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Abstract. We study learning from limited supervision (LLS) for hyper-
spectral imagery (HSI): learning transferable representations from abun-
dant unlabeled HSIs in the target sensing domain and then adapting
with only a handful of labels per class. Joint-Embedding Predictive Ar-
chitectures (JEPAs) are appealing for LLS because they learn via la-
tent prediction rather than pixel reconstruction; however, they remain
unexplored for HSI. Generic masking or cropping is ill-suited to HSI:
band masking corrupts high-dimensional spectra, spatial masking re-
moves entire pixel-level semantics, and dense spatial–spectral extraction
can yield highly correlated, degenerate prediction targets. We propose
MorphJEPA, the first JEPA tailored to HSI, which uses morphology
as the pretext signal by predicting embeddings of pixel-aligned targets
generated by per-band morphological opening/closing. This induces a
directional structural bottleneck that preserves core topology while sup-
pressing high-frequency nuisances. MorphJEPA couples this objective
with a compact disentangled spatial–spectral encoder fused by cross-
attention and a context-anchored Sketched Isotropic Gaussian Regular-
izer (SIGReg) to prevent collapse and maintain a well-conditioned la-
tent manifold. Extensive 1/5/10-shot evaluations show consistent gains
in intra-scene settings (Houston 2013, Trento) and under cross-scene tem-
poral/spatial shifts (Houston 2013 → 2018, HyRank) for both zero-shot
transfer and low-shot adaptation. Project page: https://github.com/
amartya-ray/MorphJEPA.

Keywords: Hyperspectral Imaging · Self-Supervised Learning · Joint-
Embedding Predictive Architecture · Mathematical Morphology

1 Introduction

Hyperspectral Imaging (HSI) enables fine-grained material understanding for
applications such as precision agriculture, environmental monitoring, and urban
surveillance [2]. Unlike RGB, HSI captures a dense spatial–spectral cube with
numerous contiguous bands [25]. Although this richness supports precise ma-
terial discrimination, annotation is expensive and expertise-driven, leading to
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Fig. 1: MorphJEPA rationale and framework. (a) Morphological opening/closing
preserve macro-geometry (e.g., building footprints) while attenuating unpredictable
high-frequency residuals. (b) MorphJEPA predicts embeddings of morphologically
smoothed, pixel-aligned targets from a context embedding, enforcing a structural bot-
tleneck that favors transferable topological invariants, while a context-anchored regu-
larizer prevents dimensional collapse.

severe label scarcity [4]. We therefore study learning from limited supervision
(LLS): learning transferable representations from abundant unlabeled HSIs in
the target sensing domain, then adapting with only a few labeled samples per
class [40]. Unlike few-shot learning [29, 32, 47, 48] or zero-shot learning [17, 21],
LLS must extract transferable structure directly from unlabeled target data.
This is particularly challenging in HSI, where high dimensionality aggravates
overfitting (Hughes phenomenon) [45] and dense patch extraction induces latent
redundancy that can obscure subtle class cues [44]. This raises a central question:
how can self-supervised pretraining learn representations that remain semantic
and transferable under extreme low-shot supervision and scene shifts?

Most HSI self-supervised learning (SSL) methods follow either contrastive
[14, 20] or reconstruction-based [9, 19] paradigms. Contrastive methods rely on
multiple views, but view design is fragile in HSI because spectral signatures
themselves encode class identity [33]; augmentations that are benign in RGB
may distort semantics in HSI. Reconstruction-based methods avoid negatives but
encourage recovery of dataset-specific details that reconstruct well yet transfer
poorly across scenes, seasons, or sensors. Pixel-level objectives may therefore
overfit atmospheric or sensor noise rather than class-discriminative structure [25].

A key missing ingredient in prior HSI-SSL is an explicit notion of structure
stable across sensing conditions. In many HSI scenes, class identity depends not
only on spectra but also on macroscopic morphology—connectivity, boundaries,
and footprint-scale geometry—which is often more invariant than high-frequency
textures or sensor-specific noise [12]. Morphological operators [38] such as open-
ing and closing provide a principled way to isolate this invariance by removing
small-scale spatial fluctuations while preserving dominant topology. As shown
in Fig. 1(a), they suppress residuals while retaining the structural "skeleton" of
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semantic entities. This makes morphology a natural self-supervision signal for
LLS: it yields pixel-aligned views that are controlled, semantically stable, and
biased toward transferable structure.

Joint-Embedding Predictive Architectures (JEPAs) [6] learn by predicting in
latent space, avoiding contrastive negatives and pixel-level reconstruction. Yet
they remain unexplored for HSI because generic masking or cropping can erase
material signatures and disrupt spatial–spectral coherence, yielding underde-
termined targets. Furthermore, dense spatial–spectral patch extraction induces
latent redundancies, encouraging shortcut correlations and representation col-
lapse [35]. HSI therefore requires prediction targets that are pixel-aligned and
structurally simplified, so nuisance variability is suppressed and the task remains
well-posed. Morphology provides such targets, while JEPA offers the appropriate
principle: predict stable structure in embedding space rather than reconstruct
pixels or enforce invariance to brittle augmentations. At the same time, this
spatial–spectral redundancy can push embeddings toward a low-rank, anisotropic
subspace [10], motivating explicit regularization of the latent manifold.

These observations expose a clear gap: Can morphology be coupled with JEPA
to create pixel-aligned, structurally simplified targets that make nuisances hard to
predict, thereby inducing representations that transfer under low-shot supervision
and scene shift?
Our approach. We introduce MorphJEPA, the first JEPA-style framework
tailored to HSI. MorphJEPA predicts embeddings of pixel-aligned targets gen-
erated by per-band morphological opening/closing, together with lightweight
geometry-preserving transforms. As illustrated in Fig. 1(b), predicting these mor-
phologically smoothed targets from raw context imposes a directional structural
bottleneck : nuisance details suppressed in the targets become difficult to predict,
forcing the encoder to emphasize transferable topology and core material cues.

To support this, we use a compact disentangled spatial–spectral encoder fused
by cross-attention. Unlike monolithic 3D-CNNs, this preserves the distinction be-
tween spatial structure and spectral identity; unlike simple concatenation, it en-
ables conditional fusion between topological geometry and spectral evidence. We
further stabilize training with a momentum (EMA) teacher [41] and a context-
anchored Sketched Isotropic Gaussian Regularizer (SIGReg) [8] applied only to
student context embeddings. Unlike LeJEPA’s symmetric SIGReg, our asym-
metric design keeps semantic targets anchored under severe spatial–spectral la-
tent correlation. We also provide a compact theoretical analysis showing that
morphology prediction reduces nuisance-induced representation drift, while SI-
GReg promotes well-conditioned, near-isotropic embeddings that improve low-
shot generalization. Our main contributions are:

• We propose MorphJEPA, the first JEPA-style latent predictive SSL frame-
work for hyperspectral imagery.

• We develop morphology-driven, pixel-aligned prediction targets for LLS, cou-
pled with a lightweight disentangled spatial–spectral encoder with cross-attention
fusion.
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• We introduce a context-anchored distributional regularizer to mitigate collapse
from spatial–spectral feature correlation, yielding a better-conditioned near-
isotropic latent space and improved low-shot sample complexity.

• We validate MorphJEPA under 1-, 5-, and 10-shot protocols across intra-scene
and cross-scene generalization under temporal and spatial shifts, consistently
outperforming strong supervised and SSL baselines.

2 Related Works

(i) Self-Supervised Learning for HSI. HSI-SSL is dominated by contrastive
and reconstruction-based objectives. Contrastive methods form positive pairs via
spectral transformations (e.g., PCA splitting) [28] or multi-scale spatial sampling
[49, 50], with guided variants introducing label-driven grouping [26]. Two limi-
tations recur: view fragility—augmentations benign in RGB can alter material
signatures (e.g., band permutation), violating semantic identity and suppress-
ing discriminative spectra—and training overhead from large batches/negatives
and extra heuristics. Reconstruction-based SSL, largely MAE-style [19], predicts
masked bands [30] or spatial patches [24] with pixel-level losses, sometimes using
LiDAR priors [42]. While effective, these objectives often encode dataset-specific
correlations and high-frequency noise that fail under sensor/scene shifts; depen-
dence on co-registered LiDAR also limits applicability.
(ii) Morphological Structure in HSI. Mathematical morphology has long
been recognized as a powerful structural prior in hyperspectral analysis (see
Supp. Mat. for a brief review of mathematical morphology operators). Extended
Morphological Profiles (EMP) [16, 34] and their multiband extensions [11] cap-
ture spatial connectivity, region geometry, and boundary information that com-
plement spectral features. More recently, morphological operators have been em-
bedded as fixed or learnable layers in supervised networks [1,37], demonstrating
improved robustness to small-scale variations. These methods, however, employ
morphology primarily as an input-side transformation or architectural bias. They
do not leverage morphological evolution as a self-supervised objective, nor do
they couple structural filtering with representation-level predictive learning.
(iii) Predictive Architectures in Remote Sensing. JEPA [6] offers an al-
ternative to both contrastive and reconstruction-based SSL by predicting target
embeddings in latent space (see Supp. Mat. for a brief primer on JEPA). This
paradigm has recently been explored in remote sensing, including optical re-
trieval [15], multimodal multi-resolution modeling [7], and SAR imagery [27].
Most adaptations inherit spatial masking or cropping strategies from RGB im-
age pretraining. However, for HSI, aggressive masking can remove semantically
critical material evidence and sever spatial–spectral coherence, yielding underde-
termined targets. Moreover, standard predictive targets do not explicitly account
for severe latent correlations induced by dense spatial–spectral patch extraction.

In summary, prior HSI-SSL either enforces invariance to handcrafted per-
turbations or reconstructs raw pixels, while morphology-based methods remain
largely supervised, and predictive SSL has not been tailored to HSI. We bridge
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these lines of work by elevating morphology from an input prior to a latent
predictive pretext within a JEPA framework: morphology shifts from "what is
processed" to "what must be predicted" in embedding space.

3 Problem Setting

Given an HSI scene X ∈ RH×W×B , we study LLS: we first pretrain on a large
set of unlabeled spatial–spectral patches extracted from X in the target sensing
domain, then learn a downstream classifier using only N labeled patches per class
(N ∈ {1, 5, 10}). We evaluate both in-distribution adaptation (intra-scene) and
out-of-distribution generalization (cross-scene). Our aim is to learn a transferable
patch encoder fθ : RS×S×B → RD, where xi,j ∈ RS×S×B denotes the S × S
patch around pixel (i, j) over all B bands; symmetric padding by ⌊S/2⌋ along
the spatial dimensions enables valid patch extraction near image boundaries.
Pretraining Data Construction. Unlabeled patch centers are sampled sys-
tematically across the scene using a fixed spatial stride. To form correlated,
pixel-aligned views without heuristic spectral perturbations, we apply scene-level
morphological opening/closing to X , yielding X (o) and X (c), and extract aligned
triplets {xi,j , x(o)

i,j , x
(c)
i,j }. During training, we additionally apply lightweight geo-

metric transforms on-the-fly to the anchor xi,j to obtain x
(g)
i,j .

4 MorphJEPA in Detail

MorphJEPA learns fθ via JEPA-style latent prediction across the aligned views
described above. We first instantiate fθ with a lightweight disentangled spatial–
spectral encoder fused by cross-attention (Sec. 4.1). We then train it with a
multi-view student–teacher prediction objective in which a predictor maps the
context embedding fθ(xi,j) to target embeddings computed from x

(g)
i,j , x(o)

i,j , and
x
(c)
i,j (Sec. 4.2). The morphology-based targets provide controlled structural sim-

plification while preserving spectral identity, making nuisance variations harder
to predict and biasing the representation toward transferable topology and ma-
terial cues. Training is further stabilized using an exponential moving average
(EMA) teacher together with a context-anchored regularizer (SIGReg; Sec. 4.3).
For evaluation, we freeze fθ and train a linear head on N -shot labeled patches
(Sec. 4.4). Fig. 2 summarizes the overall framework, covering both self-supervised
pretraining and downstream low-shot classification.

4.1 Disentangled Spatial–Spectral Encoder

HSI contains two complementary cues: local spatial neighborhoods encode topo-
logical geometry, while spectra encode material semantics. Monolithic 3D-CNN
and ViT backbones often entangle these factors [5, 22] and can overfit in low-
label regimes; moreover, our morphology-based views primarily perturb spatial
structure and should not be absorbed by implicitly altering spectral identity.
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Fig. 2: Overview of the MorphJEPA architecture. Self-Supervised Pretraining:
Given a hyperspectral patch x, we generate a geometric target (x(g)) and morphology-
filtered targets (x(o), x(c)). A student encoder fθ maps x to a context embedding zc,
while an EMA teacher encoder fθ′ generates stop-gradient target embeddings (zgeo,
zopen, zclose). Task-specific predictors (hgeo, hopen, hclose) map zc to these targets,
enforcing a directional structural bottleneck optimized via Lpred. To prevent manifold
collapse, a context-anchored SIGReg (Lreg) regularizes zc toward an isotropic Gaussian
prior. Downstream Classification: The pretrained encoder fθ is frozen, and a linear
classifier cψ is trained using a few labeled samples.

We therefore use a compact disentangled encoder fθ that factorizes spatial and
spectral processing and fuses them via cross-attention. This design provides (i)
spectrum-preserving features under morphological views, (ii) an explicit mecha-
nism to modulate spatial structure using spectrally informative cues, and (iii) a
lightweight architecture suitable for dense HSI cubes.
Spatial Branch. The spatial pathway captures multi-scale structure using a
standard and a dilated 3×3 convolution (each producing D/2 channels), which
are concatenated and projected to D channels:

Fspa = GELU
(
BN
([

Conv3×3
2D (x) ∥ Conv3×3,d=2

2D (x)
]))

, Fspa ∈ RS×S×D.
(1)

Spectral Branch. The spectral pathway performs per-pixel spectral mixing via
a 1×1 convolution, without spatial aggregation:

Fspec = GELU
(
BN
(
Conv1×1

2D (x)
))

, Fspec ∈ RS×S×D. (2)

Cross-Attention Fusion. We flatten both maps into T = S2 tokens and
fuse them through a multi-head cross-attention bottleneck, where spatial to-
kens query spectral tokens. Let Q ∈ RT×D be derived from Fspa (with positional
embeddings) and K,V ∈ RT×D from Fspec. The fused tokens are:

H = Q+ softmax

(
QK⊤
√
Dh

)
V, Dh = D/h, H ∈ RT×D. (3)
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A lightweight FFN followed by global average pooling produces patch embed-
dings. Overall, this factorization assigns topology (the component perturbed by
morphology) to the spatial pathway, while the spectral pathway anchors seman-
tics, improving robustness under spatial perturbations and scene shifts.

4.2 Multi-View Prediction Objective

Fig. 3: Ablation of morphological op-
erators on Houston 2013 under 5-shot
regime.

Unlike prior HSI-SSL that contrasts
heuristically augmented views or recon-
structs masked pixels/bands, we learn
via latent prediction over a controlled,
structure-preserving view family. For each
anchor patch, we use the aligned tar-
gets: a geometric view x(g) (random rota-
tions/flips) and morphology-filtered views
x(o) and x(c).

We use opening/closing (rather than
atomic erosion/dilation) since they are
idempotent filters that attenuate small-
scale spatial variations while preserving dominant structure, yielding semanti-
cally aligned targets without altering spectral identity. As shown in Fig. 3, stan-
dard erosion/dilation underperforms the compound filters. Furthermore, inte-
grating both opening and closing into the predictive objective yields the strongest
results; their complementary nature captures a complete morphological profile,
corroborating our hypothesis that robust, topology-preserving operators are es-
sential for extracting semantically aligned targets.

To model these asymmetric transitions, we adopt a teacher–student JEPA
formulation with an EMA teacher. Let zc = fθ(x) denote the student context
embedding. The teacher produces target embeddings (no gradients):

zgeo = sg
(
fθ′(x

(g))
)
, zopen = sg

(
fθ′(x

(o))
)
, zclose = sg

(
fθ′(x

(c))
)
. (4)

We use lightweight predictors hgeo, hopen, hclose to map zc to each target:

ẑgeo = hgeo(zc), ẑopen = hopen(zc), ẑclose = hclose(zc), (5)

and minimize the summed latent prediction loss:

Lpred = Lgeo + Lopen + Lclose, Lv = ∥ẑv − zv∥22, v ∈ {geo, open, close}. (6)

The morphology terms encourage the encoder to capture topology that re-
mains stable under opening/closing. However, using only these terms can admit
drift toward relative structural differences; the geometric term acts as a seman-
tic anchor by requiring consistency with an identity-preserving transformation,
enforcing absolute material fidelity and spatial equivariance (Sec. 5.4, Tab. 4).
Overall, predicting morphologically simplified targets from a raw context induces
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a directional bottleneck : high-frequency noise attenuated by opening/closing be-
comes hard to predict, whereas stable topological content remains predictable.
This provides a well-posed alternative to aggressive masking in dense HSIs, which
can remove semantically critical structure and degrade transfer.

4.3 Latent Manifold Regularization

Although the EMA teacher prevents trivial constant collapse, it does not con-
strain the manifold structure of the learned representation space. In high di-
mensional HSI settings, predictive training alone can yield dimensional collapse,
where embeddings concentrate in a low-rank anisotropic subspace due to highly
correlated overlapping patches, thereby destabilizing self-supervised optimiza-
tion [18].

While an isotropic-target SIGReg has been proposed to prevent degener-
ate embeddings (LeJEPA [8]), it is applied symmetrically there, eliminating
the need for momentum teachers. In hyperspectral settings, however, symmetric
conditioning of all embeddings can cause manifold collapse under severe spatial–
spectral correlation (Sec. 5.3, Tab. 1, Fig. 4). We therefore retain the EMA
teacher and apply SIGReg only to the student context embeddings, preserving
stable predictive targets while regularizing the latent manifold.

Let Zc = {z(k)c }Mk=1 ⊂ RD denote a batch of student context embeddings. We
impose SIGReg by penalizing the discrepancy between the empirical batch distri-
bution and an isotropic Gaussian prior N (0, I) using an empirical characteristic-
function matching objective, yielding Lreg = LSIGReg(Zc) (see Supp. Mat. for
detailed mathematical formulation). By anchoring the empirical distribution of
Zc to N (0, I), SIGReg enforces bounded trace and near-isotropic covariance
(Sec. 4.5), ensuring predictive alignment in a well-conditioned latent space. The
final objective is:

Ltotal = Lpred + λLreg, (7)

where λ controls the strength of the regularization.

4.4 Downstream Low-shot Classification

After pretraining, we freeze fθ and train a linear classifier cψ : RD → RK on
N -shot (N ∈ {1, 5, 10}) labeled patches using cross-entropy:

min
ψ

Lsup = E(x,y)

[
− log

exp( [cψ(fθ(x))]y )∑K
k=1 exp( [cψ(fθ(x))]k )

]
. (8)

4.5 Why MorphJEPA Transfers and Probes Better

Let x = (s, n), where s denotes class-relevant structure and n nuisance vari-
ability, and let z = fθ(x) be the learned representation. We consider intra- and
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cross-scene shifts that preserve s but alter nuisance statistics. Following stan-
dard optimal transport bounds [36], a downstream predictor φ with L-Lipschitz
loss satisfies:

RP′(φ◦fθ) ≤ RP(φ◦fθ) + LW1(Pz,P ′
z), (9)

so transfer depends on the representation drift in latent space. Since MorphJEPA
predicts embeddings of morphologically filtered aligned targets that suppress
nuisance-sensitive details while preserving dominant structure, it encourages in-
variance to n and thus reduces W1(Pz,P ′

z).

Proposition 1. Under mild regularity assumptions, MorphJEPA yields smaller
nuisance-induced representation drift than standard JEPA objectives with nui-
sance preserving targets.

For low-shot linear probing with N labeled samples and representation co-
variance Σ, the expected Rademacher complexity [23] scales as:

R̂(cψ◦fθ) ≤ O

(
B

√
Tr(Σ)

N

)
. (10)

Our context-anchored SIGReg promotes an approximately isotropic latent space,
which controls Tr(Σ) and improves conditioning for low-shot linear separation.

Proposition 2. If SIGReg enforces approximate isotropy, then the low-shot com-
plexity term is tightened through improved covariance control.

Detailed assumptions and proofs for both propositions are provided in the
Supp. Mat.

5 Experiments

5.1 Datasets and Evaluation Setup

We evaluate MorphJEPA on two intra-scene (Houston 2013, Trento) [42] and
two cross-scene (Houston: Houston 2013 → 2018; HyRank: Dioni → Loukia) [46]
benchmarks (see Supp. Mat. for detailed dataset specifications).
Intra-Scene Evaluation. MorphJEPA is pretrained on the entire unlabeled
scene (e.g., Houston 2013, Trento). Representation quality is then assessed by
training a linear classifier on the frozen latent features of that same scene under
1, 5, and 10-shot regimes. This evaluates the backbone’s intrinsic discriminative
power without further weight updates.
Cross-Scene Generalization. We evaluate robustness for cross-sensor tem-
poral transfer across aligned spectral overlap (Houston 2013 → 2018) and pro-
nounced urban-to-rural structural shifts (Dioni → Loukia), where the former in
each pair denotes the source and the latter the target scene. We employ two
distinct protocols:
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1. Zero-Shot Target Transfer: This assesses the transferability of topological
invariants. Both the encoder (via self-supervision) and the classifier (via
1, 5, and 10-shot supervision) are trained exclusively on source-scene data.
The model observes no target-scene samples (labeled or unlabeled) during
any training stage prior to evaluation.

2. Low-Shot Target Adaptation: This assesses representation adaptability.
The pretrained encoder remains frozen, and a linear classifier is adapted
using 1, 5, and 10 labeled target-scene samples before target evaluation.

5.2 Experimental Protocol

Following standard HSI protocols [1, 3], we apply PCA (15 components) to all
scenes, to isolate structural semantics from raw sensor noise. MorphJEPA is
implemented with a patch size of 15 × 15 and pretrained for 100 epochs using
AdamW [31] (learning rate 2×10−4, weight decay 10−4) with cosine annealing to
10−6. The EMA momentum is set to 0.996, the regularization weight to λ = 0.05,
and morphological views use a 3× 3 structuring element (Sec. 5.4, Fig. 7).

For downstream evaluation, the encoder is frozen, and a linear classifier is
trained for 100 epochs using AdamW (learning rate 10−3, weight decay 0.01)
under N -shot settings (N ∈ {1, 5, 10}). We use a batch size of 32 (or all available
labeled samples when smaller), with linear warmup followed by linear decay.
Performance is reported using overall accuracy (OA), average accuracy (AA),
and the Kappa coefficient (κ) [4], averaged over 10 independent runs.

5.3 Comparison to the Literature

Quantitative Analysis. We evaluate MorphJEPA against some standard SSL
baselines (SimCLR [14], MAE [19], I-JEPA [6], and LeJEPA [8]) using our pro-
posed encoder. We also compare MorphJEPA against a diverse set of recent
state-of-the-art (SOTA) HSI-specific methodologies. These encompass fully and
semi-supervised models (MorpMamba [1], Res-CP [39]), self-supervised frame-
works (DMVL [28], SC-EADNet [50], SSLSM [30], HSI-MAE [24], GGCL [26],
SpectralDINO [13]), and a self-supervised multi-modal framework utilizing joint
HSI and LiDAR data (CM-SCON [42]).

Tab. 1 reports the comparative results on the Houston 2013 and Trento
datasets. MorphJEPA consistently achieves SOTA performance, outperforming
MAE and SC-EADNet by +6.28% and +2.88% OA, respectively, under 5-shot
Houston 2013 evaluation. Furthermore, the catastrophic collapse of LeJEPA
(24.27% OA) empirically proves our morphological pretext is necessary to pre-
vent manifold degeneration and learn discriminative features.

Tab. 2 evaluates cross-sensor temporal transfer (Houston 2013 → 2018),
where MorphJEPA secures the highest OA across most zero-shot and low-shot
regimes, outperforming GGCL by +1.20% OA under 5-shot target adaptation.
This confirms that predicting morphological evolution successfully isolates trans-
ferable features that are robust to severe temporal and sensor shifts.
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Table 1: 1, 5, and 10-shot classification performance comparison of MorphJEPA and
SOTA methods on Houston 2013 and Trento datasets. Best results are highlighted in
red; second-best results are in blue.

Method
Houston 2013 Trento

1-shot 5-shot 10-shot 1-shot 5-shot 10-shot
OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ

HSI-tailored supervised/semi-supervised methods
MorpMamba [1] 22.90 21.97 21.41 44.95 45.71 43.19 59.06 57.21 52.32 39.30 37.05 35.33 61.09 58.33 59.28 68.81 66.93 67.21
Res-CP [39] 43.54 45.60 39.06 65.08 74.58 62.06 72.90 77.43 70.58 64.75 57.91 56.19 78.05 74.99 76.21 88.88 83.73 86.20

Standard SSL baselines (with our spatial–spectral encoder)
SimCLR [14] 35.43 38.19 30.54 60.18 62.45 55.82 65.11 67.28 60.47 62.53 55.38 52.76 79.48 74.22 75.83 83.24 78.47 80.12
MAE [19] 41.24 44.47 38.15 68.45 71.23 65.78 73.38 76.12 70.95 68.14 60.48 58.22 83.17 78.44 80.13 86.52 81.28 83.19
I-JEPA [6] 29.83 32.38 24.15 48.57 51.22 43.51 53.42 55.68 48.24 52.08 48.64 45.28 68.43 64.18 65.77 72.48 69.13 70.36
LeJEPA [8] 18.52 20.08 12.33 24.27 26.54 18.38 28.14 29.77 22.48 25.38 22.84 19.53 32.13 28.58 25.37 35.58 32.15 29.77

HSI-tailored SSL frameworks
DMVL [28] 28.66 30.50 23.21 43.47 42.54 39.19 47.92 47.81 43.74 65.84 60.94 57.61 87.26 77.09 83.44 89.89 79.02 86.78
SC-EADNet [50] 50.73 55.72 46.18 71.85 75.51 69.28 76.04 78.32 74.06 64.36 55.77 53.47 82.39 78.73 79.91 87.81 84.07 85.02
SSLSM [30] 29.94 34.09 25.12 43.75 45.79 39.26 49.39 49.20 45.03 45.92 43.43 36.97 84.25 82.80 79.09 89.06 86.47 87.07
HSI-MAE [24] 36.86 38.22 32.74 65.13 69.11 61.82 74.69 74.47 69.67 64.62 59.39 57.79 82.56 80.91 80.16 89.55 86.09 87.35
GGCL [26] 37.83 36.70 32.32 51.21 52.71 47.09 60.67 57.48 57.18 77.92 65.65 63.09 80.91 69.86 73.44 81.51 74.35 75.28
SpectralDINO [13] 28.75 34.86 24.25 56.13 60.97 52.63 66.95 69.52 64.18 71.28 65.25 61.13 85.99 80.11 81.75 88.27 84.98 85.34
CM-SCON [42] 40.64 41.82 36.41 68.95 71.25 64.92 76.45 78.34 74.92 66.38 62.33 59.23 87.22 82.89 84.28 90.48 86.92 87.59
MorphJEPA 52.06 59.65 48.25 74.73 77.53 72.61 79.15 81.33 77.38 73.33 68.23 64.97 89.62 84.40 86.20 92.30 88.79 89.77

Table 2: 1, 5, and 10-shot cross-scene cross-sensor temporal transfer performance com-
parison of MorphJEPA and SOTA methods on Houston (Houston 2013 → 2018) dataset
under zero-shot target transfer and low-shot target adaptation regimes.

Method
2013 → 2018 (Zero-shot Target Transfer) 2013 → 2018 (Low-shot Target Adaptation)
1-shot 5-shot 10-shot 1-shot 5-shot 10-shot

OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ

HSI-tailored supervised/semi-supervised methods
MorpMamba [1] 7.34 8.92 3.81 10.20 13.44 9.66 17.52 15.34 10.73 14.14 16.31 8.42 26.06 24.12 18.28 34.51 36.91 24.64
Res-CP [39] 29.41 34.08 15.54 47.33 39.44 30.86 61.73 40.32 43.22 34.53 22.11 14.47 58.08 41.47 39.99 61.75 45.34 46.18

HSI-tailored SSL frameworks
DMVL [28] 15.87 14.83 7.37 19.38 26.65 11.63 29.27 32.62 14.39 21.80 16.51 11.89 25.78 19.13 13.85 27.25 20.95 15.57
SC-EADNet [50] 30.36 23.02 13.02 63.20 23.57 21.51 63.48 24.08 23.29 32.61 35.07 21.14 63.32 61.10 47.28 71.04 66.69 56.74
SSLSM [30] 14.21 28.59 8.68 26.74 35.54 17.40 38.85 38.24 21.43 15.09 30.17 9.48 30.55 41.39 19.33 43.09 45.36 31.94
HSI-MAE [24] 19.43 19.50 10.29 32.82 25.45 16.29 37.99 41.90 28.84 25.52 26.44 14.55 37.53 37.22 26.53 50.13 52.46 37.70
GGCL [26] 22.71 32.25 12.75 42.02 34.74 22.60 42.35 43.12 29.91 22.95 34.91 13.35 66.01 28.03 36.10 67.80 37.19 42.54
SpectralDINO [13] 16.02 18.02 8.66 18.25 31.59 11.05 40.05 38.14 29.65 39.28 28.69 16.67 50.03 51.54 34.13 55.20 52.35 38.67
CM-SCON [42] 21.86 23.39 12.98 34.74 37.47 24.04 41.54 38.31 30.84 27.32 28.85 17.47 40.87 43.29 28.28 48.87 51.30 36.28
MorphJEPA 33.24 32.48 16.71 62.36 39.07 41.19 64.30 42.41 44.45 38.06 40.05 22.18 67.21 62.43 51.33 71.97 67.84 57.57

Tab. 3 details geographic generalization on HyRank (Dioni → Loukia). While
competitive baselines occasionally approach our OA, MorphJEPA overwhelm-
ingly dominates AA and κ across both regimes, proving the morphological pre-
text yields spatially invariant representations that transfer robustly across all
semantic categories rather than overfitting to dominant target-scene samples.
Qualitative Analysis. Fig. 4 visualizes the purely unsupervised t-SNE em-
beddings of our proposed encoder pretrained using different JEPA objectives on
Houston 2013. Generic spatial masking in I-JEPA causes severe semantic inter-
leaving, while LeJEPA suffers from catastrophic dimensional collapse, reducing
the entire representation manifold to an inseparable 1D curve (κ = 1.35). In con-
trast, MorphJEPA’s structural bottleneck successfully filters out high-frequency
spatial nuisances, enforcing a stable, well-conditioned (κ = 1.14), and class-
discriminative representation space without any label guidance. Fig. 5 further
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Table 3: 1, 5, and 10-shot cross-scene spatial transfer performance comparison of Mor-
phJEPA and SOTA methods on HyRank (Dioni → Loukia) dataset under zero-shot
target transfer and low-shot target adaptation regimes.

Method
Dioni → Loukia (Zero-shot Target Transfer) Dioni → Loukia (Low-shot Target Adaptation)

1-shot 5-shot 10-shot 1-shot 5-shot 10-shot
OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ OA AA κ

HSI-tailored supervised/semi-supervised methods
MorpMamba [1] 11.24 9.05 5.88 13.38 9.88 8.56 21.36 15.52 13.82 17.65 18.90 11.30 29.84 27.50 20.15 39.12 40.55 28.74
Res-CP [39] 30.05 28.92 24.03 43.14 32.94 31.72 46.36 35.62 37.13 31.06 32.17 24.72 56.76 56.87 51.09 60.19 59.57 53.50

HSI-tailored SSL frameworks
DMVL [28] 26.89 26.40 21.10 32.03 29.57 24.81 37.65 33.16 28.16 30.04 33.01 23.49 35.17 35.69 29.00 41.42 41.15 34.68
SC-EADNet [50] 28.44 13.37 12.97 34.54 20.20 19.18 38.73 22.30 21.44 43.23 46.82 32.99 61.43 63.53 52.04 65.50 67.72 58.57
SSLSM [30] 19.77 20.90 12.28 24.37 32.36 19.63 33.58 32.84 26.57 32.27 39.09 25.47 48.26 58.95 40.71 52.03 62.2 44.63
HSI-MAE [24] 22.15 21.80 14.51 35.63 28.27 26.85 40.25 34.67 36.21 28.75 30.10 19.45 43.80 44.50 32.60 55.45 57.20 45.30
GGCL [26] 22.36 13.32 12.43 25.41 21.91 15.98 27.50 22.13 16.17 33.08 38.45 28.36 50.79 62.44 42.29 60.25 65.56 56.01
SpectralDINO [13] 18.80 22.07 11.57 38.63 33.16 28.42 39.70 33.37 30.58 38.34 42.14 31.01 53.30 68.01 46.75 55.46 71.32 49.41
MorphJEPA 31.49 30.09 24.18 43.02 35.54 33.82 46.68 38.00 38.36 41.30 48.87 33.70 60.37 71.22 54.11 65.88 76.06 60.09

Fig. 4: t-SNE visualization of the learned representation spaces on Houston
2013 dataset. MorphJEPA produces well-separated and semantically meaningful class
distributions. I-JEPA struggles with massive class overlap due to semantically destruc-
tive pretext tasks, while LeJEPA experiences severe manifold degeneration, collapsing
into a continuous 1D structure.

corroborates this observation through PCA projections of the pretrained Mor-
phJEPA features, revealing coherent spatial–spectral clustering and boundary-
aware organization across both urban and geographical scenes.

Fig. 6 demonstrates that MorphJEPA successfully suppresses the erratic,
localized prediction errors seen in GGCL and CM-SCON, yielding highly sta-
ble macro-structures. While our strong structural bottleneck inherently trades
micro-fidelity on ultra-thin features (e.g., roads) for this regional stability, this
deliberate regularization is precisely what drives our superior generalization un-
der extreme label scarcity.

5.4 Ablation Studies

Analysis of Loss Components. The ablation in Tab. 4 reveals a clear trend
across both intra-scene (Houston 2013) and cross-scene (HyRank) tasks in the
5-shot regime. Geometry-only supervision (i) performs the weakest, while mor-
phological objectives (open and close) (ii) yield substantial gains (+15.7% OA on
Houston 2013 and +18.3% on HyRank over geo-only), confirming that topology-
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Fig. 5: PCA visualization of final-layer features from our spatial–spectral
encoder pretrained with MorphJEPA on Houston (urban) and Dioni (ge-
ographical) scenes. For each image, features are independently projected to RGB
using the top three principal components. Without any supervision, the representa-
tions exhibit clear semantic organization, with consistent clustering of cohesive regions
sharing similar material signatures across urban structures (i, ii) and coastal terrain
(iii), reflecting emergent topology-aware and boundary-sensitive feature formation.

Fig. 6: Visual comparison of 5-shot classification maps on Trento. MorphJEPA
produces remarkably clean, cohesive regions (e.g., Apple Trees, Vineyard) and elimi-
nates the severe "salt-and-pepper" semantic confusion prevalent in SOTA methods.

preserving targets provide more transferable structure than appearance-based
equivariances. When geometric and morphological components are jointly op-
timized (iii), performance increases further, and the standard deviation drops
significantly (Houston 2013: 3.72 → 1.62), indicating that geometric cues act
as a semantic anchor stabilizing morphological prediction. Finally, adding the
context-anchored Lreg (iv) yields a modest but consistent OA gain alongside ad-
ditional deviation reduction (≈ 31% on Houston 2013 and ≈ 19% on HyRank),
demonstrating improved manifold conditioning and reduced sensitivity to ini-
tialization in low-shot regimes.
Impact of Pretraining and Encoder Architecture. The ablation in Tab. 5
shows that our spatial–spectral encoder trained from scratch collapses under ex-
treme low-shot conditions (A: 31.92% ± 13.20 OA on Houston 2013) compared
to its SSL-pretrained counterpart (F: 74.73%±1.11), confirming the necessity of
our proposed morphological pretraining. Beyond a +42.8% absolute OA gain on
Houston 2013, self-supervision reduces the standard deviation by nearly 12×, in-
dicating vastly improved optimization stability. Furthermore, MorphJEPA serves
as a backbone-agnostic framework: both 3D-CNN (B) and SpectralFormer (C)
achieve strong performance (64.12% and 69.50% OA on Houston 2013, respec-
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Table 4: Ablation of loss components under 5-shot regime on intra-scene (Houston
2013) and cross-scene (HyRank) datasets.

ID Loss Components Houston 2013 Dioni → Loukia
Lgeo Lopen Lclose Lreg OA AA κ OA AA κ

(i) ✓ ✗ ✗ ✗ 53.23 ± 2.40 59.94 ± 2.30 49.54 ± 2.63 36.52 ± 4.12 44.15 ± 3.85 32.40 ± 4.05
(ii) ✗ ✓ ✓ ✗ 68.97 ± 3.72 73.79 ± 3.01 66.45 ± 4.01 54.85 ± 5.10 65.20 ± 4.80 48.90 ± 5.25
(iii) ✓ ✓ ✓ ✗ 73.97 ± 1.62 76.67 ± 0.90 71.82 ± 1.73 59.76 ± 3.90 70.50 ± 3.15 53.56 ± 3.65
(iv) ✓ ✓ ✓ ✓ 74.73 ± 1.11 77.53 ± 0.97 72.61 ± 1.19 60.37 ± 3.15 71.22 ± 2.37 54.11 ± 3.37

Table 5: Ablation of encoder architectures and spatial–spectral fusion strategies in
the 5-shot regime. We evaluate performance on intra-scene (Houston 2013) and cross-
scene (HyRank) benchmarks. We compare our encoder trained from scratch (A),
standard HSI backbones pretrained with MorphJEPA (B–C), and our disentangled
spatial–spectral encoder utilizing concatenation (D), CBAM-based fusion (E), and
cross-attention fusion (F).

ID Params (M) Houston 2013 Dioni → Loukia
OA AA κ OA AA κ

(A) 0.18 31.92 ± 13.20 35.40 ± 12.50 28.10 ± 11.80 22.15 ± 14.50 25.80 ± 13.80 12.40 ± 12.10
(B) 4.10 64.12 ± 1.85 68.40 ± 1.55 61.20 ± 2.05 48.50 ± 2.90 55.10 ± 2.40 41.80 ± 2.65
(C) 0.38 69.50 ± 1.40 72.15 ± 1.25 67.30 ± 1.45 52.40 ± 2.55 60.80 ± 2.15 46.20 ± 2.45
(D) 0.12 72.10 ± 1.15 74.80 ± 1.05 69.90 ± 1.20 56.90 ± 2.20 65.40 ± 1.95 49.80 ± 2.10
(E) 0.15 73.05 ± 1.19 75.62 ± 0.98 70.43 ± 1.12 58.05 ± 2.35 66.90 ± 2.53 51.20 ± 2.95
(F) 0.18 74.73 ± 1.11 77.53 ± 0.97 72.61 ± 1.19 60.37 ± 3.15 71.22 ± 2.37 54.11 ± 3.37

tively) under the same objective. Within our disentangled design, simple concate-
nation (D) provides a highly parameter-efficient baseline (0.12M), while CBAM
fusion [43] (E) yields modest gains, suggesting that generic reweighted attention
is insufficient. Cross-attention fusion (F) delivers the best performance across
both datasets, validating the importance of structured spatial–spectral querying
for delineating morphological boundaries.

Fig. 7 evaluates MorphJEPA across its core design parameters: data regime,
Lreg strength, morphological scale, and EMA dynamics. Consistent trends and
aligned performance peaks across intra- and cross-scene transfers demonstrate
stable behavior, proving MorphJEPA’s optimal hyperparameters generalize ro-
bustly without brittle tuning dependencies (additional results in Supp. Mat.).
We also compare the floating-point operations (FLOPs), parameter counts, and
inference time of MorphJEPA with other SOTA HSI methods in Tab. 6. Notably,
MorphJEPA delivers the lowest inference time (0.98 ms) while keeping both
FLOPs (0.04 G) and trainable parameters (0.18 M) exceptionally low compared
to most SOTA models.

6 Takeaways

We propose MorphJEPA, the first JEPA-style framework designed specifically
for HSI. By predicting morphologically simplified targets in latent space, our
method enforces a structural bottleneck that filters high-frequency nuisances
while preserving transferable topology. Coupled with a cross-attention spatial–
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Fig. 7: Sensitivity analyses comparing intra-scene and cross-scene robust-
ness on Houston dataset. Except for (a) which sweeps the number of labeled sam-
ples N , all evaluations use the 5-shot regime. (a) Performance scales consistently with
increased labeled data. (b) Intermediate regularization (λ = 0.05) yields optimal con-
ditioning. (c) Larger structuring elements degrade performance by over-smoothing fine
structures. (d) EMA momentum shows a distinct optimum for teacher stability.

Table 6: Computational complexity comparison of MorphJEPA with SOTA HSI meth-
ods in terms of FLOPs, trainable parameters, and inference time. Best results are high-
lighted in red.

Method FLOPs (G) Params (M) Inference (ms)
MorpMamba [1] 0.03 0.07 1.15
Res-CP [39] 0.63 0.28 1.48
DMVL [28] 2.12 24.62 5.87
SC-EADNet [50] 0.02 1.51 13.52
SSLSM [30] 0.39 25.65 6.02
HSI-MAE [24] 1.52 3.18 2.15
GGCL [26] 0.05 0.19 1.08
SpectralDINO [13] 0.75 21.55 12.16
CM-SCON [42] 1.85 1.45 4.35
MorphJEPA 0.04 0.18 0.98

spectral encoder and context-anchored SIGReg conditioning to prevent collapse,
MorphJEPA achieves SOTA performance in intra-scene and cross-scene settings
under extreme low-shot regimes. Future work will explore directional morpho-
logical filters and hybrid predictive-reconstructive objectives to better preserve
ultra-fine linear structures without sacrificing macro-semantic stability of scenes.
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