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Introduction

 “Find the images with less than 5% cloud cover between two dates”
 “Find the first image of the year where the vegetation content exceeds 20%”

Sentinel-2’s Scene Classification Layer (SCL) can be used to help answer these.

But 30 megapixels per scene × 60 scenes per year => many pixels!

Q: Do we need to process every pixel?

Specifically:

• To what extent can downsampling be applied?

• How does this vary with size of the area of interest (AoI)?

• Assume an error tolerance of 1%.

• Follow up: What part (if any) does spatial distribution play?



Background (I): Scene Classification Layer (SCL)
• Part of Sentinel-2 Level 2A product.
• Native resolution 20m.
• Aka. Scene Classification Map.
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Source & how it works:
ESA Sentinel-2 Level-2A Algorithm 
Theoretical Basis Document, 2021 [1]
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Background (II)
Downsampling:
• Uniform/nearest neighbor, random, various interpolations 

& adaptive algorithms, e.g., Mîrț et al., 2022 [2].
• Random is less accurate than uniform for downstream tasks => spatial distribution is 

important [2].

Cloud Optimized GeoTIFF (COG):
• Tiling & pyramids/overviews => allows sub-setting and multiscale without reading the 

whole file [via HTTP range requests] (https://cogeo.org [3])
• Optimal usage with uniform downsampling.



Methodology: Study areas

© Stadia Maps © OpenMapTiles © Stamen Design © OpenStreetMap contributors

Two base areas of interest (AoI):
• West of Vienna, Austria
• Duoro Valley, Spain

→ Derived tiles 1km×1km to 
60km×60km (synthetic AoIs)

Study Period:
1st June to 1st July 2023
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Approx. 10 unique 
Sentinel-2 scenes

=>



Methodology: Overview (accuracy & performance assessment)

Perform STAC search

Fetch SCL asset data 
@ resolution

Calculate class 
distributions

Generate AoIs of 
size × size

Exclude ‘No Data’

ComparisonAoI Generation Querying

Compare native (20m) vs. 
downsampled distributions

Determine maximum 
classification error (MCE)

𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 ∈ {20m,… , 1000m}

𝑠𝑖𝑧𝑒 ∈ {1km,… , 60km}
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Methodology: Example
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(*) Maximum classification error (MCE)
Contains modified Copernicus Sentinel data [2023]

(*)(*)

7



1% error tolerance
n = 2315
Downsampled to 50m

Downsampled to 100m

n = 680
n = 340

n = 210
n = 345

n = 694 n = 214 n = 348 n = 1021 n = 82 n = 20

Results (I)
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Distributions of MCE due 
to downsampling across 

AoIs

Note: n was later found to include 
duplicates due to multiple 
baselines; actual n is effectively half. 



Results (II)

Query runtime, mean per scene
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Note: Performance measurements were taken before ‘No Data’ filtering step



Results (III)

Est. runtime
reduction
(multiple)

Est. runtime/scene
(downsampled) (s)

Est.
runtime/scene

(native) (s)

Data
reduction
(multiple)

Pixels
(downsampled)

Pixels
(native)

Max.
downsampling
resolution (m)

Tile size
(m)

N/AN/A0.0157N/AN/A2500N/A1000
N/AN/A0.0159N/AN/A10000N/A2000
N/AN/A0.0161N/AN/A22500N/A3000
1.040.015780.01656.25640040000504000
1.100.015950.01756.251440090000506000
1.170.016180.01906.2525600160000508000
1.310.015860.0208251000025000010010000
1.450.015950.0231251440036000010012000
2.290.015860.036310010000100000020020000
6.230.015780.09836256400400000050040000

12.640.015950.201662514400900000050060000

Maximum downsampling resolution before MCE exceeds 1%,
and associated data and estimated query runtime reductions
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“N/A” = error tolerance was exceeded for all tested downsampling 
resolutions (50m, 100m, 200m, 500m, 1000m).



Downsampled to 100m

Spatially 
shuffle
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image date 2023-06-05,
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Follow-up:
Spatial distribution



Follow-up:
Spatial distribution (II)

Spain 8km × 8km subset (100m ds.) Austria 8km × 8km subset (100m ds.)
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• Unshuffled

Shuffled,
10 permutations

Downsampling to 100m: of 51 images, 39 (76.5%) had lower MCE due to downsampling than the majority of spatially
shuffled permutations. Of these, the mean reduction in MCE was 0.29%.
Downsampling to 200m: of 51 images, 41 (80.4%) had lower MCE due to downsampling than the majority of spatially
shuffled permutations. Of these, the mean reduction in MCE was 0.50%. 12



Why/when it works:
• Spatial autocorrelation: size of feature > spatial resolution

Future work:
• Test with more regions.

• Test with more resolutions, especially for small AoIs.

• Test with more satellites, e.g., Landsat 8/9 (work in progress).

• Finer-grained categories => less effective?

Tip: For AoIs with similar footprint to S2 granules, use STAC metadata, 
e.g., s2:vegetation_percentage [11] 

Discussion
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