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Abstract. Geospatial Foundation Models (GeoFMs) are large-scale mod-
els with millions of parameters, pre-trained on vast amounts of data to
support diverse downstream tasks. However, they are typically compu-
tationally demanding, which restricts deployment in resource-limited en-
vironments. Furthermore, they are predominantly trained using optical
data despite the inherent limitations of this modality due to natural
phenomena such as cloud cover and atmospheric conditions. Our work
aims to leverage multiple modalities by specifically transferring knowl-
edge from a multimodal teacher using optical and radar data, to train
a radar-only student model. To ensure computational efficiency, we ap-
ply offline feature-based knowledge distillation to a frozen TerraMind-B
teacher to compress its multimodal knowledge into a lightweight uni-
modal TerraMind-S student model. Despite using a smaller student archi-
tecture, our distillation approach outperforms TerraMind’s state-of-the-
art (SOTA) performance on radar data. In particular, we obtain an im-
provement in mean intersection over union (mloU) of 11.11% and 2.29%
on the Crop Type Mapping South Sudan and SenlFloodsll datasets,
respectively. Lastly, we find that the later layers are more important
in enhancing the performance of the student model and that distilla-
tion performance is thematically dependent. Code is accessible from:
https://github.com/amisaid /GeoF M-GenDistill.
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1 Introduction

Remote sensing, commonly referred to as Earth Observation (EO), entails cap-
turing information about features or phenomena on the surface of the Earth at
a distance without being in physical contact with them [I3]. The process em-
ploys two sensing mechanisms: active and passive sensing. Active remote sensing
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emits its own electromagnetic signals and records the reflected signal, it includes
synthetic aperture radar (SAR) [35] and light detection and ranging (LiDAR).
Conversely, passive remote sensing relies on solar illumination and the sensors
only record the reflected energy by the targets. A common example is optical
remote sensing, which includes multispectral and hyperspectral imagery.

In the context of computer vision, radar and optical data are referred to
as modalities. Optical remote sensing is generally considered “information rich”
as it provides multispectral information with channels ranging from visible to
infrared bands. However, as a passive remote sensing technology which is de-
pendent on solar energy, it has its limitations. In particular, it is constrained
by atmospheric conditions and cloud cover, which are the primary hindrance to
consistent availability of reliable optical imagery [§].

In contrast, radar remote sensing is weather-independent [I5] because it uses
the longer microwave wavelength. Hence, it is unaffected by weather and lighting
conditions. While this ensures data continuity, radar is highly susceptible to
geometric distortions, such as foreshortening and layover. The distortions are due
to the side-looking orientation of the sensors. Furthermore, radar imagery often
suffers from speckle noise, which affects detection, segmentation and extraction
of features [2335].

Despite the all-weather and cloud-penetrating capabilities of radar, the focus
of EO has primarily been on optical imagery. The modality imbalance is evident
from some Geo-Benchmark studies, such as the PANGAEA [2I] which analyses
11 satellite datasets: seven are purely optical, four are multimodal and none are
exclusively radar data. However, a more recent evaluation benchmark, GEO-
Bench-2 [30] shows progress by including two exclusively radar datasets and five
multimodal datasets that integrate both optical and radar. This advancement
fosters the development of more robust models [25] by effectively leveraging the
complementary strengths of both modalities.

Regardless of the imbalance in modalities, optical and radar imageries are
complementary [24/18] and multimodality improves the performance of deep
learning models [18)24)25I15]. Furthermore, combining these modalities can ac-
count for the limitations of each individual modality. For example, optical im-
agery can aid in geometric correction [23] and speckle noise filtering of the radar
data. However, deep learning models require consistency between the train and
test datasets [§]. In practice, having multimodal dataset during inference is not
always possible due to the inconsistent availability of optical imageries. In partic-
ular, when natural disasters such as floods occur, they are typically accompanied
by heavy rainfall and thick cloud cover, introducing atmospheric and weather
interferences to the optical data. Consequently, these interferences obscures the
optical imagery and renders multimodal feature extraction highly challenging.

Knowledge distillation (KD) is a model compression technique that facili-
tates training a large teacher model and transferring it learned representation to
a smaller, computationally efficient student model [14]. A powerful extension of
this framework is generalised distillation [8], whereby a student model learns from
a teacher model trained with privileged information [I9/33]. Privileged informa-
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tion refers to data available exclusively during training and absent at inference.
Generalised distillation has been applied in EO by training an information richer
teacher model, such as a multimodal model trained on both optical and SAR
imageries [8]. The knowledge is then transferred to a student model targeting a
different modality such as SAR [SUI0]. A closely related variant is cross-modal
distillation, where the teacher and student operate entirely on different modali-
ties. Collectively, these KD strategies can address the modality gap by distilling
insights across heterogenous modalities [T9/8]. This ensures that critical mon-
itoring of features or events can continue seamlessly via radar-only inference,
where leveraging this privileged information during training actively enhances
the performance even when optical data is entirely obscured or unavailable at
deployment

This study is tailored to overcome the challenges of missing modalities and
computational constraints. To achieve this, we apply offline generalised distilla-
tion to leverage optical properties during training while “breaking free” from this
dependence during inference by using only radar imagery. Moreover, this frame-
work aims to enhance computational efficiency by transferring the knowledge
within TerraMind geospatial foundation model (GeoFM) base variant (TerraMind-
B) to a compact small model (TerraMind-S). Our contributions include:

— To the best of our knowledge, this is the first implementation of generalised
distillation on a GeoFM, utilising a multispectral privileged knowledge to
train a SAR-only student model.

— First study on distilling a base GeoFM teacher model into a small GeoFM
student model.

— Comparison of generalised distillation performance on both uni-temporal
and multi-temporal datasets.

2 Related Works

2.1 Multimodal Geospatial Foundation Models

Foundation models have recently emerged as a dominant paradigm in computer
vision, a trend that is also influencing the field of EO. Most GeoFMs such as
Clay-v1 [5], Prithvi-EO [I6J31], among others, are mainly unimodal. Neverthe-
less, this is currently changing, as Hong et al. [I5] highlight a significant tran-
sition towards multimodal GeoFMs. They note that in 2024, there were nearly
twice as many multimodal models developed compared to unimodal (45 versus
23). This is also witnessed by the introduction of multimodal models such as
TerraMind [I8], OlmoEarth [12] and Galileo [32] in the year 2025. These models
use two satellite modalities by incorporating both radar (Sentinel-1) and optical
(Sentinel-2) imageries. Notably, TerraMind model incorporates additional het-
erogeneous datasets such as land cover maps, vegetation index, elevation models,
texts and spatial coordinates [I8]. Likewise, the OlmoEarth model extends its
cross-modal capabilities to three distinct satellite sensors by also including Land-
sat imagery in addition to Sentinel-1 and Sentinel-2.
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Marsocci et al. [21I] find that using multimodal data on GeoFMs like S12-
MAE, CROMA and DOFA underperforms and optical-only data achieves better
performance. In particular, the study presents a mean intersection over union
(mIoU) performance drop of at least 4% on the Crop Type Mapping South Su-
dan (CTM-SS) dataset relative to optical-only data. In contrast, Jakubik et al.
[18] state that multimodality on TerraMind-B outperforms unimodal data, re-
porting a mIoU improvement of almost 5% on the same CTM-SS dataset over
the optical-only data. Similarly, Simumba et al. [30] also report that TerraMind
outperforms other models such as DOFA and Clay when using multimodal data.
Given that TerraMind is one of few GeoFMs consistently shown to benefit from
multimodality, our study focuses on TerraMind to leverage this advantage effec-
tively.

2.2 Knowledge Distillation

Model compression is a useful technique that has been applied in deep learning to
reduce model sizes and in some cases has shown to improve performance [29127].
Few studies have focused on compressing GeoFMs [2712]. Barreiro et al. [I]
report pruning of Prithvi-EO-2 by up to 79% while retaining 94% mloU perfor-
mance on segmentation task. In another study, Said et al. [27] finds that pruning
can improve segmentation performance by up to 2.38% while compressing the
model by 1.4 on Clay-v1l model.

Dino et al. [8] present a radar-only student model developed from a teacher
model trained on both optical and radar imageries on land-use land cover (LULC)
dataset. The student is trained on SAR-only data and performance is compared
to classic machine learning (ML) models such as multilayer perceptron, ran-
dom forest and convolutional neural network (CNN). The study reports that
the student model outperforms the other models with a mean accuracy of 65%,
a difference ranging between almost 1-4% compared to the classic ML models.
Similarly, Wang et al. [34] present a study on transferring knowledge from a com-
plex vision foundation model DINOv2 to a compact student model for landslides
segmentation . The study reports performance improvement of 1.75% mlIoU over
the state-of-the-art (SOTA). The study notes that performance is also depen-
dent on consistency between the teacher and student architectures, i.e., CNNs
vs transformer-based architectures.

Due to the aforementioned reasons, this study focuses exclusively on Terra-
Mind models. We aim to transfer privileged optical information from the teacher
model, TerraMind-B, to a smaller student model, TerraMind-S. This approach
leverages the rich optical data and the multimodal TerraMind GeoFM to improve
both accuracy and computational efficiency.
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3 Datasets and Implementation

3.1 Datasets

The experiment is carried out on three multimodal segmentation datasets of
optical and radar modalities, as shown in Table [I] The datasets are part of the
PANGAEA [2I] Geo-Benchmark.

Table 1. Key features of the multimodal datasets used.

Dataset Classes Patches Patch Size Bands Feature Year Released
CTM-SS [2636] 4 837 642 12 multi-temporal 2019
PASTIS-R [9I28] 18 2433 1282 10 multi-temporal 2021
SenlFloods1l [3] 2 431 5122 15 uni-temporal 2020

CTM-SS [26] is an agricultural multimodal dataset containing Sentinel-1,
Sentinel-2 and high resolution imagery of Planet. For this study, we only use
Sentinel-1 and Sentinel-2 imageries. Sentinel-1 is composed of two bands of polar-
izations vertical transmit-vertical receive (VV) and vertical transmit-horizontal
receive (VH) [10]. While Sentinel-2 contains 10 bands, leaving out the coastal
aerosol, water vapour and cirrus bands. CTM-SS is a satellite image time se-
ries (SITS) dataset in which each patch comprises six temporal acquisitions. We
use the temporal mean across these acquisitions to mitigate the effects of atmo-
spheric noise, cloud cover and cloud shadow, without increasing computational
overhead, as explained in Section [}

SenlFloodsll [3] is a floods dataset, it features Sentinel-1 and Sentinel-2
imageries. The dataset contains two different labels: hand-labelled and weakly-
supervised labels. Sentinel-1 contains three bands VV, VH and VV /VH. Sentinel-
2 dataset contains full 13 bands of Sentinel-2. For our study, we leave out the
band VV/VH and use full spectral bands of Sentinel-2 for high performance
[21]. We use the hand-labelled and leave out the weakly-supervised labels. The
hand label is split into 252 (60%), 89 (20%) and 90 (20%) images for training,
validation and testing splits, respectively.

PASTIS-R [9128] is an agricultural multimodal dataset integrating Sentinel-1
and Sentinel-2 imageries. The dataset contains 2433 patches split into 5 folds,
first three folds used for training and the other two each for validation and
testing. PASTIS-R is also a SITS dataset with a range of 38-61 temporal series.
For this study, a mean of the minimum temporal period of 38 series is computed
and used for the same reasons as CTM-SS dataset.

3.2 Models and Experimentation

The implementation is carried out using TerraTorch library [11], on NVIDIA
GeForce RTX 5090 GPU with 32GB of memory. For this study, the generative,
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multimodal TerraMind model is used as the teacher with its based-sized vision
transformer (TerraMind-B), while the small variant (TerraMind-S) is used as a
student model, as shown in Table 2| As Jakubik et al. [I§] report that multi-
modality in TerraMind-B outperforms uni-modality on the three datasets, this
study aims to evaluate its performance under generalised distillation. Moreover,
to enhance computational efficiency for deployment on resource-limited devices
such as edge-devices and satellites, the multimodal representations from the base
model are transferred to a lighter student model. This ensures that we bridge
the modality gap by transferring privileged optical information to a unimodal
model. It also bridges the capacity gap by compressing the base model into a
smaller student model.

Table 2. Key features of the GeoFMs used in our experiments, parameters are
expressed in millions (M).

Model Params. (M) Property Year
TerraMind-S [22/18] 23 generative, multimodal 2025
TerraMind-B [I§] 89 generative, multimodal 2025

Experimentation started by first fully fine-tuning (FT) each of the three mul-
timodal datasets. The best performing FT model is used as the teacher for
knowledge distillation. For consistency with the work of PANGAEA [2I] and
TerraMind [18], UperNet decoder is used for all models. A batch size of 8 is used
on SenlFloodsll and 16 for the SITS datasets, i.e., CTM-SS and PASTIS-R.
For all models, AdamW optimiser is used with a learning rate of 1 x 10* and a
random seed of 42. As the experimentation focuses on segmentation tasks, mean
intersection over union (mloU, Eq. ) is used to evaluate performance and the
model is saved based on the best validation mIoU [30].

N TP;

1
ToU = — 1
mloU N;TPﬁFPﬁFNi (1)

While the teacher model (TerraMind-B) was fully optimised by training both
its encoder and decoder, we follow the approach of Marsocci et al. [2I] and
Jakubik et al. [I8] for the student model. For fair comparison, the TerraMind-S
student encoder is also frozen and only its UperNet decoder is trained during
distillation. We train the teacher model for 80 epochs, while for the student we
apply an early stopping with a patience of 30 epochs on the validation loss.

Fig. [1] illustrates the feature-based knowledge distillation architecture used
for this study. Since the teacher is already fully fine-tuned (FT), we freeze its
weights during distillation and train only the student model. This ensures that
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Fig. 1. Feature-based knowledge distillation implementation architecture, with
a frozen teacher model and a trained frozen-encoder student model. Blue repre-
sents the teacher encoder, L is layer starting from zero and L=[2, 5, 8, 11] layers
used to transfer the representations from the teacher to student (green).

the teacher’s knowledge is transferred to the student without additional compu-
tational cost, as the teacher’s weights remain unchanged throughout training. It
reduces model complexity and improves efficiency [20] without introducing ad-
ditional parameters. Freezing the teacher also ensures that knowledge transfer
remains strictly unidirectional, from teacher to student [4] and prevents student’s
representations from distorting the teacher’s learned representations [7].
Distillation is tested by transferring representations from three different layer
setups: last layer only (1-layer) which is the foundational approach introduced
by Hinton et al. [I4]. The last layer contains the rich “dark knowledge” of the
teacher model and distilling only the last layer is reported to perform better than
distilling a single middle later [23]. Second setup is spreading the distillation lay-
ers to ensure student model learns from different ranges of representations [13].
The last setup is distilling the last 6 layers as they are richer in representations

.

Ltotal = Lscgm, + (A)LMSE (2)

Eq. presents the total distillation loss function (Ltota1) [7], which is a sum
of two losses. Liaqk is the loss function from the ground truth, also known as
hard labels. While Lyisg is the mean squared error, difference of the teacher and
student features. Lambda () is the weighting coefficient, balancing the trade off
between the hard labels and the teacher feature representations (soft labels).

4 Results and Discussion

While prior research [22] suggests up to 10% performance decline on TerraMind-
S, our study finds the opposite. Table [3] shows radar-only fully FT TerraMind-
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S model slightly outperforms our TerraMind-B models on CTM-SS (42.13%)
dataset. Our performance on full FT multimodal models conforms with the find-
ings of Jakubik et al. [I8], as multimodal outperforms unimodal models of optical
and radar. This suggests that the model can leverage on the strengths of both
modalities to improve the performance.

Table 3. Performance comparison on frozen encoder (FE), full FT and distilled
model, performance presented as mIoU (%) and trainable parameters in millions
(M). Sen-1 is Sentinel-1 radar data, while Sen-2 is Sentinel-2 optical and MM is
multimodality of radar and optical. Dashes (-) indicate unreported information.
Bold presents best performance and underlined is second best performance.

Data Model Technique CTM-SS SenlFloods11
Perf.t Param. Perf.1 Param.
Full FT 25.73 30.1 80.88 30.1
Terra-S FE 19.31 8.6 81.03 8.6
Sen-1 Distilled 35.56 11.3 82.68 11.3
Terra-B Full FT 23.60 97.4 81.31 97.4
FE [18] 24.45 - 80.39 -
Full FT 39.45 121.0 89.59 95.4
Sen-2 Terra-B FE [I§] 50.90 - 89.57 -
Full FT 51.38 99.4 90.53 103.0
MM Terra-B FE [1§] 55.80 - 90.62 -

The distilled radar-only models outperform both the frozen encoder and fully
FT models on same modality, as presented in Table [3]and Table[d] This aligns to
the work of Dino et al. [§], of which the distilled model outperforms the classic
machine learning models as mentioned in Section[2.2] The distilled Sen1Floods11
radar model has a performance improvement of 1.65% and 1.80% from its cor-
responding frozen encoder and full FT models, respectively. It also outperforms
OlmoEarth-B model [12], which reports mIoU of 79.20%.

As the distilled CTM-SS dataset has a higher performance range (7.12%) as
compared to the other two datasets, we report the mean value from three runs
[6] with a standard deviation 4.90%. The higher performance range could be due
to the high class imbalance, as out of the four classes of CTM-SS dataset, two
thirds at 67% is sorghum class, while the three other classes have distribution
of 10% maize, 9% rice and 7% groundnut [26]. Increasing batch size ensures
the minority classes are represented [2I], nonetheless, it did not improve the
performance fluctuations. However, the distilled CTM-SS model has a higher
performance improvement of 9.83% and 16.25% from its respective full FT and
frozen encoder models.
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All the three distilled radar models outperform the accuracy reported by
Jakubik et al. [I7] on TerraMind-B. There is a performance improvement of
11.11% on CTM-SS and 2.29% on SenlFloodsll. However, for PASTIS-R, we
use the minimum available time series of 38, unlike the work of Jakubik et
al. [I8] which uses 6 time series. Our performance with 6 time series was low,
as presented in Table [} Moreover, the distilled CTM-SS radar-only model also
outperforms CROMA and S12-MAE models from PANGAEA [21] by using linear
temporal mapping strategy by 0.17% and 7.05%, respectively.

Table 4. PASTIS-R performance comparison on frozen-encoder (FE), full FT
and distilled models, performance presented as mIoU (%) and trainable param-
eters in millions (M), temporal represents pooling strategy and series count of
temporal series used. Sen-1 is Sentinel-1 radar data and MM is multimodality
of radar and optical. Dashes (—) indicate unreported information. Bold presents
best performance and underlined is second best performance.

Modality =~ Model Techn. Perf.t  Params. Temporal  Series
FE 13.25 8.1 mean 6
Terra-S FE 24.89 8.1 mean 38
Distilled 27.40 9.9 mean 38
Sen-1
FE [18] 20.04 - - 6
Terra-B FE 24.61 9.6 mean 30
FE 26.84 9.6 mean 38
FE [18] 40.51 - - 6
Full FT 46.31 97 mean 30
MM Terra B pnpr 4673 188 concat 30
Full FT 46.91 97 mean 38

Despite the performance variability of CTM-SS and PASTIS-R, the higher
performance improvement on the agricultural datasets and lower improvement
on SenlFloodsll datasets is also consistent with the findings of Dino et al. [§].
The high performance improvement on the distilled agricultural datasets could
be due to the model leveraging the optical information from the teacher model.
Optical data is information richer and commonly used in the study of agriculture
and vegetation [8], mainly due to its red and near-infrared bands.

4.1 Ablation Study

As CTM-SS and PASTIS-R are a multi-temporal datasets, while TerraMind is
a uni-temporal model, we applied temporal wrapping from TerraTorch [II] to
account for the extra temporal factor. We compare two temporal wrapping tech-
niques provided in TerraTorch: concatenation and mean pooling. Concatenation
technique outperforms mean pooling, however it is computationally costly as
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number of parameters are much higher. For example, Table [ shows mIoU on
TerraMind-S model on 38 timestamps, concatenation has mIoU of 36.47% with
66.3M trainable parameters. In contrast, the mean model of 38 time series has
mloU of 24.89% and 8.1M trainable parameters, same number of parameters
as using 6 timestamps but with better performance. Despite the 11.58% perfor-
mance improvement, this results in more than eight fold trainable parameters
for the 38 temporal series. While varying temporality is reported to present
high performance fluctuation [30], we aim to leverage on it without additional
computation cost and thus use mean temporal pooling.

Table 5. PASTIS-R comparison of performance versus number of parameters
(M), on using different temporal wrapping strategies. Series presents timestamps
used in temporal wrapping with a frozen-encoder on Sentinel-1 dataset.

Model  Perf.t Params. Temporal Series

13.25 8.1 mean 6
Terra-S  24.89 8.1 mean 38
36.47 66.3 concat. 38
24.61 9.6 mean 30
Terra-B - as'69 100 concat. 30

Fig. [2] shows how the model performs on distilling different layers and on
different A values on the datasets. We compared distilling the last layer only (1
layer, 12th layer), 4 layers (3rd, 6th, 9th and 12th) and the last 6 (7th - 12th)
layers. For CTM-SS dataset, distilling the last layer only is best performing
as shown in Fig. with an average of 33.74% across the 4 different A\ values,
followed by six layers at 31.33% and 4 layers at 29.86%. This may imply that the
later layers are more meaningful for the student model, while the intermediate
layer may be adding noise to the model. Best performing A is 0.5 with an average
of 32.00% and followed with 0.7 at 31.96% and least performing is A 1.5 at
30.66%.

PASTIS-R distillation performance is presented in Fig. It has A 0.5 as
best performing with an average of 27.02%, followed by 0.3 at 26.51% and least
performing 1.5 at 26.40%. The best performing distillation layer is the last 6
with an average of 26.70%, followed closely by 1 layer at 26.62% and lastly the
4 layers at 26.50. The distillation performance is consistent across the different
layers and A, as the difference with the best performing of each is less than one
percent.

For SenlFloodsl1 dataset, distilling 6 last layers is best performing as pre-
sented in Fig. with a mean of 81.87%, compared to one layer (81.82%) and
4 layers (81.69%). A value of 0.5 closely outperforms the other values compared
by at least 0.38% to 0.86%, a margin of less than 1%. The distillation ablation
study on SenlFlood11 dataset is more robust and consistent as values ranged
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Fig. 2. Comparison of mIoU (%) performance on different A and number of
layers combinations. 1 layer is the last 12th layer, 4 layers are 3rd, 6th, 9th and
12th layers, while 6 layers are the last 6 layers (7th—12th).

from 81.02% to 82.68% and all outperforms almost all the models presented in
Table

Based on the average values from both datasets, it is clear that the later
layers are more meaningful for the student model than intermediate and skipping
some layers. Additionally, moderate weighting of A=0.5 shows consistency on the
three datasets. The better performance on high A=1.5 is on the one layer for the
agricultural datasets and last 6 for Senl1Floodsl1 dataset, which conforms with
Hinton [14], as the high weights are more meaningful for the later layers.

5 Conclusions

In summary, our study finds that the TerraMind-S model is efficient on radar
data, as it outperforms our CTM-SS full FT base model. Despite the high
performance variation on CTM-SS dataset, the performance of all the three
distilled models consistently outperform corresponding frozen-encoder models.
SenlFloodsl1 dataset has an improvement of mIoU 1.65%, 2.51% for PASTIS-
R and up to 16.25% on the CTM-SS dataset, from respective frozen encoder
models. Moreover, we find that generalised distillation is thematically depen-
dent and highly likely to improve performance on vegetation by harnessing rich
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optical information from the teacher. Additionally, the later layers have more
influence on improving performance on the student model. Last but not least,
we conclude that using less information and smaller models on the generalised
distillation does not hinder enhancing performance and can help bridge the gap
between multi-modalities. Our future work will focus on analysing how gener-
alised distillation GeoFMs perform on other land covers such as built-up areas.
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