
 

  

ABSTRACT 
Satellite imagery is used in data-driven applications such as environmental monitoring, agriculture, and disaster management. 

However, while multispectral imagery suffers from cloud contamination that reduces quality and consistency, radar data remain 

unaffected but have differing signal characteristics. This study introduces a reproducible preprocessing pipeline for super-

resolution that quantifies cloud levels and applies sampling strategies to balance representation across low, medium, and high 

cloud contamination. Because super-resolution models are typically trained on clean multispectral imagery yet must operate on 

cloud-contaminated inputs, cloud-level imbalance can bias learning and destabilise optimisation. The pipeline was tested on the 

SEN12MS-CR dataset, which includes multispectral Sentinel-2 imagery and radar Sentinel-1 data, with image degradation 

applied to simulate low-resolution inputs for super-resolution tasks. Weighted sampling balanced cloud categories, preserved 

spectral diversity, and improved repeat-level stability, while random sampling produced pronounced imbalance and variability. 

This study extends existing preprocessing research by quantifying how cloud-level imbalance influences entropy, variance, and 

repeat-level stability, which are factors that are rarely examined together in a super-resolution workflow. By ensuring controlled 

cloud-level representation and preserving diversity, the proposed approach improves dataset representativeness and strengthens 

the robustness of super-resolution applications. 
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distributions influence downstream learning behaviour. 

Super-resolution models are usually trained on clean, 

cloud-free imagery, yet operational Sentinel-2 data often 

contain varying cloud levels. When cloudy low-resolution 

inputs are used, the model must infer high-resolution structure 

even where thin clouds or haze obscure the surface, making 

cloud effects part of the learning process. In this context, the 

distribution of cloud levels matters: imbalance can bias the 

model toward common regimes and weaken gradient signals 

for rarer conditions, reflected in shifts in spectral entropy and 

increased variance across repeats. Figure 1 contrasts 

conventional clean-image super-resolution pipelines with 

cloud-aware scenarios where cloud distortions propagate from 

the inputs. These considerations motivate a preprocessing 

approach that explicitly accounts for cloud-level imbalance. 

 

Figure 1. Illustrative comparison of conventional and cloud-

aware super-resolution workflows. The cloud-aware setting 

requires reconstruction from cloudy inputs, introducing 

different statistical properties compared with clean-image 

training.  

1. Introduction 
Multi-sensor satellite imagery is widely applied in Earth 

observation domains such as environmental monitoring [1], 

precision agriculture [2], and disaster management [3]. 

Sentinel-1 provides Synthetic Aperture Radar (SAR) data 

with dual polarisation bands (VV and VH), and Sentinel-2 

provides thirteen multispectral bands covering the visible, 

near-infrared, and shortwave-infrared regions [4]. These 

sensors are complementary and valuable for machine-learning 

tasks that require both spectral richness and structural detail, 

including super-resolution. 

A persistent challenge in multi-sensor imagery is cloud 

contamination. Sentinel-2 observations are obscured by 

clouds, which remove large fractions of usable pixels [5]. 

Sentinel-1 SAR data are unaffected by atmospheric 

conditions, yet combining SAR with cloud-contaminated 

optical imagery introduces heterogeneity in feature space and 

sampling distributions. This imbalance biases model training, 

limits generalisation, and reduces predictive accuracy of 

downstream performance [6]. 

Most preprocessing pipelines for optical imagery address 

clouds by detecting and masking contaminated pixels to 

provide clean inputs. The main operational processors for 

Sentinel-2, including MAJA, Sen2Cor, and Fmask, have been 

validated and compared by Baetens et al. [7]. These 

processors remove cloud artefacts effectively, but the 

statistical representativeness of the resulting datasets has 

received limited quantitative analysis. However, existing 

preprocessing studies rarely examine how cloud-level 
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This study develops a cloud-aware preprocessing and 

sampling framework for the SEN12MS-CR dataset [4]. Cloud 

levels are quantified for each image patch, and inverse-

probability weighting is applied to balance low, mid, and 

high cloud categories. The analysis evaluates how balancing 

affects entropy-based diversity, variance, and repeat stability. 

This work addresses a gap in understanding how cloud-level 

imbalance influences dataset variance, entropy, and repeat-

level consistency. These factors directly affect optimisation 

stability in super-resolution models but remain unquantified 

in existing preprocessing studies. By characterising these 

statistical effects, the study establishes both a cloud-aware 

preprocessing workflow and a statistical evaluation procedure 

for assessing dataset representativeness and stability before 

model training. This combined preprocessing and evaluation 

approach provides a reproducible foundation for preparing 

more reliable datasets under heterogeneous cloud conditions. 

 

2. Materials and methods 

This section describes the dataset, preprocessing steps, 

and analytical procedures used to evaluate the effects of 

cloud-aware sampling. The workflow includes cloud 

quantification, entropy-based characterisation, statistical 

testing, and image degradation for super-resolution 

evaluation. Each step was designed to ensure reproducibility 

and consistent comparison between random and weighted 

sampling strategies. 

 

2.1. Dataset 

This study used the SEN12MS-CR dataset [4], which 

provides paired Sentinel-1 SAR (VV, VH) and Sentinel-2 

multispectral (13 bands) imagery across seasons and cloud 

conditions. Each patch is provided on a common 10 m spatial 

resolution grid and delivered as 256 × 256 pixel tiles, 

corresponding to an area of approximately 2.56 × 2.56 km. 

The dataset contains globally sampled regions of interest: 

each composed of cloudy and cloud-free Sentinel-2 images 

together with co-registered Sentinel-1 acquisitions. In total, 

SEN12MS-CR includes 122,218 patches across spring 

(29,117), summer (33,827), fall (40,941), and winter 

(18,333). After excluding patches with zero cloud score, 

59,906 patches remained across spring (16,206), summer 

(15,999), fall (20,122), and winter (7,579). Within this 

filtered subset, the cloud-level composition consists of 43,642 

low-cloud, 10,377 mid-cloud, and 5,887 high-cloud patches. 

These clouded samples form the basis for all subsequent 

preprocessing, sampling, and statistical analyses. The overall 

preprocessing workflow, including data inputs, cloud-level 

categorisation, entropy computation, and sampling strategy, 

is summarised in Figure 2.  

Figure 2. Workflow of the preprocessing pipeline showing 

inputs (Sentinel-1 SAR and Sentinel-2 multispectral 

imagery), cloud-level quantification and categorisation, 

entropy and statistical calculations, and generation of random 

versus weighted samples used in the analysis.  

 

SEN12MS-CR was designed for cloud-removal research, 

providing paired cloudy and cloud-free imagery to train and 

validate restoration models. In this study, the dataset was 

adapted for super-resolution experiments by degrading the 

high-resolution Sentinel-2 images to simulate low-resolution 

inputs using bicubic downsampling while retaining the 

original clouded images. This modification preserves the 

dataset’s cloud-aware characteristics but adapts it to analyse 

preprocessing effects on super-resolution tasks. Processing 

and analysis were performed in Python 3.12 / PyTorch 2.4 

(CUDA 11.8, Ubuntu 22.04 LTS) on an NVIDIA RTX 4080 

SUPER GPU. 

 

2.2. Cloud level quantification 

Cloud contamination was quantified using a method 

adapted from Meraner et al. [4]. Reflectance values were 

normalised to [0, 1], and cloud scores were derived from the 

blue, aerosol, cirrus, and visible bands. The Normalised 

Difference Snow Index (NDSI) was used to exclude snow-

covered pixels, and the cloud-probability maps were 

smoothed using morphological closing. Morphological 

closing employed 5×5 square kernels for both dilation and 

erosion, followed by additional 7×7 average smoothing. 

Images were categorised into low (≤ 0.3), mid (0.3–0.6), and 

high (≥ 0.6) cloud levels. The thresholds of 0.30 and 0.60 

were selected as simple heuristic cut-points, providing an 

interpretable categorisation (Figure 3) that enables the 

subsequent sampling strategy to address the inherent 
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imbalance in cloud conditions explicitly. Cloud-free images 

were excluded from analysis. Figure 4 shows example 

patches illustrating the defined cloud levels, including 

Sentinel-1 SAR, cloud-free Sentinel-2, downsampled input, 

and Sentinel-2 scenes with low, mid, and high cloud 

conditions.  

Figure 3. A histogram with KDE illustrates the population-

level frequency of raw cloud scores. Vertical dashed lines at 

0.30 and 0.60 mark the thresholds used to define low, mid, 

and high cloud levels. Mean and median values are shown for 

reference, along with summary statistics indicating the 

strongly right-skewed distribution that motivates the 

categorical separation used in subsequent sampling analyses. 

Figure 4. Example SEN12MS-CR samples showing (a) 

Sentinel-1 SAR, (b) Sentinel-2 cloud-free reference, (c) 

downsampled input, and (d–f) Sentinel-2 scenes with low, 

mid, and high cloud levels. 

 

2.3. Spectral statistics and entropy 

Per-image entropy quantified spectral diversity, 

interpreted as image information content of multispectral 

imagery [8]. For every image, the mean reflectance of each 

band was computed, producing a vector of fifteen per-band 

means. The 15-band entropy vector consists of the 13 

multispectral Sentinel-2 bands together with the two Sentinel-

1 SAR polarisation channels (VV and VH), as SAR 

backscatter penetrates cloud and contributes structural 

information absent from the optical bands, yielding an 

entropy measure that reflects complete multisensor scene 

variability. These means were normalised and converted into 

a probability distribution representing the relative 

contribution of each band to the image’s overall spectral 

composition. Entropy (H) was calculated as  

 

 

 

where pi is the normalised probability of intensity level i 

across all spectral bands, and N is the number of discrete 

intensity levels. Higher H values indicate higher spectral 

variability, while lower values reflect homogeneous spectral 

responses. 

This formulation follows recent studies that use entropy 

to measure information content in optical and multisensor 

imagery. It was shown that entropy-based metrics capture 

multi-feature image diversity by combining spectral, spatial, 

and textural attributes [8]. Consistent with that framework, 

the present study focuses on the spectral component. Entropy 

values were standardised with z-normalisation to ensure 

comparability across bands and cloud categories, computed as 

 

 

 

where     and     are the mean and standard deviation of 

entropy across all images in the dataset. This study analyses 

image-level spectral summaries only. Pixel-level spatial 

structure is not included, as all computations use aggregated 

per-image statistics. 

 

2.4. Sampling strategy 

Two sampling strategies were used. In random sampling, 

images were drawn uniformly without considering the cloud 

level. In weighted sampling, selection probabilities were 

calculated as the inverse of each category’s relative 

frequency, normalised to sum to one:  

 

 

 

 

where fk is the relative frequency of category k (low, mid, 

high). This weighting increases the contribution of under-

represented categories and decreases that of common 

categories, producing balanced subsets. For each strategy, 150 

images per category per season were selected, based on 

evidence that most performance gains in balanced image-

based deep-learning tasks occur before roughly 150 samples 

per class, with limited improvement beyond that point [9]. 

With three categories and four seasons, this produced 1,800 

images per replicate sample. The sampling process was 

repeated 100 times to generate replicate subsets.  

 

2.5. Statistical tests 

The effects of random and weighted sampling were 

evaluated using non-parametric tests, following standard 

statistical procedures [10]. Class balance was assessed with 

the Chi-square test. At the same time, differences in central 

tendency were examined using the Mann–Whitney U test for 

pairwise comparisons and the Kruskal-Wallis H test for multi-

group comparisons. Variance was analysed with the Brown–

Forsythe test, a median-based variant of Levene’s test. Repeat 

stability was further assessed by applying the Brown–

Forsythe test to per-repeat medians across the 100 replicate 

(1) 

(2) 

(2) 
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samples. These procedures provided a statistical comparison 

of class distributions, entropy medians, and variance patterns 

between sampling strategies, both overall and within 

individual cloud-level categories. 

 

2.6. Degradation process for super-resolution 

High-resolution Sentinel-2 images were degraded to 

create corresponding low-resolution inputs for supervised 

super-resolution training and evaluation. Each image was 

downsampled by a factor of two (degrade factor = 0.5) using 

bicubic interpolation, a standard baseline in super-resolution 

research [11]. This process produced paired low-resolution 

and original high-resolution images for each patch, ensuring 

spatial alignment across all spectral bands. 

3. Results and discussion 

This section presents the statistical outcomes of the 

analyses and interprets their implications for cloud-aware 

preprocessing. Results are organised by key aspects of data 

quality and stability: class balance, central tendency, variance, 

and repeat consistency. The discussion links these results to 

the goal of improving dataset representativeness for training 

super-resolution models under varying cloud conditions. 

Table 1 summarises all hypotheses tested and the 

corresponding statistical decisions, with Tables 2–12 

presenting the detailed results for each analysis. 

 

 

 

Table 1. Summary of hypotheses tested in this study 

Table 

No. 
Hypotheses Decision 

2 Does weighted sampling produce balanced class proportions across cloud levels? 

H₀: Cloud-level proportions are equal under random and weighted sampling. 

H₁: Cloud-level proportions differ between random and weighted sampling. 

Reject H₀ 

3 Does weighting affect the overall median entropy (spectral information content)? 

H₀: Median entropy is equal between random and weighted samples. 

H₁: Median entropy differs between random and weighted samples. 

Reject H₀ 

4 Does weighting affect the median entropy within each cloud-level category? 

H₀: Median entropy within each cloud level is equal between random and weighted sampling. 

H₁: Median entropy within each cloud level differs between random and weighted sampling. 

Fail to reject H₀ 

5 Does cloud level influence entropy regardless of sampling method? 

H₀: Median entropy does not differ across cloud levels. 

H₁: Median entropy differs among low, mid, and high cloud levels. 

Reject H₀ 

6 Does weighting change the overall variance of entropy values? 

H₀: Variance of entropy is equal between random and weighted sampling. 

H₁: Variance of entropy differs between random and weighted sampling. 

Fail to reject H₀ 

7 Does weighting affect variance within individual cloud levels? 

H₀: Variance within each cloud level is equal between random and weighted sampling. 

H₁: Variance within each cloud level differs between random and weighted sampling. 

Reject H₀ 

(marginal) 

8 Does cloud level influence variance regardless of sampling method? 

H₀: Variance does not differ across cloud levels. 

H₁: Variance differs among low, mid, and high cloud levels. 

Reject H₀ 

9 Does weighting improve repeat stability across sampling iterations? 

H₀: Repeat-level variance is equal between random and weighted methods. 

H₁: Repeat-level variance differs between random and weighted methods. 

Reject H₀ 

10 Does weighting affect repeat-level variance within each cloud category? 

H₀: Repeat-level variance within each cloud level is equal between random and weighted sampling. 

H₁: Repeat-level variance within each cloud level differs between random and weighted sampling.  

Reject H₀ 

(partial) 

11 Does cloud level influence repeat-level variance patterns? 

H₀: Repeat-level variance does not differ across cloud levels. 

H₁: Repeat-level variance differs among low, mid, and high cloud levels. 

Reject H₀ 

12 Does weighting interact with cloud level to influence repeat-level variance? 

H₀: Method × cloud-level interaction has no effect on repeat-level variance. 

H₁: Interaction affects repeat-level variance (patterns differ by method and level). 

Reject H₀ 

(partial) 
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3.1. Class balance 

The first analysis tested whether random and weighted 

sampling produced equal representation across low, mid, and 

high cloud categories. A Chi-square test was applied, and the 

results are summarised in Table 2. 

 

Table 2. Class balance check across random vs. weighted 

sampling (χ² test)  

Random sampling produced highly unbalanced class 

distributions. Across one hundred repeated draws, all samples 

rejected the null hypothesis of equal proportions, with large 

Chi-square values (mean = 1225.52 ± 67.29) and near-zero p-

values. Weighted sampling maintained uniformity; only seven 

per cent of replicates rejected the null, with much smaller 

statistics (mean = 2.09 ± 2.05) and higher p-values (0.482 ± 

0.279). Figure 5 confirms that random sampling yields 

skewed proportions, while weighted sampling produces 

nearly uniform distributions.  

Figure 5. Proportion of samples in low, mid, and high cloud 

categories under random vs. weighted sampling. Weighted 

shows near-uniform distribution; random is skewed. 

 

For super-resolution models, balanced sampling ensures 

that the network does not overfit to the most frequent cloud 

type and that performance remains reliable across rare 

conditions. Weighted sampling, therefore, supports better 

generalisation across cloud levels. 

 

3.2. Central tendency 

Central tendency was compared between random 

and weighted subsets using the Mann–Whitney U test. Both 

overall entropy distributions and within-level comparisons 

were evaluated. The outcomes are presented in Tables 3–5. 

 

Table 3. Effect of balancing on overall entropy median 

(Mann–Whitney U test) 

Table 4. Effect of balancing on entropy median within cloud 

levels (Mann–Whitney U test)  

 

Table 5. Cloud-level effect on median entropy (Kruskal–

Wallis H test) 

Entropy distributions differed significantly between 

random and weighted sampling (U = 0, p < 0.001). The 

weighted method produced slightly higher entropy (median = 

3.67 vs 3.54), representing an increase of about 3.5 per cent. 

Figure 6 shows that weighted medians cluster above random, 

and the distribution of paired differences is positive. 

Balancing raised overall entropy, indicating greater spectral 

variability.  

Method 

Samples 

Reject 

H₀ 

Samples 

Not 

Reject 

H₀ 

% 

Reject 

H₀ 

Χ² 

Statistic 

(mean ± 

SD) 

p-value 

(mean ± 

SD) 

Random 100 0 100.0% 
1225.52 ± 

67.29 
p < 0.001 

Weighted 7 93 7.0% 2.09 ± 2.05 
0.482 ± 

0.279 

Comparison 
Statistic 

(U) 
p-

value 
Median 
Random 

Median 
Weighted 

Ratio 
W/R 

Ratio 
R/W 

Random vs 
Weighted 

0.0 
p < 

0.001 
3.544 3.669 1.035 0.966 

Cloud 
Level 

Statistic 
(U) 

p-
value 

Median 
Random 

Median 
Weighted 

Ratio 
W/R 

Ratio 
R/W 

Low 5656.0 0.109 3.440 3.437 0.999 1.001 

Mid 5725.5 0.076 3.694 3.693 1.000 1.000 

High 5891.5 0.029 3.711 3.709 0.999 1.001 

Method 
Statistic 

(H) 
p-

value 
Median 

Low 
Median 

Mid 
Median 

High 

Ratio 
Low/ 
Mid 

Ratio 
Mid/ 
High 

Ratio 
Low/ 
High 

Random 261.88 
p < 

0.001 
3.440 3.694 3.711 0.931 

0.99
5 

0.927 

Weighted 265.78 
p < 

0.001 
3.437 3.693 3.709 0.931 

0.99
6 

0.927 
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Figure 6. Distribution of per-repeat median entropy 

under random and weighted sampling, where panel (a) shows 

boxplots with swarmplots comparing repeat-level medians 

against the population reference, and panel (b) presents the 

density of differences (weighted–random), highlighting that 

weighted medians are consistently higher. 

 

Within individual cloud levels, differences were 

negligible. Thus, weighting did not significantly alter within-

level entropy. Low and mid clouds showed no significant 

difference (p = 0.109 and 0.076). High clouds showed a small 

but detectable change (p = 0.029), though the effect size was 

minor. Figure 7 illustrates these results with violin plots of 

median entropy across cloud levels for both sampling 

methods. 

Figure 7. Comparison of median entropy by method and 

cloud level, shown with split violin plots for random and 

weighted sampling across low, mid, and high categories. 

Population medians are marked with horizontal reference 

lines, and statistical test annotations confirm that only the 

high-cloud category shows a small but statistically detectable 

difference, while low and mid clouds remain comparable 

across methods.  

 

The cloud level itself had the dominant effect on entropy. 

Median entropy increased from low to mid by about seven per 

cent, but remained stable from mid to high. Kruskal–Wallis 

tests confirmed significant differences (p < 0.001) for both 

methods. These results indicate that entropy variation is 

driven by cloud level rather than sampling strategy. 

Entropy reflects spectral richness and textural diversity. 

Weighted sampling preserved or increased entropy, 

increasing the diversity of spectral inputs and improving their 

capacity to reconstruct fine-scale details instead of learning 

biased representations from over-represented conditions. 

 

3.3. Variance  

Variance in entropy values was analysed using the 

Brown–Forsythe test. Comparisons included overall variance, 

variance within cloud levels, and cross-level effects. Results 

are provided in Tables 6–8.  

 

Table 7. Effect of balancing on variance within cloud levels 

(Brown–Forsythe test)  

 

Table 8. Cloud-level effect on variance (Brown–Forsythe 

test)  

 

Overall variance did not differ significantly between 

random and weighted sampling (p = 0.866). Weighted 

variance appeared lower by about twenty-eight per cent, but 

this difference was not significant. Balancing, therefore, does 

not alter total variance systematically. Figure 8 visualises 

these findings: both sampling methods follow similar 

variance distributions.  

Comparison 
Statistic 

(F) 

p-

value 

Variance 

Random 

Variance 

Weighted 

Ratio 

W/R 

Ratio 

R/W 

Random vs 

Weighted 
0.029 0.866 

7.95 × 

10⁻² 

5.71 × 

10⁻² 
0.718 1.393 

Cloud Level 
Statistic 

(F) 
p-

value 
Var 

Random 
Var 

Weighted 
Ratio 
W/R 

Ratio 
R/W 

Low 17.77 
p < 

0.001 
8.30 × 
10⁻² 

8.24 × 
10⁻² 

0.993 1.008 

Mid 19.70 
p < 

0.001 
2.98 × 
10⁻² 

3.09 × 
10⁻² 

1.040 0.962 

High 17.79 
p < 

0.001 
1.08 × 
10⁻² 

1.08 × 
10⁻² 

1.003 0.997 

Method 
Statistic 

(H) 
p-

value 
Var 
Low 

Var 
Mid 

Var 
High 

Ratio 
Low/ 
Mid 

Ratio 
Mid/ 
High 

Ratio 
Low/ 
High 

Random 24.13 
p < 

0.001 
1.04 × 
10⁻⁴ 

2.79 × 
10⁻⁵ 

3.95 × 
10⁻⁵ 

3.746 0.707 2.648 

Weighted 124.58 
p < 

0.001 
2.91 × 
10⁻⁴ 

1.27 × 
10⁻⁵ 

1.16 × 
10⁻⁵ 

22.93
0 

1.091 
25.02

3 
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Figure 8. Overall variance of entropy under random and 

weighted sampling, where panel (a) shows per-sample 

variances compared with the population reference, and panel 

(b) presents the density of variance differences (weighted – 

random). Both visualisations confirm the Brown–Forsythe 

test results in Table 6, showing that weighted sampling yields 

slightly lower variance on average, but the difference is not 

statistically significant.  

 

Within cloud levels, variance differences were 

statistically significant but small in magnitude. Weighted 

variance was 0.8 per cent lower for low clouds, about 4 per 

cent higher for mid clouds, and 0.3 per cent higher for high 

clouds. The Brown–Forsythe results confirm that the 

differences are detectable but not practically meaningful. 

Figure 9 shows that the variance patterns under both methods 

are nearly identical. 

Figure 9. Variance of entropy by cloud level under random 

and weighted sampling. Split violin plots with quartile 

markers show the spread of per-sample variances for low, 

mid, and high clouds. Population reference lines and Brown–

Forsythe test annotations indicate that although differences 

are statistically significant, the effect sizes are negligible, with 

weighted variances differing from random by less than 5%. 

 

Variance differed markedly across cloud levels. In the 

random method, low-cloud variance was three to four times 

higher than mid-cloud and roughly twice that of high clouds. 

Under weighting, low-cloud variance increased relative to 

mid and high by more than twentyfold, while mid and high 

were nearly equal. These patterns show that cloud level is the 

primary driver of variance, and weighting amplifies this 

contrast for low-cloud cases. 

Stable variance across categories indicates consistent 

training signals. Random sampling produces uneven variance 

that can cause noisy or biased learning. Weighted sampling 

improves proportional balance but increases low-cloud 

variability, suggesting that models trained on these subsets 

may still show instability unless further balanced or filtered. 

 

3.4. Repeat stability 

 

Reproducibility was assessed by analysing variance 

across one hundred sampling iterations. Brown–Forsythe tests 

compared overall and per-level repeat variance. The findings 

are shown in Tables 9–12. 

 

Table 9. Repeat-level variance comparison across methods 

(Brown–Forsythe test) 

Weighted sampling reduced repeat variance by roughly 

fivefold (1.90 × 10⁻⁵ vs 9.76 × 10⁻⁵; p < 0.001). The result 

indicates more consistent resampling behaviour. 

 

Table 10. Repeat-level variance within cloud levels (Brown–

Forsythe test) 

Variance patterns varied by cloud level. Hence, weighting 

improved mid/high-cloud stability but increased low-cloud 

variability. For low clouds, weighted variance was higher 

(2.91 × 10⁻⁴ vs 1.04 × 10⁻⁴). For mid and high clouds, 

weighted variance was lower, roughly half to one-third of 

random. Weighting stabilised mid and high clouds but 

inflated variability at low clouds. 

 

Table 11. Cloud-level effect on repeat-level variance (Brown

–Forsythe test) 

 

Both methods showed strong cloud-level variance effects 

(p < 0.001). In random sampling, low-cloud variance was 

about three to four times higher than mid or high. In weighted 

sampling, the difference rose to roughly twentyfold. The 

dominance of low-cloud variability persists regardless of 

method.  

Comparison 
Statistic 

(F) 

p-

value 

Var 

Random 

Var 

Weighted 

Ratio 

W/R 

Ratio 

R/W 

Random vs 

Weighted 
36.50 

p < 

0.001 

9.76 × 

10⁻⁵ 

1.90 × 

10⁻⁵ 
0.195 5.128 

Cloud 

Level 

Statistic 

(F) 
p-value 

Var 

Random 

Var 

Weighted 

Ratio 

W/R 

Low 25.63 p < 0.001 1.04 × 10⁻⁴ 2.91 × 10⁻⁴ 2.787 

Mid 10.23 0.002 2.79 × 10⁻⁵ 1.27 × 10⁻⁵ 0.455 

High 44.34 p < 0.001 3.95 × 10⁻⁵ 1.16 × 10⁻⁵ 0.295 

Method 
Statistic 

(H) 
p-

value 
Median 

Low 
Median 

Mid 
Median 

High 

Ratio 
Low/ 
Mid 

Ratio 
Mid/ 
High 

Ratio 
Low/ 
High 

Random 24.13 
p < 

0.001 
1.04 × 
10⁻⁴ 

2.79 × 
10⁻⁵ 

3.95 × 
10⁻⁵ 

3.746 0.707 2.648 

Weighted 124.58 
p < 

0.001 
2.91 × 
10⁻⁴ 

1.27 × 
10⁻⁵ 

1.16 × 
10⁻⁵ 

22.93
0 

1.091 
25.02

3 
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These results indicate that while weighting improves 

reproducibility overall, an interaction between sampling 

method and cloud level remains evident. Stability under mid- 

and high-cloud conditions improves markedly, but low-cloud 

subsets continue to drive residual variance, confirming that 

weighting stabilises some categories while amplifying 

variability in others. This interaction effect suggests that 

cloud-level heterogeneity, rather than sampling method alone, 

governs repeat-level variance patterns. Careful control of low-

cloud representation is therefore necessary to maintain 

consistent performance in repeated sampling. For super-

resolution models, this stability ensures predictable 

convergence and reliable evaluation across training runs. In 

contrast, persistent variability in low-cloud cases highlights 

the need for further refinement of preprocessing steps to 

minimise noise and enhance model robustness.  

 

3.5. Key insights 

The analyses show that cloud-aware sampling improves 

both dataset balance and training stability without altering the 

essential statistical structure of the imagery. Weighted 

sampling equalises the representation of low, mid, and high 

cloud levels, ensuring that models are trained on data that 

reflect a wider range of atmospheric conditions. Entropy 

results confirm that balancing maintains or slightly increases 

information content, indicating that diversity in spectral and 

spatial content is preserved. 

Variance tests demonstrate that differences across cloud 

levels remain the primary source of instability. Weighted 

sampling reduces overall variability between repeated 

samples but amplifies variance within low-cloud subsets, 

revealing that these cases are the most unpredictable. Repeat-

level analysis confirms that balanced sampling improves 

reproducibility and provides consistent behaviour across 

resampling iterations. 

Together, these results indicate that the proposed 

preprocessing and sampling framework produces datasets that 

are statistically representative and stable across repeated 

experiments. The findings establish a foundation for reliable 

model training and evaluation in cloud-contaminated satellite 

imagery, supporting the development of robust super-

resolution methods that generalise across diverse atmospheric 

conditions. 

Across all analyses, low-cloud scenes showed the highest 

variance and the largest fluctuations across repeated samples. 

This reflects the mixed composition of partially obscured 

scenes, where surface reflectance, thin cloud layers, haze, and 

mixed surface–atmosphere contributions jointly influence the 

spectral signal. Such mixed conditions produce more 

heterogeneous responses than fully unobscured or fully 

clouded scenes, leading to wider variability in entropy and 

variance statistics. This pattern explains why low-cloud 

categories remain the most variable component of the dataset, 

even when overall sampling balance is improved. 

These stability gains also carry practical value for 

applications that rely on consistent satellite-derived products, 

such as crop monitoring, flood assessment, and hazard 

mapping, where unstable inputs may distort yield 

assessments, underestimate flood spread, or shift risk zones. 

By stabilising the inputs to super-resolution workflows, the 

framework supports operational decisions such as crop 

management, response coordination, or hazard warnings, in 

contexts where inconsistent outputs can incur economic or 

societal costs. 

 

3.6. Implications for super-resolution model training 

The improvements in class balance, entropy distribution, 

and repeat-level variance indicate that the balanced subsets 

produced by the preprocessing framework offer more stable 

and representative inputs for super-resolution training. 

Consistent data statistics are important for super-resolution 

because variability in spectral composition or cloud 

conditions can influence optimisation behaviour and lead to 

inconsistent reconstruction quality. 

Balanced subsets that maintain comparable representation 

of low-, mid-, and high-cloud scenes while preserving 

spectral diversity provide a more reliable basis for learning 

across atmospheric conditions. The reduction in repeat-level 

variance further suggests that training on these subsets would 

yield more stable gradient signals and more consistent 

optimisation behaviour. 

Taken together, these statistical gains strengthen the 

reliability of datasets prepared for super-resolution workflows 

and provide a sound foundation for downstream model 

development under heterogeneous atmospheric conditions. 

Although full model training is beyond the scope of this 

Table 12. Pairwise comparisons of repeat-level variance across cloud levels (Brown–Forsythe test)  

Method Pair Statistic (F) p-value Var A Var B Ratio A/B Ratio B/A 

Random Low vs Mid 37.58 p < 0.001 1.04 × 10⁻⁴ 2.79 × 10⁻⁵ 3.746 0.267 

Random Low vs High 19.24 p < 0.001 1.04 × 10⁻⁴ 3.95 × 10⁻⁵ 2.648 0.378 

Random Mid vs High 6.23 0.013 2.79 × 10⁻⁵ 3.95 × 10⁻⁵ 0.707 1.415 

Weighted Low vs Mid 127.73 p < 0.001 2.91 × 10⁻⁴ 1.27 × 10⁻⁵ 22.930 0.044 

Weighted Low vs High 132.85 p < 0.001 2.91 × 10⁻⁴ 1.16 × 10⁻⁵ 25.023 0.040 

Weighted Mid vs High 0.61 0.435 1.27 × 10⁻⁵ 1.16 × 10⁻⁵ 1.091 0.916 
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study, the stabilised entropy and variance distributions 

documented here represent prerequisites for predictable super

-resolution optimisation behaviour, especially under 

heterogeneous cloud conditions. 

 

4. Conclusions  
This study introduced a reproducible preprocessing 

framework for cloud-contaminated satellite imagery that 

balances data representation across low, mid, and high cloud 

levels. Using the SEN12MS-CR dataset, the analysis 

compared random and weighted sampling across multiple 

statistical dimensions, including class balance, entropy, 

variance, and repeat stability. Weighted sampling achieved 

balanced class proportions and preserved spectral diversity, 

producing datasets that more accurately represent the range of 

cloud conditions observed in optical imagery. Entropy 

differences confirmed that weighting preserved the 

information content of the imagery, while variance and repeat

-level tests showed that weighting improves overall stability. 

The results also revealed that low-cloud subsets remain the 

primary source of variability, indicating the need for refined 

control in these cases. 

The improvements in balance, entropy distribution, and 

repeat-level stability show that the proposed preprocessing 

framework provides more representative and reliable inputs 

for subsequent learning. For super-resolution tasks, balanced 

cloud-level representation helps prevent bias toward over-

represented atmospheric conditions and supports more stable 

optimisation across cloud regimes. Low-cloud scenes, 

however, remained the most variable, indicating that models 

trained on such conditions may experience less stable 

optimisation unless their representation is carefully managed. 

The limitations of this study include its focus on spectral 

entropy without integrating spatial or texture-based analysis 

that could capture structural variability, as well as the 

SEN12MS-CR dataset-specific nature of the findings, which 

may have limited broader applicability across different 

sensors or regional contexts. Future work may build on the 

balanced and variance-controlled datasets developed here as 

training inputs for super-resolution models, enabling direct 

evaluation of how stabilised cloud-level representation affects 

convergence behaviour and reconstruction quality across 

varying atmospheric conditions. This can be complemented 

with spatial-based analysis and cloud-free patches. 
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