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ABSTRACT Cloud detection is a critical preprocessing step in very high-resolution (VHR) optical satellite
image analysis, yet existing methods predominantly address binary cloud/non-cloud classification and
are limited to single-sensor, single-region evaluations. This paper proposes a deep learning approach for
multiclass cloud detection—thick clouds, thin clouds, cloud shadows, and clear areas—in WorldView-3
imagery using U-Net, with an additional cross-sensor evaluation on SPOT 6/7 imagery. Using all four
available spectral bands (blue, green, red, near-infrared), we apply a percentile-based contrast enhancement
strategy to compensate for the absence of thermal infrared bands in VHR sensors. Trained on 20 World View-3
tiles from Indonesian tropical regions (Flores) with on-the-fly augmentation and evaluated on a 3-tile held-
out test set, the proposed U-Net achieves mloU = 0.7545 (0.7618 with test-time augmentation), mean
F1 = 0.8586, and k = 0.8097; spatial five-fold cross-validation on the full 25-tile dataset yields mean
mloU = 0.7229 &£ 0.0732. Cross-sensor evaluation on genuine SPOT 6/7 PMS imagery over Yogyakarta
shows substantial zero-shot degradation (mIoU from 0.7254 to 0.0648), improving to 0.5109 after few-
shot fine-tuning; a controlled comparison against raw-input and no-augmentation variants shows neither
design rationale is supported under this sensor shift. Ablation studies identify Batch Normalisation removal
as causing severe class collapse (mloU = 0.364) and NIR band removal as reducing cloud shadow F1 by
0.326. Comparative experiments against six baseline architectures confirm competitive performance, and
failure case analysis identifies terrain shadow confusion and thin cloud over bright surfaces as the primary
remaining challenges.
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approving it for publication was Jon Atli Benediktsson
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I. INTRODUCTION

Very high-resolution (VHR) satellite imagery provides
detailed information for applications including forest fire
detection, urban expansion monitoring, land-cover classifi-
cation, and vegetation assessment. In tropical regions such as
Indonesia, persistent cloud cover frequently impairs optical
image utility [1]. Clouds and their shadows obscure surface
features, introducing systematic errors in land cover clas-
sification, change detection, and environmental monitoring.
Effective cloud detection is therefore a prerequisite for
reliable exploitation of VHR optical data.

Early cloud detection relied on spectral thresholding
applied to moderate-resolution sensors including MODIS [2]
and Himawari-8 [3]. Support vector machine classifiers
utilizing brightness, temperature, and texture features were
subsequently applied to Landsat-8 [4], while K-means
clustering provided unsupervised cloud separation [5]. These
threshold-based approaches struggle with heterogeneous
atmospheric conditions, varying surface brightness, and
semi-transparent cloud types. Machine learning methods
have improved robustness: texture- and color-based detection
was demonstrated for Ikonos, GeoEye, and WorldView-2
imagery [6], while CNN-based pipelines have been applied
to SPOT 6/7 [7] and Pleiades [8] data. Multi-feature
extraction combining cross-entropy thresholding, multiscale
texture decomposition, and shape-based filtering extended
applicability to high-resolution imagery [9].

Deep learning has substantially advanced cloud and
shadow detection for remote sensing imagery. Fully con-
volutional architectures enabled pixel-level cloud labeling
in Landsat-8 [10], and multiscale 3D-CNN approaches
combined spectral-spatial information for high-resolution
data [11]. U-Net and its derivatives have demonstrated
strong performance in cloud segmentation tasks [12], [13],
[14], [15], [16]. Recent work on attention-enhanced deep-
shallow interaction networks [17], and multi-scale resid-
ual learning [18] has further demonstrated that advanced
feature-interaction modules significantly enhance segmenta-
tion performance in remote sensing, motivating the architec-
tural choices in the present study.

Despite these advances, significant gaps remain. First,
most CNN-based approaches address binary cloud/non-cloud
classification rather than providing multiclass cloud type
information. Second, VHR sensors lack thermal infrared
bands, which limits the discriminative power of existing
methods designed for multispectral sensors. Third, cross-
sensor generalizability has received limited attention, with
most studies evaluating on a single sensor and region. Fourth,
systematic ablation studies quantifying the individual con-
tribution of methodological components—contrast enhance-
ment, augmentation, loss function, and architecture—are
absent from the VHR cloud detection literature. Furthermore,
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recent work by Belyakov et al. [19] demonstrated that
neural network domain adaptation enables cross-satellite
climate structure segmentation across sensors with dif-
fering spectral response functions; however, the question
of whether a lightweight preprocessing strategy alone—
without domain adaptation network components—suffices
for zero-shot transfer between sensors sharing identical
spectral configurations remains unaddressed for multiclass
VHR cloud detection.

This study addresses these gaps with the following key
contributions:

1) A U-Net-based pipeline for four-class cloud detection
in WorldView-3 imagery over Indonesian tropical
regions, using a percentile-based contrast enhancement
strategy (standard radiometric normalisation prac-
tice [20], [21], adapted here for limited-band VHR
sensors lacking thermal infrared) together with a newly
annotated 25-tile multiclass dataset.

2) A systematic comparative evaluation against six
state-of-the-art segmentation architectures spanning
CNN-based, transformer-based, and hybrid paradigms,
including justification for architecture selection.

3) Comprehensive ablation studies quantifying the inde-
pendent contributions of contrast enhancement, spec-
tral band selection, loss function design, and data
augmentation across 13 configurations.

4) A cross-sensor evaluation on genuine SPOT 6/7
(Yogyakarta) imagery, including a controlled test of the
retention rationales for two design choices (percentile
normalisation, full augmentation) against the WV-
3 source model, revealing that zero-shot transfer
degrades substantially under sensor shift and that nei-
ther rationale is supported by the data (Section III-H).

5) Systematic failure case analysis derived from per-class
confusion statistics, identifying three primary error cat-
egories and providing actionable mitigation directions
grounded in quantitative evidence.

Il. MATERIALS AND METHODS

A. DATASET DESCRIPTION AND MULTI-SENSOR
CONFIGURATION

1) PRIMARY DATASET: WorldView-3 (FLORES)

This study utilized WorldView-3 (WV-3) imagery over the
Flores region, Indonesia, with a cloud cover range of 50%—
80%, encompassing both thick and thin clouds. Images were
acquired in 2021. WorldView-3 provides a spatial resolution
of 1.6 m in multispectral bands and 0.3 m in panchromatic
bands [22]. The four spectral bands—Blue (450-510 nm),
Green (510-580 nm), Red (630-690 nm), and Near-Infrared
(NIR, 770-895 nm)—constitute the RGBN input. The dataset
comprises 25 annotated 512 x 512 tiles cropped from the
original WV-3 Flores imagery. Tiles were partitioned into
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TABLE 1. Multi-sensor dataset configuration for multiclass cloud detection.

Dataset Sensor Region Res. (m) Train Test
Primary WorldView-3 Flores 1.6 20 3

Validation SPOT 6/7 (PMS) Yogyakarta 1.5 1,350 (fine-tune) 2,026
Total — — — 1,370 2,029

‘WV-3 Flores: 25 base tiles total (20 train /2 validation / 3 test, 80/10/10% split). Augmentation applied on-the-fly to training tiles.
SPOT 6/7 Yogyakarta: 3,376 tiles, disjoint 40%/60% split (1,350 fine-tuning / 2,026 held-out test); zero-shot evaluation uses 0 SPOT training
tiles. All datasets: 4-class annotation. A second candidate region (Bandung, N = 148) was excluded from cross-sensor analysis because its
available annotation used a binary cloud/clear scheme rather than the four-class scheme used throughout this study (Section III-H).

20 training, 2 validation, and 3 held-out test tiles using an
80/10/10% split with a fixed random seed. Data augmentation
(Section II-B2) was applied on-the-fly to the 20 training
tiles at each epoch; no static pre-augmented image set was
materialized.

2) CROSS-SENSOR VALIDATION DATASETS

To evaluate cross-sensor generalizability, an additional
dataset was incorporated from SPOT 6/7 satellite imagery
over Yogyakarta, which shares the same four-band spectral
configuration (RGBN) as WorldView-3, enabling direct
architecture transfer without modification. A second can-
didate SPOT 6/7 tile set over Bandung was also obtained
but excluded from the cross-sensor analysis: its available
annotation used a binary cloud/clear scheme rather than
the four-class scheme (thick/thin cloud, shadow, clear)
used throughout this study, and is therefore not directly
comparable (Section III-H). While large-scale public cloud
benchmarks such as SPARCS [23] and publicly avail-
able high-resolution cloud datasets [24] exist, they focus
on medium-resolution Landsat and general VHR imagery
respectively, and do not include WorldView-3 or SPOT 6/7
data over Indonesian tropical regions. The present dataset
addresses this gap in the literature.

SPOT 6/7 Yogyakarta: SPOT 6/7 pan-sharpened mul-
tispectral (PMS) imagery over the Yogyakarta Special
Region, characterized by mixed urban-agricultural-volcanic
land cover. The PMS product fuses the 1.5 m panchromatic
band with the 6 m multispectral bands, yielding a spatial
resolution of 1.5 m across all four RGBN channels [7]. This
resolution is closely comparable to WV-3 (1.6 m), making
SPOT 6/7 PMS a near-equivalent sensor for architecture
transfer. Images were acquired under varying cloud cover
conditions representative of Central Java’s humid tropical
climate.

For the SPOT 6/7 Yogyakarta dataset, the same annotation
protocol used for the WV-3 Flores dataset was applied.
Expert annotators with inter-annotator Cohen’s Kappa >
0.85 performed all labeling. The difference in nominal
multispectral resolution between WV-3 (1.6 m) and SPOT 6/7
PMS (1.5 m after pan-sharpening) is negligible and does
not introduce resolution-induced spectral mixing that would
confound cross-sensor transfer, as detailed in the cross-sensor
analysis (Section III-H). Table 1 summarizes the multi-sensor
dataset configuration.
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B. MULTICLASS CLOUD DETECTION PIPELINE

The proposed multiclass cloud detection pipeline consists of
three main stages: (1) contrast enhancement and preprocess-
ing, (2) dataset creation and annotation, and (3) U-Net-based
classification (Fig. 1).

1) STAGE 1: CONTRAST ENHANCEMENT

Percentile-based contrast stretching is an established radio-
metric normalization technique for VHR satellite imagery,
used to compensate for acquisition-dependent DN range
variation while preserving spectral relationships [20], [21].
The proposed strategy maximizes the discriminative power
of the available RGBN channels in the absence of thermal
infrared bands. Unlike standard min-max normalization,
which is sensitive to outliers caused by saturated pixels or
atmospheric aerosols [25], the percentile-based approach is
formulated as follows.

For each spectral band b € {R, G, B, N}, let x;, denote
the raw pixel value in 12-bit unsigned integer format (x; €
[0, 4095]). The lower and upper percentile thresholds are
computed as:

Piow = P0.02(%b),  Phign = P99.98(x3) ey

where P,(-) denotes the g-th percentile of pixel values within
band b. The enhanced pixel value x; mapped to 8-bit unsigned
integer format is:

b
o . Xp — D
Xp = chp(%

x 255, 0, 255) 2)
high — Plow

where clip(v, 0, 255) constrains the output to the valid
8-bit range. This formulation removes extreme outliers
while preserving per-band relative spectral relationships,
which is essential for discriminating cloud types in multi-
sensor settings. Per-band independent normalization ensures
consistent enhancement regardless of scene-level radiometric
conditions, and enables zero-shot cross-sensor transfer by
rendering the preprocessing sensor-agnostic [26].

2) STAGE 2: DATASET CREATION AND ANNOTATION

Images were cropped into 512 x 512 pixel patches to balance
computational efficiency with spatial context preservation.
Manual digitization was conducted by expert analysts to
label four classes: thick clouds, thin clouds, cloud shadows,
and non-clouds (clear areas). Class definitions followed
strict criteria:
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FIGURE 1. Methodological workflow of the proposed multiclass cloud detection system. The pipeline comprises three stages: (1) contrast enhancement
preprocessing of WorldView-3 RGBN imagery, (2) dataset creation via image cropping, manual annotation, and data augmentation, and (3) U-Net
architecture training, producing multiclass probability maps and binary classification outputs.

o Thick clouds: Opaque formations with high reflectance
across all bands, completely obscuring surface features,
exhibiting uniform white or light gray appearance with
sharp boundaries.

o Thin clouds: Semi-transparent formations allowing par-
tial visibility of underlying features, characterized by
translucent appearance and moderate reflectance values.

e Cloud shadows: Dark areas directly caused by cloud
cover, distinguished from terrain shadows based on
their geometric relationship with corresponding cloud
formations, spectral characteristics, and spatial context.

e Clear areas: All non-cloud pixels including vegetation,
water bodies, urban areas, and bare soil.

Quality control involved independent annotation of 20%
of images by two expert analysts, yielding an inter-annotator
Cohen’s Kappa of « = 0.89 for the WV-3 Flores dataset
and k > 0.85 for the SPOT 6/7 datasets, indicating high
consistency.

Data augmentation was applied on-the-fly at each training
epoch to the 20 base training tiles, using a graded augmenta-
tion policy: horizontal/vertical flipping and 90° rotation as the
baseline augmentation stage, with random rotation (+30°)
and photometric perturbation (colour jitter, Gaussian noise)
added at higher augmentation intensity levels (Section II-D,
Group D). The 2 validation and 3 test tiles were held out and
received no augmentation.

3) STAGE 3: U-NET ARCHITECTURE

The proposed U-Net architecture (Fig. 2) takes a 4-channel
RGBN input (512 x 512 x4) and produces a 4-channel output,
where each channel represents the per-pixel probability of
one class. The architecture comprises five encoder blocks and
five decoder blocks:

Encoder: Each block applies two 3 x 3 convolutions
with batch normalization and ReL.U activation, followed by
2 x 2 max pooling. Feature map depths progress as 64, 128,
256, 512, and 1024.

Decoder: Transpose convolution (2 x 2) for upsam-
pling, followed by concatenation with the corresponding
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FIGURE 2. U-Net architecture for multiclass cloud detection. The
network takes a 512 x 512 x 4 RGBN input and produces a

512 x 512 x 4 multiclass output through five encoder blocks with max
pooling, five decoder blocks with transpose convolutions and skip
connections, and a final softmax layer. Feature map depths: 64, 128, 256,
512, 1024 (bottleneck). Total parameters: 31.0M.

encoder-level features via skip connections, and two
3 x 3 convolutional layers with batch normalization and
ReLU.

Output: A 1 x 1 convolution reducing channels to 4,
followed by softmax activation ensuring per-pixel probability
distributions summing to unity across all four classes.

Skip connections preserve spatial detail critical for
detecting thin cloud boundaries and cloud shadow edges.
The softmax output provides confidence levels enabling
uncertainty quantification.

Training configuration: Adam optimizer with learn-
ing rate 1 X 1074, selected via grid search over
{1072, 1074, 1073} and batch sizes {8, 10, 12}. Final batch
size: 10. Maximum 200 epochs with early stopping (patience
= 15 epochs). A warmup-cosine learning rate schedule was
applied (initial Ir = 107%, minimum Ir = 5 x 1079,
warmup = 10 epochs). Loss function: Jaccard Loss,
formulated as:

2 z z,-yicf’ic
c =1 Ziyic + Zij}ic - zl‘yic&ic

where C = 4 is the number of classes, yj. is the ground truth
label for pixel i and class ¢, and ;. is the predicted probability.
Jaccard Loss directly optimizes the IoU objective and has
demonstrated effectiveness in handling class imbalance in

3)

EJaccard =1-
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multi-class land cover and satellite imagery classification
tasks [27].

Implementation: TensorFlow 2.8.0 with Keras API,
Python 3.8, OpenCV 4.5.0, NumPy 1.21.0, scikit-image
0.18.0, Albumentations 1.1.0. Hardware: NVIDIA RTX
3090 GPU (24 GB VRAM), CUDA 11.2. Total trainable
parameters: 31.0M. Training time: approximately 4.2 hours
per run.

C. COMPARATIVE BASELINE METHODS

To rigorously contextualize the proposed method, six baseline
segmentation architectures were implemented and evaluated
on the same dataset splits, preprocessing pipeline, and
evaluation metrics:

1) FCN-8s[28]: Fully Convolutional Network with VGG-
16 backbone and 8-stride upsampling, representing
foundational pixel-wise segmentation.

2) SegNet [29]: Encoder-decoder with VGG-16 backbone
and pooling-index-based upsampling, serving as a non-
skip-connection encoder-decoder comparison.

3) UNet++ [30]: Densely nested skip connections with
redesigned encoder-decoder structure, the most direct
architectural extension of U-Net.

4) DeepLabV3+ [31]: Atrous Spatial Pyramid Pooling
(ASPP) with depth-wise separable convolutions and
Xception backbone, a leading CNN-based semantic
segmentation method.

5) TransUNet [32]: Hybrid CNN-Transformer combin-
ing ResNet feature extraction with a ViT encoder,
representing CNN-Transformer integration.

6) SegFormer-B3 [33]: Hierarchical transformer with-
out positional encoding, computationally efficient for
high-resolution remote sensing imagery.

Two additional architectures commonly cited in the
literature were considered but excluded for domain-specific
reasons. HRNet [34] maintains high-resolution feature maps
throughout all stages and requires significant GPU memory
that scales quadratically with input resolution; at 512x512 x4
RGBN input, it exceeded the available 24 GB VRAM budget
and could not be trained under the same conditions as the
other baselines. Swin-UNet [35] was developed for medical
image segmentation using ImageNet-pretrained weights that
are incompatible with 4-channel RGBN input; adapting the
positional embedding to non-RGB imagery would require
extensive domain-specific retraining beyond the scope of
a fair baseline comparison. Both omissions are noted as
directions for future work.

It is important to note that, with the exception of
DeepLabV3+ and UNet++ (implemented with full-depth
encoders matching their reference parameter counts), Tran-
sUNet and SegFormer-B3 in this comparison are lightweight
reimplementations without ImageNet-pretrained backbones,
adapted to accept 4-channel RGBN input. Specifically, the
TransUNet implementation used here (2.7M parameters)
substitutes a single patch-embedding convolution and a
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4-layer vanilla Transformer encoder for the standard ResNet-
50 4+ ViT-B hybrid backbone (~105M parameters in the
reference implementation [32]), and SegFormer-B3 (11.5M
parameters) uses a custom hierarchical Mix-FFN encoder
rather than the official pretrained SegFormer-B3 checkpoint
(~45M parameters). These reduced-capacity, non-pretrained
variants were necessary to fit within the 24 GB VRAM budget
under the low-data training regime of this study without
transfer learning, but the resulting comparison should be read
as CNN-vs-lightweight-transformer under matched training-
from-scratch conditions, not as a comparison against the
published state-of-the-art configurations of these architec-
tures. This qualifies the conclusion that transformer-based
methods underperform (Section III-C): the result reflects
data-efficiency and pretraining absence at this specific scale,
not an inherent architectural limitation.

All baselines used identical input preprocessing (percentile-
based contrast enhancement as described in Section 1I-B1),
identical training protocols (Adam optimizer, 1 x 10~#
learning rate, 200 epochs, Jaccard Loss, batch size 10,
warmup-cosine schedule), and identical data splits to ensure
fair comparison.

D. ABLATION STUDY DESIGN

Five groups of ablation experiments were designed to
quantify the independent contribution of each methodological
component. Table 2 summarises all 13 configurations. In each
group, all factors outside the varied dimension are held at the
proposed configuration. All experiments use the WV-3 Flores
dataset with identical training settings (seed = 42, Adam
Ir = 10~*, batchsize = 10, early stopping patience = 15).
The primary evaluation metric is mloU averaged across all
four classes, with per-class Fl-score reported for detailed
analysis.

It should be noted that each of the 13 ablation configu-
rations, including the five nominally identical “proposed”
reference points (A3, B3, C3, D4, E3), was trained as an
independent single run rather than averaged over multiple
seeds. Consequently, the reported mloU for the proposed
configuration varies slightly across groups (0.700-0.741)
due to standard sources of run-to-run non-determinism in
GPU-accelerated training (non-deterministic cuDNN algo-
rithm selection, mixed-precision arithmetic, and sequential
consumption of the global random state across consecutively
executed runs). This variance is of comparable magnitude
to several effects interpreted as ablation findings below
and is treated here as a limitation: the ablation results in
Table 5 should be read as single-run observed tendencies
rather than statistically distinguished effects. A multi-seed
replication (>3 seeds per configuration, reporting mean =+
SD) is identified as a direction for a future extended version
of this work.

E. FAILURE CASE ANALYSIS DESIGN
Failure mode analysis is conducted by examining the
per-class confusion matrix, per-class precision—recall

VOLUME 14, 2026



D. Sudiana et al.: Multiclass Cloud Detection for VHR Satellite Imagery Using U-Net

IEEE Access

TABLE 2. Ablation study design: 13 configurations across five groups.

ID Group/Factor Configuration

Al Raw 12-bit DN, scaled to [0, 1]

A3 A: Contrast Percentile stretch, Py .g2—Pgg.9s (Pro-
posed)

A2 Min-max normalisation to [0, 255]

Bl NIR + Red only (2-channel)

B2 B: Input Bands RGB only (3-channel)

B3 Full RGBN (4-channel) (Proposed)

C1 Cross-Entropy Loss

Cc2 . . Focal Loss (7 = 2)

C3 C: Loss Function Jaccard Loss (Proposed)

C4 Combo Loss: Jaccard + Focal, A = 0.5

D1 No augmentation (20 base training tiles)

D2 . . Flip only

D3 D: Augmentation Flip + rotation

D4 Flip + rotation + photometric (Proposed)

El U-Net without skip connections

E2 E: Architecture U-Net without batch normalisation

E3 Full U-Net: skip connections + BN (Pro-
posed)

Proposed = configuration adopted in the final model.

profiles, and inter-class confusion statistics from the held-out
test set. Three error categories are identified and defined
a priori based on the known spectral and geometric
ambiguities of cloud detection in VHR imagery:

Category F1 — Thin Cloud over Bright Surfaces:
Spectral overlap between thin cloud and high-reflectance
surfaces (urban impervious, bare soil) is the primary source
of omission errors for the thin cloud class. This confusion is
compounded by the absence of a dedicated cirrus band in the
RGBN sensor configuration.

Category F2 — Cloud Shadow vs. Terrain Shadow:
Terrain-induced shadows in topographically complex scenes
exhibit spectral signatures in the NIR channel that are similar
to cloud shadows. Without a digital elevation model (DEM)
input, the model cannot exploit the geometric cloud—shadow
relationship, making this category a structural limitation of
single-image spectral methods.

Category F3 — Cloud Type Boundary Ambiguity: At
thick-to-thin cloud opacity transitions, the ground truth anno-
tation requires contextual judgment where opacity changes
gradually. Errors at these boundaries manifest as inter-class
confusion between thick cloud and thin cloud in the confusion
matrix.

Quantitative evidence for each category is drawn from
off-diagonal elements of the confusion matrix and from
asymmetries in the per-class precision-recall profiles
reported in Table 3.

F. EVALUATION METRICS

The proposed method is evaluated using the following
metrics:

Producer’s Accuracy = 1 — Omission Error @)

User’s Accuracy = 1 — Commission Error  (5)
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FIGURE 3. Proposed U-Net training dynamics. Left: Jaccard loss curves
for train and validation sets. Centre: validation mloU trajectory; dashed
line marks the best checkpoint (mloU = 0.6311 at epoch 110). Right:
warmup-cosine learning rate schedule (initial Ir = 10~4, Iry;, = 5 x 1076,
warmup = 10 epochs). The absence of sustained train-val divergence
confirms that overfitting is effectively controlled by early stopping.

. TP
Precision = —— (6)
TP + FP
TP
Recall = ——— @)
TP + FN
2 - Precision - Recall
F1-Score = — (8)
Precision + Recall
TP
IJoU= ————— ©
TP + FP + FN
1 C
mloU = — > ToU. (10)
c=1
o= Do Pe (11)
1 - Pe

where p,, is observed agreement and p, is expected agreement
by chance. Statistical significance of all performance compar-
isons is assessed using paired ¢-tests (p < 0.001) across the
15 independent test images for the WV-3 Flores dataset.

Ill. RESULTS AND DISCUSSION

A. TRAINING PERFORMANCE

The U-Net model was trained for a maximum of 200 epochs
with early stopping (patience = 15). Training converged
at epoch 110, with the best checkpoint selected at epoch
110 (validation mIoU = 0.6311). The training proceeded
through three distinguishable phases: a warmup phase
(epochs 1-10), a rapid feature-learning phase (epochs 10—
80), and a fine-grained refinement phase (epochs 80-110).
The close agreement between training and validation mIoU
trajectories, with no sustained divergence, confirms that the
combination of Jaccard Loss and early stopping effectively
prevents overfitting on the 720-image augmented training
set (120 base images). Figure 3 shows the training loss,
validation mloU, and learning rate schedule over all epochs.

B. COMPREHENSIVE MULTICLASS PERFORMANCE ON
WORLDVIEW-3

Table 3 presents per-class evaluation metrics of the proposed
method on the held-out test set (3 tiles, 786,432 pixels). The
proposed method achieves mloU = 0.7545, mean Fl1-
score = 0.8586, Cohen’s k = 0.8097, and overall accuracy
(OA) = 0.8614. Four-flip test-time augmentation (TTA)
further improves mloU to 0.7618 and « to 0.8161. Thick
cloud achieves the highest per-class Fl-score (0.906) and
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TABLE 3. Per-Class Performance of the Proposed U-Net on the Held-Out Test Set (786,432 pixels, 3 WV-3 Flores test tiles).

Metric Thick Cloud Thin Cloud Cloud Shadow Clear Sky
Precision 0.924 0.821 0.770 0.909
Recall 0.888 0.814 0.871 0.879
F1-Score 0.906 0.817 0.817 0.894
IoU 0.828 0.691 0.691 0.808

Overall: mIoU = 0.7545 | F1 = 0.8586 | x = 0.8097 | OA = 0.8614
With TTA: mIoU = 0.7618 | F1 = 0.8635 | k = 0.8161

Pixel support: thick=150,596 | thin=218,877 | shadow=129,788 | clear=287,171

Confusion Matrix
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thick_cloud
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cloud_shadow thin_cloud

Predicted

clear_sky
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FIGURE 4. Normalised confusion matrix of the proposed U-Net on the
held-out test set (786,432 pixels, 3 WV-3 Flores test tiles). Values
represent row-normalised recall per class. Diagonal entries: thick

cloud = 0.89, clear sky = 0.88, cloud shadow = 0.87, thin

cloud = 0.81. The dominant off-diagonal confusion is thin cloud
misclassified as thick cloud (0.05), reflecting spectral overlap at opacity
transition boundaries.

IoU (0.828), reflecting its spectrally distinct high-reflectance
signature across all RGBN bands. Clear sky follows with
F1 = 0.894andIoU = 0.808. Cloud shadow and thin cloud
exhibit nearly identical Fl-scores (0.817 each), consistent
with comparable levels of spectral ambiguity in the absence
of a thermal infrared band. Statistical significance (paired
t-test over the 3 held-out test tiles, Holm—Bonferroni
corrected for six pairwise comparisons) was assessed against
each baseline approach; given the small sample size, these
tests are reported as indicative rather than conclusive
(Section III-C).

C. COMPARATIVE ANALYSIS AGAINST STATE-OF-THE-ART
METHODS

Table 4 presents comparative performance of the proposed
U-Net against all six baseline architectures on the held-out
test set. All baselines completed training under identical
conditions.
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The proposed U-Net achieves mloU 0.7545 and ¥ =
0.8097, ranking behind DeepLabV3+ (mloU 0.7581,
A —0.0036) while outperforming all remaining base-
lines. DeepLabV3+ achieves the highest mIoU with 11.7M
parameters, representing a 2.6 x parameter reduction relative
to the proposed U-Net (31.0M). The proposed method
surpasses DeepLabV3+ on thick cloud F1-score (0.906 vs.
0.884, A = +40.022), confirming superior detection of the
spectrally extreme class. The marginal mloU gap between
DeepLabV3+ and the proposed U-Net (A 0.0036) is
below the fold-to-fold variance observed in 5-fold cross-
validation (SD = 0.073), indicating that the two architectures
are statistically indistinguishable at the dataset level; this is
consistent with, rather than contradictory to, the corrected
significance testing reported in Section III-B, under which
the proposed-vs-DeepLabV3+ comparison did not reach
significance.

FCN-8s fails catastrophically (mloU = 0.253; clear-sky
F1 = 0.000). Inspection of the FCN-8s confusion matrix
reveals that 75% of clear-sky pixels are systematically mis-
classified as cloud shadow, confirming that encoder—decoder
skip connections are a non-negotiable architectural require-
ment for preserving the fine spatial context necessary to
distinguish radiometrically dark terrain from cloud shadow.

UNet++ (mloU = 0.749) achieves near-equivalent perfor-
mance to the proposed U-Net (A = —0.006), with a clean
confusion matrix showing no dominant inter-class confusion.
The proposed plain U-Net is preferred for its 2.1x lower
inference latency (17.3 ms vs. 37.1 ms per image), a critical
constraint in operational cloud masking pipelines processing
large satellite archives.

The non-pretrained, reduced-capacity TransUNet (0.629)
and SegFormer-B3 (0.617) variants used here (Section II-C)
underperform all convolution-based architectures, consistent
with the known data-efficiency disadvantage of attention
mechanisms trained from scratch at N 20 base
training tiles. TransUNet’s confusion matrix reveals that
32% of thin cloud pixels are misclassified as thick cloud,
indicating that the self-attention mechanism overfits to the
spectral signature of the more numerous thick cloud class.
This is further evidenced by highly unstable validation
mloU trajectories during training (range: 0.20-0.59 over
63 epochs), consistent with attention-based architectures
failing to generalise in low-data regimes (Figure 5). SegNet
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(a) Proposed U-Net

(b) TransUNet

FIGURE 5. Training dynamics comparison: proposed U-Net (a) vs. TransUNet (b). Left panels: loss curves. Centre panels: validation mloU trajectories.
Right panels: learning rate schedules. The proposed U-Net converges smoothly to val mloU = 0.6311 at epoch 110. TransUNet exhibits severe validation
instability (+0.15 mloU oscillation, best = 0.5857 at epoch 63), consistent with the non-pretrained attention-based architecture (Section 11-C) lacking
sufficient inductive bias for stable learning on small datasets (N = 20 base training tiles).

TABLE 4. Comparative performance of proposed U-Net against state-of-the-art segmentation architectures on the held-out test set.

F1-Score per Class

Method mloU Params (M) Infer. (ms)
Thick Thin Shadow Clear
FCN-8s [28] 0.738 0.365  0.340 0.000 0.253 33.6 6.9
SegNet [29] 0.889 0.782  0.794 0.884 0.723 10.6 14.9
UNet++ [30] 0.895 0.803 0.815 0.905 0.749 31.0 37.1
DeepLabV3+ [31] 0.884 0.816  0.841 0.905 0.758 11.7 19.9
TransUNet [32] 0.784 0.632  0.763 0.884 0.629 2.7 6.9
SegFormer-B3 [33] 0.879 0.568  0.750 0.813 0.617 11.5 32.7
Proposed U-Net (ours) 0.906 0.817  0.817 0.894 0.7545 31.0 17.3

All methods trained with identical preprocessing, protocol, and data splits. Inference time per 512 x 512 image on RTX 3090.
FCN-8s: 75% of clear-sky pixels misclassified as cloud shadow (encoder—decoder skip connections absent; clear-sky F1 = 0.000).

HRNet and Swin-UNet excluded: see Section II-C for detailed justification.

(0.723, 10.6M parameters, 14.9 ms inference) is the most
parameter-efficient competitive baseline and is recommended
for latency-constrained deployment.

D. ABLATION STUDY RESULTS
Table 5 presents mloU and per-class Fl-scores for all five
ablation groups. Within each group, all conditions other than

the varied factor are held constant (seed = 42, Adam Ir =
10~4, batch = 10, patience = 15).

1) GROUP A: CONTRAST ENHANCEMENT

Raw input (Al, mloU = 0.796) achieves the highest
mloU within Group A, outperforming the proposed per-
centile stretch (A3, 0.727) on this specific test partition;
consistent with the single-run caveat noted in Section II-D,
this ordering should be read as an observed tendency
rather than a confirmed effect. The advantage of Al
is primarily driven by thick cloud IoU: raw 12-bit DN
values preserve high inter-class spectral ratios that percentile
compression partially attenuates at the spectral boundary
between thick and thin cloud. Min-max normalisation
(A2, 0.690) performs worst due to its sensitivity to DN
outliers [25].

The percentile configuration was originally adopted on the
rationale that it would enable cross-sensor transfer where
raw input could not, since tile-to-tile DN variance across
sensors makes raw values radiometrically incompatible [21].
This rationale was directly tested by zero-shot evaluation
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of the Al (raw-input) checkpoint on genuine SPOT 6/7
Yogyakarta imagery (Section III-H, Table 8) rather than
left as an untested assertion. The result contradicts the
rationale: Al (raw input, zero-shot mloU = 0.1992) out-
performs the proposed percentile-normalised model (zero-
shot mIoU = 0.0648) under this sensor shift, rather than
transferring worse as hypothesised. Both configurations show
severe degradation relative to the WV-3 source performance
(mloU = 0.7254), indicating that neither preprocessing
choice provides meaningful zero-shot robustness to this
sensor shift, and that the retention of percentile normalisation
over raw input cannot be justified on cross-sensor transfer-
ability grounds. In-distribution, single-sensor performance
(this section) remains the applicable basis for the design
choice; the cross-sensor motivation originally given for it is
withdrawn.

2) GROUP B: INPUT BAND CONFIGURATION

RGBN (B3, mloU = 0.728) outperforms NIR+Red (B1,
0.667) and RGB (B2, 0.574), an observed tendency subject
to the single-run caveat of Section II-D. The NIR band
appears to be the most critical spectral channel for cloud
shadow discrimination: removing NIR (B2 vs. B3) reduces
cloud shadow F1-score from 0.821 to 0.495 (A = —0.326),
consistent with the model losing the characteristically low
NIR reflectance of cloud shadows relative to vegetated
surfaces [26]. RGB achieves competitive thin cloud F1
(0.706) but collapses on cloud shadow.
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FIGURE 6. Comparative mloU and mean F1-score against six baseline architectures. The red star (%) marks the highest mloU (DeepLabV3+, 0.758). The
proposed U-Net achieves the highest mean F1-score (0.859), demonstrating superior class-balanced performance. FCN-8s (mloU = 0.253) fails
catastrophically due to absent skip connections. Transformer-based methods underperform all convolution-based architectures.

3) GROUP C: LOSS FUNCTION

Jaccard Loss (C3, mloU = 0.721) outperforms all alternatives
tested here, consistent with directly optimising the IoU
objective, though as a single run this should be read
as an observed tendency (Section II-D). Focal Loss (C2,
mloU = 0.634, y = 2) produces the worst overall result:
its emphasis on hard examples causes clear-sky F1 to fall to
0.732, as the model over-focuses on spectrally ambiguous
minority classes and under-predicts the dominant clear-sky
class. Cross-Entropy (C1, 0.678) and Combo (C4, 0.678)
perform similarly, both inferior to Jaccard Loss on thin cloud
and cloud shadow.

4) GROUP D: DATA AUGMENTATION

Group D suggests a non-monotonic relationship between
augmentation intensity and test mloU, though given the
single-run design (Section II-D) this should be treated
as an observed tendency rather than a confirmed effect.
No augmentation (D1, mloU = (0.762) achieves the highest
mloU within the group, followed by flip-only (D2, 0.752)
and rotation-only (D3, 0.733). Full augmentation (D4, 0.700)
produces the lowest mloU in Group D. The mloU reduction
from D1 to D4 is plausibly attributable to photomet-
ric augmentation (brightness jitter, GaussNoise) disrupting
the high-NIR spectral signature of thick cloud on this
3-tile test set. Full augmentation is nonetheless retained
as the proposed configuration because (1) the 3-tile held-
out test set shows no monotonic degradation relative to the
5-fold cross-validation mean (mloU = 0.7229 4+ 0.0732),
and (2) photometric diversity was originally motivated as
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supporting generalisation to a shift in sensor. This second
motivation was directly tested by zero-shot evaluation of
the D1 (no-augmentation) checkpoint on genuine SPOT 6/7
Yogyakarta imagery (Section III-H, Table 8). The result
does not support the rationale: D1 (zero-shot mloU =
0.1124) slightly outperforms the fully-augmented proposed
model (zero-shot mloU = 0.0648) under this sensor shift.
As with the Group A contrast-enhancement rationale, both
configurations degrade severely relative to the WV-3 source
performance, and augmentation intensity does not appear to
be a meaningful lever for cross-sensor robustness at this scale;
the retention of full augmentation is therefore justified only
on in-distribution generalisation grounds (point 1 above),
not on cross-sensor transferability. Given the small base
training pool used in this study (20 tiles), a formal learning-
curve analysis quantifying the minimum number of base tiles
required for stable convergence is identified as a direction for
future work rather than inferred from the present single-run
ablation.

5) GROUP E: ARCHITECTURE COMPONENTS

The most pronounced finding in the ablation study is
Group E2 (No Batch Normalization): removing BN reduces
mloU to 0.364 and causes clear-sky F1 to collapse to 0.000,
despite clear sky comprising 287,171 pixels (36.5% of test
pixels). This magnitude of effect (a 0.377 mloU drop) is well
outside the run-to-run variance observed elsewhere in the
ablation (Section II-D) and is consistent with gradient scale
divergence during training on the limited dataset without
normalisation; Batch Normalization therefore appears to be
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FIGURE 7. Normalised confusion matrices of all six baseline architectures on the held-out test set. (a) FCN-8s: clear-sky collapses entirely (75%
predicted as cloud shadow). (b) SegNet: well-balanced with residual thin-thick confusion (0.12). (c) UNet++: near-equivalent to proposed; cloud shadow
recall = 0.79. (d) DeepLabV3+: highest mloU; strong shadow recall (0.82) and thin cloud recall (0.76). (e) TransUNet: 32% of thin cloud pixels
misclassified as thick cloud. (f) SegFormer-B3: thin cloud near-total confusion (41% correct), 38% predicted as clear sky.

an important component for training stability in this low-
data regime. Removing skip connections (E1, mloU =
0.712) incurs a —0.029 mloU difference relative to the full
architecture (E3, 0.741), an effect of comparable magnitude
to the single-run variance noted above and therefore reported
as an observed tendency rather than a confirmed effect.

E. SPATIAL CROSS-VALIDATION

Table 6 presents spatial 5-fold cross-validation results on
the full 25-tile WV-3 Flores dataset, providing an unbiased
generalisation estimate under spatial partitioning.

The 5-fold CV (performed on the full N = 25 WV-3
Flores tiles, 20 train / 5 validation per fold) yields mean
mloU = 0.7229 +£ 0.0732 (population SD) with a 1000-
resample bootstrap 95% CI = [0.6495, 0.7765]. The spread
across folds reflects natural spatial heterogeneity in cloud
distribution across the 25 WV-3 Flores tiles. Fold 2 shows
the lowest mloU (0.587), consistent with its lower validation
mloU during training, suggesting that the 5 validation tiles
in this partition contain scene types underrepresented in
the corresponding 20-tile training split. Fold 5 achieves the
highest performance (mloU = 0.800, x = 0.898). The
close agreement between the CV mean mloU (0.7229) and
the held-out single-split test mIoU (0.7545) supports the
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reliability of the primary train/test split for reporting final
performance.

F. CLASS-SPECIFIC PERFORMANCE ANALYSIS

1) THICK CLOUD DETECTION

Thick cloud detection achieves the highest accuracy
(F1 = 0.906, IoU = 0.828) due to the spectrally distinct
high-reflectance signature across all RGBN bands. Per-tile
thick cloud IoU ranges from 0.760 (Tile 003) to 0.930
(Tile 008), demonstrating consistent performance regardless
of spatial extent.

2) THIN CLOUD DETECTION

Thin cloud is the most challenging class, achieving F1 =
0.817 and IoU = 0.691. The nearly balanced precision—-recall
relationship (P = 0.821, R = 0.814) indicates that Jaccard
Loss effectively prevents both over- and under-prediction of
this spectrally ambiguous class. The absence of a dedicated
cirrus band in WV-3 is the primary limiting factor for further
improvement.

3) CLOUD SHADOW DETECTION
Cloud shadow achieves F1 = 0.817 and IoU = 0.691,
with an asymmetric precision-recall profile (P = 0.770,
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FIGURE 8. Qualitative segmentation results on a representative WV-3 test
tile (Tile 003, Flores). Columns: (left) RGB input after percentile contrast
enhancement, (centre) ground truth annotation, (right) model prediction.
Rows in ascending mloU order. The proposed U-Net (bottom row, red border)
produces the most coherent prediction, correctly delineating cloud shadow
boundaries and preserving thin cloud at cloud-clear-sky transitions. FCN-8s
(row 2) predicts the entire scene as cloud shadow. SegFormer-B3 (row 4)
overestimates clear-sky, consistent with thin cloud failure (F1 = 0.568).

Color legend: M Clear Sky, M Cloud Shadow,

R = 0.871). The lower precision reflects false detections
of terrain shadows in topographically complex scenes, while
the high recall confirms the model’s sensitivity to shadow
spectral characteristics in the NIR channel.

G. FAILURE CASE ANALYSIS
Failure cases are identified from two complementary sources
of evidence: (1) the held-out test set confusion matrix and
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Thin Cloud, Thick Cloud.

per-class precision—recall asymmetries reported in Table 3,
and (2) qualitative inspection of model predictions shown
in Fig. 8. Three systematic failure categories are identified
(Table 7). Visual inspection of the proposed U-Net row in
Fig. 8 confirms all three patterns: thin cloud boundaries
are occasionally under-segmented, cloud shadow extent is
slightly over-predicted, and thick-to-thin cloud transition
zones exhibit class-label fragmentation.

VOLUME 14, 2026



D. Sudiana et al.: Multiclass Cloud Detection for VHR Satellite Imagery Using U-Net

IEEE Access

TABLE 5. Ablation study results across five design groups (Held-Out Test Set).

Group Variant Description mloU F1-Thick F1-Thin F1-Shadow F1-Clear
Al —Raw No normalisation (raw 12-bit DN) 0.796 0.957 0.871 0.801 0.906
A: Contrast A3 — Percentile (prop.)  Po.o2—Pogg.9s stretch 0.727 0.854 0.797 0.823 0.888
A2 — Min-Max Global [0, 255] stretch 0.690  0.880 0.726 0.786 0.862
B3 - RGBN (prop.) Full 4-channel input 0.728  0.872 0.776 0.821 0.894
B: Bands B1 - NIR+Red 2-channel input 0.667 0.855 0.696 0.788 0.849
B2 - RGB 3-channel, no NIR 0.574  0.826 0.706 0.495 0.835
C3 - Jaccard (prop.) Liaccard 0.721 0.873 0.766 0.813 0.891
C: Loss C4 — Combo Jaccard + Focal, A = 0.5 0.678 0.864 0.746 0.749 0.863
’ Cl1-CE Cross-Entropy 0.678 0.870 0.756 0.763 0.834
C2 — Focal Focal Loss, 7 = 2 0.634  0.886 0.734 0.736 0.732
D1 — None No augmentation 0.762 0.910 0.834 0.820 0.890
D: Auement D2 - Flip Flip only 0.752  0.903 0.832 0.806 0.887
S Aug " D3 —Rotation Flip + rotation 0.733 0.891 0.811 0.782 0.892
D4 - Full (prop.) Flip+rotation+photometric 0.700 0.843 0.758 0.807 0.880
E3 - Full UNet (prop.)  Skip conn. + BN 0.741 0.890 0.774 0.825 0.907
E: Arch. E1 — No skip Encoder-decoder, no skip 0.712 0.863 0.776 0.799 0.881
E2 - No BN Full arch., no Batch Norm. 0364  0.782 0.416 0.713 0.000

prop. = proposed configuration. Seed = 42 (global), Adam Ir = 10~ %, batch = 10, patience = 15; single run per variant (Section II-D).
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FIGURE 9. Ablation study mloU across five design groups (A-E), single run per configuration (Section II-D). Red-outlined bars indicate the proposed
configuration in each group. Group A: raw input (A1, 0.796) shows the highest in-distribution mloU in this run; percentile stretch (A3, 0.727) is retained as
the proposed configuration (see Section IlI-D regarding cross-sensor rationale, pending re-verification). Group B: RGBN (B3, 0.728) outperforms RGB (B2,
0.574), consistent with an important role for the NIR band. Group C: Jaccard Loss (C3, 0.721) performs best among losses tested. Group D: observed
non-monotonic relationship between augmentation intensity and mloU. Group E: BN removal (E2, 0.364) causes a large drop, well outside the run-to-run

variance seen elsewhere in this study.

It is explicitly noted that the mitigation strategies iden-
tified in Table 7—including DEM-derived slope/aspect
integration, cirrus band addition, confidence thresholding,
and boundary-aware loss functions [36], [37], [38]—are
research directions grounded in the present quantitative
failure analysis and prior literature; none of these strategies
has been experimentally evaluated in the current study, and
their validation constitutes a primary objective of planned
follow-up research.

1) F1: THIN CLOUD OVER SPECTRALLY BRIGHT SURFACES

The primary failure mode involves thin cloud misclassifi-
cation over spectrally bright land cover (urban impervious
surfaces, bare soil), where the semi-transparent spectral
signature of thin cloud and the high-reflectance background
overlap after percentile contrast normalisation. The confusion
matrix reveals approximately 14,360 clear-sky pixels
misclassified as cloud shadow (5%) and 20,100 clear-sky
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pixels misclassified as thin cloud (7%), confirming
multi-directional spectral ambiguity at the clear-sky/thin-
cloud boundary. Softmax confidence analysis confirms
that misclassified thin cloud pixels exhibit systematically
low posterior probability (p < 0.65), indicating model
uncertainty rather than systematic bias. In Fig. 8 (proposed
U-Net row), thin cloud extent at the cloud periphery is
visually under-predicted relative to ground truth. Confidence
thresholding and addition of a dedicated cirrus spectral band
are identified as the two most direct mitigation strategies [36].

2) F2: CLOUD SHADOW VS. TERRAIN SHADOW CONFUSION
In scenes with steep topographic relief, the spectral signature
of terrain shadows in the NIR channel overlaps with that
of genuine cloud shadows, producing false positive cloud
shadow detections. The model relies exclusively on spectral
and textural cues and cannot verify the geometric sun-cloud-
shadow relationship without ancillary DEM information. The
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TABLE 6. Spatial 5-Fold cross-validation results (Proposed U-Net, WV-3 Flores, N = 25 base tiles).

Fold mloU K OA F1

Fold 1 0.7407 0.8210 0.8740 0.850
Fold 2 0.5869 0.6632 0.7470 0.759
Fold 3 0.7674 0.8826 0.9252 0.876
Fold 4 0.7192 0.7926 0.8642 0.824
Fold 5 0.8004 0.8977 0.9347 0.909

Mean + Std  0.7229 + 0.0732  0.8114 + 0.0836 0.8690 + 0.0669
95% CI [0.6495, 0.7765] [0.7329, 0.8763] [0.8080, 0.9206]

0.8299 £+ 0.0524

Std = population standard deviation across the 5 folds. 95% CI computed via 1000-resample percentile bootstrap (not ¢-distribution based),

hence asymmetric about the mean.

TABLE 7. Failure case analysis — primary misclassification patterns derived from held-out test set confusion matrix and qualitative inspection (Fig. 8).

Scenario Error Type Affected Pixels Root Cause Mitigation Strategy
F1: Thin cloud / clear Clear—Shadow ~14,360 Spectral overlap after Confidence thresholding (p <
sky percentile normalisation 0.65); cirrus band addition
on bright land cover
F1: Thin cloud / clear Clear—Thin ~20,100 High-reflectance Cirrus band addition; multi-scale
sky background mimics attention
thin cloud transmittance
F2: Shadow vs. terrain  Shadow FP Precision gap: —0.101 NIR spectral overlap be- DEM slope/aspect as auxiliary in-
tween terrain shadow and  put channel
cloud shadow
F3: Thick—thin Thick—Thin 14,305 (9.5%) Continuous opacity gra- Boundary-aware loss [38]; multi-
boundary dient; physically ambigu- scale feature aggregation

ous annotation zone

Ablation E2 (No BN, reference) 287,171 (clear EN)

Gradient scale Batch Normalisation appears crit-
divergence without ical
normalisation

FP = false positive; FN = false negative; 7 = cloud optical depth. Pixel counts from held-out test set (786,432 total pixels across 3 WV-3 Flores tiles).

asymmetric precision—-recall profile of cloud shadow (P =
0.770, R = 0.871) directly quantifies this failure mode:
the high recall confirms robust detection of genuine cloud
shadows, while the lower precision reflects additional false
detections from terrain shadows. The 0.101 precision-recall
gap is the largest among all four classes and constitutes
the dominant source of cloud shadow false positives in
topographically complex sub-scenes within the WV-3 Flores
test set. Integration of DEM-derived slope and aspect as
auxiliary input channels is identified as the most direct
mitigation strategy, consistent with established physics-based
shadow detection literature [37].

3) F3: THICK-THIN CLOUD BOUNDARY AMBIGUITY

The largest inter-class confusion occurs at the transition
boundary between thick cloud and thin cloud, where cloud
opacity decreases gradually from optically opaque (v >
1) to semi-transparent (tr < 1) over a continuous spatial
gradient. The confusion matrix shows 14,305 thick-cloud
pixels misclassified as thin cloud, representing 9.5% of
all thick cloud pixels in the test set. This ambiguity is
physically inherent: the transition zone has no discrete
spectral boundary, and manual annotation of these regions
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requires contextual judgment that introduces inter-annotator
variability (inter-annotator k = 0.89 in the present dataset).
In Fig. 8, boundary fragmentation between thick and thin
cloud classes is visible in the proposed U-Net predic-
tion. Boundary-aware loss functions [38] and multi-scale
feature aggregation are identified as the most promising
directions to improve delineation at opacity transition
zones.

H. CROSS-SENSOR VALIDATION

Table 8 presents cross-sensor validation results evaluating
transferability from WV-3 (source) to SPOT 6/7 Yogyakarta
(target), using genuine SPOT 6/7 PMS imagery with the
same four-class annotation scheme used for WV-3 Flores.
A second candidate SPOT 6/7 dataset (Bandung, N =
148) was excluded from this analysis because its available
annotation used a binary cloud/clear scheme, which is not
directly comparable to the four-class mIoU/F1/k metrics
used throughout this study. As this study evaluates a single
target region, sensor and region are fully confounded by
design (Major Comment #6(b)); the results below should
be read as characterising the joint sensor-plus-region shift,
not sensor shift in isolation. In addition to the proposed
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TABLE 8. Cross-sensor validation: WV-3 Flores — SPOT 6/7 yogyakarta (genuine imagery).

Region Mode mloU Mean F1 Kappa
WV-3 Flores Source (proposed) 0.7254 0.8383 0.7894
sroT o s Lo oSt ol 0 Sy
Fine-tuning gain (A) +0.4461 40.5501 +0.5980
SPOT 6/7 Yogyakarta Zero-shot (A1, raw input) 0.1992 0.2812 0.1771
SPOT 6/7 Yogyakarta Zero-shot (D1, no augmentation)  0.1124 0.1989 —0.0028

WV-3: 1.6 m resolution; SPOT 6/7 PMS: 1.5 m resolution (pan-sharpened). SPOT dataset: 3,376 tiles, disjoint 40%/60% split (1,350 fine-
tuning tiles / 2,026 held-out test tiles, 5 fine-tuning epochs); zero-shot uses 0 SPOT training tiles. Per-class F1 breakdown is not reported here
as it was not captured in the evaluation logs for this run; mean F1 and & are as logged. A1/D1 rows test the Group A and Group D retention
rationales (Section III-D).

Note: the WV-3 source model used in this cross-sensor experiment is an independent retraining of the proposed architecture/hyperparameters,
not the original checkpoint used for Tables 3—6 (produced by a collaborator; that checkpoint file was not available for this experiment). Its
WV-3 test mloU (0.7254) therefore differs from the 0.7545 reported there; this is expected run-to-run variance for the same architecture

(Section II-D) rather than a discrepancy in either result, and all mIoU values in this table are internally consistent with each other.

configuration (percentile normalisation, full augmentation),
this table includes zero-shot SPOT evaluation of the Al
(raw-input) and D1 (no-augmentation) ablation checkpoints,
to directly test the two retention rationales asserted in
Section III-D (Groups A and D) rather than leaving them
as untested assertions; as discussed there, both rationales are
contradicted by the result below.

Zero-shot cross-sensor evaluation on SPOT 6/7 PMS
Yogyakarta achieves mloU= 0.0648, compared to mloU=
0.7254 on the WV-3 source test set evaluated with the same
checkpoint (Table 8) — a drop of 0.6606, representing severe
degradation rather than transferability. This result does not
support treating percentile contrast enhancement as providing
effective radiometric bridging across sensors: as detailed
in Section III-D (Group A), the raw-input (A1) checkpoint
transfers zero-shot no worse, and in fact somewhat better
(mIoU = 0.1992), than the proposed percentile-normalised
configuration, contradicting the rationale originally used to
justify retaining percentile normalisation for cross-sensor
deployment. It should also be noted that sensor (WV-3 vs.
SPOT 6/7) and region (Flores vs. Yogyakarta) are fully
confounded in this experimental design: the reported result
reflects the joint effect of sensor change and regional land-
cover change, and cannot be attributed to sensor change in
isolation; some portion of the observed degradation may be
attributable to the regional shift (tropical Flores cloud cover
vs. Yogyakarta’s mixed urban-agricultural-volcanic land
cover) rather than the sensor shift alone. Few-shot fine-tuning
(1,350 SPOT 6/7 PMS tiles, 5 epochs, evaluated on a disjoint
2,026-tile held-out set) substantially improves performance,
tomloU = 0.5109 (+0.4461), though this remains well below
the WV-3 source performance and required a fine-tuning set
over an order of magnitude larger than the 5-tile few-shot
protocol originally described. Figure 10 summarises these
results.

These findings should be interpreted as a negative result
for zero-shot cross-sensor transfer under the conditions tested
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FIGURE 10. Cross-sensor validation mloU on SPOT 6/7 PMS
Yogyakarta. Bars: zero-shot (no target-domain training) vs. few-shot
fine-tuning (1,350 SPOT tiles, 5 epochs, evaluated on a disjoint 2,026-tile
held-out set). Zero-shot mloU = 0.0648 is far below the WV-3 source
performance (mloU = 0.7254, same checkpoint), indicating severe
degradation rather than transferability. Fine-tuning substantially
improves performance to mloU = 0.5109 (A = +0.4461), though this
remains well below the source-domain performance.

here, rather than as evidence of transferability requiring
only scope-bounding. The transfer was evaluated under what
would be considered favourable conditions for success: the
target sensor shares the four-band RGBN spectral configu-
ration of WorldView-3, the spatial resolution is comparable
(SPOT 6/7 PMS 1.5 m vs. WV-3 1.6 m), and the scenes
are broadly representative of humid tropical atmospheric
conditions. That zero-shot mIoU nonetheless collapsed from
0.7254 to 0.0648 under these matched conditions indicates

138303



IEEE Access

D. Sudiana et al.: Multiclass Cloud Detection for VHR Satellite Imagery Using U-Net

that spectral-configuration and resolution matching alone
are insufficient to guarantee cross-sensor generalisation for
this task and architecture, and that the radiometric bridging
previously attributed to percentile normalisation is not
supported once tested directly. Contributing factors that were
not controlled for and remain to be investigated include: dif-
ferences in absolute radiometric calibration and atmospheric
correction between the WV-3 and SPOT 6/7 processing
chains; the regional land-cover confound noted above; and
the small WV-3 training set (20 tiles) providing limited
exposure to the range of spectral appearances the model
would need to generalise across sensors. Domain adaptation
strategies with explicit cross-sensor training signal, such as
those demonstrated by Belyakov et al. [19] for cross-satellite
climate structure segmentation, appear necessary for this
task rather than the lightweight preprocessing-only approach
evaluated here; this is identified as a primary direction
for future work, together with evaluating transferability to
sensors with more divergent spectral response functions (e.g.
Sentinel-2 MSI) and to non-tropical climate zones.

IV. CONCLUSION AND FUTURE WORK

This study proposed a U-Net-based multiclass cloud detec-
tion pipeline for WorldView-3 VHR satellite imagery, trained
on 20 tiles (with on-the-fly augmentation) from Indonesian
tropical regions and evaluated on a 3-tile held-out test set,
with generalisation further assessed via spatial 5-fold cross-
validation on the full 25-tile dataset. The key findings are:

1) The proposed U-Net achieves mloU = 0.7545, mean
Fl-score = 0.8586, and Cohen’s k = 0.8097 on
the held-out test set, with TTA further improving mIoU
to 0.7618. Spatial 5-fold cross-validation confirms
generalisation with mean mloU = 0.7229 +£ 0.0732
(95% CI: [0.650, 0.777]).

2) Cross-sensor evaluation on genuine SPOT 6/7
Yogyakarta imagery reveals severe zero-shot degra-
dation (mloU dropping from 0.7254 on the WV-3
source test set to 0.0648), improving to 0.5109 after
few-shot fine-tuning on a disjoint 1,350-tile SPOT
split. A controlled test of the two retention rationales
given for the proposed design (percentile normalisation
and full augmentation) against the Al (raw-input)
and D1 (no-augmentation) ablation checkpoints shows
that neither rationale is supported: both alternative
configurations transfer zero-shot no worse than, and
in the case of raw input somewhat better than, the
proposed configuration. Sensor and region are fully
confounded in this single-target-region design, and this
negative result — obtained under otherwise favourable
conditions (matched RGBN configuration, comparable
resolution, tropical climate) — indicates that the
lightweight preprocessing-only approach evaluated
here is insufficient for cross-sensor generalisation at
this scale; explicit domain adaptation is identified as a
necessary direction for future work.
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3) Comprehensive five-group ablation studies (single run
per configuration; Section II-D) identify Batch Nor-
malisation removal as producing the largest observed
effect: severe class collapse (mloU = 0.364, clear-
sky F1 = 0.000), well outside the run-to-run variance
seen elsewhere in the study and consistent with gradient
scale divergence in the low-data regime. The NIR band
appears to be the most important spectral input, with its
removal reducing cloud shadow F1 by 0.326. Jaccard
Loss outperforms the other loss functions tested in this
single-run comparison.

4) Comparative evaluation against six baseline archi-
tectures including CNN-based, encoder-decoder, and
transformer paradigms—confirms that DeepLabV3+
achieves marginally higher mloU (0.758 vs. 0.755),
a difference not statistically significant at the cor-
rected threshold and below the 5-fold CV fold-to-
fold variance (Section III-C). The proposed U-Net
surpasses DeepLabV3+- on thick cloud F1 (+0.022)
and achieves the highest mean Fl-score across all
classes. FCN-8s collapses entirely (mloU = 0.253);
the non-pretrained, reduced-capacity transformer base-
lines used here (Section II-C) underperform, consistent
with data insufficiency for training attention mecha-
nisms from scratch rather than an inherent architectural
limitation.

5) Failure case analysis derived from per-class confusion
statistics identifies cloud shadow/terrain shadow con-
fusion (precision = 0.770) and thin cloud over
bright surfaces as the primary remaining challenges,
with concrete mitigation directions including DEM
integration, cirrus band addition, and boundary-aware
loss functions.

Current limitations include reliance on manual annotation
(inter-annotator ¥ =0.89), the absence of DEM-derived
topographic context for terrain shadow disambiguation, and
the commercial data constraints inherent to WorldView-3
imagery. Future research directions include: (1) boundary-
aware loss functions [38] to improve thin cloud edge
delineation; (2) DEM integration to resolve terrain shadow
ambiguity in mountainous scenes; (3) active learning to
reduce manual annotation requirements; (4) lightweight
architecture variants (e.g., EfficientNet-based U-Net) for
latency-constrained operational deployment; (5) multi-
temporal compositing for temporal shadow discrimination;
and (6) explicit domain adaptation strategies for cross-sensor
transfer (Section III-H), extending to additional VHR
platforms such as GeoEye-1, IKONOS, and Pleiades.
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The pixel-level four-class annotation masks for the
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