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ABSTRACT

Geospatial foundation models pretrained on large collections of satellite imagery
achieve strong average performance across remote sensing tasks, but they implic-
itly assume stationarity across space and time. This assumption is routinely vio-
lated by seasonal dynamics, long-term environmental change, and abrupt regime
shifts such as urbanization or infrastructure development, leading to embeddings
that can align with acquisition artifacts rather than physically meaningful change.

We study representation mismatch in remote sensing foundation models under
non-stationarity and argue that the issue lies not only in model scale, but in how
representations are constructed and normalized. We introduce a regime-aware
representation framework that treats remote sensing imagery as physical measure-
ment data, using spectral and spatial feature distributions normalized against local
baselines and augmented with a temporal divergence signal.

Through controlled empirical diagnostics, we show that scale-first embeddings
can be sensitive to nuisance radiometric variation and unstable during regime tran-
sitions, while physically grounded, locally normalized representations exhibit im-
proved coherence within regimes and clearer signals under change. These results
highlight the importance of regime-aware and physically grounded design princi-
ples for foundation models applied to Earth system data.

1 INTRODUCTION

Remote sensing imagery supports a wide range of scientific and operational applications, includ-
ing disaster response, environmental monitoring, food security, and urban analysis. Unlike natural
images, satellite observations are physical measurements produced by sensing systems operating
over complex environments. Motivated by progress in computer vision and language modeling,
recent work has introduced geospatial foundation models trained on large volumes of unlabeled
satellite imagery. These models rely on large-scale pretraining, unified architectures, and generic
self-supervised objectives, and surveys and benchmarks report strong average performance under
standard evaluation settings (7} I8 15).

However, most foundation-model pipelines implicitly assume that remote sensing data are stationary
across space and time. Training data are aggregated globally and sampled randomly, while temporal
information is encoded weakly through positional embeddings or metadata. As noted in prior work,
this design emphasizes global statistical consistency rather than environmental dynamics or regime-
dependent change (7; 18). Earth systems are inherently non-stationary. Seasonal cycles, long-term
trends, and abrupt disturbances such as floods, fires, earthquakes, and urbanization induce regime
shifts that alter the relationship between surface state and observed spectra. Prior work in geoscience
and GeoAl emphasizes that meaningful analysis under such conditions requires reasoning about rel-
ative change, local baselines, and physically interpretable signals, rather than similarity to globally
observed patterns (95 125 [11)).

Data imbalance further complicates this setting. Global remote sensing archives are uneven in spatial
coverage and temporal density, and survey studies note that training corpora are dominated by data-
rich regions and stable regimes (7). Random global sampling therefore reinforces majority regimes
and biases learned representations toward stable settings.
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Despite this, most foundation models operate directly on pixel-level imagery using architectures
inherited from computer vision. While some incorporate multi-spectral inputs or temporal em-
beddings (3; 4 |6), physically grounded quantities such as spectral indices, spatial structure, and
regime-consistent baselines are rarely treated as first-class elements of the representation space, in
contrast to longstanding remote sensing practice (10;9;11). Importantly, recent temporal geospatial
foundation models (e.g., Presto, Galileo) incorporate sequence information during pretraining, but
still operate primarily on raw pixel-level representations without explicitly normalizing for location-
specific baseline distributions(l; 2). As a result, they may capture temporal patterns but do not
directly address regime-relative change or robustness to acquisition-level variation.

In this work, we argue that scale-first representation learning can produce a representation mismatch
under non-stationarity, where embeddings fail to preserve physically meaningful relationships across
time and regimes. We demonstrate this mismatch through targeted empirical diagnostics that isolate
sensitivity to radiometric bias and regime transitions. Rather than proposing larger models, we
investigate an alternative design centered on physical grounding and regime awareness. We show
that compact representations built from spectral and spatial distributions, normalized against local
baselines and paired with simple temporal divergence signals, exhibit improved stability within
regimes and clearer behavior under regime change.

2 THEORY: REGIME-AWARE SPECTRAL—SPATIAL EMBEDDINGS

We formalize a representation that treats remote sensing imagery as a physical measurement pro-
cess with regime-dependent change. The goal is to construct embeddings that are stable within
regimes, sensitive to transitions, and robust to acquisition-level variation. All proofs are deferred to

Appendix [A]

Let a remote sensing observation at location ¢ and time ¢ be a multi-spectral raster X; ; €
We model X; ; as a noisy measurement of an underlying physical surface state .S; ; through a regime-
dependent sensing map

RHXWXC

Xit =90, (Sit) + it (1)

where r (i, t) indexes the environmental regime and 6,. captures regime-specific sensor—environment
interactions. A regime change corresponds to a shift in the data-generating distribution, motivating
representations that track relative change with respect to local baselines.

Each image is partitioned into non-overlapping patches, and each patch is summarized using a dis-
tribution over physically grounded spectral—spatial features. Raw spectral bands are augmented with
derived indices, and simple spatial descriptors are included to capture local structure. Each patch is
summarized by a Gaussian distribution

Pi,t,p = N(Mi,t,py Ei,t,p)a (2)

estimated from pixel-level features within the patch. This distributional representation captures
heterogeneity and uncertainty while remaining interpretable.

To remove global confounds and respect local context, patch distributions are normalized relative to
a location-specific baseline window. A whitening transform using baseline moments yields normal-

ized states (fi; ¢ p, 2i,¢,p) that emphasize relative change rather than absolute intensity.

Proposition 1 (Invariance to additive spectral bias). Baseline-whitened patch means are invariant
to additive spectral bias that is consistent across the baseline window.

To detect regime transitions, we measure distributional change between consecutive normalized
patch states using KL divergence. For Gaussian summaries, this admits a closed-form expression.
We define a temporal regime signal as
KL 5 5
Diip = Dxu(Pitp | Pit-1p), 3)

3,t,p
or its symmetric variant.

Proposition 2 (Regime change induces divergence increase). Under mild separation assumptions,
distributional divergence is larger in expectation during regime transitions than during within-
regime evolution.
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This behavior is empirically illustrated in Figure [

The final patch embedding combines normalized state, heterogeneity, and temporal divergence,

Zitp = fe (ﬁz‘,t,p, VEC(Ei,t,p), Di,t,p)v 4)

where fy is a low-capacity map such as a linear layer or small MLP. Image-level embeddings are
obtained by pooling across patches.

Proposition 3 (Stability within regimes). If normalized patch states evolve slowly and divergence
remains small, the resulting embeddings are temporally stable within a regime.

This stability property explains why the proposed representation remains coherent during stable
periods while responding sharply to regime transitions, as observed in the empirical diagnostics.

3 EMPIRICAL DIAGNOSIS

This section presents a compact empirical diagnosis illustrating how representation design affects
embedding behavior under non-stationarity. We use a controlled setting to isolate sensitivity to
radiometric bias and regime transitions.

We consider a fixed geographic location observed at two times corresponding to different regimes.
Figure [T| shows example imagery from Mumbai in 2016 and 2024, where visible changes are con-
sistent with urban expansion. The purpose of this example is not causal inference, but to define a
setting in which a useful representation should satisfy three requirements. We observe similar trends
in an additional region (Greater Noida), indicating the behavior is not location-specific. It should
be robust to nuisance acquisition effects, sensitive to physically meaningful change, and capable of
separating within-regime variation from regime transitions.

Mumbai (2016)

Figure 1: Mumbai imagery at two time points used to motivate a regime-shift comparison.

Our representation follows the construction in Section 2.

Implementation details. We use non-overlapping 32 x 32 patches with spectral features and de-
rived indices summarized via Gaussian statistics. Baselines are computed over a fixed temporal
window per location with covariance regularization, and temporal divergence is measured using
symmetric KL between consecutive normalized patches. To probe whether this structure improves
robustness, we introduce a controlled radiometric perturbation. Additive bias provides a simple
stress test that directly reveals whether an embedding responds to acquisition-level offsets or to
relative physical change.

Figure [2 shows embedding distance as a function of additive radiometric bias magnitude. Baseline
normalization substantially alters this behavior, reducing spurious sensitivity and shifting the em-
bedding geometry toward relative change. Additional diagnostics comparing raw and normalized
representations are provided in Appendix [B| and trends remain stable across reasonable baseline
window choices.
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Proposition 1: Sensitivity to Radiometric Bias
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Figure 2: Embedding sensitivity to additive radiometric bias.

Finally, we examine whether the representation distinguishes stable temporal evolution from regime
transitions. We find that distributional divergence remains low within regimes and increases sharply
during transitions, providing a simple and interpretable regime signal. Full results and visualizations
are reported in Appendix [B]

Ablation across geospatial foundation models. To contextualize the proposed regime-aware
representation, we repeat the same diagnostic tests on several widely used geospatial foundation
models, including Prithvi, SatMAE, and Clay. We evaluate sensitivity to additive radiometric bias
(Proposition 1), temporal divergence trajectories (Proposition 2), and separation between stable and
transition regimes (Proposition 3). While all models exhibit some response to temporal change, we
observe substantial differences in robustness to radiometric perturbations and in the clarity of regime
separation. Full quantitative results are reported in Appendix [C] Taken together, this diagnosis
shows that embedding quality under non-stationarity is not determined by scale alone. Representa-
tion choices that encode local baselines and distributional change materially affect what embeddings
respond to, motivating the regime-aware design analyzed in the remainder of the paper.

4 IMPLICATIONS AND LIMITATIONS

Our results suggest foundation models for scientific use should be evaluated not only by average
performance, but also by behavior under distributional shift and regime change. In Earth observa-
tion, scientific validity depends on alignment with the physical data-generating process, including
non-stationarity, local baselines, and regime-dependent dynamics.

These findings suggest GeoFMs should (i) incorporate location-specific normalization, (ii) sepa-
rate acquisition effects from physical change, and (iii) leverage distributional and divergence-based
representations.

Scale-first pretraining alone does not guarantee such alignment. When representations are optimized
primarily for global invariance, embeddings may remain stable even when physical meaning has
changed, or vary in response to acquisition artifacts rather than environmental processes. These fail-
ure modes are difficult to detect through standard benchmarks but become apparent under controlled
stress tests and regime-transition analysis. In contrast, representations that explicitly encode relative
change, distributional structure, and temporal divergence produce signals that are more interpretable
and more consistent with scientific reasoning. While such representations are lower-capacity than
large foundation models, they offer a complementary design point that prioritizes reliability under
non-stationarity over broad statistical coverage.

This study has several limitations. The proposed framework has been evaluated in a controlled set-
ting and on a limited set of scenarios, and broader validation across sensors, regions, and task types
is required. In addition, the representation construction introduces additional modeling choices,
including feature design, patch partitioning, and baseline selection, which increase system complex-
ity relative to end-to-end foundation models. Overall, our findings suggest RS Foundation Models
require different inductive biases and evaluation criteria than natural image models.
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A THEORY DETAILS AND PROOFS

This appendix provides full proofs for the propositions stated in the main text. Notation follows the
main paper. We write d for the feature dimension of a patch-level feature vector f; ; ,., € R%, and
define patch-level Gaussian summaries

Piip =Nt p Zitp)

with local baseline moments (fi; ,, ;) computed over a baseline index set 7;,. The baseline-
whitened moments are

ﬂi,t,p = ii_,;m(ﬂi,t,p - ﬂi,p)a Ev p 2_1/22i7t,pii_,;/2’ (5)
and the corresponding normalized distribution is
Pi,tm = N(/li:t,pa ii,t:ﬂ)‘
The temporal KL signal is
D, = Dxn(Piap | Pii—1,p),

2,t,p
and we may also use the symmetric divergence
DXL = Dyt (Piy | P; Dy (P; P,
oty = Dxu(Piep | Pit—1p) + Dxr(Pit—1p || Pitp)-

Finally, the patch embedding is
Zit,p = f9 (ui,t,p)a Ui, t,p - (,U/z t,ps Vec(zi,t,p)a Di,t,p)a (6)
where D; 4, denotes either D, or DYKL.

A.1 INVARIANCE TO ADDITIVE SPECTRAL BIAS

Proposition 4 (Invariance to additive spectral bias). Assume an additive bias b € R? affects all pixel
features within a fixed location/patch consistently across the baseline window and time t, meaning
that for every pixel index u and every time index s in the set T; , U {t},

!
fi,s,p,u = fi:‘svpvu + b.

Then the baseline-whitened mean [i; 1 ,, defined in equation is invariant to b, that is,
- _
Fitp = Hit,p-

Proof. Fix location ¢ and patch p. For each time s, the (unwhitened) patch mean is

1 hw f
Hi,s,p = § i,8,p,u"
hw —

Under the additive bias model f; = fi,s,p,u T+ b, the biased mean becomes

»S,P,U

hw
1
.uz P T thf'L spu o hw Z f1197p7t+b Zf1 ‘371'77“+ wzb:m,s,p+b,
u=1

since Y™, b = hw - b.
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Next, the baseline mean over the index set 7; ,, is
~ 1
Hip = 7|7_ | Z Hi s,p-
e 567-7:,;)
Therefore, under additive bias,

1 1

iy 12 _

Hip =17 X Hisp =77 D (Hisp+h) = E uu,+ > b=fiptb
T ATl S Tl g |7',p| g |7',,,| !

s€Tip s€Tip

Now consider the (unwhitened) patch covariance at time s:
hw

1
Lisp 1= hw — 1 Z(fi,s;lhu = Wi,s,p) (fiys,pu — Nz‘,s,p)T + Al
u=1

with ridge AI as in the main text. Under additive bias,
fz'/,s,p,u - :u{i,s,p = (fi,S,p,u +b) — (:ui,S,p +b) = Jispu — Misp-
Thus the centered outer products are identical, and the ridge term is unchanged, so
Yiep=Yisp forallse T, U{t}.

Consequently the baseline covariance
Sipi= |T | > Siep
Rl s€Ti,p
also satisfies ~ ~
Z;’p =%ip
Because f];)p = ii_,p, we may take the same inverse square root, so

S -1/2 _ s—1/2

P

Finally, the whitened mean at time ¢ under bias is

_ o—1/2 _ o—1/2 _ ~
Mz Jtp T (E/ ) 1/2 (/’L;,t,p_:u{i,p) = Zi,p/ ((Mi,t,p+b)_(ui,p+b)) = Ei,p/ (:U/i,t,p_ﬂi,p) = Hit,p-

This proves invariance of fi; ; ,, to the additive bias b. O

A.2 REGIME CHANGE AND DIVERGENCE SEPARATION

Proposition 5 (Regime change implies divergence increase). Assume there exist constants 0 < § <
A such that:

1. (Within-regime bound) For any consecutive times with no regime change at (i, p), meaning
r(i,t) =r(i,t — 1),
E[Di),] < 6.

i,t,p

2. (Transition separation) For any time t corresponding to a regime change at (i, p), meaning
r(i,t) #r(i,t —1),
E[D{5] > A

i,t,p

Then DKL is a consistent regime-transition indicator in the sense that any threshold T satisfying
d<T< K separates regime transitions from within-regime evolution in expectation.

Proof. Fix (i, p). Consider any threshold 7 such that § < 7 < A.

Within-regime case. If r(i,t) = r(i,t — 1), then by assumption,

E[DiL) <6<

Thus, in expectation, DZKtLp lies below the threshold 7 during within-regime evolution.
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Regime-transition case. If r(i,t) # r(i,t — 1), then by assumption,
E[DS] > A>T

KL

Thus, in expectation, Dl’t’p

lies above the threshold 7 at regime transitions.

Separation statement. Combining the two cases, we obtain:
r(i,t) =r(i,t = 1) = E[D,l <7 r(i,t)#r@i,t—1) = E[D;},] >,

which is precisely separation in expectation.

Remark on probabilistic separation. The proposition is stated in expectation because the paper
uses the divergence primarily as an interpretable regime signal. If desired, one can strengthen the
statement to high-probability separation by adding concentration assumptions on D;{gjp (for exam-
ple, sub-exponential tails) and applying Markov’s inequality or sharper concentration bounds. This
is not required for the role the signal plays in the main paper. O

A.3 EMBEDDING STABILITY WITHIN REGIMES

Assumption 1 (Lipschitz embedding map). Assume fy is L-Lipschitz with respect to its input under
anorm || - ||, meaning that for any u, v in the input space,

[1fo(u) = fo(v)|| < Ljju — vl

Proposition 6 (Embedding stability). Let u;, be defined in equation[6land z;;p, = fo(uip).
Suppose that within a regime the normalized distributional state changes slowly between t — 1 and
t in the sense that

ity — Pig—1pll < €ur [lvee(ip) — vee(Sii-1,)| < €3, ()
and the divergence term satisfies
|Ditp—Dii-1pl <ep and Djzp <9 3)

Then
lzit.p — 2it—1pll < L€y +es +e€p). ©)

In particular, if we use the shorthand € := €, + €x. and take ep <, then

l2i,t.p — 2it—1,pll < L(e+9).

Proof. By definition z; ¢, = fo(uip) and z; i1 = fo(uii—1,p). Applying Assumption [1] with
U= Ut p and v = u; ;1 5 yields

lzitp — 2it—1pll = [ fo(wiep) — fo(twit—1p)l| < Lt p — tis—1p]- (10)

It remains to bound ||, ¢, — ©;1—1,p|]. Recall that

Wit,p = (/‘i,t,paVec(zi,t,p%Di,t,p)'

Therefore, the difference decomposes componentwise:

Witp — Uit—1,p = (ﬂi,t,p — flit—1p, vec(Ziep) —vee(Zii-1,), Divp — Di,t—17p>'

To make the bound explicit, we use a standard product-space norm. One simple choice is the ¢;-type
norm on concatenated blocks:

(@, b, ) = llall + (|6l + |el,
where || - || on vectors/matrices is the same norm as in Assumption[I] Under this norm,
ti,ep = wie—1pll = 1 Ris0p — Frie—1,pll + [Vec(Sinp) — vee(Sie—1p) | + [Disp — Dit—1,]-

(1)
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Applying the assumed bounds equation [7}-equation [§] gives
lwitp — wist—1,pll < €4 + €5 +€p.
Substituting this into equation [T0]yields
1Zit.p = Zit—1pll < L(€u + €x + €p),

which is equation
For the simplified form, define € := ¢, + ex. If additionally ep < 6, then

l2i,t.p — 2it—1,pll < L(e+9).

B ADDITIONAL EMPIRICAL DIAGNOSTICS

Raw vs Whitened Bias Sensitivity

EEN Raw embedding
m Whitened embedding

102

Embedding distance A (log scale)

Figure 3: Comparison of raw and baseline-whitened embeddings under additive radiometric bias.

Figure [3|compares embedding sensitivity to additive radiometric bias for two representations: a raw
embedding constructed directly from spectral-spatial statistics, and a baseline-whitened embedding
constructed using the normalization described in Section 3.

To generate this figure, we introduce an additive radiometric offset of increasing magnitude to all
pixel-level features within a fixed patch and recompute the corresponding patch-level embeddings.
For each bias magnitude, we measure the distance between the biased embedding and the original
embedding at the same time point. This procedure isolates sensitivity to acquisition-level intensity
shifts while holding spatial structure and temporal context fixed.

The raw embedding exhibits a strong monotonic increase in distance as bias magnitude grows, indi-
cating that absolute intensity offsets substantially distort the representation. In contrast, the baseline-
whitened embedding shows markedly reduced sensitivity, reflecting the removal of location-specific
and regime-consistent offsets through local normalization. This demonstrates that whitening alters
the geometry of the embedding space so that similarity is dominated by relative change rather than
absolute spectral scale.

This diagnostic directly supports the claim that representation mismatch arises not only from model
capacity or scale, but from sensitivity to nuisance factors that are irrelevant to physical interpretation.
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Proposition 3: Embedding Stability Within Regime
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Figure 4: Symmetric KL divergence within stable windows and across regime transitions.

Figure[]illustrates the behavior of symmetric KL divergence between consecutive patch-level distri-
butions under two conditions: within a stable temporal window and across a known regime transition
window.

To construct this figure, we compute Gaussian summaries of normalized spectral-spatial features for
each patch at consecutive time steps. We then evaluate the symmetric KL divergence between suc-
cessive distributions, as defined in Equation (12) of the main text. Divergence values are aggregated
separately for time periods known to be regime-stable and for periods corresponding to documented
environmental change.

The figure shows that divergence remains consistently low during stable windows, indicating tempo-
ral coherence of the representation within a regime. In contrast, divergence increases substantially
during transition windows, signaling a meaningful distributional shift. This behavior is consistent
with the assumptions of Proposition 2 and empirically validates the use of distributional divergence
as a lightweight and interpretable regime indicator.

Importantly, this signal is not learned through supervised labels or large temporal models. Instead,
it emerges directly from the structure of the representation and the geometry of distribution space.
This supports the broader claim that regime awareness can be introduced through representation
design rather than architectural scale alone.

C ABLATION ACROSS FOUNDATION MODELS

Table 1: Bias Sensitivity (A) Across Models for Different Perturbation Levels (Proposition 1).

Model Year 0.01 0.03 0.05 0.10
TerraFM 2016 12.0 105.9 273.7 916.8
TerraFM 2024 19.1 97.5 249.4 863.8
Prithvi 2016 17436 51712 85274 166606
Prithvi 2024 16210 49801 82310 159402

SatMAE 2016 1.2x10° 34x10% 5.9x10% 1.1 x 107
SatMAE 2024 1.1x10° 3.1x10% 5.6x10% 1.0x 107

Clay 2016 4.32 12.97 21.62 43.23
Clay 2024 3.94 11.83 19.72 39.42

10
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Table 2: Temporal Symmetric KL (SKL) Divergence Trajectory Across Models (Proposition 2).
Model 2016—18 2018—20 2020—22 2022—24

TerraFM 17.70 13.84 7.45 10.26
Prithvi 4042.74 2601.33 1170.88 1078.70
SatMAE 4,120,844 2,872,106 2,027,561 2,086,588
Clay 381.70 2938.44 531.66 167.45

Table 3: Divergence during regime transitions vs stable periods (Proposition 3).

Model Transition SKL. ~ Stable SKLL (mean) Ratio
Prithvi 4043 1125 3.6x
SatMAE 4.12 x 108 2.06 x 106 2.0x
Clay 381.7 349.6 1.1x
TerraFM (ours) 17.70 8.60 2%

D CASE STUDY LOCATION: NAVI MUMBAI INTERNATIONAL AIRPORT

We use imagery from the Navi Mumbai region as an illustrative case study to ground the empiri-
cal discussion in a real and interpretable instance of environmental change. The selected location
corresponds to the site of the Navi Mumbai International Airport in Navi Mumbai, Maharashtra,
India.

The airport project represents a large-scale, long-horizon infrastructure development that unfolded
over several years. Prior to construction, the site consisted primarily of undeveloped land and low-
intensity land use. Construction activities began after land preparation and resettlement, with sub-
stantial earthworks, surface modification, and built infrastructure gradually appearing over time. By
the mid-2020s, the airport structure had been largely completed and transitioned toward operational
use.

This timeline provides a clear and externally verifiable regime change. Imagery from earlier years
captures the pre-construction state of the landscape, while more recent imagery reflects extensive
structural transformation associated with airport development. As such, the location offers a natural
setting in which a physically meaningful change is known to have occurred, independent of any
modeling assumptions.

From a representation perspective, this makes the site a useful proxy for evaluating behavior under
non-stationarity. Urban and infrastructural development at this scale is expected to alter both spectral
characteristics and spatial structure, leading to increases in built intensity and surface disturbance.
A well-behaved embedding should remain robust to nuisance acquisition effects while responding
coherently to such sustained physical change.

We emphasize that this case study is not intended to establish causal claims from imagery alone.
Instead, it serves as a concrete and interpretable example used to probe whether different repre-
sentation choices reflect meaningful environmental transitions rather than spurious correlations or
acquisition-level variation.

D.1 ADDITIONAL REGION: GREATER NOIDA

We replicate the empirical diagnostics in Greater Noida and observe consistent patterns of urban
expansion and infrastructure-driven regime change, indicating that the observed representation be-
havior is not location-specific.
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Greater Noida (2024)

Figure 5: Greater Noida (2016 vs 2024) showing substantial urban expansion and infrastructure
development.

These changes are consistent with the divergence behavior observed in the main text, supporting the
generality of the proposed regime-aware representation.
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