached shadow
predictions over the full image.

narrows the gap, but the baselines still struggle with attached shadows. A key
limitation is that they treat the two shadow types uniformly and ignore that
attached shadows are governed by surface orientation and contact rather than
occlusion.

In contrast, our method leverages geometry and lighting by using surface
normals and estimating a light direction. These physical cues let the model reason
about where attached shadows should occur while preserving cast performance.
As a result, attached shadow BER is reduced by at least 33% relative to retrained
baselines, while maintaining strong performance on full and cast shadows.

Qualitative Comparisons. Fig. 5 shows visual comparisons between four re-
trained baselines and our method. The baselines produce a single shadow mask,
so we use the object mask to split their outputs into cast and attached regions.
Our method follows occluder geometry and the estimated light direction, pro-
ducing geometry-consistent attached-shadow boundaries on surfaces facing away
from the light (rows 1–2). In contrast, the baselines rely mainly on image appear-
ance and tend to mark dark regions as shadows, even when those surfaces are
lit (rows 3–5). By using surface normals, an estimated light direction, and sep-
arate predictions for cast and attached shadows, our method improves attached
shadow quality while maintaining strong cast predictions.

We further show qualitative results in Fig. 6 where the ground-truth anno-
tations cover only foreground objects, yet our method correctly assigns cast and
attached labels across the remaining undefined shadow regions. This suggests a
potential path toward reducing dense annotation effort through pseudo-labels or
weak supervision.

5.2 Ablation Studies

To validate the effectiveness of our framework design, we conduct ablation studies
to analyze the contributions of (i) surface-normal guidance, (ii) the iterative
learning scheme, and (iii) each loss component.

Effect of geometry guidance. We examine the role of surface normals as geometry
guidance. Removing surface normals reduces our model to a standard multi-
class segmentation network trained with class-specific labels. This substantially
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Table 3: Ablation of our geometry- and light-aware framework. We evaluate the impact
of (i) removing surface normals, (ii) varying the number of refinement iterations, and
(iii) disabling individual loss terms. We report BER↓ and F1↑ for full, cast, and attached
shadow detection.

Full Cast Attached

Setting BER↓ F1↑ BER↓ F1↑ BER↓ F1↑

Geometry
No Normal 7.60 85.46 7.82 79.33 20.87 77.07

Iterations
Non-iterative 7.57 85.99 6.14 87.75 15.10 83.91

2 iterations 6.63 87.77 5.41 86.75 13.22 85.63

3 iterations (final) 6.50 86.61 5.04 85.46 12.92 86.49

5 iterations 6.11 87.14 5.83 85.57 13.51 85.74

Loss terms
No Ldist 7.19 86.25 6.16 85.69 13.45 85.38

No Latt 6.89 87.03 5.81 85.26 14.61 84.24

No Ldir 7.50 86.42 4.97 85.02 15.26 83.59

degrades performance across metrics, with the largest drop on attached shadows,
yielding results comparable to retrained baselines. This confirms that surface
normals provide strong spatial priors for separating cast and attached shadows.

Effect of iterative learning. We evaluate a non-iterative variant that jointly trains
shadow detection and light estimation with normal maps, but does not feed the
predicted partial attached map back into the detector. As shown in Tab. 3, this
setting outperforms the variant without normal guidance, confirming the benefit
of geometry awareness. We then vary the number of refinement iterations (2, 3,
and 5). Iterative feedback improves predictions: two iterations provide the largest
gain, and performance saturates at three iterations, as also shown by the interme-
diate results in Fig. 7. Increasing to five iterations slightly improves full-shadow
accuracy but reduces class-specific performance, suggesting over-refinement of
the partial map. In terms of efficiency, runtime increases approximately linearly
with the number of iterations; our 3-step setting is 3× slower than the non-
iterative model (0.55 s vs. 0.18 s per image). Overall, geometry provides the key
prior, and iterative refinement further improves segmentation.

Effect of loss design. We ablate each loss term individually during training.
Removing any single term reduces performance, indicating that the losses are
complementary. Ldist encourages separation between cast and attached logits
via a class-conditional margin, leading to a clearer decision boundary. The light-
related losses, Latt and Ldir, guide the light estimator to produce spatially co-
herent partial maps by aligning outputs with ground-truth cues and enforcing
directional consistency. Together, these objectives promote effective geometry–
light interaction and more reliable shadow predictions.
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Image Att. Iter 1 Att. Iter 2 Att. Iter 3

GT Cast Iter 1 Cast Iter 2 Cast Iter 3

Fig. 7: Effectiveness of the iterative learning scheme. Our proposed feedback
mechanism progressively refines the shadow predictions, showing clear visual improve-
ments at the second iteration and stabilization at the third.

Frame 120 Frame 200 Frame 280

Fig. 8: Cross-dataset generalization on SBU-TimeLapse [23]. We apply our
model to a static-camera video with time-varying shadows and visualize predictions at
different time steps. The results remain temporally consistent and show coherent cast
and attached shadow separation across the sequence.

5.3 Cross-dataset Generalization

To assess generalization beyond our training data, we conduct experiments on
SBU-TimeLapse [23], a static-scene video dataset with time-varying shadows. We
run our model on each frame independently. As shown in Fig. 8, our predictions
remain temporally consistent while producing accurate cast and attached shadow
separation across the sequence, indicating robustness to temporal shadow vari-
ation. Additional qualitative results are provided in the supplementary.

5.4 Shadow Removal Application

Shadow masks are widely used in downstream tasks. To demonstrate the practi-
cal value of separating attached shadows, we study shadow removal as an exam-
ple. We guide an off-the-shelf shadow removal model [10] using a joint shadow
mask, and then refine the result within the object region using the attached
shadow mask. Because our data do not provide shadow-free ground truth for
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Image Object Mask Result 1 Result 2

Fig. 9: User study example. Each question shows the input image and object mask,
along with two candidate results: one guided by a joint shadow mask and the other
guided by separate cast/attached masks with object-region refinement. Candidate order
is randomized, and participants select the more natural output.

Table 4: User study on shadow
removal. Participants were asked
to choose the more natural result
between the joint-mask guidance
(Joint) and separate-mask guid-
ance with attached-region refine-
ment (Separate).

Method Preference (%)

Joint 19.3
Separate 80.7

Input Image Normal Map Ours Attached

Fig. 10: Limitations. Attached-shadow errors can
arise from inaccurate surface normals, such as
flipped normal directions that lead to incorrect
attached-shadow predictions.

quantitative evaluation, we conduct a user study in which participants choose
the more natural of the two outputs (see Fig. 9). As shown in Tab. 4, partici-
pants prefer the result that uses the attached mask for refinement in 80.7% of
comparisons. This outcome underscores the importance of separating cast and
attached shadows: it enables targeted refinement on the object while removing
cast shadows, leading to more realistic results.

6 Limitations

As an initial step toward detecting both cast and attached shadows, our frame-
work has certain limitations. First, it relies on scene geometry derived from
normal maps generated by an off-the-shelf model [62]. However, this foundation
model does not always yield accurate surface orientations, and such errors can
propagate to our predictions, as illustrated in Fig. 10. Improving the reliabil-
ity of geometric cues through better normal estimation or geometry refinement
is a promising direction for future work. Second, our approach assumes a sin-
gle directional light source, which may not generalize well to complex illumina-
tion settings, including multi-source indoor lighting, soft shadows from extended
light sources, and low-light/night-time scenes with strong indirect illumination.
Future work could extend the lighting formulation beyond a single directional
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source by modeling multiple or area lights, and broaden training data to cover
more diverse illumination conditions.

7 Conclusion

We introduced a geometry- and light-aware framework for separately detecting
cast and attached shadows, addressing the gap where most prior shadow detec-
tors predict a unified mask or remain cast-focused. Motivated by the relationship
between illumination, surface geometry, and shadows, our method jointly learns
shadow segmentation and light estimation: the estimated light direction and
surface normals yield a geometry-derived partial attached shadow map, which is
fed back to refine detection, while predicted shadows provide cues for updating
the light direction. This closed-loop, iterative formulation, together with explicit
supervision for cast/attached separation, consistently improves attached-shadow
detection while maintaining strong cast-shadow performance, as shown by com-
parisons to state-of-the-art baselines. To support future research and model de-
velopment, we introduce a new dataset with high-quality separate annotations
for cast and attached shadows.
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