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Abstract

Many of the recent foundation models have been successful because of having
standardized evaluation benchmarks, which help in evaluating these models fairly
and in a standardized manner. There are no evaluation benchmarks for Mars science
applications, and hence, this obstructs the progress of building a foundation model
for Mars science tasks. To address this gap, we introduce Mars-Bench, the first
benchmark designed to systematically evaluate models across a broad range of
Mars-related tasks using both orbital and surface imagery. Mars-Bench comprises
20 datasets spanning classification, segmentation, and object detection, provided
in a standardized and ready-to-use format. We provide baseline evaluations using
models pre-trained on natural images and Earth satellite data. Results from analyses
suggest that Mars-specific foundation models may offer advantages over baselines,
motivating further exploration of domain-adapted pre-training. Mars-Bench aims
to establish a standardized foundation for developing and comparing machine
learning models for Mars science. Our data, models, and code are available at:
https://mars-bench.github.io/.

1 Introduction

Foundation models have recently transformed the fields of medical [27, 31]], Earth Observation (EO)
[L7, 138 2], 1aw [15,16], and astronomy [20, 29} 42]], by providing strong evaluation benchmarks. In
EO, high-quality benchmarks like Geo-Bench [18]] and PANGAEA [26] have accelerated progress
by providing standardized tasks and evaluation pipelines. However, no such evaluation benchmark
exists for Mars science, and that hinders the building of a robust foundation model.

While several studies have proposed task-specific models such as crater detection [25 |50]], landmark
classification [46, 45, and cone segmentation [33|48]; these solutions and datasets lack standardiza-
tion and interoperability. Also, since many existing datasets do not provide training, validation, and
testing splits, it is often impossible to fairly compare task-specific methods.

This gap is surprising given the wealth of Mars data returned from Mars missions in the past several
decades. Mars orbiters (e.g., the Mars Reconnaissance Orbiter (MRO)) and rovers (e.g., Curiosity)
have collected millions of images, offering great potential to study critical questions of Mars science,
such as the past presence of water and the planet’s habitability with ML. However, the lack of
standardized benchmarks and ML-ready datasets has limited their use in foundation model research.

"fCorresponding Author: mpurohi3 @asu.edu
“Equal Contribution

Machine Learning and the Physical Sciences Workshop, NeurIPS 2025.


https://mars-bench.github.io/

mb-domars16k mb-surface_cls

* Aeolian Curved | =

mb-dust_devil_det

@ Dust Devil

mb-conequest_det

* Rover Tracks « Float Rocks

« Soil « Clasts

« Spherules * Soil

* Nearby Surface « Distant Vista
* Sky

(a) Classification (b) Object Detection

mb-crater_multi_seg mb-boulder_seg mb-s5Smars

@ Bedrock
® sand/Soil
® Track

(c) Segmentation

Figure 1: Representative samples from selected Mars-Bench datasets, from all three task categories.

We introduce Mars-Bench, the first comprehensive benchmark designed to systematically evaluate
machine learning models across a diverse set of Mars-related tasks using both orbital and surface
images. Mars-Bench standardizes 20 datasets across classification, segmentation, and object detection;
and covers a wide range of geologic features. Samples from few Mars-Bench datasets are shown in
Figure[l] We evaluate Mars-Bench using models pre-trained on natural images (ImageNet or COCO),
and pre-trained EO foundation models. To support reproducibility and the community, we release all
code, tools, documentation; and baseline models, which can serve as a strong starting point for future
Mars ML applications.

2 Mars-Bench

Design Principles Mars-Bench is built for easy, fair, and extensible evaluation. We standardize file
structure and annotations across tasks, provide ready-to-use dataloaders, and consistent training,
validation, and testing splits to make fair comparisons for future model development. To study
data-limited regimes, we release fixed few-shot variants and partitioned training sets. We partition
datasets based on attributes such as sensor, data modality, task category, or mission origin. This design
choice allows users to analyze model performance across domain shifts, e.g., evaluating cross-sensor
or cross-mission generalization by isolating specific factors. With this, we performed expert-led
corrections (e.g., correcting label noise, merging ambiguous classes, improving consistency across
tasks, and removing redundant augmentations) in datasets wherever necessary. Additionally, we
provide annotations in all common formats for each task to ensure compatibility and save users time
converting between formats. All Mars-Bench datasets have permissive licenses; we release them
under CC BY 4.0 to ensure open access and reuse.

Tasks and Datasets Mars-Bench spans 20 datasets across classification, segmentation, and object
detection, covering both orbital (CTX, HiRISE, THEMIS) and surface (Mastcam, MAHLI, Pancam,
Navcam) images. Subtasks include binary, multi-class, and multi-label classification; binary and
multi-class segmentation; and detection of small, sparse objects (cones, boulders, dust devils). The
benchmark covers a wide range of scientifically relevant geologic features that are of high interest to
the planetary science community and have been extensively studied in prior literature. The benchmark
includes geologic features such as craters, cones, boulders, landslides, dust devils, frost, atmospheric
dust, and terrain-related classes (e.g., sand/rock/bedrock, tracks, rover parts). The datasets vary



Classification

Observation Geologic Tmage Sensor/ Published

Name Source Feature Size #Classes  Train Val Test  # Bands Instrument Year Cite
mb-atmospheric_dust_cls_edr MRO (0) Atmospheric dust 100 x 100 2 9817 4969 5214 1 HiRISE 2019 Z
mb-atmospheric_dust_cls_rdr MRO (0) Atmospheric dust 100 x 100 2 9817 4969 5214 1 HiRISE 2019 7

mb-change_cls_ctx MRO (0) Surface change 150 x 150 2 36 10 10 1 CTX 2019 16’

mb-change_cls_hirise MRO (0) Surface change 100 x 100 2 3103 670 670 1 HiRISE 2019 16

mb-domars 16k MRO (0) Landmark 200 x 200 15 11305 3231 1614 1 CTX 2020 46

mb-frost_cls MRO (0) Frost 299 x 299 2 30124 11415 12249 1 HiRISE 2024 I8

mb-landmark_cls MRO (0) Landmark 227 x 227 8 6997 2025 1793 1 HiRISE 2021 (44!
mb-surface_cls Curiosity (R) Surface 256 x 256 36 6580 1293 1594 3 Mastcam, MAHLI ~ 2018,2021 (441145

mb-surface_multi_label_cls ~ Opportunity, Spirit (R) Surface 1024 x 1024 25 1762 443 739 1 Pancam 2020 14

Segmentation
Name Observation Geologic Imfige #Classes  Train Val Test  #Bands Sensor/ Published Cite
Source Feature Size Instrument Year

mb-boulder_seg MRO (0) Boulder 500 x 500 2 39 6 4 1 HiRISE 2023 132

mb-conequest_seg MRO (0) Cone 512x 512 2 2236 319 643 1 CTX 2024 133
mb-crater_binary_seg  Mars Odyssey (O) Crater 512 x 512 2 3600 900 900 1 THEMIS 2012 140

mb-crater_multi_seg Mars Odyssey (O) Crater 512 x 512 5 3600 900 900 1 THEMIS 2021 119

mb-mars_seg_mer Opportunity, Spirit (R) Terrain 1024 x 1024 7 744 106 214 1 Navcam, Pancam 2022 121

mb-mars_seg_msl Curiosity (R) Terrain 500 x 560 7 2893 413 828 3 Mastcam 2022 121
mb-mmls MRO (0) Landslide 128 x 128 2 275 31 256 7 CTX 2024 130

mb-sSmars Curiosity (R) Terrain 1200 x 1200 10 4997 200 800 3 Mastcam 2022 149

Object Detection
Name Observation Geologic lmflge #Classes  Train Val Test  #Bands Sensor/ Published Cite
Source Feature Size Instrument Year

mb-boulder_det MRO (0) Boulder 500 x 500 1 39 6 4 1 HiRISE 2023 132

mb-conequest_det MRO (0) Cone 512 x 512 1 1158 167 333 1 CTX 2024 133

mb-dust_devil_det MRO (0) Dust devil ~ 750 x 750 1 1404 201 402 1 CTX 2024 12

Table 1: Overview of Mars-Bench datasets across all three task categories. To distinguish the
benchmarked versions from their original sources, all dataset names are prefixed with "mb-", which
indicates Mars-Bench. Observation sources are labeled as O (Orbiter) and R (Rover).

widely in terms of size, data balancing, modality (RGB, grayscale, multi-modal), and visual difficulty
(e.g., low-contrast dust devils; regionally diverse cone morphologies). This diversity highlights the
breadth of Mars-Bench in terms of task design, sensor modalities, and the variety of geologic features.

Using the Dataset We release Mars-Bench via Hugging Face Dataset and Zenod following
a standardized schema, metadata, documentation, and loading script to facilitate integration into
ML pipelines. Mars-Bench targets researchers developing models for Mars-related tasks, planetary
science, and broader computer vision problems, supporting studies on distribution shift, generalization,
and domain adaptation with coverage of underrepresented geospatial scenarios. Along with datasets,
we will also release an open-source toolkit and baseline models. The baseline models released for
each dataset aim to lower the barrier for applied research, enabling scientists to generate global maps
of features like cones or craters.

3 Experiments

For model selection, we used well-established and widely adopted model architectures for each task.
Particularly, we have used ResNet101 [[13], SqueezeNet1.1 [[14]], InceptionV3 [43], Swin Transformer
(SwinV2-B) [24]], and Vision Transformer (ViT-L/16) [9] for classification; U-Net [41], DeepLabV3+
[3]], SegFormer [47]], and Dense Prediction Transformer (DPT) [36] for segmentation; YOLO11 [37]],
SSD [23], RetinaNet [22], and Faster R-CNN [39] for object detection tasks. We have evaluated
all models by taking their pre-trained version as a feature extractor. Since no open-source Mars
pre-trained foundation model is available, we used models pre-trained on large-scale datasets like
ImageNet or COCO (for detection) as a starting point for feature extraction.

To conduct experiments, we adopted a methodology identical to [[18]. We performed hyperparameter
tuning through a grid search for each model-dataset combination, selecting the best-performing
settings based on early stopping criteria applied to the validation set. Subsequently, we re-trained
each model-dataset combination with the best hyperparameters on 7 different seeds, since prior work
indicates that results based on only 2-4 seeds may not be sufficiently robust [[1]. We report both
task-specific and aggregated results with reliable confidence intervals, as recommended in [} [18]].
Details of experiments, hyperparameters, and reporting results are provided in Appendix [A]

Thuggingface.co/collections/Mirali33/mars-bench
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4 Results and Analysis

In this section, we report results for classification tasks. Due to space constraints, results of segmenta-
tion and object detection tasks for analysis|4.1|are reported in Appendix

4.1 Which model architecture performs best on Mars science tasks, when pre-trained on
natural images?
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Figure 2: Classification Benchmark under Feature Extraction setting: Normalized F1-score of all
baselines across six datasets (higher the better). Aggregated plot shows the average over all datasets.

Figure 2] shows results on six classification datasets, along with aggregated results. The datasets are
selected in a way that ensures a diverse set of geologic features. From Figure[2] it can be observed that
SqueezeNetl.1 consistently underperforms due to its small parameter count (1.2M), while ViT-L/16
and SwinV2-B Transformer show competitive performance and strong generalization across datasets.
Some models also exhibit narrower confidence intervals, suggesting higher stability for specific tasks
(e.g., mb-domars16k and mb-surface_multi_label_cls).

4.2 What is the effect of training set size on the performance of each model?
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Figure 3: Classification vs Train size: Normalized F1-score of baselines with a growing size (from
1% to 100%) of the training set. Shaded regions indicate confidence intervals over multiple runs.

To assess how training set size impacts model performance, we conducted experiments by varying
the amount of labeled training data. Specifically, we trained each model using 1%, 2%, 5%, 10%,
20%, 25%, 50%, and 100% of the available training data, while keeping the validation and test sets
fixed. For each configuration, we performed multiple runs and report the average normalized test
metric, as shown in FigureE}

From the aggregated results for classification tasks, we observe that increasing the training set
size generally improves performance. However, the rate of improvement and error margins vary
significantly based on the specific model and dataset, which highlights the differing levels of difficulty
among the Mars-Bench datasets. Moreover, transformer-based models (SwinV2-B and ViT-L/16)
consistently outperform smaller convolutional models like SqueezeNetl.1.

4.3 How do models that are trained for EQO tasks perform on Mars-Bench?

Although there are no published foundation models available for Mars orbital or surface imagery,
there are many foundation models for Earth orbital imagery. To assess cross-domain generalization,
we evaluated foundation models pre-trained on Earth satellite data. Specifically, we evaluate SatMAE
[38]], CROMA [[L1]], and Prithvi [15], on selected classification tasks. These models were originally



trained on Earth satellite data that varies in geography, scale, and semantics; and we compared them
with a pre-trained model on ImageNet (ViT-L/16) as a general-domain baseline (Figure [4).
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the performance of the

model [10} 28}, 134,[35]]. Despite being pre-trained on Earth satellite data, models struggle to transfer
to Mars because its imagery lacks vegetation, water, and human structures, and has distinct geology,
colors, and atmosphere. These domain gaps suggest that Mars-specific foundation models can
improve performance consistency and generalization.

5 Conclusion

We introduced the first benchmark for evaluating models on a wide range of Mars science tasks
using both orbital and surface imagery. Mars-Bench standardizes diverse datasets into a unified,
machine-learning-ready format and provides code for fine-tuning and evaluating across classification,
segmentation, and object detection tasks. Datasets in Mars-Bench also include a wide variety of
geologic features that have been extensively studied in the literature and remain of high interest to the
scientific community. A key limitation of Mars-Bench is the lack of georeferencing in most datasets,
since the original sources do not provide spatial metadata (e.g., latitude-longitude) to map samples
onto the Martian surface. Consequently, spatial distribution or regional coverage cannot be assessed,
with ConeQuest being the only exception, as it includes precise geolocation. At last, we believe that
Mars-Bench will drive the development of Mars-specific foundation models, improve generalization
across planetary tasks, and open new research directions in planetary science and beyond.

Acknowledgment: Part of this research was carried out at the Jet Propulsion Laboratory, California
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A Experiment Details

A.1 Pipeline and Hyperparameters

We provide a user-friendly and scal-
able training and inference pipeline

for classification, segmentation, and config value
object detection tasks. The pipeline seed 0,1, 10,42, 123, 1000, 1234
supports running experiments via learning rate schedule =~ w/o, cosine, plateau, step
command-line arguments, allowing base learning rate le-3, le-4, le-5
easy configuration of core parame- weight decay 0.05
ters such as dataset, model architec- batch size 16, 32, 64
ture, and hyperparameters. optimizer Adam, AdamW, SGD
It includes modular support for max training epochs 20, 100, 200
patience 5,10

logging with options for Weights
& Biases (Wandb), TensorBoard,
and CSV; model checkpointing;
early stopping; and other PyTorch
Lightning-compatible callbacks. For reproducibility, we fix the random seed across all relevant
libraries and save Hydra configuration files and logs locally.

Table 2: Training hyperparameters

As described in Section [3} for each
model-dataset combination, we first per- Classification
form hyperparameter tuning. The full
search space is listed in Table 2] We
also experiment with different loss func-

config value

cross entropy, binary cross entropy

tions, summarized in Table[3] For binary criterion (only for binary classification)
classification, we try both a one-node

output with binary cross-entropy and Segmentation

a two-node output with standard cross- config value

entropy. For segmentation, we evaluate - - -
three loss types: generalized Dice loss, criterion generalized_dice (square, simple,
cross-entropy, and a weighted combi- linear), cross entropy, combined
nation of both. We also explore three smoothing value  le-5 (only for generalized_dice)
different weighting schemes. For ob-

ject detection, we use the default loss Table 3: Configuration for loss function

returned by each model implementation.

A.2 Reporting Results

As mentioned in Section E] and inspired by the methodologies in [[1] and [18]], we follow a consistent
procedure to report results across thousands of experiments. First, we perform hyperparameter tuning
for each model—dataset combination, selecting the best configuration based on validation loss using
early stopping. Once the optimal hyperparameters are determined, we re-train and evaluate each
model—dataset combination 7 times with different random seeds (listed in Table[2), as recommended
in prior work [1}18]]. For each combination, we compute the InterQuartile Mean (IQM) by discarding
the top and bottom 25% of scores and averaging the remaining values. This approach helps reduce
both bias and variance in the reported performance. Before aggregating results across tasks, we
normalize the scores within each task to account for differences in scale.

To quantify uncertainty, we perform 1,000 rounds of stratified bootstrapping. In each round, we
sample (with replacement) one trial from each dataset, recompute the IQM across all datasets, and
build a distribution of IQM values. From this distribution, we calculate 95% confidence intervals. In
our final results, we present per-task baselines and overall model performance (aggregated across all
tasks) via violin plots.

The results shown in Figures [2]and [3]show a normalized metric, without any aggregation. While the
main paper reports normalized and aggregated results for the feature extraction setting, we include
the corresponding raw results in the appendix: F1-score for classification, IoU for segmentation, and
mAP for object detection.
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B Extended Results
B.1 Classification Results
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Figure 5: Classification Benchmark under Feature Extraction setting: Raw F1-score of various
baselines (higher is better). Violin plots represent the distribution of seeds.

Figure [3] presents the classification results (Fl-score) for all datasets under feature extrac-
tion. We exclude results for mb-change_cls_ctx as it shows negligible variation across
different models. Binary classification datasets, such as mb-atmospheric_dust_cls_edr,
mb-atmospheric_dust_cls_rdr, mb-frost_cls, and mb-change_cls_hirise achieve con-
sistently higher performance compared to multi-class datasets. In line with this trend,
mb-surface_multi_label_cls shows the lowest performance, reflecting the added complexity of
multi-label prediction.

B.2 Segmentation Results
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Figure 6: Segmentation Benchmark under Feature Extraction setting: Raw IoU of various
baselines (higher is better). Violin plots represent the distribution of seeds.

Figure [6] presents the segmentation results (IoU) for all datasets under feature extraction. U-Net
achieves the highest overall performance despite having a relatively wide confidence interval in one
or two datasets. It outperforms both transformer-based models (SegFormer and DPT) on nearly all
datasets. The DPT model, in particular, shows highly unstable results with large confidence intervals,
making it less reliable. These results suggest that, despite its simplicity, U-Net remains a strong
baseline for segmentation tasks in Mars science applications.
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B.3 Object Detection Results
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Figure 7: Object Detection Benchmark under Feature Extraction setting: Raw mAP of various
baselines (higher is better). Violin plots represent the distribution of seeds.

Figure [7] presents the object detection results (mAP) for all datasets under feature extraction. In
all 3 datasets, the YOLO model consistently outperforms other models. With this, performance is
particularly weak on mb-boulder_det and mb-dust_devil_det. These challenges are primarily due to
several factors:

» The overall dataset size is significantly smaller compared to classification and segmentation
datasets.

* The number of objects per image is low, with many images containing only one or even zero
target objects.

» The grayscale nature of the imagery limits visual cues, and low object—background contrast
(e.g., in dust devil detection) further complicates learning.
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