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Abstract

Global variations in terrain appearance raise a ma-

jor challenge for satellite image analysis, leading

to poor model performance when training on lo-

cations that differ from those encountered at test

time. This remains true even with recent large

global datasets. To address this challenge, we

propose a novel domain-generalization framework

for satellite images. Instead of trying to learn a

single generalizable model, we train one expert

model per training domain, while learning experts’

similarity and encouraging similar experts to be

consistent. A model selection module then iden-

tifies the most suitable experts for a given test

sample and aggregates their predictions. Experi-

ments on four datasets (DynamicEarthNet, MUDS,

OSCD, and FMoW) demonstrate consistent gains

over existing domain generalization and adapta-

tion methods. Our code is publicly available at

https://github.com/Abhishek19009/CoDEx.

1. Introduction

Earth observation data often exhibits significant spa-

tial domain shifts, such as diverse biomes, architec-

tures, or climate [28, 32, 36]. Consequently, trained

models struggle to generalize to new conditions,

especially when they differ substantially from the

ones of the training data. This shortfall is particu-

larly problematic because models then perform best
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Figure 1. Combing Domain Experts. The appearance

of satellite images can vary significantly across regions,

even when they contain the same semantic features (here,

coastlines). We train experts for each discrete location in

the train set, and learn to aggregate the most relevant ones

when confronted with an unknown domain.

where annotations are already abundant, rather than

in regions where their prediction is most needed.

Deep learning models are especially vulnera-

ble to these domain shifts because of their capac-

ity to learn and overfit complex data distributions.

Most domain generalization strategies learn a single

domain-invariant model [1, 15, 17], but real-world

benchmarks (e.g., WILDS [14]) show that such ap-

proaches often fail to surpass simple baselines. Do-

main adaptation techniques—which rely on unla-

beled data from a target domain—face similar hur-

dles, as shown in the U-WILDS benchmark [26].

These findings underscore the difficulty of address-

ing domain shift for Earth observation, which re-

mains a mostly unsolved problem despite its consid-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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erable importance.

In this paper, we introduce CoDEx (COmbin-

ing Domain EXperts), a multi-expert approach to

domain generalization tailored for satellite images.

Instead of training a single model to perform well

on all domains, we learn a specialized expert for

each domain in the training set, but also a similar-

ity between experts, which we use to encourage the

consistency of similar experts to improve robustness.

To aggregate experts’ predictions, we then train a

model selection module to weight the outputs of the

domain experts for a given input image, see Fig. 1.

At inference, when faced with a completely new

domain, we use this selection module—without any

additional fine-tuning on test data—to combine the

predictions of all experts.

We validate our approach on multiple satellite

image and time series datasets, including Dynam-

icEarthNet [33], MUDS [34], OSCD-3ch. [7] and

FMoW [5], and show consistent performance gains.

In summary:

• We propose a novel multi-domain training strat-

egy that enforces consistency across domain

experts without relying on hand-crafted simi-

larity metrics between domains.

• We design a model-selection module to accu-

rately predict which domain experts will yield

the most reliable predictions, allowing us to

perform robust spatial generalization with min-

imal computational overhead.

• We show consistent qualitative and quanti-

tative improvements over existing domain-

generalization and even domain-adaption meth-

ods, on four datasets and three baselines.

2. Related Work

In this section, we discuss existing work on unsuper-

vised domain adaptation and domain generalization

for Earth observation, and multi-experts models.

Domain Adaptation for Earth Observation. The

goal of domain adaptation is to modify a model

trained on annotated domains to optimize it for a

target domain where only unannotated data is avail-

able. The availability of unlabeled satellite images

makes such an approach particularly attractive to

Earth observation [14, 19, 26, 42]. Among the most

commonly used methods, feature alignment rely on

moment matching [31], discriminative losses [18],

or entropy minimization [4, 37] to adapt a deep

learning model to a new domain. Another approach

is to rely on confident predictions in the new do-

main, for example using pseudo-labeling [16], Fix-

Match [30], or Noisy Student [38]. In the case of

spatial domain adaptation, spatial awareness can be

incorporated into the model by leveraging geograph-

ical metadata, as demonstrated in [22]. Standard-

GAN [32] and StyleAugment [6] take a different

approach by modifying the data distribution itself

with image translation. Recently, self-supervised

learning has emerged as a powerful tool for domain

adaptation, where models are trained on large-scale

unlabeled data in a self-supervised way and on la-

beled data [2, 21, 27]. In that sense, recent Earth

observation foundation models like DOFA [39], pre-

trained on datasets covering a significant portion of

the globe, can be seen as domain adaptation tools.

Domain Generalization for Earth Observation.

Unlike domain adaptation, which relies on unla-

beled data from the target domain, generalization

approaches must learn robust representations from

source data alone. The features can be trained to

be invariant to spectral and temporal transforma-

tions through augmentation like color jittering, im-

age mixing [12, 13, 24] or manipulations of time

series [9, 23, 41]. This can also be achieved through

the design of the features themselves, such as

transformation-invariant prototypes [35], or through

loss functions. For example, contrastive losses

align features of spatially or temporally distant im-

ages [20], or between an image and its distorted

version [44]. In contrast to these methods that fo-

cus on learning a single robust model, our approach

trains and combines multiple domain-specific net-

works, following the idea of multi-expert models.

Multi-Experts Models. Multi-expert models ag-

gregate predictions from multiple expert learners.

Each expert may specialize in certain domains [3]

or classes [43]. Experts may also be encouraged to

diversify their predictions through balancing losses

and different initializations [29]. Strategies for com-

bining expert predictions at inference when given
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Figure 2. Multi-Domain Training. We present the different multi-domain training approaches explored in this paper. In

(a), we train a single model on all training domains. In (b), we train one model per training domain; all models share

the same backbone network, and only see data from their domain. In (c), we add a consistency loss ensuring that the

prediction of models associated to similar domains—as defined by a learnable affinity matrix—also produce accurate

results. indicates vector multiplication and a module with tunable parameters.

an out-of-domain input vary. In particular, D3G [40]

aggregates predictions from domain-specific mod-

els using weights predicted as a function of domain

metadata. Instead, our proposed expert selection

module only relies on input features and does not

require any metadata at test time.

3. Method

We propose CoDEx, a spatial generalization frame-

work for satellite image analysis. Like domain gen-

eralization models, we handle domain shifts with-

out retraining on target domain data or requiring

domain-specific adapters. Our training set consists

of satellite images or time series taken from D dis-

tinct source domains, denoted as D1, . . . ,DD, on

which we perform segmentation or classification.

We will leverage this multi-domain source data to

train a model that generalizes to data from an unseen

target domain from a different location.

To achieve this, we first train a set of domain

experts (Sec. 3.1) and then introduce a mechanism

to select and combine the most relevant model pre-

dictions for a given test input (Sec. 3.2). Implemen-

tation details are provided in Sec. 3.3.

3.1. Multi-Domain Training

We train a set of D models ϕ1, . . . , ϕD, each spe-

cialized for a specific training domain D1, · · · ,DD,

i.e. domain experts. These models share the same

feature extractor backbone and each maintains a

small, domain-specific segmentation or classifica-

tion head h1, · · ·hD. In a first training stage, vi-

sualized in Fig. 2, we train the model to produce

accurate and domain-consistent predictions with the

two loss functions described below.

Domain Loss. Let x be an input sample (image or

time series) from domain Dd, with corresponding

ground truth label y (class or label map). We super-

vise the predictions of the expert ϕd corresponding

to domain Dd with the following loss applied to

inputs x in domain Dd:

  \cLseg (x) = \ell (\phiseg {d}(x), y)~, \label {eq:seg}     (1)

where ℓ is a standard classification loss. We use

the focal loss [25] in our experiments, and apply it

pixel-wise for segmentation tasks.

Consistency Loss. Yao et al. [40] propose improv-

ing cross-domain generalization by enforcing con-

sistency among the predictions of heads from “sim-

ilar” domains. To quantify domain similarity, they

construct an affinity matrix a ∈ R
D×D, where each
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entry ad,e encodes the proximity between domains

Dd and De. For geospatial applications, they com-

pute a as a combination of handcrafted and learned

components. Specifically, they set the handcrafted

part of ad,e to 1 if domains Dd and De are in adja-

cent regions and 0 otherwise. The learned part is a

learned function of geographical metadata.

Instead, we propose to learn the affinity matrix

a directly. More precisely, we define a ∈ R
D×D

as the row-wise softmax—excluding the diagonal

coefficients—of a learnable parameter matrix in

R
D×D. We encourage consistency between do-

mains by minimizing the following loss for an input

x in a domain Dd:

  \cLcon (x) = \ell ( \sum _{e \neq d} a_{d,e} \phiseg {e}(x), y )~. \label {eq:con} 




   (2)

This loss encourages predictions from domains De

close to Dd according to a, to also be effective for

x sampled from Dd. Unlike Ldomain, which updates

only the parameters of the expert expert ϕd for in-

puts in Dd, the consistency loss Lcon propagates

gradients to all ϕe for e ̸= d. Compared to Yao

et al. [40], this not only provides greater flexibility

but also eliminates the manual design process and

hyperparameters related to the definition of the hand-

crafted part of a. Our ablation study also shows that

it yields better results.

3.2. Domain Expert Selection

In a second stage of training, visualized in Fig. 3,

we freeze all models ϕd, and only train an expert

selection head hselect to predict weights to aggregate

the predictions of the domain experts. For a given

input x, hselect leverages features from x provided

by the backbone and outputs a vector ϕselect(x) ∈

R
D. We train ϕselect with two losses: Lacc, which

encourages ϕselect to predict the accuracy of experts,

and Lmix, which aims at maximizing the quality of

a mixture. Note that this module is also exclusively

trained with data from the source domains.

Accuracy Prediction Loss. We encourage the ex-

pert selection ϕselect to predict the accuracy of the

predictions of each domain-specific expert ϕd on

Patch x
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Figure 3. Domain Expert Selection. We freeze the mod-

els trained previously, and train a domain expert selection

model to select the most relevant models for a given input

sample from an unseen domain. : vector multiplication,

�: frozen layers, : module with tunable parameters.

each sample x:

  \!\!\cLacc (x)\!=\! \sum _d \left \vert \phisel (x)[d] - \acc \left (\phiseg {d}(x), y\right ) \right \vert ~, \label {eq:acc}






  


  (3)

where acc(z, y) is a measure of the performance

of the prediction z against the ground truth y, and

ϕselect(x)[d] is the component d of ϕselect(x). We use

pixel-wise overall accuracy for semantic segmenta-

tion tasks, and a binary value 0/1 for classification.

Mixture Supervision Loss. We convert the pre-

dicted accuracy ϕselect(x) into a weight vector

pmix(x) ∈ R
D
+ using a softmax with temperature

τ > 0, and use it to compute a mixture of predic-

tions from all experts
∑

d pmix(x)[d]ϕd, which we

use at inference. We then define the loss Lmix as:

  &\cLmix (x) = \ell \left ( \sum _d \pmix (x)[d] \phiseg {d}(x), y \right )~ , 











 (4)

with pmix(x) = softmax
(

1

τ
ϕselect(x)

)

and ℓ the

same loss as in Eqs. (1) and (2). Note that

at inference, we can use the mixture prediction
∑

d pmix(x)[d]ϕd without knowing the geographi-

cal location of the test sample x.
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Table 1. Datasets Characteristics. We choose four datasets of satellite images or time series, and report their resolution,

the nature of their annotations, and the number of samples and domains for the training, validation, and test sets. *We

create our own custom splits for these datasets to ensure the separation of spatial domains.

DynEarthNet MUDS* OSCD-3 ch. FMoW*

Task Segmentation Segmentation Change detection Classification

Temporal Resolution 24 (monthly) 24 (monthly) 2 (image pair) 1 (monodate)

Spatial Resolution 128×128, 3-4m/pix 128×128, 3-4m/pix 75×75, 10m/pix 224×224, 0.3-1.6m/pix

Spectral Resolution 4: RGB + NIR 3: RGB 3: RGB 3: RGB

Classes 7 (land cover) 2 (land cover) 2 (change) 62 (land use)

Training 3520 (55 dom.) 2560 (40 dom.) 896 (14 dom.) 59,443 (100 dom.)

Validation 640 (10 dom.) 640 (10 dom.) - 26,697 (50 dom.)

Test 640 (10 dom.) 640 (10 dom.) 640 (10 dom.) 32,745 (50 dom.)

3.3. Implementation Details

Our default backbone for satellite image time se-

ries (SITS) segmentation and change detection, is a

MultiUTAE [8, 36], which maps SITS to time series

of feature maps of the same spatial and temporal

resolution as the input and has 260K parameters.

The domain heads hd are 3×3 convolutions applied

to the highest-resolution feature map of the UTAE

for each date for segmentation. The selection head

hselect is also a 3× 3 convolution that takes as input

features from different encoder blocks concatenated

along the channel dimension which are then pooled

spatially and temporally. To perform change detec-

tion, we subtract the logits predicted for the two

consecutive images and supervise it with the true

binary change map.

For image classification, we use a larger version

of MultiUTAE with 3.1M parameters as the default

backbone. Both domain heads hd and selection head

hselect are linear layers. The domain head is applied

to the pooled features, the selection head to features

pooled from multiple blocks. The affinity matrix

adds D2 parameters, which is significantly smaller

than the number of parameters in the encoder and

heads.

As our results appear to be robust to loss weight-

ing, we always use a weight of 1 when adding

Ldomain and Lcon in the first stage of training, and

Lacc and Lmix in the second. The temperature τ of

the softmax in the mixture definition is also set to 1.

We use the Adam optimizer with a learning rate

of 1 \times 10^{-4} and coefficients (\beta _{1}, \beta _{2}) = (0.9, 0.999)    .
Additionally, we apply a weight decay of 0.01.

4. Experiments

In Sec. 4.1, we present the four Earth observation

datasets on which we evaluate our proposed ap-

proach for three tasks (classification, semantic seg-

mentation, and change detection), with either single

image or time series inputs. We then compare our

approach to a wide array of domain-generalization

and adaptation methods in Sec. 4.2. Finally, we

ablate and analyze our approach in Sec. 4.3.

4.1. Datasets and Evaluation

Datasets. We build our benchmark for domain

generalization from four standard SITS datasets,

which can be naturally split into distinct spatial do-

mains. We provide details about these dataset, Dy-

namicEarthNet [33], MUDS [34], OSCD-3ch. [7],

and FMoW [5], in Tab. 1. The domains are defined

by the unique geographic locations of the images,

except for FMoW for which spatial domains cor-

respond to countries. We use train/val/test splits

such that the domains are separated. We split the

large spatial extent of the SITS of DynamicEarth-

Net, MUDS, and OSCD-3ch. into smaller SITS of

spatial size 128× 128, 128× 128, and 75× 75 re-

spectively. For DynamicEarthNet, we only consider

the images of the time series that are annotated: one

image every month. For FMoW, we treat each image

of the time series independently as in WILDS [14].

We evaluate model performance with the class-

average intersection over union (mIoU) and overall

accuracy (OA) for semantic segmentation, F1 score

for change detection, and average accuracy (Avg.

Acc.) for classification.
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Table 2. Quantitative Results. We report the results of various domain generalization and adaptation methods on four

datasets. Cell color represents the difference with the baseline model with the following colormap: -3 +0 +3 .

Oracle selects the best training head for each test input. ∗D3G [40] is our own implementation, which we will release.

Method
DynamicEarthNet MUDS OSCD-3 ch. FMoW

mIoU OA mIoU OA F1 Avg. Acc.

Baseline [36] 37.5 73.8 63.5 95.1 46.5 51.6

Domain Adaptation: fine-tuned on the test set’s input data

StyleAugment [6] 36.6 73.4 63.1 94.7 46.3 51.3

CORAL [31] 38.3 74.6 63.3 95.1 46.6 52.0

Pseudo labels [16] 37.4 74.1 63.7 95.0 46.7 51.7

AdvEnt [37] 36.3 73.5 62.9 94.9 45.4 51.9

DANN [18] 35.8 73.9 63.3 95.1 45.9 51.8

MaxSquare [4] 38.1 74.5 64.0 95.2 47.1 52.1

Foundation Model-Based: pretrained on external data, fine-tuned on the train set

DOFA [39] 35.8 73.7 63.2 94.3 46.2 51.3

Domain Generalization: only sees the train set

ClassMix [24] 36.2 74.1 63.2 94.8 46.8 51.5

Contrastive Seg. [44] 37.9 73.6 63.3 95.0 46.4 53.0

D3G [40]∗ 38.7 75.2 63.9 95.2 48.1 53.5

CoDEx (Ours) 39.1 75.7 64.2 95.8 47.8 53.9

Oracle 48.1 81.6 65.8 95.6 56.9 91.1

Competing Methods. We evaluate for each

dataset a baseline approach, which trains a sin-

gle model regardless of domains (see Fig. 2a).

We evaluated for the first time on these datasets

6 domain-adaptation methods (StyleAugment [6],

CORAL [31], Pseudo labels [16], Advent [37],

DANN [18], MaxSquare [4]) and 3 domain-

generalization approaches (ClassMix [24], Con-

trastive Seg. [44], D3G [40]). Domain-adaptation

methods are fine-tuned with the input data from the

test set and without labels. We also evaluated a foun-

dation model for Earth observation, DOFA [39]. As

this model takes only a single image as input, we

evaluate it for each image independently. Since no

implementation of D3G [40] is available, results are

from our own implementation, which we will re-

lease. For the other methods, we modify the official

code to apply it to our data.

4.2. Results

Generalization Performance. We report the perfor-

mance of CoDEx and all competing approaches on

all four datasets in Tab. 2. Our method consistently

outperforms competing methods across all metrics,

except D3G, which is slightly better on OSCD-3ch.

Notably, only our method and D3G exceed the base-

line performance for every dataset, and our approach

shows slight improvement over D3G on the other 3

datasets. Interestingly, generalization-focused meth-

ods often outperform domain adaptation methods,

even though the latter have access to data from the

target domain.

We also measure the performance of a Domain

Oracle, which selects the best-performing expert

among ϕ1, · · · , ϕD for each test sample. This

gives an upper bound on the performance one could

achieve by selecting a single expert. On MUDS, the

oracle’s performance is only marginally higher than

ours, hinting that our expert selection mechanism

effectively identifies the best experts. On Dynam-

icEarthNet and OSCD-3ch., the oracle substantially

outperforms our approach, although its overall per-

formance remains low, suggesting a considerable do-

main gap between training and testing. On FMoW,
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Figure 4. Qualitative Segmentations. We illustrate for random patches the predictions of our method and our baseline.

Images from (i-iv) are selected from DynamicEarthNet, (v-vii) from MUDS, and (viii) from OSCD-3ch.
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Figure 5. Impact of Backbone. We report the performance of the baseline and our approach for all four datasets and

three backbones networks.

the oracle performs extremely well. This is not sur-

prising, as it takes the best prediction among 100

experts for a classification with 62 classes.

Qualitative Results. We illustrate in Fig. 4 the

predictions from the baseline approach and our pro-

posed method on three datasets: DynamicEarthNet

(i–iv), FMoW (v–vii), and OSCD-3ch. (viii). In (i),

our approach correctly resolves an ambiguous im-

age of wetland, which might otherwise be confused

with water and forest. It also provides more precise

segmentation of forest and sediment which might

be misclassified as agriculture (ii). For MUDS, we

observe higher recall for buildings in both dense (v)

and sparse (vi, vii) regions. For OSCD-3ch. (viii),

our method generally improves change detection,

although the task remains challenging.

4.3. Analysis

Ablations. We evaluate the contribution of differ-

ent parts of our approach through ablations on Dy-

namicEarthNet and MUDS in Tab. 3. First, rather

than predicting a single mixture pmix across all time

steps, we remove temporal pooling of the backbone

features and allow the method to choose a differ-

ent model at each time step. This added flexibility

reduces performance, likely because the less infor-

mative single-image features make model selection

less reliable. Second, we remove either Lcon or Lmix,

which leads to a small decrease of performance. Re-

moving both leads to a significant drop, indicating
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Table 3. Ablation Study. We evaluate the impact of

several of our design choices.

Temp.
Lcon Lmix Lacc

DynEarthNet MUDS

pooling mIoU OA mIoU OA

✔ ✔ ✔ ✔ 39.1 75.7 64.2 95.8

✔ ✔ ✔ 38.1 75.3 63.9 94.6

✔ ✔ ✔ 38.2 75.1 63.6 95.3

✔ ✔ ✔ 37.1 74.4 63.1 94.2

✔ ✔ 36.5 73.6 62.9 94.4

✔ ✔ ✔ 38.9 75.5 64.0 95.2

that enforcing consistency among expert models and

supervising the mixture coefficient through the final

mixed predictions are both crucial and complemen-

tary. Lastly, removing Lacc and only supervising

ϕselect with Lmix leads to a small but consistent per-

formance decrease, suggesting that accuracy is a

useful proxy for the relevancy of a domain expert.

Consistency Loss Analysis. We examine the bene-

fits of our fully learned domain affinity matrix in the

consistency loss compared to a handcrafted base-

line and the approach proposed by Yao et al. [40].

More precisely, we implement and compare three

variations: (a) fixed handcrafted weights defined by

row-wise softmin of the angular distances between

geographical coordinates; (b) a learned function that

takes angular distances as input, which is similar to

D3G [40]; and (c) a direct, unconstrained parameter-

ization of the affinity matrix followed by a row-wise

softmax normalization. We train our multi-head

architecture with each weighting strategy and then

perform domain expert selection, reporting the per-

formance in Tab. 4. Our unconstrained parameteri-

zation outperforms both the fixed angular weights

and the adapted D3G weighting scheme without

requiring geographic metadata, indicating that inter-

domain similarity may extend beyond purely geo-

graphic distance.

Impact of Backbone. In Fig. 5, we present the

performance gains achieved by our method over

the baseline on all four datasets for three differ-

ent backbones: MultiUTAE (our default), ResNet-

10 [10], and ResNet-18 [11]. Because ResNet-10

and ResNet-18 are designed for single-image pro-

Table 4. Performance comparison of different affinity

matrix formulations. We compare three approaches:

fixed, D3G-style, and fully learned weights. Results are

shown for both DynamicEarthNet and MUDS datasets.

The bold values indicate the highest performance, while

the underlined values represent the second-highest.

Affinity
DynEarthNet MUDS

mIoU OA mIoU OA

a) Handcrafted 38.8 75.5 63.7 95.1

b) “D3G [40]-style” 39.0 75.4 64.0 95.4

c) Learned (ours) 39.1 75.7 64.2 95.8

cessing rather than spatio-temporal image time se-

ries (SITS), we apply them image-by-image. We

observe that our method consistently improves per-

formance across all datasets and all three backbones.

Efficiency. Employing CoDEx with 55 domains

(DynamicEarthNet) introduces approximately 213K

additional parameters compared to baseline model,

increasing training time by roughly 14% (3.1 min

vs. 2.7 min per epoch). At inference, the overhead

remains minimal, around 6% (7.1×10−3 s vs. 6.7×
10−3 s per 106 pixels processed).

5. Conclusion

We introduced CoDEx, a new framework for do-

main generalization in satellite imagery, addressing

a challenging problem in Earth observation. Our

key insight is to train multiple expert models, each

specialized for a given domain of the training set,

enforcing consistency among them and learning to

select the most suitable expert for unseen domains.

We validated our approach on four satellite image

and time-series benchmarks across three tasks, out-

performing ten state-of-the-art methods in both spa-

tial domain generalization and adaptation.
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