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ABSTRACT

Cloud shadows constitute a significant source of uncertainty in optical remote sensing, thereby
impairing the accuracy of spectral indices, land cover classifications, and time-series analyses
derived from Sentinel-2 imagery. Although the Sentinel-2 Level-2A Scene Classification Layer
(SCL) ofters information on cloud shadows, its efficacy is frequently hindered by high omission
rates and inconsistent detection. This study presents a novel spectral index, namely, the Cloud
Shadow Detection Index (CLOSDI), which is specifically designed to enhance cloud shadow
detection within agricultural and grassland landscapes.

CLOSDI is derived from the differential sensitivity of the Normalized Difference Vegetation
Index (NDVI) and the two-band Enhanced Vegetation Index (EVI2) to shadow conditions and
can be computed directly from RED and NIR reflectance using a closed-form formulation. The
index was evaluated using 1,231 high-quality image patches from the CloudSEN12 dataset, which
are restricted to temperate and tropical grassland biomes. An optimal cutoff threshold of 34.0 was
identified through an 80/20 training—testing split by maximizing the median intersection over
union (IoU).

On the test set, CLOSDI substantially outperformed the Sentinel-2 SCL-based shadow mask. The
median performance metrics were: recall of 76.8 versus 19.6, Fl-score of 62.1 versus 19.6, loU
of 45.0 versus 16.7, and balanced overall accuracy of 80.1 versus 57.6 for CLOSDI and SCL,
respectively. A Wilcoxon signed-rank test confirmed that the improvement in IoU was statistically
significant (p = 1.402 x 107'°). Despite using only two spectral bands, CLOSDI achieved a
performance comparable to state-of-the-art cloud shadow detection algorithms, while requiring
substantially lower computational complexity and eliminating the need for model training.
These findings illustrate that the CLOSDI offers a straightforward, physically interpretable, and
computationally efficient approach for cloud shadow detection within vegetation-dominated
landscapes. Its ease of implementation and robust performance render it particularly appropriate
for large-scale agricultural monitoring, vegetation time-series analysis, and operational remote
sensing workflows.

Keywords: Cloud shadow detection, Sentinel-2, CLOSDI, CloudSEN12, Scene Classification
Layer (SCL)

1. Introduction

The launch of the Sentinel-2A satellite in June 2015, followed by its twin satellites Sentinel-2B
in 2017 and Sentinel-2C in 2024, has significantly advanced Earth observation capabilities.

As of February 2026, this mission resulted in over 200,000 scientific publications indexed in
Google Scholar. The spectrum of Sentinel-2 applications is broad and encompasses research on
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ice and glaciers, oceans and seas, rivers and lakes, soil and vegetation, air quality, floods, and
wildfires (European Space Agency, n.d.).

The successful features of the mission include comprehensive global coverage, a spatial resolution
of 10 m for visible and near-infrared (NIR) bands and up to 20 m for red-edge and short-wave
infrared (SWIR) bands, a revisit frequency of five days, the acquisition of thirteen spectral bands
(Copernicus SentiWiki, n.d.), the capacity to compute hundreds of spectral indices, such as those
documented in the Awesome Earth Engine Spectral Indices library (Awesome Spectral Indices,
n.d.), and its open and freely accessible nature. Furthermore, it can be integrated with other optical
sensors, such as Landsat 8 (Claverie et al., 2018).

Notwithstanding its numerous strengths, Sentinel-2 exhibits an inherent limitation common to
optical sensors: a significant proportion of its imagery contains pixels affected by clouds or cloud
shadows, thereby compromising its applicability for various analytical purposes. To address this
issue, the Level-2A product incorporates, in addition to spectral bands, a Scene Classification
Layer (SCL). This layer assigns each pixel a land cover classification (e.g., vegetation, water, bare
soil, cloud shadow, snow) and is generated by the Sen2Cor algorithm (Main-Knorn et al., 2017).
The SCL band supports the filtering of unreliable pixels, such as clouds, shadows, saturated
pixels, and no-data pixels, retaining only those suitable for analysis. However, numerous studies
assessing the applicability of SCL for cloud shadow detection have identified several significant
limitations. The primary issues include the frequent omission of actual shadows (false negatives),
particularly over dark surfaces such as water bodies or dense vegetation; false positives, in which
shadows are mistaken for water bodies or other dark regions; suboptimal performance in complex
scenes featuring thin clouds or low illumination; and a pronounced dependence on the quality of
cloud detection, as inaccuracies in cloud identification directly influence the placement of their
shadows (Domnich et al., 2021; Layton et al., 2023; Li et al., 2022; Liang et al., 2024; Raiyani et
al., 2021; Tarrio et al., 2020; Wright et al., 2024; Zekoll et al., 2022).

The presence of shadows considerably influences reflectance across all spectral bands, impacting
the computation of indices such as SAVI or EVI and resulting in potential misinterpretations or
erroneous outcomes in models or classifications. Given that shadows influence image analysis
across diverse regions and applications, it is imperative to develop effective methods for their
detection and elimination.

Numerous studies have examined the impact of clouds and cloud shadow effects by applying
multitemporal reconstruction techniques based on tensor factorization and deep learning methods
(Lin et al., 2022; Zhang et al., 2021, 2020). These methods leverage temporal redundancy to
reconstruct cloud-free imagery and reduce the influence of atmospheric obstructions. Although
such techniques have demonstrated robust performance, they generally require multitemporal
datasets and involve considerable computational complexity.

In addition to the aforementioned applications, Sentinel-2 imagery is extensively used in food
security research, encompassing studies on agricultural productivity and large-scale grazing
livestock systems, which constitute two essential pillars of global agri-food systems.

In crop production, Sentinel-2 imagery is widely used for crop type classification and mapping,
parcel-level land-use identification, and yield forecasting through time-series analysis, spectral
indices, and advanced machine learning and deep learning algorithms. These applications have
established Sentinel-2 as a vital data resource for agricultural surveillance and the development
of high-resolution-derived products (Feng et al., 2019; Gumma et al., 2022; Maponya et al., 2020;
Perich et al., 2023; Singh et al., 2022).

In the field of livestock management, numerous studies have demonstrated the applicability of
Sentinel-2 imagery, combined with machine learning techniques and vegetation index analysis,
for the quantitative and qualitative monitoring of forage resources. These studies encompass a
broad spectrum of applications, including the estimation of forage biomass, assessment of forage
quality through crude protein and fiber content, analysis of grassland productivity, and detection
of overgrazing (Dusseux et al., 2022; Harmse et al., 2022; ileri and Kog, 2022; Irisarri et al.,
2025).

This study aimed to develop and evaluate a novel spectral index for cloud shadow filtering in
landscapes predominantly characterized by agriculture and grasslands. To this end, a novel
normalized spectral index, referred to as the Cloud Shadow Detection Index (CLOSDI), is



proposed based on the relationship between NDVI and EVI2 to enhance the identification of
pixels affected by cloud shadows in these production-oriented environments.

The application of this index supports the production of more precise and consistent shadow
masks, thereby minimizing both false negatives and false positives generated by the SCL
algorithm. This enhancement improves the quality of Sentinel-2-derived products, such as
vegetation time-series, land cover maps, phenological models, and agricultural productivity
assessments.

Furthermore, the simplicity of its implementation on platforms such as the Google Earth Engine
permits integration into automated processing pipelines, thereby supporting extensive
applications in environmental monitoring, precision agriculture, and climate change research.
Moreover, its reliance on a spectral index approach allows for adaptation to analogous sensors,
including Landsat 8 and 9 and MODIS, thus extending its applicability beyond the scope of the
Copernicus program.

In this regard, the proposed index represents a versatile, reproducible, and computationally
efficient instrument for addressing one of the principal challenges in optical remote sensing:
interference caused by shadows cast by clouds.

2. Materials and methods
2.1. CloudSEN12

The development of data science and machine learning solutions fundamentally relies on access
to high-quality data, which constitutes essential input for model training. However, requisite data
are not publicly accessible or do not exist in numerous instances. The objective of this study was
to enhance the detection of cloud shadow regions in Sentinel-2 imagery.

For this purpose, the publicly accessible dataset CloudSEN12 (CS12) was used, which comprised
Sentinel-2 images annotated with labels for clouds and cloud shadows. CS12 is a comprehensive
global dataset specifically designed to improve the semantic segmentation of clouds and shadows
within Sentinel-2 imagery, thereby supporting the development and assessment of various
algorithms.

Unlike other datasets, CS12 comprises more than 49,000 image patches from diverse geographic
regions under varying cloud cover, thereby capturing a wide range of atmospheric conditions and
surface types (Aybar et al., 2022). The CS12 patches combine Sentinel-2 data (levels 1C and 2A),
Sentinel-1 data, digital elevation models, land cover maps, and water bodies, providing a robust
contextual basis for classification tasks. The patches span the 2018-2020 period.

Each patch has a size of 5,090 x 5,090 m. The annotations were produced by a team of 14 experts
using interactive tools and active learning methods, thereby yielding high-quality pixel-level
labels and, in certain instances, partial annotations such as scribbles.

The semantic categories in CS12 are Clear, Thick Cloud, Thin Cloud, and Cloud Shadow (Table

).

Table 1 Semantic categories defined in the CloudSEN12 dataset.

Code Category Description
0 Clear Pixels without cloud and cloud shadow contamination.
1 Thick Cloud Opaque clouds block all reflectance from the Earth’s surface.

Semitransparent cloud that alters the surface spectral signal but still allows
recognition of the background.
3 Cloud Shadow Dark pixels are caused by thick or thin clouds.

2 Thin Cloud

The dataset is available for free download through the Python package cloudsenl2
(pypi.org/project/cloudsen12) or via its official website (cloudsenl2.github.io), which also offers
sample scripts and pre-trained PyTorch models. The images are arranged in an optimized
GeoTIFF (COG) format and include STAC metadata, thereby supporting integration into
automated satellite image processing workflows.
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The CS12 patch and Sentinel-2 Level-2A (S2-L2A) imagery were processed using Python on the
Google Colab platform (colab.google). This complimentary, cloud-based environment enables
users to write and execute Python code directly within a web browser, obviating the need for
software installation. It is particularly advantageous for data analysis, machine learning, and deep
learning applications, providing access to GPU and TPU resources.

Interactive notebooks, such as Jupyter notebooks, support the integration of code, visualizations,
and Markdown documentation. Their compatibility with Google Drive further allows for real-
time editing and collaboration. In the field of remote sensing, the Google Earth Engine is often
used in conjunction with remote sensing tools to acquire, analyze, and process satellite imagery.
Access to the CS12 patches and their associated Sentinel-2 imagery was obtained using the
Google Earth Engine (earthengine.google.com) via Google Colab. This platform offers planetary-
scale geospatial analysis capabilities and supports the processing and visualization of extensive
satellite data without the need for local infrastructure.

Google Earth Engine offers access to a comprehensive collection of imagery and environmental
variables, accompanied by sophisticated analytical tools through JavaScript and Python
interfaces. It is extensively used in research related to climate change, deforestation, agriculture,
water management, and environmental monitoring (Gorelick et al., 2017).

The satellite figures presented in this study were generated using QGIS 3.28.11-Firenze.

The CS12 dataset is structured into three levels of annotation.

(1) High quality: 10,000 patches with comprehensive pixel-level annotations.
(i1) Scribble: 10,000 patches are annotated with quick strokes or sketch-like labels.
(ii1) Unlabeled: 29,400 patches lacking manual annotations.

Each image patch depicts a geographic region with varying degrees of cloud cover. For each
region of interest, five patches are included, corresponding to different atmospheric conditions:
cloud-free (0%), nearly clear (0-25%), low-cloud (25-45%), mid-cloud (45-65%), and fully
cloudy (>65%). This stratification ensures the representation of both temporal and spatial
variability, which is crucial for training and validating cloud and shadow detection algorithms.
Fig. 1 shows an example patch and its corresponding semantic categories.
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Fig. 1. Examples of CloudSEN12 patches with RGB images and semantic segmentation masks.

Only high-quality patches with complete pixel-level annotations were selected for this study. Of
these, patches located in areas with agricultural land use and grassland cover were selected.

To identify these areas, an Ecoregions map (Dinerstein et al., 2017) was used as a reference. This
classification system divided the world into 14 biomes. Among these, temperate grasslands,
savannas, and shrublands and tropical and subtropical grasslands, savannas, and shrublands
were selected (Fig. 2).

In these biomes, the majority of agricultural crop production and livestock grazing occurs, as
illustrated in Figs. 3 and 4.

Of the selected patches, only those with at least 5% of their area obscured by cloud shadows were
included. Consequently, 1,231 out of the 10,000 high-quality patches were designated for training
and testing.
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Fig. 4. Global croplands (ESA WorldCereal Consortium, 2021).

The method devised in this study requires the use of binary images known as Binary Shadow
Masks (BSM), in which pixels are categorized into two classes: cloud shadow (1) and non-shadow
(0). Because the semantic images from CS12 encompass four potential values (see Table 1), they
were transformed into binary images (CS12-BSM). For this purpose, pixels with values 0, 1, and
2 (representing Clear, Thick Cloud, and Thin Cloud, respectively) were reclassified as 0, while
pixels with value 3 (representing Cloud Shadow) were reclassified as 1, as illustrated in Fig. 5.

2.2. Generation of binary shadow masks from Sentinel-2 Level-24 imagery.

Because the primary aim of this study was to develop a method that enhances the detection of
cloud shadows in relation to S2-L2A identification, it was essential to evaluate the performance
of the Scene Classification Layer (SCL) in shadow detection using the BSMs generated from
CS12 as the reference.

In addition to the standard spectral bands (e.g., red, green, and NIR), S2-L2A images incorporate
the SCL band, which is produced by the Sen2Cor algorithm (Main-Knorn et al., 2017) during
atmospheric correction. This algorithm assigns each pixel to one of 11 classes, including
vegetation, non-vegetated areas, water bodies, snow, cloud shadows, and various cloud types (
Fig. 5).

The classification relies on thresholds applied to the top-of-atmosphere (TOA) reflectance values
of Sentinel-2 spectral bands, as well as on derived indices, such as the NDVI and NDSI. The
primary purpose of the SCL band is not to map land cover directly, but to differentiate usable
pixels from those affected by atmospheric conditions, thereby supporting more precise correction
and scientific analysis of the data.

Similar to the semantic masks from CS12, it was essential to transform the SCL band into a Binary
Shadow Mask (SCL-BSM). In this transformation, pixels corresponding to the classes ' dark area
pixels' (2) and ' cloud shadows' (3) were assigned a value of 1, indicating cloud shadow, whereas
all other classes were designated as 0, signifying non-shadow.

For each selected CS12 patch, the corresponding SCL patch from S2-L2A was extracted and
converted into an SCL-BSM. This approach yielded comparable shadow mask pairs, one derived
from CS12 (CS12-BSM) and the other from the SCL band (SCL-BSM).

Fig. 5 shows a representative CS12 patch, along with its RGB image, CS12 semantic mask, CS12-
BSM, SCL band, and the resulting SCL-BSM following the conversion.
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Fig. 5. Conversion of the Sentinel-2 L2A SCL band and CS12 semantic mask into binary shadow masks
(CS12-BSM and SCL-BSM).

2.3. Formulation of the Cloud Shadow Detection Index (CLOSDI)

The motivation for this study originated from the observation that the SCL band exhibits
limitations in precisely identifying all regions affected by cloud shadows. Fig. 5 illustrates an
example in which the SCL-BSM does not fully detect shadow-affected areas, whereas the
corresponding CS12-BSM succeeds.

The analysis of images depicting the spectral indices revealed that the Enhanced Vegetation Index
(EVI) and Normalized Difference Vegetation Index (NDVI), derived from Sentinel-2 data,



indicated markedly reduced EVI values in vegetated regions affected by cloud shadows. In
contrast, NDVI values were less affected in these regions than in vegetated areas free of shadows.
This difference indicates distinct behavior between the two indices when shadows are present,
supporting the conceptual basis of this study: using this difference to develop a new index that
more precisely identifies cloud-shadowed areas and exceeds the detection capabilities of the SCL
band.

Both EVI and NDVI (Eq. (1) and (2)) are derived from the combinations of surface reflectance
within the BLUE, RED, and NIR spectral bands. EVI further includes atmospheric correction
coefficients aimed at minimizing the effects of aerosol scattering and background interference
(Didan et al., 2015).

EVI=25 NIRZRED (1)
NIR+6RED—-7.5BLUE+1
NDVI — NIR—-RED (2)
NIR+RED

Regarding EVI, the BLUE band presents difficulties because of its heightened sensitivity to
aerosols and other atmospheric pollutants, which complicates the process of atmospheric
correction. To address these challenges, some researchers have proposed a simplified variant,
EVI2 (Eq. (3)), which excludes the BLUE band while preserving the soil-adjustment and
linearization features of the original index (Jiang et al., 2008).

NIR-RED
NIR+2.4RED+1

EVI2 =25 )
Because EVI2 does not necessitate the BLUE band and is more straightforward to implement, it
was selected for this study.

Sentinel-2 spectral data are presented as digital numbers encoded in a 16-bit integer format. These
values denote scaled reflectance and must be converted to physical surface reflectance by dividing
by a scale factor of 10,000, resulting in unitless reflectance values that typically range between 0
and 1 (European Space Agency (ESA), 2021a; Google Earth Engine, 2024). As spectral indices
are defined based on reflectance, all index calculations in this study were conducted using
reflectance values rather than digital numbers.

Prior to the development of the new index, a comprehensive search was conducted to determine
whether any existing index integrated EVI/EVI2 and NDVI. Several sources were consulted,
including

e The standardized Awesome Spectral Indices (ASI) catalog, accessible at https://awesome-
ee-spectral-indices.readthedocs.io/en/latest/index.html, comprises over 230 indices used
in Earth system research (Awesome Spectral Indices, n.d.).

e The Sentinel Hub index database can be accessed at: https://custom-scripts.sentinel-
hub.com/custom-scripts/sentinel-2/indexdb.

e Google Scholar search engine.

e The Deep Research tool developed by OpenAl can be accessed at:
https://openai.com/index/introducing-deep-research.

None of these resources included an index that contained the following equation:

NDVI-EVI or NDVI-EVI2
NDVI+EVI NDVI+EVI2

Therefore, a novel index, termed the Cloud Shadow Detection Index (CLOSDI), is proposed, as
defined by the following equation:

cLOSDI = X2YIZEVIZ (4)
NDVI+EVI2
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CLOSDI can be characterized as a composite normalized index, given that it uses a normalized
difference between two vegetation indices (NDVI and EVI2) rather than directly applying to RED
and NIR reflectance values. By substituting the definitions of NDVI and EVI2 into Eq. (4),
extracting and canceling the common term (NIR—RED), and simplifying through the clearance of
denominators, CLOSDI can be expressed as a closed-form function that is a function of only RED
and NIR reflectance, as demonstrated below.

CLOSDI = 1-1.5NIR—-0.1RED 100 (5)

1+3.5NIR+4.9RED

This reformulation (Eq. (5)) is algebraically equivalent to Eq. (4) and permits CLOSDI to be
determined directly from RED and NIR reflectance readings without the need to explicitly
calculate the NDVI and EVI2 indices.

Under specific conditions, particularly with clouds, both the RED and NIR reflectance values can
become significantly high and similar in magnitude, resulting in NDVI and EVI2 values that are
close to zero. In such scenarios, Eq. (4), which is formulated based on these indices, may
encounter division-by-zero issues or numerical instability when the denominator approaches zero.
Conversely, Eq. (5), which is directly expressed as a function of RED and NIR reflectance, does
not have this limitation, as its denominator remains strictly positive for all reflectance values.
Fig. 6 presents examples of RGB, NDVI, EVI2, and CLOSDI for a representative patch, including
the point locations used for spectral analysis. Table 2 and Fig. 7 demonstrate a clear and consistent
pattern in the behavior of spectral bands and indices across clear sky, thick cloud cover, and cloud
shadow conditions. In regions affected by cloud shadows, reflectance values in both the RED and
NIR bands are significantly diminished compared with clear vegetation, with a notably greater
reduction observed in the NIR band (-19.5 units) than in the RED band (-2.4 units).

Although both NDVI and EVI2 are derived from RED and NIR reflectance, their responses to
shadow conditions differ substantially because of their mathematical formulations. NDVI exhibits
a moderate decrease (-18.8 units) owing to its normalized difference structure, which partially
compensates for simultaneous reductions in both spectral bands. In contrast, EVI2 shows a much
larger decrease (-30.3 units), reflecting its formulation as a weighted reflectance ratio with an
additive constant, which increases its sensitivity to absolute reductions in reflectance, particularly
in the NIR band.

Owing to the varying sensitivity levels, the disparity between NDVI and EVI2 is markedly
accentuated in the presence of cloud shadows. This results in considerably elevated CLOSDI
values within shadowed regions, averaging 73.1, in contrast to the values observed in clear
vegetation, which average 30.8. Such an increase of 42.3 units underscores the pronounced
distinction between shadowed and non-shadowed vegetation. Conversely, areas affected by thick
clouds demonstrate negative CLOSDI readings (-5.0), thereby distinguishing them from both
vegetation and cloud-shadowed regions. This consistent and physically plausible behavior,
observed in both individual point measurements and average spectral signatures, substantiates the
robust capability of CLOSDI to discriminate vegetation influenced by cloud shadows from other
surface conditions.



EVI2 / NDVI CLOSDI

0 10 20 30 40 50 60 70 80 90100 0 10 20 30 40 50 60 70 80 90100

Fig. 6. CloudSEN12 patch with corresponding RGB, EVI2, NDVI, and CLOSDI images.

Table 2 presents the spectral values, vegetation indices, and CLOSDI for clear, thick cloud, and cloud
shadow points within a representative patch.

Point Category RED NIR NDVI EVI2 CLOSDI

1 3.6 222 723 356 34.1

2 50 305 72.0 448 23.3
Clear

3 3.0 21.0 752 35.1 36.3

4 42 253 717 39.0 29.5

Average 4.0 248 728 38.6 30.8

5 85.7 91.6 33 37 -5.5

6 Thick cloud 959 941 -1.0 -1.1 -5.6

7 78.7 86.7 49 54 -4.8

8 87.1 823 -28 -3.1 -3.9

Average 86.9 88.7 1.1 1.2 -5.0

9 1.5 46 508 7.2 75.2

10 Cloud shadow 1 3.8 58 6.6 79.5

11 1.7 64 588 10.7 69.2

12 2.1 62 486 9 68.6

Average 1.6 53 54.1 8.4 73.1

Difference Cloud shadow-Clear -24 -19.5 -18.8 -30.3 42.3

Difference Cloud Shadow-Thic cloud -85.3 -83.4 530 7.2 78.1

Note: RED, NIR, NDVI, and EVI2 are expressed as values multiplied by 100. Differences were
calculated as the average values.
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Fig. 7. Average spectral signatures for clear, thick cloud, and cloud shadow points within a representative
patch.

2.4. Identifying the best segmentation threshold for CLOSDI

Once the CS12-BSM, SCL-BSM, EVI2, NDVI, and CLOSDI were obtained for each patch in the
training set, the optimal cutoff threshold (OCT) was determined. This threshold defines the value
above which a pixel is classified as a cloud shadow: if a pixel's CLOSDI value is equal to or
exceeds the OCT, it is classified as a cloud shadow (1); otherwise, it is classified as a non-shadow
(0).

Fig. 8 illustrates this procedure and demonstrates how various thresholds (20, 30, 50, and 70)
influence the same patch. As shown, a low threshold (e.g., 20) tends to overestimate shadow
extent and erroneously classifies numerous regions as shadows. Conversely, a high threshold (e.g.,
70) tends to underestimate shadow extent and thereby omits many actual shadowed areas.

In this instance, the OCT appeared to fall within the 30-50 range. However, such visual
adjustment is applicable only in specific cases. For large datasets comprising thousands of images,
as in this study, an automated and quantitative method is indispensable.
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Fig. 8. Visual evaluation of the effect of varying cutoff thresholds on a patch.

Accordingly, the 1,231 selected patches were divided into two subsets using an 80/20 split.

o A total of 984 patches (80%) were used for training and the determination of the OCT.
e The remaining 247 patches (20%) were designated for testing and were not included in
the threshold calibration.

During the training phase, threshold values ranging from 1 to 99 were evaluated, with a single
run conducted for each value. In each execution, a BSM was generated for each patch using the
CLOSDI index and the corresponding threshold.

The validity of each binary mask was quantified using the Jaccard index (da Fontoura Costa,
2021), also known as the intersection over union (IoU) (WEI and HU, 2024). This metric assesses
the similarity between two sets, A and B, and is formally defined as follows:

_ |ANB|
IoU = 1051 (6)



In segmentation tasks, the IoU quantifies the overlap between an automated segmentation and a
reference segmentation. In this study, the automated segmentation pertains to the mask generated
by CLOSDI, whereas the reference segmentation corresponds to CS12-BSM. It is extensively
used because of its simplicity, computational efficiency, and straightforward interpretability: a
value of 0 signifies no overlap, whereas 1 denotes perfect correspondence. This metric has been
used in recent studies on satellite image segmentation (Mazza et al., 2021; Montero et al., 2023;
Nambiar et al., 2022).

Figure 9 shows an example of the intersection over union (IoU) computation for a training image
patch.

INTERSECTION
(CS12-BSM AND CLOSDI-BSM)

loU
=0.80

INTERSECTION UNION

CS12-BSM CLOSDI-BSM

Fig. 9. Illustration of the intersection over union (IoU) calculation between a CLOSDI-BSM mask and its
CS12-BSM reference mask.

In each iteration, 984 IoU values, corresponding to individual patches, were computed and
expressed as percentages to augment interpretability. The median of these values was adopted as
the performance metric at the respective threshold. This method yielded an IoU threshold
performance curve.

Fig. 10 illustrates the comprehensive workflow of the training procedure and OCT search. The
threshold that maximized the loU was chosen as the OCT for generating masks for the test set.
Finally, to assess the capability of the CLOSDI index in detecting cloud shadows, five commonly
used performance metrics were used: precision, recall, Fl1-score, loU, and balanced overall
accuracy (BOA). The initial three metrics were calculated in accordance with previously
established criteria (Sokolova and Lapalme, 2009), whereas BOA was adopted as specified in the
CS12 benchmark (Aybar et al., 2022).

These metrics were computed for CLOSDI-BSM and SCL-BSM. Consequently, using the CS12-
BSM (derived from expert-labeled data) as a benchmark, the performances of both methods were
systematically compared.

The complete workflow for the testing phase is shown in Fig. 11.
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3. Results and discussion

After training to identify the OCT, a plot illustrating the median IoU in relation to the CLOSDI
cutoff threshold was generated, as shown in Fig. 12. This plot shows the median IoU for each
iteration as a function of the CLOSDI cutoff threshold. Additionally, a fitted curve based on the
observed median [oUs was incorporated. From this curve, the optimal OCT, which maximizes the
IoU, was determined to be 34.0, with an IoU value of 50.1. As shown in the plot, the IoU exhibits
a sharp increase from a threshold of 10, reaches its peak at 34.0, and subsequently declines rapidly
to zero as the threshold exceeds 65.
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The CLOSDI values ranged from -15.6 to 99.0 across the training set, reflecting a broad dynamic
range under varying illumination conditions. This range provides additional context for
interpreting the selected threshold and confirms that CLOSDI captures substantial variability in
the spectral response across the analyzed patches.

Once the OCT value was determined, the subsequent step involved assessing it on the test set in
accordance with the procedures outlined in the workflow shown in Fig. 11. This evaluation was
conducted using the reference CS12-BSM, the corresponding SCL-BSM, and the newly
generated masks obtained by applying the CLOSDI > 34.0 threshold (CLOSDI-BSM). Both the
SCL-BSM and CLOSDI-BSM were compared with the reference CS12-BSM, and the following
performance metrics were computed for each test patch: precision (Eq. (7)), recall (Eq. (8)), F1-
score (Eq. (9)), loU, and BOA (Eq. (10)).

TP

Precision = @)
TP+FP
Recall = —= (8)
TP+FN
F1-—Score =2 2% 9)
P+R
BOA=0.5-(P+R) (10)

TP, FP, FN, P, and R denote true positive, false positive, false negative, precision, and recall,
respectively.

Because the performance metrics were computed for each individual test patch, Fig. 13 presents
the median values of these metrics. As illustrated, CLOSDI surpassed SCL in all metrics, except
for precision. SCL achieved a precision score of 91.5%, surpassing CLOSDI's score of 69.9 by
21.6 percentage points. This discrepancy suggests that SCL is more effective than CLOSDI in
correctly identifying pixels that are true cloud shadows among those classified as such.

In the case of recall, the situation is reversed, with a notable discrepancy between CLOSDI (76.8)
and SCL (19.6). Performance on true cloud shadow pixels is significantly deficient for SCL,
resulting in a high omission rate.

CLOSDI, in comparison with SCL, demonstrates a more balanced performance between precision
and recall, although it exhibits a marginally superior recall, rendering it more susceptible to
commission errors relative to omission errors, which results in a higher number of pixels being
classified as cloud shadows when they are not. Its F1-score is 62.1. Conversely, SCL recorded a
considerably lower F1-score of 19.6, primarily because of a markedly low recall and a high rate
of omission errors.



Similarly, the IoU (45.0 vs. 16.7) and BOA (80.1 vs. 57.6) metrics further substantiate CLOSDI's
superior overall performance compared to that of SCL.
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Fig. 13. Comparison of the median performance metric values of CLOSDI and SCL on the test set.

As Fig. 13 displays the median values of the performance metrics, Table 3 and Fig. 14 offer a
more comprehensive characterization of the IoU distribution through descriptive statistics and
violin plots. An initial observation from the violin plots is that the loU distributions for both
CLOSDI and SCL are non-normal. For CLOSDI, values below the median exhibited greater
variability than those above it, indicating an asymmetric distribution with a longer lower tail.
Conversely, the SCL distribution demonstrated greater variability to the right of the median,
whereas values below the median were heavily compressed, resulting in a noticeable
accumulation of low-IoU cases.

Regarding the descriptive statistics, the minimum and maximum IoU values were comparable
between the two methods. However, CLOSDI achieved a marginally higher maximum than SCL
(87.4 vs. 83.8). More pronounced differences were evident in the interquartile range. CLOSDI
consistently surpassed SCL across all measures of central tendency and variability, with notably
higher values for Q1 (25.2 vs. 0.1), median (46.4 vs. 16.7), and Q3 (65.1 vs. 48.2). The near-zero
QI value observed in SCL indicates that a significant proportion of test patches displayed severe
performance degradation, aligning with the known limitations of the SCL algorithm in detecting
cloud shadows.

Although both methods exhibit comparable extreme values, the disparities in the internal structure
of their distributions suggest that the CLOSDI's enhanced performance is systematic rather than
attributable to isolated instances. In addition to achieving higher median IoU values, the CLOSDI
demonstrated a more favorable and stable distribution of performance, with a significant
proportion of test samples reaching moderate-to-high IoU scores.

Table 3 IoU descriptive statistics for CLOSDI and SCL on the test set.
Method Minimum Q1 Median Q3 Maximum

CLOSDI 0 252 46.4 65.1 87.4
SCL 0 0.1 16.7 48.2 83.8
Note: Q1 and Q3 denote the first and third quartiles (25th and 75th percentiles).
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Fig. 14. IoU violin plots for CLOSDI and SCL on test set.

Given that the IoU values obtained with CLOSDI and SCL are paired and their distributions are
non-normal, the non-parametric Wilcoxon signed-rank test (King and Eckersley, 2019) was used
to evaluate whether a statistically significant difference exists between the two cloud-shadow
filtering methods. The null hypothesis states that the median of the paired differences in the IoU
values between CLOSDI and SCL is zero. The test results indicated a statistically significant
difference between the two methods (W = 4479, p = 1.402 x 107"°), thereby rejecting the null
hypothesis. In conclusion, these findings demonstrate that CLOSDI offers statistically and
practically superior IoU performance compared to SCL across the evaluated test set.

Fig. 15 illustrates the patches randomly selected from the first quartile (Q1), median, third quartile
(Q3), and 90th percentile (P90) of the CLOSDI distribution. In these instances, the CLOSDI
method consistently outperformed SCL, with the exception of the patch corresponding to Q1.
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Fig. 15. Comparative analysis of CLOSDI and SCL methods with respect to patches in the test set.

The Wilcoxon test demonstrated that the application of CLOSDI for cloud shadow filtering
resulted in markedly superior performance compared to that of SCL. It is pertinent to observe that
CLOSDI and SCL are derived from distinct spectral information and depend on fundamentally
different approaches.

As explained in the Materials and methods section, CLOSDI was conceptually defined based on
the relationship between NDVI and EVI2, which exhibit different sensitivities to shadow
conditions in vegetated areas. This formulation offers a clear physical interpretation of the index,
as CLOSDI measures the divergence between these two indices under shadow. Nonetheless,
CLOSDI can be computed using its algebraically equivalent direct formulation based on RED
and NIR reflectance.

In contrast, the SCL band is produced by the Sen2Cor algorithm, which internally consolidates
multiple sub-algorithms and adheres to physical principles to categorize pixels into thematic
classes, such as water, vegetation, clouds, and cloud shadows. The cloud shadow detection
process within Sen2Cor merges radiometric and geometric methods.

Potential cloud shadows are identified radiometrically as dark pixels exhibiting a spectral
response in the BLUE, GREEN, RED, NIR, SWIR1, and SWIR2 bands that match or are darker



than a reference shadow spectrum, which is derived from an extensive dataset of cloud shadow
examples across various land covers. These candidates are then refined through the application of
geometric constraints based on cloud positioning, solar geometry, and cloud height distribution
(European Space Agency (ESA), 2021Db).

The Sen2Cor cloud shadow detection algorithm uses six spectral bands, whereas CLOSDI
requires only two, making Sen2Cor more complex. Nonetheless, the experiments conducted in
this study indicated that its performance was inferior. Consequently, CLOSDI delivers superior
performance and provides a computationally more straightforward and easily implementable
alternative.

Nevertheless, the optimal threshold derived from CLOSDI for cloud shadow filtering generally
demonstrates robust performance across most scenarios. However, the violin plot of the test set
indicates that the value of 34.0 is not universally optimal in a considerable number of instances.
Accordingly, it may be prudent to fine-tune the threshold slightly upward or downward for
particular cases based on the specific attributes of the scene.

Finally, Fig. 16 illustrates the median BOA values obtained in this study for the CLOSDI and SCL
methods, in comparison with those documented in the CS12 benchmark for a range of algorithms.
Although the assessment within CS12 was performed on a different test set than that used herein,
the comparison is included to offer a reference point for contextualizing the performance of the
CLOSDI method relative to other existing approaches.

As demonstrated, the method developed in this study ranks third overall, being exceeded only by
human-level classification (executed by human experts) and the UNetMobV2 approach (Aybar et
al., 2022), which is based on deep learning.

The CLOSDI-based method achieves performance levels comparable to those of KappaMask
L1C (Domnich et al., 2021) and Fmask (Qiu et al., 2019). Conversely, the SCL exhibited markedly
inferior performance, similar to Sen2Cor, the algorithm used to generate the Sentinel-2 SCL band,
from which the SCL-BSMs in this study were derived.

Furthermore, the CLOSDI method surpasses KappaMask L2A (Domnich et al., 2021) by a margin
of 16 percentage points. It is important to highlight that the proposed approach demonstrates a
significantly lower computational complexity than the algorithms assessed in CS12.

By achieving the second-best overall performance when excluding the human level classification,
one of CLOSDI's primary advantages becomes apparent: its implementation demands
significantly fewer computational resources, does not depend on GPU acceleration as KappaMask
and UNetMobV?2 do, and is simpler than both Sen2Cor and Fmask.

This trade-off between competitive accuracy and low computational complexity renders the
CLOSDI particularly appropriate for large-scale or operational cloud shadow-filtering
applications.
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CLOSDI A 80.1 |
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Fmask - 72.0 |
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Fig. 16. Comprehensive comparison of BOA among CLOSDI, SCL, and benchmark algorithms from
CloudSEN12.



Previous studies have addressed cloud and cloud shadow effects using multitemporal
reconstruction techniques based on tensor factorization and deep learning (Lin et al., 2022; Zhang
et al., 2021, 2020). These methods aim to reconstruct cloud-free imagery by leveraging temporal
redundancy. In contrast, the method proposed in this study emphasizes the direct identification of
cloud shadow pixels in single-date imagery using a physically interpretable spectral index. This
approach is particularly suitable for operational applications in which multitemporal data may be
unavailable or where computational efficiency is essential. In this context, accurate shadow
detection using CLOSDI can also support multitemporal reconstruction workflows by providing
reliable shadow masks for subsequent image restoration procedures.

Several strengths of the proposed method are worth highlighting. CLOSDI demonstrated
markedly superior overall performance relative to the Sentinel-2 SCL band across all evaluated
metrics, except for precision, with the improvement confirmed to be systematic by the Wilcoxon
signed-rank test. Among the methods assessed in the CS12 benchmark, CLOSDI ranked second
when human expert labeling was excluded, achieving a performance comparable to Fmask and
KappaMask L1C while surpassing KappaMask L2A by 16 percentage points. This level of
performance was achieved with substantially lower computational complexity: the index requires
only RED and NIR reflectance, does not depend on GPU resources or large training datasets, and
can be readily implemented in automated processing pipelines, including cloud-based platforms
such as Google Earth Engine. Furthermore, CLOSDI offers a clear physical interpretation
grounded in the differential sensitivity of NDVI and EVI2 to shadow conditions, and its
formulation based on fundamental spectral relationships suggests potential adaptability to other
optical sensors beyond Sentinel-2.

Notwithstanding these strengths, several limitations of this study must be acknowledged. First,
CLOSDI was developed and evaluated exclusively on patches from temperate and tropical
grassland biomes; its performance in other land cover types, such as forests, urban areas, bare
soils, or water bodies, has not been assessed. Second, as the index is based on the differential
sensitivity of NDVI and EVI2 to shadow conditions, its applicability is inherently restricted to
vegetated surfaces, and it is not expected to perform reliably under non-vegetated conditions.
Third, although the OCT of 34.0 was found to perform well across most cases, it was not
universally optimal, as evidenced by the lower-tail variability observed in the loU distribution of
the test set; scene-specific adjustments may therefore be required under certain conditions. Fourth,
while CLOSDI demonstrated superior overall performance relative to SCL, a lower precision was
observed, indicating a higher rate of commission errors. Finally, although CLOSDI shows
potential for adaptation to other optical sensors, such as Landsat and MODIS, this has not yet
been validated, and transferability to other platforms cannot be assumed without further
evaluation.

4. Conclusions

This study presents and assesses CLOSDI, a novel spectral index developed to enhance the
detection of cloud shadows in Sentinel-2 imagery within agricultural and grassland-dominated
landscapes. The index was conceptually formulated from the differential sensitivity of NDVI and
EVI2 to shadow conditions and reformulated into a closed-form expression based solely on RED
and NIR reflectance, ensuring numerical stability and computational efficiency.

The results demonstrated that CLOSDI markedly outperformed the Sentinel-2 SCL band in cloud
shadow detection, offering a more balanced and resilient performance across the evaluated
metrics. When compared with state-of-the-art methods assessed on the CS12 benchmark,
CLOSDI ranked among the top-performing approaches, surpassed only by human expert labeling
and deep learning methods, while requiring substantially lower computational resources.
CLOSDI ofters several advantages, including simplicity and physical interpretability. Requiring
only RED and NIR reflectance, it can be readily applied in automated satellite image processing
pipelines, including platforms such as Google Earth Engine. Furthermore, its formulation based
on fundamental spectral relationships suggests potential adaptability to other optical sensors, such
as Landsat and MODIS.



Future research may examine adaptive threshold selection strategies, assess CLOSDI
performance across a wider range of land cover types, and explore their integration with machine
learning frameworks to further improve cloud shadow detection performance.
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