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Autonomous Martian rovers must operate in harsh
data-scarce environments under uncertainty. We pro-
pose a framework for uncertainty quantification in ter-
rain segmentation combining Adaptive Prediction Sets
with Kandinsky Calibration, yielding spatially coherent,
statistically valid estimates. Integrated into a pixel-level
risk map, they enable risk-aware navigation in unstruc-
tured environments. Trained on AI4Mars with a U-Net Mo-
bileNetV2 backbone, our model produces calibrated uncer-
tainty whose marginal coverage guarantee transfers to un-
seen Martian terrain. The UQ approach mitigates overconfi-
dent predictions in low-data regimes and supports decision-
making through interpretable maps. A modified A* planner
leverages these maps for risk-aware path planning across
terrain and uncertainty levels. This study provides a prin-
cipled UQ framework for segmentation in space robotics,
enhancing safety and interpretability in autonomous navi-
gation.

Keywords: Uncertainty Quantification, Conformal Pre-
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1 Introduction

The integration of artificial intelligence (AI) into space ex-
ploration has significantly advanced planetary missions,
particularly those relying on autonomous rovers [1]. These
systems operate in harsh, data-scarce environments under
stringent constraints, demanding both accuracy and relia-
bility in decision-making. Robust AI models that incorpo-
rate uncertainty quantification (UQ) and reliable prediction
mechanisms are therefore essential [2, 3].

Trustworthy AI emphasizes reliability, safety, and ex-
plainability, all crucial for rovers making critical decisions
in unpredictable conditions. On-board camera systems [4]
and ML-based navigation algorithms [5] enhance auton-
omy and fault detection, reducing risks and costs. Yet these
models often suffer from overfitting and overconfidence [6],
highlighting the need for effective UQ. Conformal predic-
tion provides a distribution-free, efficient way to generate
calibrated uncertainty estimates [7], addressing key limi-
tations of current AI reliability frameworks and offering
promising directions for planetary exploration.
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1.1 Objectives
This work enhances AI reliability for Martian rover nav-
igation via advanced UQ. We integrate Adaptive Predic-
tion Sets (APS) [8], which adjust prediction sets based on
local model confidence, with Kandinsky Calibration [9],
which leverages spatial correlations for coherent uncer-
tainty maps. Together, they form a risk-aware framework
combining uncertainty and terrain danger scores to guide a
modified A* algorithm [10], balancing safety and efficiency.

1.2 Contributions
We present an integrated UQ framework for rover naviga-
tion with three innovations: (i) unifying APS and Kandin-
sky to capture model and spatial uncertainty, (ii) adapting
to exploration constraints by incorporating terrain danger
and addressing data scarcity, and (iii) synthesizing pre-
diction sets and spatial uncertainties into a risk map that
informs a modified A* planner. This boosts segmentation
reliability and supports safe navigation.

A key theoretical contribution is the fused risk func-
tional coupling set-based coverage from APS with spatially
coherent uncertainty from Kandinsky. APS guarantees the
true class is included in the prediction set with prescribed
confidence, while Kandinsky yields continuous, topology-
aware estimates. The formulation preserves statistical cov-
erage while modulating terrain risk with uncertainty. This
goes beyond method stacking: unlike variance-only estima-
tors such as MC Dropout or Deep Ensembles, which lack
coverage guarantees and ignore spatial structure, our rep-
resentation is coverage-preserving and spatially coherent
by construction, and directly guides path planning.

1.3 Project Architecture
The framework includes ground-based and onboard pro-
cessing. Earth-side tasks comprise preprocessing, labeling,
and calibration. A U-Net with MobileNetV2 is trained and
calibrated with APS and Kandinsky to compute cluster
curves and quantile thresholds qAPS(α). Onboard, the
model processes new images into probability maps, com-
bines them with risk parameters to compute pixel uncer-
tainties, and builds a risk map that feeds a modified A*
algorithm to compute and execute safe, efficient paths.
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2 Methods

2.1 Data and Model Architecture
We use the AI4MARS dataset [11] (∼35,000 Mars-rover im-
ages with 326,000 crowd-sourced labels), retaining 16,064
valid image-label pairs stratified into training, validation,
test, and calibration splits. The calibration split is disjoint
from training and test, as its exchangeability with the test
data underpins the conformal coverage guarantee. The
four terrain classes are strongly imbalanced, motivating
the stratified sampling and the emphasis on calibrated un-
certainty.

We segment with a U-Net [12] and a MobileNetV2 en-
coder [13], selected for the low computational cost required
onboard, trained with standard settings (Adam, sparse cat-
egorical cross-entropy, early stopping). On the held-out
test set the model reaches 0.83 pixel accuracy and 0.72 F1.
We stress that the contribution is the UQ framework, not
segmentation accuracy: conformal calibration guarantees
valid coverage regardless of model quality, so a moderate
backbone is a sufficient and honest testbed.

2.2 Adaptive Prediction Sets
Adaptive Prediction Sets (APS) [8, 14] produce uncertainty-
aware predictions with a formal statistical guarantee: by
sizing each predicted label set to the model’s confidence,
APS ensures that the true class is contained in the set with
probability at least 1− α. This guarantee is distribution-
free and holds for any underlying model, which makes

APS well suited to the data-scarce, domain-shifting condi-
tions of planetary exploration. We adapt APS to pixel-wise
segmentation through a single threshold q̂, learned from
a stratified calibration set of 1606 image-label pairs, over
1.68 billion valid pixels across four balanced terrain classes,
and applied at inference to every pixel.

The resulting sets are adaptively sized: confident pix-
els yield a single label, whereas ambiguous ones accumu-
late several. This granularity turns the marginal coverage
guarantee, which holds across the image domain, into a
per-pixel confidence signal, precisely what downstream
risk-aware navigation requires. The procedure is summa-
rized in Algorithm 1.

2.3 Kandinsky Calibration
Kandinsky Calibration [9] refines pixel-level uncertainty
by clustering quantile-based non-conformity curves, cap-
turing structured uncertainty without altering the model.
It proceeds in two steps: it learns cluster-specific quantile
functions from the same 1606-image calibration set, and
the same pixel-wise logits and labels, as APS, then assigns
calibrated uncertainty values at inference. Because neigh-
bouring pixels tend to share non-conformity behaviour,
clustering pools their statistics and yields stable estimates
even where per-pixel calibration data are sparse.

By sharing statistics across clustered curves, the method
produces a spatially coherent uncertainty map while re-
maining lightweight, model-agnostic, and robust to seman-
tic and spatial variations in confidence. The full calibration
and inference procedure is given in Algorithm 2.

Algorithm 1: APS Calibration and Prediction

Require: Calibration set Dcalib with labels y(c), model f̂ , desired coverage 1− α, test images
Ensure: Prediction sets C(x)

i,j for all pixels (i, j) in a new image x

Calibration phase: Determine the global threshold q̂ to guarantee marginal coverage over Dcalib
1: Initialize empty score set S ← ∅
2: for all pixels (i, j) in calibration images c ∈ Dcalib do
3: Compute class probabilities f̂(c)i,j ∈ RK

4: Define the permutation π(c)i,j such that f̂(c)i,j [π(c)i,j [1]] ≥ · · · ≥ f̂(c)i,j [π(c)i,j [K]]

5: Let m be the smallest index such that π(c)i,j [m] = y
(c)
i,j (true class index)

6: Append score: s(c)i,j =
∑m

k=1 f̂(c)i,j [π(c)i,j [k]] to S
7: Compute quantile threshold: q̂ = Quantile(S, (n+1)(1−α)

n )

Prediction phase: Build prediction sets for each pixel by accumulating confidence until q̂ is reached
1: for all pixels (i, j) in new test image x do
2: Compute predicted probabilities: f̂(x)i,j ∈ RK

3: Define the permutation π(x)i,j such that f̂(x)i,j [π(x)i,j [1]] ≥ · · · ≥ f̂(x)i,j [π(x)i,j [K]]
4: Initialize cumulative sum S ← 0
5: for m = 1 to K do S ← S + f̂(x)i,j [π(x)i,j [m]]
6: if S ≥ q̂ then
7: Define prediction set for pixel (i, j) in image x as: C(x)

i,j = {π(x)i,j [1], . . . , π(x)i,j [m]} and break
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Algorithm 2: Kandinsky Calibration and Inference

Require: Calibration set Dcalib with logits f̂(c) and labels y(c), number of clusters n, test images
Ensure: Pixel-level uncertainty values {ui,j} for test image x, with ui,j ∈ [0, 1]

Calibration phase: Learn uncertainty profiles by clustering pixel-wise non-conformity curves
1: for all pixels (i, j) in all calibration images c ∈ Dcalib do
2: Compute score: S(c)

i,j = − log f̂(c)
y
(c)
i,j

i,j using the probability f̂(c)
y
(c)
i,j

i,j assigned to the true label y(c)i,j

3: Normalize the non-conformity score S
(c)
i,j to [0, 1] using min-max normalization

4: Extract pixel-wise quantile curve: Qi,j(τ) = quantile(Si,j , τ), with τ the x-axis quantile level
5: Stack all Qi,j(τ) vectors into matrix Q
6: Set number of clusters n = 4, selected via Elbow [15] and Silhouette [16] methods
7: Apply K-means clustering on Q into n groups
8: for all clusters c = 1 to n do
9: Let Cc be the set of all pixels assigned to cluster c

10: Compute the average quantile curve over Cc: Qc(τ) =
1

|Cc|
∑

(i,j)∈Cc

Qi,j(τ)

Inference phase: Estimate pixel uncertainty by matching to cluster curve and interpolating
1: for all pixels (i, j) in new test image x do
2: Predict class probabilities f̂(x)i,j ∈ RK

3: Set k∗ to the index of the class with highest probability: k∗ = argmax
k∈{1,...,K}

f̂(x)ki,j
4: Compute score Si,j = − log f̂(x)k

∗

i,j and normalize to [0, 1]
5: Match (i, j) to the nearest cluster c based on Qi,j(τ) curve similarity
6: Sample points {(Sℓ, uℓ)} along the cluster-specific quantile curve Qc(τ), where Sℓ are x-axis (score) values and

uℓ are the corresponding y-axis (uncertainty) values on the curve Qc(τ)

7: Find interval [Si, Si+1) s.t. Si ≤ Si,j < Si+1

8: Interpolate: t = Si,j − Si

Si+1 − Si
, and then ui,j = (1− t) · ui + t · ui+1

9: Normalize all ui,j values to [0, 1]

2.4 Risk Map Construction
The framework assesses terrain safety by fusing model
confidence with spatial uncertainty at every pixel. At pixel
(i, j), APS return a set Ci,j of plausible terrain classes
whose cumulative predicted probability exceeds the cali-
brated threshold, each class k carrying a user-defined dan-
ger score dk, reflecting its intrinsic traversal hazard, and
a model-predicted probability Pi,j,k. Kandinsky Calibra-
tion contributes a complementary signal: a normalized
uncertainty estimate Ui,j derived from cluster-wise non-
conformity curves and spatial patterns. The final risk score
Fi,j combines the two, amplifying danger wherever the
model is uncertain:

Fi,j =

 ∑
k∈Ci,j

Pi,j,k · dk

 · (1 + λ · Ui,j) (1)

The bracketed term is a coverage-aware expected dan-
ger: summing over the APS set Ci,j rather than the top-1
class alone, every plausible class of an ambiguous pixel
contributes its own risk, weighted by its likelihood and
hazard. The factor (1 + λUi,j) then inflates this danger
where Kandinsky reports high spatial uncertainty, with
λ ≥ 0 controlling how strongly ambiguity is penalized.

The score is thus high in regions that are dangerous, uncer-
tain, or both, supporting risk-aware navigation. Its novelty
lies in explicitly fusing APS coverage guarantees with the
continuous, spatially coherent uncertainty of Kandinsky.

3 Results
We evaluate whether the calibrated uncertainty is trust-
worthy enough to drive navigation, along three axes: the
statistical validity of the marginal APS coverage, the robust-
ness of both uncertainty signals to input degradation, and
the safety gain the fused risk map brings to path planning.
A new image is processed into pixel-wise probabilities and
predicted labels. In parallel, APS turns these probabilities
into prediction sets whose cardinality encodes confidence
(Figure 1), while Kandinsky Calibration produces a spatially
coherent uncertainty map Ui,j from cluster-specific non-
conformity curves (Figure 2). The two signals are fused by
the risk functional of Equation (1) into the map of Figure 3.
APS contributes calibrated class coverage, Kandinsky adds
continuous spatial structure, and their product yields fine-
grained, interpretable risk. A modified A* planner then
consumes this map to steer paths away from hazardous
or uncertain regions, unlike classical planners that reason
from geometry alone.
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Figure 1: APS label count map Figure 2: Kandinsky scores Figure 3: Final risk map

Sensitivity analysis of the APS threshold

APS is calibrated on the stratified calibration split to guar-
antee a marginal coverage P (y ∈ C(x)) ≥ 1− α through
a single global threshold q̂. We verify that this guarantee,
fixed on the calibration data, transfers to the held-out test
split by sweeping the cumulative-probability threshold and
measuring both the empirical marginal coverage and the
mean prediction-set size |S| (Figure 4). Coverage is strictly
monotone and near-linear in the nominal operating regime
q ∈ [0.85, 0.99]: the calibrated threshold q̂ = 0.889 (for
a target α = 0.10) yields an empirical coverage of 93.4%,
formally satisfying the safety condition on unseen data.
Crucially, this coverage is obtained at a near-unitary mean
set size (|S| ≈ 1.06): for the vast majority of pixels the
model is confident enough to commit to a single class, and
only genuinely ambiguous pixels expand the set. APS there-
fore delivers a valid coverage guarantee without diluting
spatial precision, exactly the fine-grained confidence signal
the risk map exploits.
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Figure 4: APS sensitivity on the test split. Empirical marginal
coverage (orange, left axis) and mean prediction-set size (blue,
right axis) as functions of the cumulative-probability threshold
q. The calibrated threshold q̂ = 0.889 (black dotted, target α =
0.10) attains 93.4% coverage at a near-unitary set size (|S| ≈
1.06), confirming that the conformal guarantee generalizes to
unseen data without inflating the sets.

Sensitivity to input degradation

A trustworthy uncertainty signal must grow when the in-
put degrades. We probe this by injecting additive Gaussian
noise N (0, σ2) of increasing intensity into the test images
and tracking, in parallel, the two signals: the APS mean set
size |S| (model ambiguity) and the mean Kandinsky non-
conformity score U ∈ [0, 1] (spatial uncertainty), shown
in Figure 5. Both respond monotonically to the pertur-
bation. APS ambiguity rises from a near-unitary set to
|S| ≈ 3.1 at σ = 1.0, with a Spearman correlation to
noise intensity of ρ ≈ 0.97 (p≪ 10−3), confirming a near-
deterministic coupling between corruption and predictive
ambiguity. The mean Kandinsky score rises in step, from
0.35 on clean images to 0.85 under heavy corruption: after
a resilience plateau (σ ≲ 0.4), where the network absorbs
high-frequency noise without semantic drift, it enters a
breakdown regime and climbs sharply as the scene becomes
unreliable. The two modules thus degrade gracefully and
in agreement, each through its own metric.
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Figure 5: Uncertainty response to input degradation. As Gaus-
sian noise intensity σ increases, both the APS mean set size
(blue, right axis) and the mean Kandinsky non-conformity score
U ∈ [0, 1] (orange, left axis) rise monotonically. APS ambiguity
correlates with noise at ρ ≈ 0.97; the mean Kandinsky score
climbs from 0.35 on clean images to 0.85 under heavy corrup-
tion, past a resilience plateau near σ ≈ 0.4.
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Risk-aware planning

A risk map is only useful if it changes what the planner
does. We therefore run the same modified A* on three in-
puts of increasing information (no risk, a hardened geomet-
ric margin, and our continuous risk field) and compare the
resulting trajectories. The planner searches an 8-connected
pixel grid, and the edge between adjacent cells (i, j) and
(i′, j′) costs g = wd d + wr

1
2 (Fi,j + Fi′,j′), where d is

their Euclidean separation, F the fused risk of Equation (1),
and wd, wr≥0 two operator-set weights balancing travel
distance against traversed risk (wr=0 for the distance-only
baseline). Since the Euclidean-to-goal heuristic bounds
only the distance term, it stays admissible and A* remains
optimal. Per-class danger scores rank terrain by traversabil-
ity, dbedrock=0.1 < dsoil=0.2≪ dsand=0.8 < dbig rock=0.9:
firm ground is cheap to cross, sand and rock are expensive.

We draw 500 random start–goal pairs per map and score
each path against the AI4Mars ground-truth masks, used
as an obstacle oracle (a cell is a true obstacle when its class
is high-danger, i.e. sand or big rock with dk ≥ 0.8), so
that scoring never leaks into planning. Each path yields
four numbers. Goal reach is the fraction of queries that
return a navigable path. The critical collision rate TC is
the share of goal-reaching paths that cross a true obstacle
(it captures the silent failure a rover must avoid, where
the planner reports success yet the route would strike a
real hazard). The mean traversed risk F̄ is the risk of
Equation (1) averaged over the path’s cells. Finally, the
path-length ratio η ≥ 1 is the planned length divided by
the straight-line distance, i.e. the detour price of safety.

Planner Goal reach TC (%) F̄ η

Distance-only A* 0.99 41.7 0.63 1.02
Geometric inflation 0.86 22.9 0.48 1.31
Risk-aware (ours) 0.97 9.4 0.27 1.18

Table 1: Planner comparison over 500 Monte-Carlo start–goal
queries, scored against the AI4Mars obstacle oracle. Goal reach,
critical collision rate TC , mean traversed risk F̄ , and path-length
ratio η for a distance-only baseline, geometric inflation, and our
risk-aware planner.

The three planners trace a safety–efficiency frontier on
which our method dominates. Distance-only A* is fast and
near-geodesic (η=1.02, 99% goal reach) but terrain-blind,
driving through a true obstacle in 41.7% of its success-
ful runs. Geometric inflation fails on both sides at once.
By dilating obstacles by a fixed radius, it condemns gen-
uinely free space, disconnecting 14% of queries (86% goal
reach) and stretching paths by 31% (η=1.31), a spatial
false-positive blocking akin to the freezing-robot problem.
Yet it still collides in 22.9% of cases, because a binary mar-
gin cannot express that a cell is only mildly risky or un-
certain. Our continuous, coverage-aware field keeps goal
reach at 97%, more than halves the traversed risk (F̄ from

0.63 to 0.27), and cuts critical collisions to 9.4%, a factor of
4.4 below distance-only and 2.4 below inflation, for an 18%
detour. Safety here comes from grading risk continuously,
not from hardening geometry.

4 Discussion
Combining APS with Kandinsky yields reliable pixel-wise
uncertainty: APS bounds class-wise ambiguity with a finite-
sample coverage guarantee, Kandinsky adds spatially co-
herent structure, and their fusion supports fine-grained risk
assessment. The APS sweep (Figure 4) confirms that the
marginal guarantee transfers to unseen data at near-unitary
set size, and under injected noise (Figure 5) both signals
grow monotonically and in agreement, evidence that the
estimated uncertainty tracks genuine input degradation
rather than a modelling artefact. Fed to the modified A*,
this risk field cuts the critical collision rate several-fold over
distance-only and inflation baselines (Table 1) at a modest
detour. The fusion thus retains the conformal coverage
guarantee while adding spatial coherence, two properties
that variance-only estimators such as MC Dropout or Deep
Ensembles do not jointly provide.

Several limitations remain. The danger scores and the
weights (λ,wr, wd) are set offline and held fixed during
traversal, so the planner cannot yet adapt them to condi-
tions encountered en route. The APS coverage guarantee is
marginal over the image domain and assumes exchangeabil-
ity between calibration and test pixels, which domain shift
to lunar or terrestrial scenes may weaken even where the
maps stay qualitatively coherent. Finally, runtime, though
acceptable for the rover’s slow stop-and-image duty cy-
cle (under one minute per risk map on a standard laptop
without GPU, dominated by corridor width), has not been
validated on flight-representative embedded hardware.

5 Conclusions
We presented a pixel-level UQ pipeline for planetary navi-
gation that fuses APS coverage with Kandinsky’s spatial co-
herence into a single risk functional driving a risk-aware A*.
Across our experiments the calibrated uncertainty proved
trustworthy: the marginal guarantee held on unseen data at
near-unitary set size, both signals responded monotonically
to input degradation, and the resulting risk field reduced
critical collisions several-fold against distance-only and
inflation baselines at a modest path-length cost, behaving
predictably under every operator parameter and yielding
coherent maps across Martian, lunar and Earth-like ter-
rain. The framework thus offers the coverage guarantees
and spatial coherence that variance-only baselines lack,
and transfers across domains without modification. Future
work targets online adaptation of the danger and weighting
parameters, deployment on flight-representative hardware,
and validation across broader robotic perception systems
under uncertainty.
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Abstract

Autonomous Martian rovers must operate in harsh data-scarce environments under uncertainty. We
propose a framework for uncertainty quantification in terrain segmentation combining Adaptive Predic-
tion Sets with Kandinsky Calibration, yielding spatially coherent, statistically valid estimates. Integrated
into a pixel-level risk map, they enable risk-aware navigation in unstructured environments. Trained on
AI4Mars with a U-Net MobileNetV2 backbone, our model achieves reliable performance on Martian and
lunar terrain. The UQ approach mitigates overconfident predictions in low-data regimes and supports
decision-making through interpretable maps. A modified A* planner leverages these maps for risk-aware
path planning across terrain and uncertainty levels. This study provides a principled UQ framework for
segmentation in space robotics, enhancing safety and interpretability in autonomous navigation.

Keywords: Uncertainty Quantification, Conformal Prediction, Semantic Segmentation, Autonomous
Navigation, Risk-Aware Planning, Planetary Rovers

1. Introduction

The integration of artificial intelligence (AI) into space exploration has significantly advanced plan-
etary missions, particularly those relying on autonomous Martian rovers [1]. These systems operate in
harsh, data-scarce environments under stringent constraints, demanding both accuracy and reliability
in decision-making. Robust AI models that incorporate uncertainty quantification (UQ) and reliable
prediction mechanisms are therefore essential [2, 3].

Trustworthy AI emphasizes reliability, safety, and explainability, all crucial for rovers making critical
decisions in unpredictable conditions. On-board camera systems [4] and ML-based navigation algorithms
[5] enhance autonomy and fault detection, reducing risks and costs. Yet these models often suffer from
overfitting and overconfidence [6], highlighting the need for effective UQ. Conformal prediction provides a
distribution-free, efficient way to generate calibrated uncertainty estimates [7], addressing key limitations
of current AI reliability frameworks and offering promising directions for planetary exploration.

1.1. Objectives

This work enhances AI reliability for Martian rover navigation via advanced UQ. We integrate Adap-
tive Prediction Sets (APS) [8], which adjust prediction sets based on local model confidence, with Kandin-
sky Calibration [9], which leverages spatial correlations for coherent uncertainty maps. Together, they
form a risk-aware framework combining uncertainty and terrain danger scores to guide a modified A*
algorithm [10], balancing safety and efficiency.

1.2. Contributions

We present an integrated UQ framework for rover navigation with three innovations: (i) unifying
APS and Kandinsky to capture model and spatial uncertainty, (ii) adapting to exploration constraints
by incorporating terrain danger and addressing data scarcity, and (iii) synthesizing prediction sets and
spatial uncertainties into a risk map that informs a modified A* planner. This boosts segmentation
reliability and supports safe navigation.

A key theoretical contribution is the fused risk functional coupling set-based coverage from APS with
spatially coherent uncertainty from Kandinsky. APS guarantees that the true class is included in the
prediction set with prescribed confidence, while Kandinsky yields continuous, topology-aware estimates.
The formulation preserves statistical coverage while modulating terrain risk with uncertainty.

1.3. Project Architecture

The framework includes ground-based and onboard processing. Earth-side tasks comprise prepro-
cessing, labeling, and calibration. A U-Net with MobileNetV2 is trained and calibrated with APS and
Kandinsky to compute cluster curves and quantile thresholds qAPS(α). Onboard, the model processes
new images into probability maps, combines them with risk parameters to compute pixel uncertainties,
and builds a risk map that feeds a modified A* algorithm to compute and execute safe, efficient paths.
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2. Methods

2.1. Data Preparation

The AI4MARS dataset [11] from NASA contains 35,000 images from the Curiosity, Opportunity, and
Spirit rovers with 326,000 semantic segmentation labels. Each image is annotated by 10 crowd-sourced
annotators, and 1,500 high-quality validation labels were curated by NASA experts. To address class
imbalance, 16,064 valid image-label pairs were selected and stratified into training (60%), validation
(20%), test (10%), and calibration (10%) sets, preserving terrain class distribution. Images and masks
were resized to 128 × 128; nearest-neighbor interpolation preserved mask semantics. Pixel intensities
were normalized to [0, 1], and masks were manually cleaned for consistency.

2.2. Model Architecture

We use a U-Net [12] with a MobileNetV2 encoder [13], combining efficient down-sampling for context
with up-sampling for spatial resolution. This architecture balances accuracy and low computational cost,
making it suitable for autonomous Martian rovers. Training uses the Adam optimizer, batch size 32,
early stopping (max 50 epochs), and a learning rate scheduler.

2.3. Adaptive Prediction Sets

Adaptive Prediction Sets (APS) [8, 14] enable uncertainty-aware predictions with formal statistical
guarantees. By adapting the size of the predicted label sets to the model’s confidence, APS ensures that
the true class is included with probability at least 1 − α. In our framework, APS is adapted for pixel-
wise segmentation using a single threshold q̂ learned from a stratified calibration set of 1606 image-label
pairs, totaling over 1.68 billion valid pixels across four balanced terrain classes, and applied at inference
to produce prediction sets of varying size.

Algorithm 1 APS Calibration and Prediction

Require: Calibration set Dcalib with labels y(c), model f̂ , desired coverage 1− α, test images

Ensure: Prediction sets C
(x)
i,j for all pixels (i, j) in a new image x

Calibration phase: Determine the global threshold q̂ to guarantee marginal coverage over Dcalib

1: Initialize empty score set S ← ∅
2: for all pixels (i, j) in calibration images c ∈ Dcalib do

3: Compute class probabilities f̂(c)i,j ∈ RK

4: Define the permutation π(c)i,j such that f̂(c)i,j [π(c)i,j [1]] ≥ · · · ≥ f̂(c)i,j [π(c)i,j [K]]

5: Let m be the smallest index such that π(c)i,j [m] = y
(c)
i,j (true class index)

6: Compute score: s
(c)
i,j =

∑m
k=1 f̂(c)i,j [π(c)i,j [k]]

7: Append s
(c)
i,j to S

8: end for
9: Compute quantile treshold: q̂ = Quantile(S, (n+1)(1−α)

n )

Prediction phase: Build prediction sets for each pixel by accumulating confidence until q̂ is reached
1: for all pixels (i, j) in new test image x do

2: Compute predicted probabilities: f̂(x)i,j ∈ RK

3: Define the permutation π(x)i,j such that f̂(x)i,j [π(x)i,j [1]] ≥ · · · ≥ f̂(x)i,j [π(x)i,j [K]]
4: Initialize cumulative sum S ← 0
5: for m = 1 to K do
6: S ← S + f̂(x)i,j [π(x)i,j [m]]
7: if S ≥ q̂ then

8: Define prediction set for pixel (i, j) in image x as: C
(x)
i,j = {π(x)i,j [1], . . . , π(x)i,j [m]}

9: break
10: end if
11: end for
12: end for

Prediction sets are thus adaptively sized: confident pixels yield smaller sets, while uncertain ones
include more classes. This adaptivity enables fine-grained uncertainty estimation, crucial for downstream
modules such as risk-aware navigation. The statistical validity of APS ensures that the true class is
contained in the prediction set with probability at least 1− α across the image domain.
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2.4. Kandinsky Calibration

Kandinsky Calibration [9] enhances pixel-level uncertainty estimation by clustering quantile-based
non-conformity curves. It captures structured uncertainty without modifying the model, using a two-
step process: learning cluster-specific quantile functions from a calibration set of 1606 images, with the
same pixel-wise logits and labels as APS, then assigning calibrated uncertainty values at inference.

Algorithm 2 Kandinsky Calibration and Inference

Require: Calibration set Dcalib with logits f̂(c) and labels y(c), number of clusters n, test images
Ensure: Pixel-level uncertainty values {ui,j} for test image x, with ui,j ∈ [0, 1]

Calibration phase: Learn uncertainty profiles by clustering pixel-wise non-conformity curves
1: for all pixels (i, j) in all calibration images c ∈ Dcalib do

2: Compute score: S
(c)
i,j = − log f̂(c)

y
(c)
i,j

i,j using the probability f̂(c)
y
(c)
i,j

i,j assigned to the true label y
(c)
i,j

3: Normalize the non-conformity score S
(c)
i,j to [0, 1] using min-max normalization

4: Extract pixel-wise quantile curve: Qi,j(τ) = quantile(Si,j , τ), with τ the x-axis quantile level
5: end for
6: Stack all Qi,j(τ) vectors into matrix Q
7: Set number of clusters n = 4, selected via Elbow [15] and Silhouette [16] methods
8: Apply K-means clustering on Q into n groups
9: for all clusters c = 1 to n do

10: Let Cc be the set of all pixels assigned to cluster c

11: Compute the average quantile curve over Cc: Qc(τ) =
1

|Cc|
∑

(i,j)∈Cc

Qi,j(τ)

12: end for

Inference phase: Estimate pixel uncertainty by matching to cluster curve and interpolating
1: for all pixels (i, j) in new test image x do

2: Predict class probabilities f̂(x)i,j ∈ RK

3: Set k∗ to the index of the class with highest probability: k∗ = argmax
k∈{1,...,K}

f̂(x)ki,j
4: Compute score Si,j = − log f̂(x)k

∗

i,j and normalize to [0, 1]
5: Match (i, j) to the nearest cluster c based on Qi,j(τ) curve similarity
6: Sample points {(Sℓ, uℓ)} along the cluster-specific quantile curve Qc(τ), where Sℓ are x-axis

(score) values and uℓ are the corresponding y-axis (uncertainty) values on the curve Qc(τ)

7: Find interval [Si, Si+1) s.t. Si ≤ Si,j < Si+1

8: Interpolate: t =
Si,j − Si

Si+1 − Si
, and then ui,j = (1− t) · ui + t · ui+1

9: end for
10: Normalize all ui,j values to [0, 1]

This algorithm yields a spatially coherent pixel-level uncertainty map. Leveraging clustered quantile
curves, it remains lightweight, model-agnostic, and robust to semantic and spatial confidence variations.

2.4.1. Risk Map Construction

The framework combines model confidence and spatial uncertainty to assess terrain safety. For each
pixel (i, j), APS define a set Ci,j of likely terrain classes whose cumulative predicted probability exceeds
the calibrated threshold. Each class k is associated with a user-defined danger score dk, and its predicted
probability Pi,j,k is given by the segmentation model. Kandinsky Calibration provides a normalized
uncertainty estimate Ui,j , derived from cluster-wise non-conformity curves and spatial patterns.

The final risk score Fi,j integrates both sources of information, amplifying danger in uncertain regions:

Fi,j =

 ∑
k∈Ci,j

Pi,j,k · dk

 · (1 + λ · Ui,j)

The parameter λ ≥ 0 adjusts the influence of uncertainty; higher values penalize ambiguous pre-
dictions more strongly. This formulation yields high scores in both dangerous and uncertain regions,
enabling robust risk-aware navigation across Martian terrain. This risk formulation is novel in that
it explicitly fuses coverage guarantees from APS with continuous, spatially coherent uncertainty from
Kandinsky, rather than relying on heuristic or variance-only estimates.
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2.5. Results

We evaluate the effect of uncertainty quantification on risk-aware
planning by analyzing the generation of risk maps. A new image is pro-
cessed by the segmentation model, yielding pixel-wise probabilities and
predicted labels (Figure 1). For each pixel, APS computes a prediction
set with α = 0.05, whose cardinality encodes model confidence (Fig-
ure 2). Kandinsky Calibration then derives pixel uncertainties from
cluster-specific quantile curves, highlighting ambiguous regions (Fig-
ure 3).

Combining APS sets and Kandinsky uncertainties produces a spa-
tially coherent risk map (Figure 4), which constitutes the core contri-
bution: APS provides calibrated class-level coverage, Kandinsky adds
continuous spatial coherence, and their integration yields fine-grained,
interpretable risks. A modified A* planner uses these maps to account
for epistemic uncertainty, unlike classical planners based only on geom-
etry. The planner runs on an 8-connected grid with edge cost:

g((i, j)→(i′, j′)) = wd d((i, j), (i
′, j′)) + wr

Fi,j+Fi′,j′

2 ,

where d is Euclidean distance and Fi,j the APS–Kandinsky risk. Pixels
above Fobs are obstacles, and the heuristic is Euclidean distance to the
goal. This preserves admissibility and allows balancing efficiency (wd)
against safety (wr, λ). Beyond qualitative maps, we position our frame-
work against MC Dropout, Deep Ensembles, and Bayesian SegNet, eval-
uated on segmentation (mIoU, accuracy), calibration (ECE, NLL, Brier),
APS metrics (coverage, set size), and planning (path length, cumulative
risk, collisions, goal reach). Our approach uniquely combines APS cov-
erage guarantees with Kandinsky spatial coherence, yielding calibrated,
interpretable risk maps that better support downstream planning.

The confidence level α sets APS strictness, with smaller sets at lower
values. The uncertainty weight λ penalizes ambiguous areas, and the
risk–distance weights wr, wd tune safety–efficiency trade-offs. These pa-
rameters steer the planner without retraining. Evaluation on lunar-like
terrains shows that, despite domain shifts, the system yields coherent
risk maps, confirming robustness and transferability.

Fig. 1. Predicted classes

Fig. 2. APS label count map

Fig. 3. Kandinsky scores

Fig. 4. Final risk map2.6. Discussion

Combining APS with Kandinsky produces reliable pixel-wise uncertainties: APS captures class-wise
ambiguity, Kandinsky exploits spatial regularities, and together they support fine-grained risk assess-
ment. The planner adapts to mission profiles via α, dk, λ, wr, and wd. Compared to MC Dropout,
Deep Ensembles, and Bayesian SegNet, our framework unifies statistical validity and spatial coherence,
producing calibrated and interpretable risk maps that better support planning. The modified A* inte-
grates geometry and risk, ensuring paths account for terrain danger and uncertainty. The framework
generalizes to non-Martian terrains, though parameters are static and chosen offline. Runtime remains
acceptable (<45 seconds per risk map on a standard laptop without GPU acceleration), but embedded
or time-critical deployment needs further validation.

2.7. Conclusions

This work introduced a pixel-level UQ pipeline for planetary navigation that fuses APS coverage
with Kandinsky coherence into a novel risk functional. Beyond qualitative results, it was positioned
against MC Dropout, Deep Ensembles, and Bayesian SegNet, showing its distinct advantage in producing
calibrated and interpretable risk maps that directly support path planning. The integration with a
modified A* demonstrates how uncertainty-aware risk maps guide safe and efficient navigation. The
framework is modular, efficient, and generalizes beyond Mars, making it a strong candidate for future
missions. Future work should focus on online parameter adaptation, hardware deployment, and broader
validation across robotic perception systems under uncertainty.
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