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Abstract

We introduce MOMO, the first multi-sensor foundation
model for Mars remote sensing. MOMO uses model merge
to integrate representations learned independently from
three key Martian sensors (HiRISE, CTX, and THEMIS),
spanning resolutions from 0.25 m/pixel to 100 m/pixel. Cen-
tral to our method is our novel Equal Validation Loss (EVL)
strategy, which aligns checkpoints across sensors based
on validation loss similarity before fusion via task arith-
metic. This ensures models are merged at compatible con-
vergence stages, leading to improved stability and general-
ization. We train MOMO on a large-scale, high-quality cor-
pus of ∼ 12 million samples curated from Mars orbital data
and evaluate it on 9 downstream tasks from Mars-Bench.
MOMO achieves better overall performance compared to
ImageNet pre-trained, earth observation foundation model,
sensor-specific pre-training, and fully-supervised baselines.
Particularly on segmentation tasks, MOMO shows consis-
tent and significant performance improvement. Our re-
sults demonstrate that model merging through an optimal
checkpoint selection strategy provides an effective approach
for building foundation models for multi-resolution data.
The model weights, pretraining code, pretraining data,
and evaluation code are available at: github.com/kerner-
lab/MOMO.

1. Introduction

Foundation models (FMs) have demonstrated strong capa-
bility in learning representations from large-scale data, en-
abling improved downstream task performance compared
to conventional supervised training from scratch [25, 36].
In recent years, more than 150 FMs have been proposed for
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Earth observation (EO) applications [25, 36]. These EO-
FMs are being actively used in applications such as food
security, disaster response, and climate change [9, 56].

Similar to Earth-orbiting satellites, Mars-orbiting satel-
lites systematically collect remote sensing observations of
the planet’s surface and atmosphere. In contrast to the ac-
tive research on EO-FMs in recent years, no FM has been
proposed for Mars remote sensing applications to date. An
FM for Mars remote sensing would enable planetary sci-
entists to train models for custom science tasks at a lower
cost compared to fully supervised methods. Researchers
are already using ImageNet pre-trained models for Mars re-
mote sensing applications [50, 66, 67], but in-domain pre-
training could improve performance and generalization, as
suggested by preliminary findings in [51].

Developing FMs for remote sensing data requires signif-
icant domain expertise and computational resources [55].
Satellite images are acquired from multiple sensors, each
operating at different wavelengths, spatial resolutions, and
spectral channels. The EO community has proposed cus-
tomized model architectures specifically designed for Earth
satellite data and applications [4, 22, 63]. While effective
for EO data, these approaches do not extend directly to Mars
remote sensing data due to differences in sensor properties
and availability.

We propose MOMO (Mars Orbital MOdel), the first
FM for Mars remote sensing applications. We introduce a
novel approach to handle data efficiently from multiple sen-
sors that measure different physical properties at different
spatial scales. We pre-train individual models on data from
each sensor and subsequently merge them using our novel
checkpoint selection strategy. We evaluate MOMO on all 9
orbital downstream tasks from Mars-Bench [52]. We com-
pare our proposed method to a range of strong baselines.
Overall, MOMO outperforms models pre-trained on Earth
Observation data, sensor-specific Mars data, and ImageNet,
demonstrating superior performance on segmentation tasks
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Figure 1. MOMO can be effectively ap-
plied across a wide range of resolutions
and a broad spectrum of Martian remote
sensing tasks. By leveraging diverse sen-
sors, our approach enables a single model
to generalize across different orbital ap-
plications, including large-scale crater or
landslide mapping and precise boulder lo-
calization.

and comparable performance on classification. In summary,
our main contributions are as follows:
• We introduce MOMO, the first foundation model for

Mars orbital applications. MOMO efficiently handles
multi-sensor and multi-resolution data.

• We propose a novel technique to build a multi-sensor
foundation model through model merging, using our op-
timal checkpoint selection strategy for stable fusion.

• We conduct extensive comparisons of MOMO against
multiple baselines, including ImageNet pre-training,
Earth-observation foundation models, sensor-specific
pre-training, and other checkpoint selection strategies.
Our results on Mars-Bench demonstrate that MOMO
achieves superior overall performance across tasks.

2. Related Work
Self-Supervised Learning for Mars Orbital Tasks.
There are a few preliminary studies that have explored self-
supervised learning for Mars remote sensing. Jiang et al.
pre-trained a model on just 13 HiRISE images for landform
detection [29], but their focus is only on the landmark de-
tection task. In contrast, Purohit et al. pre-trained a model
on 1 million CTX image patches and demonstrated that in-
domain pre-training can surpass ImageNet pre-training for
certain tasks [51]. However, this work only uses data from
a single instrument and evaluates on 2 downstream tasks.

Foundation Models for Earth Observation. Over the
past 4-5 years, researchers have introduced numerous FMs
for EO applications. Many of these include masked
autoencoder-based models such as SatMAE [11], Scale-
MAE [54], SatMAE++ [47], Presto [63]; contrastive
learning-based models like SeCo [39], SatCLIP [31], Geo-
CLIP [65], CROMA [15]; and other approaches includ-
ing msGFM [22], AnySat [4], Galileo [64], Satlas [5],

SkySense [21], SpectralGPT [24], and SpectralEarth [8].
Earth and Mars remote sensing data have some similarities,
such as multispectral/multi-sensor observations and over-
head imaging geometry, but they are very different. Mars
has different atmospheric conditions, illumination, surface
materials, and sensor characteristics. We would not expect
EO-FMs to generalize to Mars remote sensing tasks.

Model-editing. Model-editing methods aim to enhance
generalization, robustness, and out-of-distribution perfor-
mance without incurring extra inference costs. Model edit-
ing has been applied across various domains and tasks.
Techniques include merging weights of multiple fine-tuned
models via simple weight averaging or ensembling, layer-
wise matching, and soft alignment; to create a single model
that outperforms its individual components. There are
dozens of proposed research methods based on model av-
eraging [13, 20, 28, 30, 33, 34, 60, 69] and ensembling
techniques, combining the outputs of two or more models
[6, 14, 32, 42, 49, 68]. Researchers have studied more ef-
ficient methods for modifying a model’s behavior through
interventions after pre-training, referring to this process by
different names, such as patching [18, 27, 45, 59], editing
[43, 44, 57], aligning [3, 48], and layer-wise editing [58].

Prior work has focused on merging models trained on
similar or different distributions, but limited focus has been
given to checkpoint selection before merging. Existing
methods typically merge models at their final checkpoints
without considering differences in training trajectories.

In contrast, we introduce a novel checkpoint selection
strategy based on validation loss alignment, which ensures
models trained on different data distributions (in our case,
varying spatial resolutions) are merged at their most com-
patible stage. To the best of our knowledge, this is the first
task-arithmetic approach to introduce a systematic check-
point selection strategy.
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3. MOMO

3.1. Motivation
Before describing our methodology, we first provide a brief
overview of how foundation models are typically developed
in Earth Observation and how our approach differs. Most
EO-FMs take one of two approaches to combine data from
multiple sensors: 1) stacking spatially- and temporally-
aligned data from each sensor as different channels to a sin-
gle encoder or a separate tokenizer for each sensor (e.g.,
[11, 63, 64]), or 2) combining data from multiple sensors in
a single heterogeneous pre-training dataset (e.g., [5]).

The stacking approach requires a large number of coin-
cident (spatially and temporally overlapping) observations
from each sensor and sensors with somewhat similar spatial
resolutions (e.g., 10-30 m/pixel). Mars orbital sensors have
very different coverage (e.g., CTX covers nearly 100% of
the planet [12] but HiRISE only covers less than 3% [41])
and spatial resolutions (e.g., THEMIS is 100 m/pixel com-
pared to HiRISE at 0.25 m/pixel; see Figure 1). The data-
combination approach is feasible, but would require train-
ing a new model whenever a new sensor is added.

To address these challenges, we propose a methodol-
ogy that avoids directly combining heterogeneous data from
multiple sensors. Instead, we pre-train independent masked
autoencoder models for each sensor, allowing each model
to first learn the unique distribution and feature character-
istics of its respective sensor. We then merge these sensor-
specific models (Figure 1) using our proposed Equal Vali-
dation Loss (EVL) strategy, which aligns checkpoints based
on validation loss similarity to ensure compatibility before
fusion. This is the first work to employ a model-merging
strategy to construct a remote sensing foundation model.
Additionally, we introduce a customized cost function de-
signed to optimize the reconstruction process by capturing
both pixel-level and perceptual information. Full method-
ological details are provided in the following sections.

3.2. Cost Function
Loss functions play a key role in training deep learning
models. An unsuitable objective function can lead to con-
vergence toward suboptimal local minima or undesirable
optimization directions.

Following widely adopted practices for training Masked
AutoEncoders (MAEs) [23], we initially pre-trained our
model using mean squared error (MSE) as the reconstruc-
tion objective. However, after visualizing the reconstructed
outputs, we observed that while the model could accurately
recover the color distribution and surface textures of masked
regions, it often failed to reconstruct structural details of
key geomorphologic features (e.g., the accurate shape of a
crater) when such regions were masked (sample reconstruc-
tions in Appendix C.3).

This limitation arises because MSE is a pixel-level loss,
emphasizing low-level intensity matching rather than per-
ceptual or structural fidelity. Although MSE effectively
captures color and tone consistency, it lacks sensitivity to
higher-order spatial features such as shape, boundary conti-
nuity, and object geometry.

To address this, we introduce additional perceptual and
structure-aware components in our loss function to guide
the model toward learning edge-level and shape-consistent
representations. We add terms that minimize LPIPS [71]
and maximize structural similarity (SSIM) [46]. In addition,
to enforce spatial smoothness and structural consistency, we
penalize the difference between horizontal and vertical gra-
dients of predicted and ground-truth images [37, 58]. For
an image I and its reconstruction Î , the gradient loss is for-
mulated as an ℓ1 penalty:

Lgrad =
1

N

∑
i,j

( ∣∣∣∂xIi,j − ∂xÎi,j

∣∣∣+ ∣∣∣∂yIi,j − ∂y Îi,j

∣∣∣ )
(1)

The final combined pre-training objective function is:

Ltotal = λ1LMSE + λ2LSSIM + λ3LLPIPS + λ4Lgrad, (2)

where LSSIM is (1 − SSIM) and λi are weighting coeffi-
cients. By combining pixel-wise, perceptual, and gradient-
aware objectives, MOMO achieves reconstructions that pre-
serve both spatial and structural details, particularly impor-
tant for Martian features such as crater rims, cones, and
landslide boundaries.

3.3. Optimal Checkpoint Selection Strategy
We define our checkpoint selection strategy as follows: Let
there be n distinct sensors, each associated with a dataset Di

(i = 1, 2, . . . , n) representing distinct spatial resolutions,
modalities, or imaging characteristics. We train n indepen-
dent models {Mi}ni=1, where each Mi is optimized on Di

for k epochs denoted as E = {e1, e2, e3, ..., ek}. During
training, we record the validation loss L(e)

i for every epoch
e ∈ E. Here, each model is pre-trained by optimizing the
loss, which is defined in Equation 2.

Instead of merging all models at their final checkpoints,
we introduce the Equal Validation Loss (EVL) strategy,
which aligns checkpoints across sensors based on valida-
tion loss similarity prior to model fusion. This ensures that
models trained on heterogeneous data distributions are com-
bined at a mutually compatible convergence stage.

Loss alignment. Let L(e)
i denote the validation loss of

sensor i at epoch e, for i ∈ {1, . . . , n} and e ∈ E. We
define a candidate epoch tuple,

tc = (e1, e2, . . . , en),
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where ei denotes the selected epoch for model Mi. To cre-
ate a candidate tuple, we iterate over epoch indices and form
candidate epoch tuples by taking one epoch from each sen-
sor and checking whether the losses in that tuple are mu-
tually close. A tuple tc is considered loss-aligned if the
validation losses across all sensors are mutually close, i.e.,

∆ij =
∣∣L(ei

a
)

i − L(ejb)
j

∣∣
∀ i, j ∈ {1, . . . , n}; a, b ∈ {1, . . . , k}; i ̸= j; ∆ij ≤ ϵ

where eia represents the ath epoch on the model trained on
ith sensor. ϵ > 0 is a small tolerance hyperparameter. The
set of all loss-aligned tuples tc is denoted as EEVL.

Distance-guided checkpoint selection. For each loss-
aligned tuple tc ∈ EEVL, we measure how far the selected
epochs deviate from their respective early-stopping epochs
(ses). We define the normalized average epoch distance as

D̄(tc) =
1

n

n∑
i=1

| ei − sies |

The optimal tuple is then chosen as

tc
⋆ = min

tc∈EEVL

D̄(tc)

This criterion favors checkpoint tuples that are jointly loss-
aligned and closest on average to the individual early-
stopping epochs.

The purpose of this selection step is to identify the most
representative checkpoint combination for model fusion.
Each sensor’s early-stopping epoch sesi corresponds to its
best generalization point, as determined by validation per-
formance. Selecting epochs too far from these points in-
creases the risk that one or more sensors contribute check-
points that are either overfitted (if much later than sesi ) or
underfitted (if much earlier). By minimizing the average
epoch deviation D̄(tc), we ensure that the selected tuple
tc

⋆ remains close to the generalization-optimal region for
all sensors, thereby reducing the likelihood of combining
mismatched or unstable model states. This provides a bal-
anced and reliable basis for subsequent model merging.

Model fusion using the optimal tuple. Once the opti-
mal loss-aligned tuple tc

⋆ = (e1⋆, e
2
⋆, . . . , e

n
⋆ ) is identified,

we retrieve the corresponding checkpoints {θ(e
i
⋆)

i }ni=1 from
each sensor-specific model {Mi}ni=1. These checkpoints
represent mutually compatible convergence stages across
sensors.

We then merge the selected models using a task arith-
metic algorithm, which operates directly on the model pa-
rameters to form a unified representation. The resulting
merged model is denoted as

MOMO = T
(
θ
(e1⋆)
1 , θ

(e2⋆)
2 , . . . , θ

(en⋆ )
n

)
,

where T indicates task arithmetic operation. Specifically,
we employ the addition operation defined in [26] to merge
models.

This approach ensures that the fusion process integrates
models trained to comparable validation performance lev-
els and located near their respective generalization optima,
thereby enhancing stability and reducing the risk of over-
fitted or underfitted contributions from individual sensors.
We illustrate the intuition behind why EVL is more stable
and generalizable compared to other checkpoint selection
strategies in Section 6.1.

4. Pre-training Data
As discussed in Section 1, MOMO is an orbital foundation
model trained on a large-scale, diverse dataset derived from
multiple Martian sensors. Specifically, we utilize data from
three key sources:
• the High Resolution Imaging Science Experiment

(HiRISE) [40] available at 0.25 m/pixels,
• the ConTeXt Camera (CTX) [7, 38] available at 5 m/pix-

els, and
• the THermal EMission Imaging System (THEMIS) [10]

available at 100 m/pixel.
We select these sensors because all the orbital down-

stream tasks [52] used and evaluated in this study belong
to these three sensors. Details of the sensor types, charac-
teristics, and the pre-training data preparation from all three
sensors are provided in Appendix A.1.

As THEMIS is a low-resolution sensor, even with full
surface coverage, we obtained a total of ∼ 4M (millions)
images from it. However, HiRISE and CTX contain ∼
16M and ∼ 10M images, respectively. To ensure balanced
representation, we sample 4M images from each sensor.

To include samples from a wide range of surface types
and ensure that HiRISE and CTX retain their original distri-
bution after downsampling to 4M, we proportionally sample
data based on the geologic map units from the USGS Sci-
entific Investigations Map 3292 — The Geologic Map of
Mars (GMoM) [61]. The GMoM divides Mars into 44 sur-
face geologic units that represent a wide range of ages, mor-
phologies, and compositions. We perform stratified sam-
pling within each GMoM unit proportional to the unit’s area
coverage for each of the three instrument datasets. This ap-
proach ensures that the final dataset not only balances sam-
ple counts across sensors but also preserves the geographic
and geologic representativeness inherent to the original or-
bital coverage.

To ensure the quality and reliability of the pre-training
corpus, we apply a filtering pipeline to remove low-quality
samples containing satellite artifacts, noise, or blur. For
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HiRISE CTX THEMIS

Figure 2. Illustrative samples of poor- and high-quality image samples from the HiRISE, CTX, and THEMIS sensors. The top row shows
rejected low-quality samples exhibiting artifacts, blur, or noise, while the bottom row shows high-quality samples retained for pre-training.

each image from the three sensors, we compute two quanti-
tative quality metrics:
• Structural Similarity Index (SSIM) [46]: We apply Gaus-

sian smoothing to each image to reduce high-frequency
noise while preserving structural content, and then com-
pute the SSIM between the smoothed and original image.

• Noise Estimate [35]: The noise level is estimated by
applying a Laplacian-like high-pass filter to emphasize
intensity variations, followed by computing a statistical
measure (σ) of the mean absolute filtered image.

Both metrics range from 0 to 1, where lower values indicate
poor image quality. We discard samples with values below
0.4 (decided based on human verification) in both metrics
for all sensors. This automated filtering step substantially
reduces artifacts and ensures that only visually consistent,
high-quality images contribute to pre-training. A few exam-
ples of good and poor-quality images are shown in Figure
2.

Finally, we split the data from all three sensors into train-
ing and validation sets using the HEALPix strategy [19],
which partitions a sphere into equal-area cells. These cells
are then randomly divided into training and validation sub-
sets. The same set of cells is used across all three sensors
to prevent data leakage during model merging. The result-
ing global distribution and data splits for all three sensors
are provided in Appendix A.1. We will publicly release this
dataset as open-source to support future research in Mars
science and foundation models.

5. Experimental Framework
5.1. Baselines
We evaluate MOMO against a variety of baseline mod-
els to assess the effectiveness of our proposed approach.
As discussed in Section 1, ImageNet pre-trained models

remain the default initialization strategy for many plane-
tary and geospatial applications; therefore, we include an
ImageNet pre-trained model as one of our baselines. We
also consider a zero-shot setting with randomly initialized
weights to quantify the contribution of pre-training, referred
as scratch.

Since no prior foundation models have been developed
specifically for Mars, we further compare MOMO with sev-
eral leading EO-FMs, including SatMAE, CROMA, Prithvi,
and TerraFM. In addition, motivated by the strong represen-
tation quality demonstrated by DINOv3 in large-scale visual
pre-training studies, we include its satellite pre-trained vari-
ant (trained on the SAT-493M dataset).

We also evaluate sensor-specific pre-training baselines,
where models are trained exclusively on data from a single
sensor and then fine-tuned on corresponding downstream
tasks. This allows us to analyze the relative benefits of
same-sensor versus cross-sensor pre-training compared to
MOMO. Furthermore, we consider a joint data pre-training
configuration, referred to as the Data Merge (DM) setting,
in which data from all three sensors are directly combined
to pre-train a single unified model.

Lastly, since we propose an optimal checkpoint selec-
tion strategy, we compare it against other checkpoint se-
lection approaches. Specifically, we evaluate two alterna-
tives: Early Stopping (ES) and Last Epoch (LE) merging. In
the ES setting, models are merged using the early-stopping
checkpoint from each sensor, while in the LE setting, mod-
els are merged using their final training checkpoint from
each sensor.

5.2. Pre-training
We pre-train a separate model on data from each sensor
for five epochs. As described in Section 4, each model is
trained on ∼ 4M samples. During training, we perform val-
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AtmosDust DoMars16k Frost Landmark Boulder ConeQuest Crater Binary Crater Multi MMLS Avg.
Rank ↓

Scratch 0.94 ± 0.003 0.73 ± 0.008 0.95 ± 0.007 0.79 ± 0.010 0.07 ± 0.012 0.52 ± 0.035 0.37 ± 0.047 0.05 ± 0.017 0.50 ± 0.017 4.11
ImageNet 0.92 ± 0.010 0.91 ± 0.003 0.97 ± 0.009 0.92 ± 0.003 0.16 ± 0.034 0.70 ± 0.022 0.55 ± 0.012 0.11 ± 0.007 0.57 ± 0.014 2.33

DINOv3 0.97 ± 0.000 0.90 ± 0.000 0.99 ± 0.013 0.91 ± 0.000 0.12 ± 0.106 0.51 ± 0.000 0.32 ± 0.000 0.01 ± 0.000 0.29 ± 0.000 3.67
CROMA 0.83 ± 0.021 0.41 ± 0.010 0.76 ± 0.000 0.47 ± 0.000 0.17 ± 0.018 0.44 ± 0.000 0.27 ± 0.000 0.01 ± 0.001 0.14 ± 0.014 5.89
Prithvi 0.81 ± 0.000 0.64 ± 0.008 0.81 ± 0.000 0.63 ± 0.000 0.04 ± 0.051 0.49 ± 0.000 0.18 ± 0.000 0.01 ± 0.000 0.23 ± 0.025 6.11
SatMAE 0.96 ± 0.000 0.93 ± 0.000 0.97 ± 0.000 0.92 ± 0.000 0.05 ± 0.000 0.68 ± 0.000 0.46 ± 0.000 0.04 ± 0.003 0.32 ± 0.000 3.00
TerraFM 0.97 ± 0.000 0.89 ± 0.000 0.99 ± 0.000 0.86 ± 0.002 0.21 ± 0.052 0.38 ± 0.021 0.44 ± 0.000 0.04 ± 0.003 0.14 ± 0.103 3.67

MOMO 0.96 ± 0.005 0.92 ± 0.000 0.98 ± 0.003 0.91 ± 0.003 0.20 ± 0.005 0.71 ± 0.008 0.54 ± 0.005 0.12 ± 0.014 0.57 ± 0.009 1.67

Table 1. Performance comparison of different baselines with MOMO. Reported metrics include F1-Score for classification tasks and mIoU
for segmentation tasks. Bold and Underlined numbers indicate the best and second best performance.

MOMO Boulder ConeQuest Crater Binary

ES 0.12 ± 0.078 0.68 ± 0.0134 0.50 ± 0.014
LE 0.18 ± 0.031 0.70 ± 0.005 0.50 ± 0.015

EVL (Ours) 0.20 ± 0.005 0.71 ± 0.008 0.54 ± 0.005

Table 2. Performance comparison across different checkpoint se-
lection strategies with the proposed EVL technique.

idation after every ∼ 100k samples, recording the loss and
saving a model checkpoint at each validation step. These
intermediate checkpoints are later used for loss alignment
and model merging procedures. Details about other hyper-
parameters are provided in Appendix B.

5.3. Downstream Tasks

We evaluate MOMO and baselines on all orbital tasks from
Mars-Bench [52]. For datasets where performance has al-
ready saturated, we present results in the Appendix A.2
(two classification tasks). In the main paper, we report re-
sults for four classification tasks: AtmosDust, DoMars16k,
Frost, and Landmark; and five segmentation tasks: Boul-
der, ConeQuest, Crater Binary, Crater Multi, and MMLS.
A concise summary and representative visual samples for
all tasks are provided in the Appendix A.2. For each
dataset–model combination, we perform hyperparameter
tuning and report the best-performing configuration.

6. Results and Analysis

In this section, we present the results from all experi-
ments, and compare MOMO against all baseline methods
described in Section 5.1. The quantitative results are shown
in Table 1. For classification tasks, we report the weighted
F1-score. And for segmentation tasks, we report mean In-
tersection over Union (mIoU). Since mIoU alone does not
fully capture a model’s ability to accurately localize distinct
features, we include the Object F1-Score as a complemen-
tary metric to provide a more comprehensive evaluation of
segmentation performance.

Training from scratch and model pre-trained on nat-
ural images. Table 1 demonstrates that directly training
a model on downstream tasks performs worse than a pre-
trained version of models. Comparing overall results with
the ImageNet pre-trained version of the model, MOMO
marginally outperforms ImageNet pre-training in the case
of classification and segmentation tasks. For classification
tasks, MOMO outperforms the ImageNet baseline, achiev-
ing an average improvement of ∼ 1.25% F1-score across
all four tasks, achieving significant improvement (∼ 4%)
for AtmosDust. ImageNet only outperforms in Landmark;
however, the margin of improvement compared to MOMO
is only 1%. For segmentation, we also observe a similar
trend where MOMO outperforms the ImageNet baseline,
achieving an average improvement of ∼ 1% mIoU across
all five tasks, achieving significant improvement (∼ 4%)
for Boulder. These results indicate that while ImageNet pre-
training provides comparable representations for classifica-
tion, it fails to capture the spatial and textural characteristics
required for precise feature localization.

Models Pre-trained on Earth Satellite data. Consistent
with the earlier observations, all EO-FMs perform on a sim-
ilar level as MOMO in the case of classification tasks, but
when comparing results in segmentation, overall MOMO
outperforms compared to EO-FMs. DINOv3 shows com-
petitive results for classification tasks.

Simple vs. Complex Tasks. Mars-Bench contains tasks
of varying levels of complexity, which is also reflected in
the results presented in Table 1. For instance, in the classi-
fication category, binary classification datasets such as At-
mosDust and Frost exhibit relatively higher performance,
with F1-scores ranging from 0.96 to 0.98. In contrast, multi-
class classification datasets such as DoMars16k and land-
mark yield slightly lower values, typically between 0.90 and
0.92. A similar trend is observed in segmentation tasks,
where the Boulder and MMLS datasets differ significantly
in performance. The Boulder dataset achieves considerably
lower scores (mIoU ∼ 0.04–0.21), whereas MMLS obtains
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AtmosDust DoMars16k Frost Landmark Boulder ConeQuest Crater Binary Crater Multi MMLS

HiRISE 0.93 ± 0.018 0.88 ± 0.002 0.97 ± 0.009 0.90 ± 0.005 0.12 ± 0.024 0.66 ± 0.014 0.49 ± 0.017 0.06 ± 0.014 0.52 ± 0.040
CTX 0.94 ± 0.012 0.90 ± 0.004 0.95 ± 0.013 0.91 ± 0.004 0.17 ± 0.016 0.70 ± 0.015 0.48 ± 0.008 0.07 ± 0.007 0.54 ± 0.008
THEMIS 0.94 ± 0.005 0.88 ± 0.003 0.94 ± 0.012 0.90 ± 0.004 0.17 ± 0.021 0.69 ± 0.024 0.50 ± 0.019 0.07 ± 0.021 0.51 ± 0.068

DM 0.94 ± 0.026 0.90 ± 0.003 0.44 ± 0.139 0.89 ± 0.004 0.14 ± 0.060 0.67 ± 0.012 0.52 ± 0.005 0.08 ± 0.019 0.48 ± 0.064

MOMO 0.96 ± 0.005 0.92 ± 0.002 0.98 ± 0.012 0.91 ± 0.003 0.20 ± 0.005 0.71 ± 0.008 0.54 ± 0.005 0.12 ± 0.012 0.57 ± 0.009

Table 3. Performance comparison across sensor-specific pre-training, joint data pre-training (DM - Data Merge), and MOMO. Here,
highlighted indicates the sensor associated with that downstream task. Bold number indicates the best performance.

much higher values in some models (mIoU ∼ 0.14–0.57).
This large performance gap primarily arises from the dif-
ferences in object scale and count. In Boulder segmenta-
tion, each image typically contains 25 or more small ob-
jects, making feature localization and boundary detection
substantially more difficult. In contrast, MMLS contains
only one or two large landslides per image, with some occu-
pying more than 50% of the total area, allowing the model
to learn their spatial features more easily and achieve higher
mIoU. A similar pattern is also seen in the Crater Multi
and Crater Multi datasets. While the model performs well
in identifying crater regions (Crater Binary), it struggles to
classify them into their corresponding morphological types
(Crater Multi), resulting in a noticeable performance drop
between the two tasks.

Comparison with Sensor-specific Pre-training. We an-
alyze the effect of fine-tuning performance under two set-
tings: pre-training on the same sensor and pre-training on a
different sensor (cross-sensor). The results are presented
in Table 3. It can be clearly observed that same-sensor
pre-training consistently improves performance across all
downstream tasks compared to cross-sensor pre-training.
However, cross-sensor pre-training does not lead to a sig-
nificant drop in performance, indicating reasonable gener-
alization across sensors. When compared with MOMO,
it achieves an improvement of 1.75% in classification and
4.2% in segmentation. Although the gain in classification
is relatively small, MOMO offers a key advantage over
sensor-specific training. Specifically, sensor-specific ap-
proaches require maintaining separate models for each sen-
sor, whereas MOMO provides a unified model that can han-
dle all sensors simultaneously.

Comparison with Joint Data Pre-training. We compare
MOMO with Data Merge (DM) approach. Table 3 shows
that MOMO outperforms baselines by 15.25% in classifi-
cation and 5.4% in segmentation, demonstrating its consis-
tently strong performance across tasks. Also, the DM ap-
proach suffers from significant limitations in scalability and
modularity. Specifically, if additional data or tasks from
a new sensor become available in the future, DM would

require complete re-training using data aggregated from
all sensors. In contrast, MOMO supports easy integration
by pre-training a model only on the new sensor and then
merging it with existing sensor-specific models using the
same EVL-based merging framework. This design makes
MOMO more flexible, computationally efficient, and gen-
eralizable across new sensors and modalities.

Comparison of Checkpoint Selection Strategies. To
demonstrate the effectiveness of our proposed EVL-based
checkpoint selection strategy, we evaluate downstream per-
formance using different checkpoint selection methods.
Since classification tasks generally show minimal variation
across models, this analysis is conducted only on segmen-
tation tasks, selecting one downstream task from each sen-
sor. As shown in Table 2, the EVL-based MOMO consis-
tently achieves the best overall performance with average
∼ 2.5% mIoU improvement across three tasks. The only
exception is observed in the ConeQuest dataset, where the
difference remains negligible (1%) compared to the Early
Stopping (ES) and Last Epoch (LE) strategies. Moreover,
the definition of the “last epoch” itself is ambiguous, as it
may occur at any iteration depending on the training setup
(e.g., epoch 5 or 500), making it an unreliable criterion for
checkpoint selection. These results highlight that EVL pro-
vides a more stable approach for merging models trained
across different sensors.

6.1. Intuition Behind EVL

To further show the efficiency of the optimal checkpoint
strategy, we conduct experiments where we examine the
loss landscape resulting from various model-merging strate-
gies. To visualize this landscape, we adopt the projection
method used by Garipov et al. [17], Wortsman et al. [69],
which maps models onto a two-dimensional plane. This
method employs Gram-Schmidt orthogonalization to iden-
tify two orthogonal directions in the weight space, defining
the x- and y-axes of the landscape illustrated in Figure 3.
The basis vectors for the orthogonalization are derived from
the ImageNet, HiRISE, and CTX pre-trained models. The
parameters α and β denote unit displacements along the x
and y axes, respectively.
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Figure 3. Loss landscape visualization across different checkpoint selection strategies on DoMars16k and Landmark datasets. The red
markers represent MOMO obtained using Early Stopping (ES), Last Epoch (LE), and Equal Validation Loss (EVL), respectively.

As it can be observed from Table 1, binary classifica-
tion tasks do not show significant performance differences
(only 1-2% different), we select DoMars16k and Landmark
datasets for this analysis. The losses are computed on the
DoMars16k and Landmark datasets using class-balanced
versions of their respective test sets.

In Figure 3, each plot presents the interpolated loss
surface among the HiRISE, CTX, and THEMIS models.
Across all merging strategies, the task-vector-based merged
model consistently achieves an equal or lower loss com-
pared to its constituent models. This demonstrates that
task-vector merging can produce models that outperform
the originals from which they were derived.

Prior work [2, 16, 53] suggests that optimal merging oc-
curs when constituent models lie within the same loss basin,
as this promotes stability and enhanced performance. Fig-
ure 3 shows that relative to both LE and ES, the EVL strat-
egy selects model checkpoints that are more closely aligned
in weight space. Consequently, EVL is expected to yield
the most stable and best-performing merged model.

7. Conclusions

In this work, we introduced MOMO, the first foundation
model designed for Mars orbital applications. MOMO ef-
fectively integrates multi-sensor and multi-resolution data
through a model-merging framework that leverages our
proposed optimal checkpoint selection strategy. This ap-
proach ensures stable and compatible model fusion, allow-

ing the model to generalize efficiently across diverse data
sources. Trained on a large-scale corpus of ∼ 12 million
curated samples from HiRISE, CTX, and THEMIS sensors,
MOMO demonstrates strong performance across all Mars-
Bench orbital downstream tasks. Findings from experimen-
tal results indicate that MOMO outperforms compared to
ImageNet pre-training, EO-FMs, sensor-specific training,
data merge approach, and different checkpoint selection
strategies. Particularly, MOMO demonstrates consistently
superior performance in segmentation tasks, which require
precise identification of fine-grained details within images.
Moreover, our approach offers a scalable training frame-
work that enables efficient integration of new sensors with-
out requiring complete re-training. In summary, MOMO
represents the first foundation model in planetary science,
and we believe this effort will inspire the development of
future foundation models for planetary science research.

Limitations Our approach builds on a model-merging
framework; however, due to computational constraints, we
did not include additional model-merging-based baselines
for comparison. We also do not explore alignment-based
techniques in this work, which can be used in conjunction
with our method and may further improve performance, as
suggested in literature [1, 62, 70]. Finally, our method re-
lies on the assumption of linear mode connectivity between
models. While this assumption holds in many practical set-
tings, it may not strictly apply when models are trained on
highly divergent data distributions or when models are func-
tionally equivalent but differ due to network symmetries.
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