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ABSTRACT

Object detection is essential in space applications target-
ing Space Domain Awareness and also applications in-
volving relative navigation scenarios. Current deep learn-
ing models for Object Detection in space applications are
often trained on synthetic data from simulators, however,
the model performance drops significantly on real-world
data due to the domain gap. However, domain adaptive
object detection is an overlooked problem in the commu-
nity. In this work, we first show the importance of domain
adaptation and then explore Supervised Domain Adapta-
tion (SDA) to reduce this gap using minimal labeled real
data. We build on a recent semi-supervised adaptation
method and tailor it for object detection. Our approach
combines domain-invariant feature learning with a CNN-
based domain discriminator and invariant risk minimiza-
tion using a domain-independent regression head. To
meet real-time deployment needs, we test our method
on a lightweight Single Shot Multibox Detector (SSD)
with MobileNet backbone and on the more advanced
Fully Convolutional One-Stage object detector (FCOS)
with ResNet-50 backbone. We evaluated on two space
datasets, SPEED+ and SPARK. The results show up to
20-point improvements in average precision (AP) with
just 250 labeled real images.

Key words: Domain adaptation; Object Detection.

1. INTRODUCTION

Vision-based object detection plays a central role in a
wide range of space applications (1), including Space Do-
main Awareness missions and also missions that involve
relative navigation or autonomous rendezvous such as in-
orbit servicing and active debris removal. Reliable detec-
tion of spacecraft or orbital objects is critical for enabling
safe and autonomous operations in space. Modern object
detection models, particularly those based on deep learn-
ing, require large amounts of annotated data to achieve
high accuracy. However, collecting labeled data in the
space domain is extremely difficult due to constraints
such as limited accessibility, high operational costs, and

the complexity of manual annotation under space condi-
tions.

To mitigate the challenge of data scarcity, synthetic
datasets (2; 3) generated through simulation environ-
ments (4) have become the primary training source. Syn-
thetic datasets are scalable and easy to generate and la-
bel. However, models trained solely on synthetic data
often perform poorly when deployed in real-world sce-
narios (5). This performance drop is mainly attributed
to the domain gap between the simulated training data
(source) and the real orbital imagery (target), which in-
cludes differences in lighting, background, object tex-
tures, and noise characteristics.

Domain Adaptation (DA) (6) has emerged as a promis-
ing solution to bridge this gap. Unsupervised Domain
Adaptation (UDA) methods (7) aim to align source and
target domains without requiring labeled target images.
Although they offer improvements over naive transfer,
their ability to fully close the domain gap remains lim-
ited (8). In contrast, semi-supervised domain adaptation
methods (9; 10), which rely on a small set of labeled
real images, have shown greater potential. Even limited
real supervision, on the order of a few hundred annotated
samples, can significantly enhance detection performance
when properly integrated into the training process.

In semi-supervised domain adaptation (SDA), it is typ-
ically assumed that the target domain provides a small
set of labeled samples together with a large collection of
unlabeled data. While this assumption is reasonable in
many application areas, it rarely holds in the space do-
main. Real-world space datasets usually contain only a
few hundred images, making large-scale unlabeled target
data unavailable and thus challenging the standard SDA
setting.

Although object detection is a critical component in many
space applications, the use of domain adaptation tech-
niques for this task has received limited attention, until
recently (11; 12). This may be due to the common as-
sumption that the problem is relatively simple, as scenar-
ios often involve a single target object against a relatively
static or uniform background. However, both recent stud-
ies and our findings demonstrate that this assumption is
considerably more challenging than commonly assumed.



In this paper, we build upon a recent semi-supervised do-
main adaptation approach and adapt it to become a Su-
pervised Domain Adaptive (SDA) object detection. We
employ a simple CNN-based domain discriminator to en-
courage feature alignment between domains and intro-
duce a domain-independent regression head to enforce
consistency in object localization. This setup allows the
model to generalize better across domains, even with lim-
ited real data.

To evaluate the practicality of our approach for real-world
deployment, we experiment with both lightweight and
modern object detectors. Specifically, we use SSD (13)
with a MobileNetv2 (14) backbone for real-time per-
formance and FCOS (15) with ResNet-50 (16) for ar-
chitectural generality. Experiments are conducted on
two publicly available space datasets, SPEED+ (2) and
SPARK (3). Our results show that the proposed approach
significantly closes the domain gap and improves perfor-
mance.

In Section 2, we review existing domain adaptation meth-
ods in both real-world and space-related contexts. Sec-
tion 3 provides a detailed description of our proposed ap-
proach. Experimental results are presented in Section 4,
followed by concluding remarks in Section 5.

2. RELATED WORK

In this section, we first explain the main approaches for
domain adaptation in natural images and then describe
the methods targeted for space applications in the context
of object detection.

2.1. Domain Adaptation for Natural Images

Unsupervised approaches (17; 18; 19; 20; 21; 22; 23)
currently dominate research in Domain Adaptive Object
Detection (DAOD). Only a few methods explore semi-
supervised DA (9; 24), and there is virtually no work fo-
cused on SDA training. However, unsupervised or semi-
supervised methods can often be adapted to supervised
settings, potentially yielding better performance in the
target domain. Therefore, the following review focuses
on UDA methods.

Following the taxonomy presented in a recent survey on
UDA for object detection (25), the dominant DAOD ap-
proaches can be broadly grouped into three categories: 1)
adversarial feature learning (18; 26; 27; 28; 29; 30; 31),
2) image-to-image translation (32; 33; 34; 35; 36; 37; 38),
and 3) mean teacher training (19; 22; 39; 40; 17).

Adversarial feature learning aims to match the features
coming from the source and target domains with the help
of a discriminator. In this setting, usually a single ob-
ject detector model (e.g. Faster-RCNN (41), SSD (13) or
FCOS (15)) is trained using images from both domains,

and depending on the method, one or many domain dis-
criminators are employed with GRLs.

The main advantage of this approach is that it improves
the baseline source-only training with a very small num-
ber of parameters, i.e. shallow domain classifiers. How-
ever, since the single detection network is trained using
images from both the source and target domains, the net-
work cannot capture specific features of the target, which
limits overall performance.

Image to image translation aims to close the gap be-
tween the source and target domains by using an unpaired
image-to-image translation (im2im) model such as Cy-
cleGAN (42), UNIT (43), MUNIT (44) or CUT (45).
Generative Adversarial Networks (GAN) (46)-based
im2im models learn a mapping from a source domain X
to a target domain Y . Paired im2im models have ground
truth pairs in both domains such as an image and its edge
map, and unpaired im2im models have no ground truth
pairs and employ unsupervised training. After transla-
tion, an intermediate image representation that resembles
the target domain more than the initial source domain is
obtained, and since the method works at the pixel level, it
is possible to use the source annotations on the interme-
diate dataset.

The image translation part of this architecture is trained
offline, which adds little or no overhead to the main ob-
ject detection method training, and the target translated
images show better resemblance than using special im-
age augmentations, for example, contrast adjustment for
day to night domain adaptation. In addition, im2im is
widely used in the training of other DAOD approaches.

Mean teacher (MT) based training is proposed to over-
come the limitations of training a single method (i.e. bi-
asing towards the source dataset) using both source and
target datasets. In this setting, a student model is trained
using labeled source data with supervised training, the
teacher model is trained unsupervised using only the tar-
get dataset, and the student model updates the weights of
the teacher model by exponential moving average. Fi-
nally, inconsistency between the detections of the student
and teacher models is penalized to support the learning.
The weights of the teacher model are used for inference
on the target dataset.

MT based methods show superior performance compared
to the above two approaches. Most, if not all, of the MT
methods employ an offline trained im2im method to aug-
ment the source and target datasets. Moreover, the MT’s
teacher network is trained using only target images, mak-
ing the training more stable. Adversarial learning is also
included in some recent MT approaches (39; 17).

2.2. Domain Adaptation for Space Images

Domain adaptation (DA) for space imagery has gained
attention because of the difficulty of collecting real space



data. However, existing DA research has focused primar-
ily on pose estimation tasks (5; 47; 48; 49; 50), while
the object detection task remains largely overlooked. Re-
cently, fANOVA (11) explored the impact of data aug-
mentations in the UDA setting. Their framework iden-
tifies optimal combinations of image augmentations to
significantly enhance source-only training performance.
Another recent work (12) incorporates DA using image-
to-image translation. The authors train a translation
model to generate target-style images, which are then
used to improve the generalization of the model across
domains.

In contrast to these works, we propose a DA framework
in a more realistic SDA setting, where a limited number
of labeled target-domain images are available. Our ap-
proach explicitly leverages this limited supervision to im-
prove object detection performance under domain shift.

3. METHOD

The proposed approach is built on top of a recent semi-
supervised domain adaptation framework titled LIRR (9)
(Learning Invariant Representations and Risks). LIRR
proposes to jointly learn invariant representations and
risks at the same time to better mitigate the accuracy
discrepancy across domains. LIRR presents a generic
framework which could be used in both classification and
regression tasks. In our work, we utilize it for a regres-
sion task, i.e. object detection, in a fully-supervised set-
ting considering all the target data is labeled.

Invariant representation ensures that the features of the
images of the source and target domain extracted using a
feature extractor backbone g(.) are not separable and is
formulated as follows:

Lrep(g, C) = EX∼DS(X)[log(C(g(X)))]

+EX∼DT (X)[log(1− C(g(X)))]. (1)

where C is the domain classifier.

Invariant risk aims to minimize domain-invariant task
losses, i.e. cross-entropy losses of domain-invariant pre-
dictor fi and domain-dependent predictor fd. Consider-
ing that we have a domain-invariant loss Li formulated
as follows:

min
g,fi

Li = E(x,y)∼DS ,DT̃
[L (y, fi(g(x)))] , (2)

where (x, y) pairs denote input data and its ground truth
label, and L denotes task-dependent loss. In our case, L
is the sum of the classification (cross entropy) and local-
ization (smooth L1) losses. The domain-dependent loss
Ld is formulated as follows:

min
g,fd

Ld = Ed∼D (x,y)∼Dd
[L (y, fd(g(x), d))] , (3)

Table 1: Details of SPARK and SPEED+ datasets used in
the experiments.

Dataset Source Target
Train Val Train Val

SPARK (3) 22500 7500 250/500 1600
SPEED+ (2) Sunlamp 47966 11994 250/500 2200
SPEED+ (2) Lightbox 47966 11994 250/500 6200

where the additional d signifies the domain from which
the data is sampled.

Thus, the invariant risk loss is formulated as follows:

min
g,fi

max
fd

Lrisk = Li + λrisk(Li − Ld). (4)

The final loss function used to train the methods could
be described as:

min
g,fi

max
C,fd

LLIRR(g, fi, fd, C) = Lrisk(g, fi, fd)

+ λrepLrep(g, C). (5)

where λrep is set to 0.1, and λrisk is set to 1.0 in our ex-
periments.

Note that all the equations are directly taken from
LIRR (9) and presented here for completeness.

4. EXPERIMENTS

4.1. Datasets

SPEED+ (2) is a well-known dataset in the space-
craft pose estimation domain that features synthetic im-
ages generated from a simulator along with two distinct
hardware-in-the-loop (HIL) image domains, sunlamp and
lightbox. The lightbox domain contains 6,740 images of
the mockup of the Tango spacecraft, illuminated using
albedo light boxes to simulate diffuse lighting conditions
typical of Earth orbit. We split this dataset into train and
test sets. The test set contains 6200 images, and the re-
maining images were sampled into two train subsets with
250 and 500 images from the remaining images. The sun-
lamp domain includes 2,791 images of the same mockup,
captured under a metal halide arc lamp to replicate di-
rect sunlight. These domain-specific lighting conditions
make SPEED+ a valuable benchmark for studying do-
main adaptation in space-based vision tasks. Similarly,
we split the images in the sunlamp domain into a test set
with 2200 images and two training sets with 250 and 500
images. Note that in both domains, the larger train set
completely overlaps with the smaller training split. Ad-
ditionally, this dataset contains close to 60, 000 synthetic
images.
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Source Only - 44.4 85.2 42.1 - 44.4 85.2 42.1
Oracle 250 53.0 98.0 50.8 500 63.4 98.9 76.5
SDA 250 79.4 99.0 97.6 500 82.0 99.0 97.7

FC
O

S Source Only - 52.1 95.1 52.6 - 52.1 95.1 52.6
Oracle 250 72.8 98.9 90.8 500 77.1 99.0 94.8
SDA 250 52.1 98.9 81.7 500 66.3 98.9 81.7

L
ig

ht
bo

x

SS
D

Source Only - 26.2 81.1 35.8 - 26.2 81.1 35.8
Oracle 250 46.8 95.8 37.3 500 60.5 98.6 69.6
SDA 250 83.4 99.0 96.3 500 85.7 99.0 97.6

FC
O

S Source Only - 11.2 36.6 4.2 - 11.2 36.6 4.2
Oracle 250 56.8 94.8 62.0 500 65.8 97.2 76.0
SDA 250 54.6 94.6 60.7 500 61.4 96.3 70.1

Table 2: Results on the SPEED+ dataset for the sunlamp and lightbox subsets.

SPARK (3) dataset is collected in the SnT Zero-G Lab (4)
at the Interdisciplinary Centre for Security, Reliability,
and Trust (SnT), University of Luxembourg. The source
domain comprises 100 trajectory groups, each contain-
ing 300 labeled synthetic images. The target domain
includes four real trajectory sequences, RT001, RT002,
RT003, and RT004, consisting of 681, 424, 678, and 340
time-sequential images, respectively. We created non-
overlapping train and test splits for SPARK as well.

The statistics of the dataset in terms of the number of
images in each split are presented in Table 1.

4.2. Setup

In order to evaluate the performance of the proposed
method, we devise a three-stage evaluation pipeline, see
Table 3 and 2. First, we quantify the domain gap by train-
ing a model using only the source (synthetic) training
dataset and evaluate it on the target (lab) test set. This
experiment is labeled as source only. Second, we train a
model using only the target training set to measure per-
formance without domain adaptation, and it is labeled as
Oracle. Finally, we train our proposed model using both
the source and target training sets to see the effect of do-
main adaptation. Note that all models are evaluated on
the newly created target test set mentioned in the above
section.

To evaluate our approach under limited supervision, we
select subsets of 250 and 500 labeled real images from
both datasets to train the Oracle and SDA models. We
conduct experiments using two object detection frame-
works: SSD (13) with a MobileNetV2 (14) backbone,
chosen for its suitability in resource-constrained deploy-
ment scenarios, and FCOS (15) with a ResNet-50 (16)
backbone, used for general purpose performance evalua-
tion. We adapt our approach to the official implementa-
tion of each method.

The images are resized to 300×300 pixels for SSD train-

ing, and for the FCOS, the images are resized to have a
shorter side of 800 pixels. During inference, the images
are resized similarly to the training, and we do not em-
ploy any data augmentation.

4.3. Metrics

We evaluated object detection performance using stan-
dard COCO-style (51) metrics: Average Precision (AP),
AP50, and AP75. The AP score measures the mean aver-
age precision over multiple IoU thresholds (ranging from
0.50 to 0.95 in 0.05 increments), providing a comprehen-
sive assessment of overall detection quality. AP50 reports
average precision at a fixed IoU threshold of 0.50 and re-
flects the model’s ability to locate objects coarsely. In
contrast, AP75 evaluates the performance at a stricter IoU
threshold of 0.75, highlighting the precise localization ca-
pability. These metrics allow us to assess both robustness
and localization accuracy under domain-shift conditions.

4.4. Quantitative Results

We present SPEED+ (2) and SPARK (3) quantitative re-
sults in Table 2 and Table 3, respectively. In each table,
we show the metrics for the 250 and 500 images, and for
SSD (13) and FCOS (15) object detectors.

First, the source only baseline shows the severity of the
domain gap in both datasets, as the performance using
only the labeled source dataset achieves dramatically low
performance on the target data.

On the SPEED+ dataset (Table 2), applying our SDA
strategy to the SSD detector yields a substantial gain, ex-
ceeding 20 points in AP, over the Oracle baseline. This
highlights the critical role of domain adaptation, particu-
larly for shallow detectors. In contrast, deeper architec-
tures such as FCOS exhibit degraded performance when
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Source Only - 27.9 88.1 7.1 - 27.9 88.1 7.1
Oracle 250 80.9 98.9 98.9 500 86.2 98.9 98.9
SDA 250 86.6 98.9 98.9 500 87.2 98.9 98.9

FC
O

S Source Only - 27.2 85.6 6.5 - 27.2 85.6 6.5
Oracle 250 95.9 99.0 99.0 500 97.9 99.0 99.0
SDA 250 96.6 99.0 99.0 500 98.0 99.0 99.0

Table 3: Results on the SPARK dataset.

trained with source-domain data, with their Oracle results
surpassing SDA in both the Sunlamp and Lightbox splits.

A further noteworthy finding is that SSD with SDA out-
performs the Oracle performance of FCOS on both splits
by more than 5 AP points. This underscores the impor-
tance of domain adaptation when using lightweight de-
tectors, likely because SDA mitigates overfitting in mod-
els with fewer parameters.

On the SPARK dataset (Table 3), we observe perfor-
mance gains for both detectors under low-data regimes.
However, as the number of training images increases, the
gap between the Oracle and SDA models diminishes, and
their performances converge to a comparable level.

4.5. Qualitative Results

We present visual results of ORACLE and our method in
Figure 1 for all datasets. Our supervised domain adaptive
object detection method significantly improves the ORA-
CLE performance in all datasets by getting affected from
the background as in the first two rows and external light
sources as in the fourth row.

5. CONCLUSION

We presented a supervised domain adaptation approach
for spacecraft object detection using limited real-world
annotations. By combining domain-invariant feature
learning and invariant risk minimization, our method im-
proves performance under domain shift with minimal su-
pervision. Experiments on two space datasets and two
detector architectures show up to 20-point gains in aver-
age precision with only 200 labeled real images. These
findings demonstrate the practical value of the method
for real-world space applications with constrained anno-
tation resources.
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Figure 1: Visual comparison of ORACLE and our method on the three datasets used in experiments. Green boxes denote
the ground truth and red boxes shows the predictions. Our supervised domain adaptation significantly improves the
prediction performance across various cases such as earth background, another light source and close up imagery.
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