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3Eurecat, Centre Tecnològic de Catalunya, Multimedia Technologies, Barcelona, Spain
4AMIAD, Pôle Recherche, France
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Abstract

We introduce the S-EO dataset: a large-scale, high-

resolution dataset, designed to advance geometry-aware

shadow detection. Collected from diverse public-domain

sources, including challenge datasets and government

providers such as USGS, our dataset comprises 702 georef-

erenced tiles across the USA, each covering 500 × 500 m.

Each tile includes multi-date, multi-angle WorldView-3

pansharpened RGB images, panchromatic images, and a

ground-truth DSM of the area obtained from LiDAR scans.

For each image, we provide a shadow mask derived from

geometry and sun position, a vegetation mask based on the

NDVI index, and a bundle-adjusted RPC model. With ap-

proximately 20,000 images, the S-EO dataset establishes a

new public resource for shadow detection in remote sens-

ing imagery and its applications to 3D reconstruction. To

demonstrate the dataset’s impact, we train and evaluate a

shadow detector, showcasing its ability to generalize, even

to aerial images. Finally, we extend EO-NeRF — a state-of-

the-art NeRF approach for satellite imagery — to leverage

our shadow predictions for improved 3D reconstructions.

1. Introduction

Shadows play a crucial role in visual perception, provid-

ing key insights into depth, contours, textures, and lighting

within a 3D scene. Although they can hide scene details by

darkening regions where light is obstructed, they also en-

code valuable information about object shapes [19, 25] and

spatial relationships, enabling scene interpretation without

requiring additional data sources. Whether the goal is to re-

move shadows to recover hidden details or to leverage them

as geometric cues, accurate shadow detection is an essential

Figure 1. Example multi-date satellite images and shadow masks

of an area from the S-EO dataset. Shadows and their variations are

critical cues for Earth Observation algorithms focused on geome-

try estimation and scene understanding.

task for image-based scene understanding.

As shadows are present in nearly all satellite images [30],

the development of accurate shadow detection methods is

particularly important to create efficient systems dedicated

to Earth Observation (EO). As in many other domains,

state-of-the-art approaches primarily rely on deep learning

techniques [16], which require large, high-quality annotated

datasets for effective training. While remote sensing data

availability continues to grow, dedicated shadow datasets

remain scarce. To our knowledge, only one prior work has

publicly released a small dataset [30], with approximately

500 manually annotated images.

To address this limitation, we introduce a large-scale,

high-resolution dataset designed to advance research in

shadow detection and 3D reconstruction: the S-EO dataset

(named after Shadow-aware Earth Observation). Our

dataset, derived from the IARPA CORE3D program data [5,

12, 18, 24], consists of extensive multi-date, multi-angle

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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WorldView-3 imagery at 30 cm resolution, along with geo-

referenced shadow masks and aligned Digital Surface Mod-

els (DSMs) derived from USGS LiDAR scans (Map ser-

vices and data available from U.S. Geological Survey, Na-

tional Geospatial Program). Shadow masks, depicted in

Figure 1, were automatically generated from the surface

models using a shadow-casting algorithm and the sun posi-

tion. All images and data are delivered in a ready-to-use for-

mat: https://centreborelli.github.io/shadow-

eo.

With more than 700 georeferenced and annotated tiles of

500 × 500 m, totaling approximately 20,000 images, and

the associated DSMs, the S-EO dataset provides a new pub-

lic resource for both shadow detection and shadow-aware

3D modeling from remote sensing data. The S-EO dataset

includes a wide variety of samples, covering diverse cities

with different urban layouts, vegetation types and climate,

observed at different seasons and times of the day. For in-

stance, it captures snow-covered landscapes, which intro-

duce additional challenges for shadow detection models.

To demonstrate the relevance of this novel dataset, we

train a shadow detection model and show that it general-

izes effectively, even to aerial datasets. Our experiments

find that the U-Net architecture [37] remains a strong base-

line, performing on par with specialized shadow detection

models. Furthermore, we extend the state-of-the-art multi-

view 3D modeling framework EO-NeRF [34] to incorporate

shadow mask supervision using the detector predictions.

Our results show that shadow supervision consistently im-

proves 3D reconstruction performance, boosting both the

accuracy of altitude values and the quality of output shapes.

In summary our contributions consist of:

– A large-scale, high-resolution shadow dataset (S-EO),

built from public-domain WorldView-3 imagery and

USGS LiDAR-derived DSMs.

– A shadow detector for remote sensing images, trained

on the S-EO data. We evaluate its performance and

demonstrate its generalization ability. With minimal fine-

tuning, our model surpasses the state-of-the-art in shadow

segmentation on previously unseen aerial imagery.

– A demonstration of shadow-supervised 3D recon-

struction from satellite imagery. We incorporate

shadow-based supervision into EO-NeRF and show that

it improves 3D reconstruction quality.

Along with the dataset, we release the complete data

processing pipeline, our shadow detection model, and our

shadow-supervised implementation of EO-NeRF.

2. Related work

2.1. Deep supervised shadow detection

A comprehensive overview of the state-of-the-art in deep

shadow detection is provided by [16]. Here, we highlight

key advances in the field, focusing on both model architec-

tures and datasets.

Models. Supervised shadow detection has evolved along-

side broader trends in computer vision. Early deep learn-

ing approaches [22, 23] replaced hand-crafted features

with neural networks, which were later integrated into

optimization models such as Conditional Random Fields

(CRFs) [48] for refinement. Over time, the focus shifted

to end-to-end models, such as GAN-based approaches [36],

where the shadow detector operates as the generator of a

conditional GAN.

Subsequent advancements introduced multi-scale archi-

tectures [14] to better capture fine details, while recent

state-of-the-art models leverage popular backbones such as

ResNeXt [45], U-Net variants [37], or EfficientNet [41].

Transformers are also being used for shadow detection [20],

to efficiently capture contextual relationships with smaller

models and achieve faster inference times.

However, as noted in [16], comparisons between ex-

isting methods often suffer from inconsistencies in input

sizes, evaluation metrics, datasets, and implementation de-

tails, making it difficult to determine whether newer archi-

tectures truly outperform earlier ones. Since not all models

in the literature are publicly available, this work relies on

the implementations listed in [16]. The FSDNet [15] is se-

lected as a baseline due to its balance between performance

and efficiency. The FSDNet architecture is characterized by

Direction-aware Spatial Context (DSC) modules [14] and a

MobileNet V2 backbone [40].

Datasets. Popular benchmarks for shadow detection typi-

cally contain thousands of real-world images from diverse

domains. SBU [13], one of the most widely used datasets,

provides 4,087 training images and 638 testing images.

However, as noted by [46], shadow annotations are often

noisy and inconsistent. To address this, a method for self-

supervised label refinement is introduced for training along-

side expert-verified annotations for the test partition.

ISTD [44] introduces a dataset designed for both shadow

detection and removal, providing triplets of shadow images,

shadow masks, and shadow-free images. It contains 1,330

training images, 540 testing images, and 135 distinct back-

grounds. CUHK-Shadow [15] presents a large-scale dataset

of 10,500 shadow images, categorized into different shadow

types, including building shadows, Google Maps images,

and shadows cast by people and objects.

2.2. Shadow detection in remote sensing

AISD [30] was the first publicly available remote sensing

dataset for shadow detection. It is derived from the Inria

Aerial Image Labeling Dataset [31] and consists of 514 im-

ages with manually annotated shadow masks. The image

sizes vary between 256×256 and 1688×1688 pixels. The

dataset covers regions in both the United States (Austin,
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Figure 2. Top to bottom: S-EO dataset images from three sites— in Jacksonville, Omaha, and San Diego. For each site, left to right: the

pansharpened RGB image; the DSM computed from the minimum elevation per grid cell (DSM Min) and its derived shadow mask; and the

DSM computed from the maximum elevation per grid cell (DSM Max) with its respective shadow mask. DSM Min yields a cleaner shadow

mask by filtering out transient elements (e.g., trees), although it may erode building edges and produce smaller shadows. In contrast, DSM

Max preserves more building details and generates larger shadows but with increased noise in the shadow mask.

Chicago) and Austria (Tyrol, Vienna, Innsbruck). It is split

into 412 training images, while the validation and test sets

each contain 51 images with their corresponding masks.

In the same work, the authors introduce DSSDNet, a

deep learning architecture for remote sensing shadow de-

tection. The model comprises two key components: (1)

an encoder-decoder residual (EDR) structure, which ex-

tracts multi-level and discriminative shadow features, and

(2) a deeply supervised progressive fusion (DSPF) module,

which enhances detection by progressively refining feature

maps during training. Unfortunately, the model weights are

not publicly available, and the codebase is implemented in

MATLAB, making it difficult to use in modern deep learn-

ing frameworks.

In [43], the authors address the domain gap in shadow

detection models between ground-level images and aerial

imagery, as well as the scarcity of annotated satellite im-

age datasets. They propose a pipeline for automatically

generating shadow masks using dense 3D point clouds re-

constructed from city-scale Wide Area Motion Imagery

(WAMI) sequences and the sun position. While their ap-

proach shares similarities with ours, there are some key dif-

ferences. Unlike our method, which leverages large-scale

ground-truth 3D models and satellite imagery, their ap-

proach relies on 3D point clouds reconstructed from aerial

imagery. Their contribution is limited to preliminary exper-

iments and does not include a publicly released dataset.

2.3. Shadows in advanced 3D modeling

In recent years, multi-view 3D scene modeling has reached

unprecedented levels of photorealism, driven by advanced

volumetric representations such as NeRF [35] and Gaus-

sian Splatting [21]. The variants of these methods adapted

to satellite imagery have emphasized the importance of

shadows in accurately interpreting both scene appear-

ance and geometry. Notable examples include Shadow-

NeRF [9], Sat-NeRF [33], EO-NeRF [34], SUNDIAL [3],

Sat-NGP [4], and EOGS [1], among others. These works

highlight the importance of incorporating shadow estima-

tion into the optimization process to produce more accurate

geometric reconstructions, as shadows and scene geometry

are intrinsically linked. Early models predicted shadows di-

rectly using embedding vectors based on the sun position,

whereas more recent approaches use additional constraints,

such as mathematical modeling of light transmittance for

analytical shadow computation [34] and irradiance models
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of higher complexity [3].

Shadow masks have been successfully used for geome-

try recovery in NeRF-based methods for conventional im-

agery [28, 42]. With the emergence of new datasets and

improved shadow detection techniques for remote sensing

images, shadow masks could also be integrated into the op-

timization of these volumetric representations for remote

sensing applications.

3. Method

3.1. Shadow-aware Earth Observation Dataset

The dataset consists of 702 georeferenced tiles of 500 ×
500 m each across the cities of Jacksonville, Omaha, and

San Diego [5, 12, 18, 24] as shown in Figure 2. For each

tile, we provide multiple:

– Panchromatic (PAN) WorldView-3 images (30 cm)

– Pansharpened RGB images (30 cm);

– Bundle-adjusted RPC models for all PAN and pansharp-

ened images;

– DSMs obtained from LiDAR data from USGS with a

50 cm grid resolution. Two versions: min and max ag-

gregation of altitude values;

– Vegetation masks based on the Normalized Difference

Vegetation Index (NDVI);

– Shadow masks. Two versions corresponding to min and

max DSMs.

With multiple images per tile, captured on different dates

and from various angles, we obtain a total of 19,162 images

and masks of approximately 1500× 1500 pixels. Note that

the exact image size varies depending on the viewing angle.

Shadow mask generation. Manually annotating shadow

masks is a time-consuming task that becomes infeasible at

the scale of the dataset presented here. In [30], the authors

report having spent four months annotating just 514 images.

We use a shadow simulation algorithm to automatically

generate shadow masks at scale from existing data. For each

image in the dataset, the shadow mask is computed using

the sun position at the time of capture, the aligned DSM for

the area of interest, and the image camera models provided

by the RPCs. Our algorithm consists of two steps: shadow

casting, where shadows are simulated over the DSM based

on the sun position and geometry, and shadow projection,

where these shadows are projected onto each image using

the corresponding RPCs. To make sure that the shadow pro-

jection step produces sufficiently dense maps, we generate

higher resolution masks by upscaling the DSM by a factor

of 4 before shadow casting.

The shadow casting algorithm simulates terrain shadows

on the raster DSM by casting rays in the direction of the

sun and marking occluded pixels as shadow (Algorithm 1).

Discrete ray trajectories are computed for each pixel using

a modified Bresenham algorithm [6]. Along each ray, oc-

Algorithm 1 Shadow casting algorithm

Require: A DSM, i.e. an altitude map of size H ×W , and

the Sun position given by the azimuth α and elevation

β angles.

Ensure: A shadow mask SDSM ∈ {0, 1}H×W , where 1
indicates a shadow.

1: p ← − sin(α)× cos(β) � x-component of sun dir.

2: q ← cos(α)× cos(β) � y-component of sun dir.

3: a ← tan(β) � slope of sun rays

4: M ← 0 � Initialize all pixels as illuminated

5: Paths ← ComputeBresenhamPaths(W,H, p, q)
6: for each path Π in Paths do

7: � ← Π[0] � Index of the first pixel of this path

8: for j = 1 . . . |Π| − 1 do

9: (x�, y�) ← SubPixelCoord(�)
10: (xj , yj) ← SubPixelCoord(Π[j])

11: d ←
√
(xj − x�)2 + (yj − y�)2

12: Z� ← BilinearInterp(DSM, x�, y�)
13: Zj ← BilinearInterp(DSM, xj , yj)
14: l = (Z� − Zj)/a � Equation (1)

15: if d < l then

16: M [Π[j]] ← 1 � Current pixel → shadow

17: else

18: � ← Π[j] � Current pixel → new occluder

clusion testing is performed using subpixel-accurate sam-

pling of the DSM and a threshold defined by the sun’s ele-

vation β.

Given the first pixel along a ray with elevation Zoccluder,

by default this pixel is considered illuminated and defined as

the first occluder. For each subsequent pixel along the ray

with elevation Zcurrent and located at a horizontal distance

d from the occluder, the horizontal length of the shadow

casted by the occluder is

l =
Zoccluder − Zcurrent

tanβ
. (1)

If the horizontal distance between the pixels is smaller than

the shadow length d < l: the current pixel is marked as a

shadow; otherwise the pixel is considered illuminated and

becomes the new occluder. The result is a shadow cast map

that we denote SDSM .

After casting shadows on the DSM, the next step is

to project them into the image coordinate system (Algo-

rithm 2). The DSM pixel coordinates are localized to obtain

the world coordinates, and then re-projected into the image

coordinates using the RPC. Because of the projection, sev-

eral DSM points may project onto the same image pixel.

This is resolved with the use of a z-buffer, storing, for each

image pixel, a pair (Zmax, Smax) containing the elevation of

the highest projected DSM point Zmax, and its correspond-

ing value in SDSM i.e., Smax. The shadow value for the

image pixel is then given by Simg = Smax.
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Algorithm 2 Shadow projection from a DSM to an image

Require: A DSM, a shadow mask SDSM, the image size

(H,W ), RPC parameters associated to the image

Ensure: A projected shadow mask Simg, an uncertainty

mask U
1: Simg ← 0

H×W � Initialize with non-shadow

2: U ← 1
H×W � Initialize uncertainty mask

3: Zbuffer ← −∞H×W � Initialize Z-buffer

4: for (x, y) ∈ DSM do

5: (X,Y, Z) ← WorldCoords(x, y)
6: I ← RPCProjection(X,Y, Z)
7: if I is within image bounds and Z > Zbuffer(I) then

8: Zbuffer(I) ← Z � Update Z-buffer

9: Simg(I) ← SDSM(x, y) � Update shadow

10: U(I) ← 0 � Mark as certain

11: Simg ← RemoveSmallRegions(Simg)

During the projection step, a small number of image pix-

els may not receive any corresponding projection from the

DSM. These pixels are assigned a default non-shadow value

and stored in an uncertainty mask to indicate areas without

valid information. Finally, a post-processing step is applied

to remove small spurious shadow regions using connected

component analysis.

While our shadow annotation method is well-suited for

large-scale applications, it has certain limitations. First,

DSMs and satellite images are often captured at differ-

ent times—sometimes years apart—leading to discrepan-

cies between the two (e.g., buildings appearing in one but

not the other), which can result in missing or phantom shad-

ows. Additionally, although our method primarily aims to

label shadows of buildings and other static structures, tran-

sient objects such as large vehicles or seasonal vegetation

changes can introduce spurious shadow artifacts. These ar-

tifacts are not always fully removed by post-processing or

filtered out by vegetation masks.

Another limitation is the inability to handle hollow struc-

tures such as power lines or bridges. Since our method re-

lies on elevation data to cast shadows, all objects are treated

as solid walls, leading to inaccuracies in these cases. Fur-

thermore, because our shadow masks are entirely derived

from the DSM, any errors or inconsistencies in the DSM

directly propagate into the generated shadows.

Figure 3 illustrates some of these challenges, along with

predictions from a model trained on S-EO. Despite the noise

in annotations, as detailed in the experiments section, the

scale and overall quality of our dataset enable the training of

robust models that ultimately generate even more accurate

predictions than the provided labels.

Satellite data processing pipeline. The S-EO dataset pri-

marily relies on two data sources: WorldView-3 imagery

and corresponding metadata collected as part of the IARPA

Figure 3. Limitations of our shadow annotation method. Left to

right: pansharpened RGB image, shadow annotations, model pre-

dictions (S-EO-trained), and an overlay (magenta: ground truth,

cyan: predictions, orange: matches). DSM holes in the cross-

shaped building cause false positives, which the model corrects.

CORE3D program [5, 12, 18, 24], and LiDAR-derived el-

evation and terrain data from the USGS 3D Elevation Pro-

gram. The IARPA CORE3D data include respectively 26,

43 and 35 WorldView-3 images over Jacksonville, Omaha,

and San Diego, captured between 2014 and 2016. Each

WorldView-3 product contains panchromatic (PAN) images

at 30 cm resolution and the corresponding multi-spectral

(MSI) bands at 120 cm.

The S-EO processing pipeline begins with the definition

of 500 × 500 m square tiles, covering the footprints of all

available images in each city. Tiles with more than 60%
water coverage, determined using the SRTM Water Body

Data, are discarded. For each remaining tile, we extract the

corresponding MSI and PAN crops from all images. The

PAN images undergo radiometric correction. The MSI im-

ages first undergo a top-of-atmosphere correction and then

are pansharpened. For that, each band is first indepen-

dently aligned to the PAN using ORB feature matching [39].

Lastly, a vegetation mask is computed by thresholding the

NDVI index at 0.0, allowing the removal of vegetation and

tree shadows from further analyses.

To generate the DSMs, we use LiDAR data from

the USGS 3D Elevation Program, primarily relying on

the FL Peninsular FDEM Duval 2018, IA FullState, and

CA SanDiegoQL2 2014 datasets. When data from these

campaigns is unavailable, we use the most recent data avail-

able for the respective region. DSMs are computed at a grid

resolution of 50 cm per pixel.

To minimize the inclusion of shadows casted by thin or

transient structures such as trees, light poles, and transmis-

sion lines, we aggregate the point cloud using the minimum

elevation value in each cell (DSM Min). However, exper-

iments (Section 4.1) revealed that DSM Min introduces a

systematic bias, causing buildings to appear thinner and

their shadows smaller than expected. To address this issue,

we also compute a maximum-based DSM (DSM Max) and

generate an alternative set of shadow masks (see Figure 2).

Lastly, we ensure precise alignment and georeferencing
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between the images and the DSMs. Our approach follows

the same conceptual pipeline as [7], but differs in specific

implementation details, such as the choice of stereo models.

First, we perform bundle adjustment [32] on the PAN im-

ages to correct localization errors and discrepancies across

the RPCs of different cameras. This step ensures internal

consistency among cameras but does not provide absolute

georeferencing with respect to the DSMs. After bundle ad-

justment, we generate a robust photogrammetric DSM by

computing the median of 10 pairwise DSMs obtained with

S2P [2]. The image pairs for stereoscopic reconstruction

are selected based on the heuristics of [10, 11]. Once the

photogrammetric DSM is generated, we use it to estimate

the shift between the images and the LiDAR data, ensuring

full alignment between the ground-truth DSM and the S-EO

imagery.

3.2. Shadow Detection Network

We train a shadow detector for remote sensing images on

the S-EO dataset, leveraging both the shadow masks and

auxiliary masks. We experiment with two architectures: a

U-Net [37] and FSDNet [15], a fast, state-of-the-art, shadow

detection model. To improve model generalization, we in-

corporate data augmentation strategies proposed in [46].

Our models are initialized with pretrained weights from

a different domain (ground-level images). To better align

our dataset’s color distribution—enhancing contrast and vi-

sual consistency—we apply a two-step color correction pro-

cess. First, we perform a channel-wise quantile clip of in-

tensity values [26] to align the color bands, followed by a

histogram equalization [29] to enhance the contrast.

For training supervision, we employ the focal loss [27]

and explore different masking strategies. We exclude cer-

tain pixels from the loss computation using an uncertainty

mask (marking pixels not projected from the DSM, see Al-

gorithm 2) and a vegetation mask.

Min-Max shadow masks. Our training strategy leverages

the systematic differences between DSM Min and DSM

Max. DSM Min tends to erode buildings, shrinking their

structures and shadows, while DSM Max dilates them, ex-

panding both. This creates a margin between the two, which

we use to mitigate bias. As shown in Figure 4, we supervise

only in regions where both shadow masks agree, ignoring

the rest. This reduces shadow overlap with buildings and

improves the accuracy of predicted shadows (see Table 1).

4. Experiments

We conduct a series of shadow detection experiments to

showcase the impact of our dataset and demonstrate its ap-

plicability beyond our evaluation setup. The S-EO dataset

primarily functions as a large-scale training resource rather

than a validation set, due to the inherent noise in its annota-

Figure 4. Impact of bias reduction when training with DSM Min

and DSM Max shadow masks. The image shows shadow pre-

dictions for a San Diego tile: magenta (DSM Min-only training),

cyan (Min-Max training), and orange (overlap, where both models

agree). Magenta regions extend onto buildings, while cyan aligns

better with actual shadows.

tions (Figure 3). Our experiments show that it enables solu-

tions to various shadow-related challenges across different

domains.

4.1. Shadow detection on the S-EO dataset

During training, we randomly sample 512 × 512 patches

to generate training batches. We use a rolling window ap-

proach to ensure full coverage of validation images. We set

the batch size to 32 and use a learning rate of 5 × 10−3

with the AdamWScheduleFree optimizer [8]. The training

data consists of almost all Jacksonville sites, along with 50

sites from San Diego. The remaining data is reserved for

validation and testing. The excluded Jacksonville sites cor-

respond to tiles that Jacksonville sites JAX 341, JAX 342,

JAX 335, and JAX 334 are also excluded from training as

they overlap with EO-NeRF areas used later in Section 4.2.

Our initial experiments revealed no significant per-

formance differences between FSDNet, initialized with

weights from [16], and a general-purpose U-Net pretrained

on ImageNet. Given that U-Net is a widely used, well-

understood architecture with broad applicability, we opted

to conduct all subsequent experiments using the U-Net im-

plementation from [17] with the usage of squeeze and exci-

tation blocks [38].

Table 1 reports Balanced Error Rates (BER, Positive

BER, Negative BER) and F-Score—standard shadow detec-

tion metrics [16]—for both the Min-Max trained model and

the baseline trained with Min-only masks. To mitigate an-

notation noise, we use uncertainty masks and evaluate un-

der two conditions: (1) the full image and (2) only pixels

that are certain and where both Min and Max shadow masks

agree. We test on nine diverse areas with varied structures

across the three cities, where we manually verified the accu-

racy of shadow annotations. Qualitative results are shown

in Figure 5.

Thanks to the use of fully convolutional models, we can

process entire images at test time, allowing predictions to be

context-aware. As shown in Figure 6, having access to the

full scene can significantly impact shadow detection. When
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Metric Shadow detector Baseline (min shadows)

All Filt. All Filt.

BER (↓) 30.81% 21.79% 33.59% 28.54%

Pos. BER (↓) 59.76% 43.17% 66.47% 56.86%

Neg. BER (↓) 1.86% 0.42% 0.71% 0.22%

F-Score (↑) 48.47% 70.13% 46.76% 59.13%

Table 1. Evaluation metrics for shadow detection across diverse ar-

eas of the S-EO dataset: JAX 341, JAX 342, JAX 335, JAX 334,

UCSD 353, UCSD 573, OMA 93, OMA 930, OMA 967.

Shadow detector is the final model trained with the min-max

masks, baseline is only supervised with min shadows (Section 3.2)

Figure 5. Qualitative results on the S-EO dataset. Top to bot-

tom: Jacksonville (JAX 334 0), Omaha (OMA 93 15), San Diego

(UCSD 353 10). Left to right: input image, ground-truth shadow

mask, and model prediction.

only a patch is provided, a dark region may not be labeled

as a shadow if the object casting it is not visible. However,

feeding the entire image into the model allows it to cor-

rectly associate shadows with their sources, demonstrating

its ability to leverage contextual cues beyond pixel intensity.

Shadow detection generalization to AISD. We assess the

generalization ability of our shadow detector on unseen

remote sensing imagery. To this end, we use the AISD

dataset [30], which, to our knowledge, is the only avail-

able for this task. A noticeable domain shift exists between

S-EO and AISD due to radiometric differences, as AISD

is derived from aerial imagery. These discrepancies per-

sist even after applying our color correction pre-processing,

leading to suboptimal zero-shot generalization.

To bridge the gap between satellite and aerial domains,

we fine-tune our model on a small subset of AISD’s train-

Figure 6. Impact of contextual information on shadow prediction.

Left to right: input image, shadow mask from crop-based infer-

ence, and shadow mask from full-image inference. The red region

highlights a crop with a misclassified shadow due to missing con-

text in the cropped input.

Model AUC-ROC F-Score

DSSDNet [30] 0.985 91.79%
Fine-tuned U-Net (Ours) 0.990 91.52%
U-Net from scratch 0.976 89.02%

Table 2. Comparison of shadow detection performance on the

AISD dataset. Higher values indicate better performance.

ing data, using only 10% (41 images). Despite the limited

supervision, this adaptation significantly enhances perfor-

mance. Our fine-tuned model surpasses the best model re-

ported in the benchmark [30] in AUC-ROC and achieves a

comparable F-score, as shown in Table 2.

These results highlight the advantages of leveraging a

large-scale pretraining dataset. To further validate this, we

also train a U-Net from scratch using the full AISD train-

ing partition and find that our pretrained model outperforms

it. This demonstrates that, in this case, pretraining on a

large-scale dataset is more effective than training solely on

task-specific data, even when the whole, but small, target

dataset is available. Moreover, our findings highlight the U-

Net’s strong capability for shadow detection, showing that

a it can surpass concurrent task-specific architectures when

provided with sufficient data. Table 2 reports the quantita-

tive evaluation, and Figure 7 presents some visual results.

4.2. Extending EO-NeRF with shadow supervision

Lastly, we extended the EO-NeRF framework [34] to use

the shadow masks predicted by our segmentation model as

auxiliary inputs, alongside the satellite views.

EO-NeRF is a NeRF variant designed for multi-date

satellite imagery that achieves state-of-the-art geometry es-

timates thanks to a geometrically consistent shadow render-

ing approach. The EO-NeRF geometry is optimized by pe-

nalizing pixel-wise color differences between sets of ren-

dered and actual pixels in the input views. Notably, the

rendered color results from a combination of physical vari-

ables, including a shadow component. As a result, shadow

masks can be easily integrated into the optimization process

to help the shadow component align with the input masks.
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Figure 7. Qualitative results on the AISD dataset. Top to bottom:

images from Austin, Chicago, and Innsbruck. Left to right: input

image, ground-truth shadow mask, and model prediction.

Given the shadow values estimated by EO-NeRF, de-

noted M̂, and the GT shadow values in the input masks,

denoted M, we add the following term to the loss function:

LS = λM(M̂ −M)2, (2)

where λ is a weight that we set to
∑N

M/N , i.e., the per-

centage of GT shadow pixels in a batch of N rays. Note

that (2) penalizes only false negatives, i.e., rays not rendered

as shadows that are shadows in M. We also experimented

with a binary cross-entropy term to penalize both false neg-

atives and false positives, but it yielded poorer performance.

Allowing the flexibility to incorporate new shadows, even

those absent from the ground-truth mask, resulted in the

best performance.

Figure 8 shows the evolution of the altitude MAE with

respect to the number of views across the DFC2019 and

IARPA2016 areas of interest reported in EO-NeRF [34],

with and without shadow mask supervision. In all experi-

ments we used the bundle-adjusted RPC models provided

in [33, 34]. No view selection was performed; for each

K-views subset, the first K images from the training list

were used. Experiments with fewer than 5 views are not

included, as few-shot NeRF-based geometry becomes ex-

cessively noisy in the absence of depth priors [47].

The experiments that account for shadow masks using

the loss (2) consistently achieve lower altitude MAE (Fig-

ure 8) and produce sharper, less noisy geometry compared

to the concurrent experiments. Figure 9 shows a detail of

the output geometry for one of the target areas [34].

Altitude MAE [m] all views 9 views 7 views 5 views

Shadow masks, LS (2) 1.40 1.90 2.44 3.41

No shadow masks 1.57 2.11 2.71 3.66

Figure 8. Average EO-NeRF altitude MAE (in meters) across all

areas as a function of the number of input satellite views. Shadow

supervision consistently improves altitude accuracy, as the error

distribution of blue boxes is lower than that of the corresponding

red boxes. Average MAE values are listed in the associated table.

Without LS With LS Ground-truth

Figure 9. Left to right: JAX 214, 7 input views: EO-NeRF DSM

detail without and with shadow supervision vs. LiDAR DSM.

5. Conclusion

This work presented S-EO, a novel large-scale, high-

resolution dataset for geometry-aware shadow detection in

satellite imagery. The dataset comprises WorldView-3 im-

ages, shadow masks, and ground-truth DSMs. All shadow

masks in the dataset were automatically annotated using the

sun position and the geometry of the associated DSMs.

The significant potential of the S-EO dataset is show-

cased by training a shadow detector model and demonstrat-

ing its capacity to generalize to unseen aerial imagery. The

predicted shadow masks are subsequently used to incorpo-

rate shadow supervision into the state-of-the-art multi-view

reconstruction method EO-NeRF. The geometry estimates

from the shadow-supervised variant consistently outper-

form the geometry reconstructions of the original method.

Note that the proposed shadow-based supervision is also

compatible with any other 3D modeling method that incor-

porates shadow modeling, including recent advancements

in Gaussian Splatting [1].
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[11] Alvaro Gómez, Gregory Randall, Gabriele Facciolo, and

Rafael Grompone von Gioi. Improving the pair selection

and the model fusion steps of satellite multi-view stereo

pipelines. In Proceedings of the IEEE/CVF Winter Confer-

ence on Applications of Computer Vision, pages 6344–6353,

2023. 6

[12] S. Hagstrom, H. W. Pak, S. Ku, S. Wang, G. Hager, and

M. Brown. Cumulative assessment for urban 3d modeling.

In 2021 IEEE Geoscience and Remote Sensing Symposium,

2021. 1, 4, 5

[13] Le Hou, Tomás F Yago Vicente, Minh Hoai, and Dimitris

Samaras. Large scale shadow annotation and detection us-

ing lazy annotation and stacked CNNs. IEEE Transactions

on Pattern Analysis and Machine Intelligence, 43(4):1337–

1351, 2019. 2

[14] Xiaowei Hu, Lei Zhu, Chi-Wing Fu, Jing Qin, and Pheng-

Ann Heng. Direction-aware spatial context features for

shadow detection. In Proceedings of the IEEE Conference

on Computer Vision and Pattern Recognition, pages 7454–

7462, 2018. 2

[15] Xiaowei Hu, Tianyu Wang, Chi-Wing Fu, Yitong Jiang,

Qiong Wang, and Pheng-Ann Heng. Revisiting shadow de-

tection: A new benchmark dataset for complex world. IEEE

Transactions on Image Processing, 30:1925–1934, 2021. 2,

6

[16] Xiaowei Hu, Zhenghao Xing, Tianyu Wang, Chi-Wing Fu,

and Pheng-Ann Heng. Unveiling deep shadows: A survey on

image and video shadow detection, removal, and generation

in the era of deep learning. arXiv preprint arXiv:2409.02108,

2024. 1, 2, 6

[17] Pavel Iakubovskii. Segmentation models pytorch. https:

//github.com/qubvel/segmentation_models.

pytorch, 2019. 6

[18] Intelligence Advanced Research Projects Activity (IARPA).

Creation of Operationally Realistic 3D Environment

(CORE3D). https://www.iarpa.gov/research-

programs/core3d. Accessed: 2025-03-01. 1, 4, 5

[19] R Bruce Irvin and David M McKeown. Methods for exploit-

ing the relationship between buildings and their shadows in

aerial imagery. IEEE Transactions on Systems, Man, and

Cybernetics, 19(6):1564–1575, 1989. 1

[20] Leiping Jie and Hui Zhang. A fast and efficient network

for single image shadow detection. In 2022 IEEE Interna-

tional Conference on Acoustics, Speech and Signal Process-

ing (ICASSP), pages 2634–2638, 2022. 2

[21] Bernhard Kerbl, Georgios Kopanas, Thomas Leimkühler,

and George Drettakis. 3d gaussian splatting for real-time

radiance field rendering. ACM Trans. Graph., 42(4):139–1,

2023. 3

[22] Salman Hameed Khan, Mohammed Bennamoun, Ferdous

Sohel, and Roberto Togneri. Automatic feature learning

for robust shadow detection. In 2014 IEEE Conference

on Computer Vision and Pattern Recognition, pages 1939–

1946, 2014. 2

2391



[23] Salman H Khan, Mohammed Bennamoun, Ferdous Sohel,

and Roberto Togneri. Automatic shadow detection and re-

moval from a single image. IEEE Transactions on Pattern

Analysis and Machine Intelligence, 38(3):431–446, 2015. 2

[24] Bertrand Le Saux, Naoto Yokoya, Ronny Hänsch, and My-
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