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Abstract—Unsupervised learning is widely used in remote
sensing when labels are sparse, delayed, or heterogeneous across
regions and seasons. Its operational use is limited when clus-
ter outputs are not accompanied by transparent quantitative
reporting. We propose a compact scorecard for explainable
unsupervised pipelines that separates cluster validity, explana-
tion quality, and seed-based reproducibility in no-label settings.
We focus on explainable k-means (XKMeans) and explainable
Gaussian mixture models (XGMM) and link each scorecard
quantity to concrete explanation artifacts: model-tied cluster
feature sets and surrogate-based summaries. Validity is quantified
through silhouette and, when benchmark labels exist, purity and
normalized mutual information. Explanation quality is evaluated
through fidelity, coverage, sparsity, and stability. We demonstrate
the scorecard on a Sentinel-2 wildfire scene without pixel-level
ground truth. The experiment is intentionally a compact proof-
of-concept in a low-dimensional feature space, while broader
validation on higher-dimensional and multimodal remote-sensing
settings is a natural next step.

Index Terms—Explainable Al, unsupervised learning, cluster-
ing, evaluation metrics, remote sensing, interpretability.

I. INTRODUCTION

Remote sensing workflows frequently rely on unsupervised
learning for retrieval, mapping, monitoring, and exploratory
analysis. This is common in situations where labels are limited,
arrive late in time, or vary across regions and seasons due
to changes in land cover, illumination, sensor geometry, and
acquisition conditions. A clustering model can reveal structure,
yet for analyst-facing and decision-facing settings a partition
alone is not sufficient: users require quantitative reporting
that clarifies (i) whether the structure is coherent, (ii) what
features explain the discovered groups, and (iii) whether these
explanations remain consistent under small changes such as
random initialization. Explainable machine learning is there-
fore increasingly treated as a practical requirement in geo-
and biosciences because it connects model outputs to domain
reasoning and supports auditability beyond a single perfor-
mance number [1]. In unsupervised settings, the reporting
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challenge is sharper: classical cluster validity indices measure
separation and compactness, but they do not measure whether
an explanation is faithful to the assignments or stable across
perturbations. Conversely, an explanation can be compact and
visually attractive while not reflecting the model assignments
in a reliable way.

A. Problem statement

A complete evaluation for explainable unsupervised remote
sensing should make three aspects explicit:

o Validity: Is the discovered structure coherent in the
chosen feature space and, when benchmark labels exist,
aligned with reference classes?

« Explanation quality: Do the explanations match the
assignments (fidelity), exist for the evaluated samples
(coverage), remain concise (sparsity), and remain con-
sistent across re-initializations (stability)?

o No-label reproducibility: When ground truth is absent,
does the partition remain similar across seeds, indicating
sensitivity or robustness to initialization?

B. Contributions

We provide a compact reporting scorecard that separates va-
lidity from explanation quality and includes seed-based repro-
ducibility for no-label scenes. We define operational metrics
that match the mechanisms of explainable clustering—model-
tied cluster feature sets and surrogate-based summaries—and
we demonstrate reporting on a Sentinel-2 wildfire scene where
pixel-level ground truth is not available.

II. RELATED WORK

Explainable machine learning for remote sensing has been
positioned as a bridge between model outputs and domain



reasoning, with a strong emphasis on evaluation and trans-
parency beyond standard accuracy-style reporting [1]. Explain-
able clustering methods connect partitions to concise descrip-
tions such as rules, prototypes, or feature subsets [4], [5].
For unsupervised models more broadly, label-free explanation
objectives study which features drive discovered structure
without requiring labels [6]. Robustness is central because
interpretability artifacts can vary under small changes, mo-
tivating stability as a first-class axis of evaluation [11]. Within
remote sensing, interactive and analyst-centered explainability
has been explored for SAR and multi-modal image under-
standing, highlighting the need for methods whose explanation
artifacts remain usable for inspection and comparison [2], [3].

III. METHODOLOGY
A. Unsupervised models and explanation artifacts

We consider two clustering families that are widely used in
remote sensing feature spaces:
XKMeans. k-means produces hard assignments € 2

be supported by centroids because each centroid coordinate
corresponds to an interpretable input feature (band, index,
SAR statistic, texture descriptor). A cluster can therefore be
described by the features in which its centroid differs most
from the global mean.

a) Hierarchical / tree-style interpretability for XK-
Means.: In addition to feature-based centroid descriptions,
XKMeans can be presented in a tree-style form by ordering
clusters using centroid distances and reporting successive
“split” directions (dominant features separating parent/child
groups). In this paper, we keep the reporting compact and op-
erational by (i) describing each cluster via its top-m centroid-
salient features (Eq. (2)) and (ii) using the surrogate decision
tree to provide an explicit, human-readable partition summary.
In this work, the tree representation is provided by the surro-
gate decision tree used for explaining assignments; we do not
require a hierarchical clustering algorithm.

XGMM. A Gaussian mixture model (GMM) provides re-
sponsibilities ik and component means T, g; hard labels can
be obtained by €; = arg max rix. The EM algorithm is the
standard estimation procedure [7]. As with K-means, compo-
nent means admit feature-based descriptions in an interpretable
feature space.

Model-tied explanation artifact (cluster feature sets).
For either model, define the global mean vector . in the
standardized feature space (computed over valid samples). For
each cluster k and feature J, define a salience score

ki =) ki il (D
The top-m explanatory feature set for cluster K is
Ak = Top-m( k;1:d); 2)

where d is feature dimension and m? = min(m; d) is used in
practice. This yields a transparent explanation artifact (feature
subsets) that is directly tied to the clustering model.

Algorithm 1 Scorecard computation for explainable unsuper-
vised RS.
Require: Features TXjg, method M 2 fXKMeans,XGMMg,
clusters K, seeds S, top-m, subset size Ngj|
Ensure: Scorecard metrics R
1: Standardize features and select fixed subset | of size Ngjj
2: for alls2 S do
3: Fit clustering (k-means or GMM) with seed S

4: Compute silhouette on |

5: if benchmark labels exist then

6: Compute purity and NMI

7: else

8: Store labels for seed-consistency

9: end if

10: Extract top-m cluster features from centroids/means
11: Train depth-3 surrogate tree

12: Compute fidelity, coverage, and sparsity

13: end for

14: Align clusters across seeds and compute stability
15: Aggregate metrics as mean  std

Surrogate explanation artifact. We also fit a compact
surrogate classifier h() (depth-3 decision tree) to predict
¢ from standardized features X;. The surrogate serves two
roles: (i) it provides a fidelity score for how well a compact
explanation matches the assignments, and (ii) it provides a
sparsity measure via the number of unique features used in
the tree (or mean rule length).

B. Scorecard computation across seeds

We evaluate stability and reproducibility by running each
method across several random seeds. Algorithm 1 summarizes
the full protocol, including: internal validity, optional external
agreement, surrogate-based fidelity and sparsity, model-tied
feature-set extraction, cluster alignment, and stability compu-
tation.

IV. METRIC SUITE (VALIDITY VS. EXPLANATION
QUALITY)

The scorecard reports validity and explanation quality side-
by-side. External agreement is used only when benchmark
labels exist.

A. Validity

Given assignments C and reference classes G, purity is

Purity(C; G) = % mglx iCk \ Ggj: 3)

k
Normalized mutual information (NMI) is
21(C;G)
H(C) + H(G)’
following the information-theoretic normalization used for

clustering comparison [9]. We always report internal structure
via the silhouette coefficient [8]

. 12X p@i)  a(i)
Silhouette = N i —max(a(i);b(i))’

NMI(C; G) = “4)

&)



TABLE I
SCORECARD METRICS (VALIDITY VS. EXPLANATION QUALITY).
Metric Needs G? Type Captures
Purity Yes External Class alignment
NMI [9] Yes External  Information agreement
Silhouette [8] No Internal ~ Separation/compactness
NMI consistency No Reproduc. Seed agreement
ARI consistency [12] No Reproduc. Chance-corrected
Fidelity [6], [10] No Explain. Surrogate agreement
Coverage No Explain.  Explanation availability
Sparsity No Explain. Explanation conciseness
Stability [11] No Explain.  Feature-set consistency
Interpretable ( Clustering Yalldlty.
feature space (XKMeans/XG (Sil / Purity
L / NMI)
Seed-based\ -
s Explanation
reproducibility quality
ey (Fid / Cov /
y Spar / Stab)
N A

Fig. 1. Scorecard structure: validity, explanation quality, and seed-based
reproducibility are reported together.

where a(i) is the mean intra-cluster distance and b(i) is the
smallest mean distance to other clusters.

B. No-label reproducibility (seed-consistency)

When ground truth is absent, we report reproducibility
across random seeds via pairwise agreement between runs
on the same evaluation subset. We use (i) NMI-consistency
and (ii)) ARI-consistency, where ARI follows the corrected-
for-chance definition [12]. These quantities indicate whether
the partition is sensitive to initialization in the chosen feature
space.

C. Explanation quality

Fidelity. A compact surrogate h() is trained to predict
unsupervised labels, and we report

- 1 X
Fidelity = o 1[h(x) = Gl (6)
i
as a proxy for agreement between the surrogate explanation
and the clustering assignments [6], [10].
Coverage. Fraction of evaluated samples for which expla-
nations are defined (valid features after masking):
1 X
Coverage = — 1[x; valid]: @)
JI] icl

Sparsity. Conciseness of the surrogate explanation, reported
as the number of unique features used by the depth-3 tree (or
mean rule length).

Stability. Jaccard overlap of cluster-level top-m feature sets
across seeds after cluster alignment (Algorithm 1), consistent
with robustness considerations for interpretability methods
[11].

V. DEMONSTRATION ON A SENTINEL-2 WILDFIRE SCENE
(No GROUND TRUTH)

We demonstrate scorecard reporting on a Sentinel-2 wildfire
scene over a Greece test area (L2A reflectance). Pixel-level
ground truth is not available; therefore the goal is not to report
accuracy, but to report reliability indicators: internal separabil-
ity, reproducibility across seeds, and explanation quality.

A. Feature space and resolution handling

We use a compact feature space derived from Sentinel-2
reflectance: (i) NIR reflectance B08, (ii) SWIR reflectance
B12, and (iii) Normalized Burn Ratio (NBR),

B08 B12
NBR = B08 + B12°

To evaluate features on a common grid, B12 is mapped to
the BO8 grid via nearest-neighbor resampling. All features
are standardized via z-score over valid pixels (after masking
nodata and saturated pixels).

()

B. Protocol and reproducibility setup

We run XGMM with K = 10 components for 5 seeds.
Silhouette and seed-consistency are computed on a fixed
evaluation subset | of valid pixels with size

Nsii = 100;000; )

kept fixed across seeds to make per-seed comparison mean-
ingful. Seed-consistency is reported as pairwise NMI/ARI
agreement across the 5 runs on the same subset.

C. Explanation reporting

Explanation quality is reported in two complementary
forms: (i) model-tied cluster feature sets Ax obtained from
component means (used for stability), and (ii) a depth-3
decision-tree surrogate (used for fidelity and sparsity). Cov-
erage is 1.0 when all evaluated pixels have valid features.
Because the feature space is compact (three features), high
stability is expected when the dominant separating directions
remain unchanged; in higher-dimensional feature spaces (e.g.,
multi-band plus textures), stability typically becomes more dis-
criminative and highlights which explanatory features persist
across runs.

D. Scorecard summary

Table II reports the scorecard for the wildfire scene. The
results indicate strong cluster separability (high silhouette),
high reproducibility across seeds (high NMI/ARI consistency),
and compact, consistent explanations (high surrogate fidelity
with low sparsity, and high top-m stability). A high silhou-
ette is consistent with the chosen feature space: NIR/SWIR
reflectance and NBR strongly separate burned vegetation, un-
burned vegetation, and background materials in many wildfire
scenes, yielding stable mixture modes in the standardized
space.






	Introduction
	Problem statement
	Contributions

	Related Work
	Methodology
	Unsupervised models and explanation artifacts
	Scorecard computation across seeds

	Metric Suite (Validity vs. Explanation Quality)
	Validity
	No-label reproducibility (seed-consistency)
	Explanation quality

	Demonstration on a Sentinel-2 Wildfire Scene (No Ground Truth)
	Feature space and resolution handling
	Protocol and reproducibility setup
	Explanation reporting
	Scorecard summary
	Scorecard plot (from Table II)
	Per-seed breakdown
	Qualitative outputs

	Discussion
	Conclusion
	References

