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Abstract

Domain incremental object detection in remote sensing ad-
dresses the challenge of adapting to continuously emerging
domains with distinct characteristics. Unlike natural im-
ages, remote sensing data vary significantly due to differ-
ences in sensors, altitudes, and geographic locations, lead-
ing to data distribution shifts and feature misalignments.
These challenges make it difficult for models to general-
ize across domains while retaining knowledge from previ-
ous tasks, requiring effective adaptation strategies to miti-
gate catastrophic forgetting. To address these challenges,
we propose the Dual Domain Control via Active Learn-
ing (Active-DDC) method, which integrates active learn-
ing strategies to handle data distribution and model feature
shifts. The first component, the Data-based Active Learn-
ing Example Replay (ALER) module, combines a high-
information sample selection strategy from active learn-
ing with the characteristic extreme foreground-background
ratio in remote sensing images, enabling the selection of
highly representative samples for storage in a memory
bank. The second component, the Query-based Active Do-
main Shift Control (ADSC) module, leverages the query
vector, a key element for DETR-based detectors, to im-
plement query active preselection and optimal transport
matching, thus facilitating effective cross-domain knowl-
edge transfer. Our method achieves optimal performance
in domain incremental tasks across four remote sensing
datasets, and ablation studies further validate the effective-
ness of both components.

1. Introduction

Deep learning has greatly advanced remote sensing ob-
ject detection, but domain-incremental learning remains
challenging due to shifting imaging conditions, sensor
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Figure 1. Data and Feature Shift: (a) Illustrates the data distribu-
tion for two-task and four-task settings, along with the combined
training data distribution generated by ALER, demonstrating its
effectiveness in balancing data distribution shifts. (b) Presents the
T-SNE visualization of query features from the Fine-tuning model
and the ADSC-trained model on incremental data, highlighting
ADSC'’s capability in mitigating feature shift.

types, and geographic variations. Unlike natural images,
remote sensing data exhibit complex distributions, making
it difficult for models to generalize across domains while
retaining past knowledge. In this setting, models must de-
tect objects in new domains without catastrophic forget-
ting. However, conventional methods struggle with data
distribution shifts and feature misalignment caused by do-
main changes. These challenges are further amplified in
remote sensing, where heterogeneous data sources and ex-
treme foreground-background imbalances complicate adap-
tation, requiring more effective strategies for knowledge re-
tention and domain adaptation. Traditional object detection
methods struggle to generalize across domains, especially
when new data from different environments or conditions



becomes available. This issue is particularly pronounced
in remote sensing, where large-scale, high-dimensional im-
ages introduce both data distribution shifts and feature mis-
alignments.

Incremental object detection methods can be categorized
into knowledge distillation-based methods [8, 9, 22, 28, 47],
example replay-based methods [8, 9, 16, 26, 27], and
adapter-based methods [10, 37, 38, 41, 43]. Knowledge dis-
tillation and example replay methods are particularly effec-
tive as they do not require additional network parameters,
making them popular in incremental learning. While some
methods perform well in multi-domain incremental object
detection tasks on natural images, remote sensing images
present unique challenges, particularly in data and feature
distribution.

Remote sensing images are captured under diverse con-
ditions—different sensors, altitudes, and geographic loca-
tions—resulting in notable domain shifts across datasets, as
shown in Fig. 1(a). Variations in resolution, scale, and spa-
tial layout further hinder model generalization. In contrast,
natural images are typically acquired under more consistent
settings, leading to relatively stable data distributions.

Remote sensing images also exhibit complex, multi-
scale characteristics, including objects with diverse shapes
and sizes, along with rich contextual cues such as terrain
and vegetation, as illustrated in Fig. 1(b). These factors
challenge the extraction and alignment of features across
domains. By comparison, natural images tend to contain
more standardized objects and consistent contexts, making
cross-domain knowledge transfer significantly easier.

To address the above challenges, we propose the Dual
Domain Control via Active Learning (Active-DDC) frame-
work. The first component, Data-based Active Learning
Example Replay (ALER), mitigates data distribution shifts,
as illustrated in fig. 1(a). It employs an active learning strat-
egy to select representative samples, which are stored in a
memory bank. By preserving essential information from
previous domains, ALER effectively minimizes the impact
of data distribution shifts as new domains emerge. The
second component, Query-based Active Domain Shift Con-
trol (ADSC), addresses the feature shift problem inherent in
domain-incremental learning, with its control effect on fea-
ture migration depicted in fig. 1(b). By leveraging a query
selection strategy combined with optimal transport match-
ing, ADSC facilitates knowledge distillation from the pre-
vious domain. The class distillation mechanism helps pre-
serve essential features, ensuring that the model effectively
retains critical knowledge while adapting to new domains.

The main contributions of this work are summarized as
follows:

e To the best of our knowledge, we are the first to for-
mulate the task of domain-incremental object detection
for remote sensing images and propose the Active-DDC
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method.

We introduce the Data-based Active Learning Example
Replay (ALER) module, which effectively mitigates data
migration in incremental tasks and enhances the represen-
tativeness of selected examples.

We propose the Query-based Active Domain Shift Con-
trol (ADSC) module, which addresses feature shifts in
incremental tasks and enables effective cross-domain
knowledge transfer through query-based preselection and
optimal transport matching.

Extensive experiments demonstrate that our approach
achieves state-of-the-art performance, with ablation stud-
ies further validating the effectiveness of our proposed
modules.

2. Related Work

Incremental Object Detection (IOD). As a typical ex-
tension of incremental learning, IOD aims to handle both
old and new task data appearing simultaneously in images.
In this task, Knowledge Distillation (KD) [4, 15, 29, 39] has
been widely adopted for its ability to leverage prior knowl-
edge from new training samples, thereby minimizing dis-
crepancies between the responses of the previous and cur-
rent models [3, 13, 31, 45]. A pioneering approach, ILOD
[36], applies knowledge distillation to Fast R-CNN [11] to
retain responses for old classes, effectively mitigating catas-
trophic forgetting.

Subsequently, knowledge distillation has been extended
to various object detection frameworks, including SID [32]
on CenterNet [46], RILOD [19] on RetinaNet [24], and
ERD [9] on GFLV1 [23]. Further advancements have ap-
plied this technique to Faster R-CNN [34], with methods
such as CIFRCN [14], Faster ILOD [31], DMC [42], BNC
[7], and IOD-ML [17]. More recently, knowledge distilla-
tion has been integrated into Transformer-based detectors,
leading to methods such as CL-DETR [28], DyQ-DETR
[43], and Incremental-DETR [8], leveraging architectures
like DETR [2], UP-DETR [6], and Deformable DETR [48].

Exemplar Replay (ER) is another key strategy in incre-
mental object detection [1, 12, 33, 35]. ORE [16] uses an
exemplar set for fine-tuning, while AFD [26] introduces
adaptive sampling, and CL-DETR [28] applies distribution-
preserving calibration. ABR [27] further enhances replay
with a mosaic-based approach. However, these methods of-
ten rely on exemplars with incomplete annotations, over-
looking their informativeness and reliability. In domain-
incremental object detection, this limitation weakens cross-
domain knowledge transfer, making it harder to address data
and feature distribution shifts.

Transformer-based Object Detection.  Detection
Transformer (DETR) [2] redefines object detection as a
set prediction problem, using a transformer-based archi-
tecture to model object relationships via global attention.
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Figure 2. Overview of our Active-DDC framework. During cross-domain adaptation, ALER first selects highly representative samples and
stores them in a memory bank. Then, the model is jointly trained using both the memory bank and the new domain data. Finally, ADSC
controls query vector shifts to mitigate domain drift. Active-DDC effectively suppresses both data and feature shifts caused by domain

changes.

It eliminates the need for hand-crafted components like
non-maximum suppression by employing learnable object
queries and Hungarian matching [18]. To improve effi-
ciency, Deformable DETR [48] introduces sparse attention
on multilevel feature maps, accelerating convergence and
enhancing small-object detection. Various DETR variants
[6, 20, 25, 30, 49] further refine performance. Our method
is built upon the widely adopted Deformable DETR.

3. Method
3.1. Problem Definition

Object detection primarily focuses on accurately identi-
fying and localizing objects of interest within an image. Let
(z,y) € D denote a dataset D, where x represents the im-
ages and y corresponds to their ground truth labels. An ideal
object detector Fy(x) should generate a set of predictions ¢
from the features fy(x) extracted from the input image.

Domain incremental object detection aims to train a
model to detect objects across a sequence of 7" tasks, where
each task D! = (2!, y') consists of a set of images x* from
the ¢-th domain. The model should be able to detect ob-
jects in new domain images x! while preserving its ability
to detect objects in previously encountered domains 21,
without experiencing catastrophic forgetting.

However, domain increment introduces two primary ef-
fects: the shift in data distribution and the shift in feature
vectors. Specifically, let iy = [E[2!] represent the mean
of the image data in the ¢-th domain, and 0? = Var(z?!)
represent the variance of image data in the t¢-th domain.
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The distribution of image data in the ¢-th domain can be
expressed as X' ~ N(u¢, 07). Similarly, fi(z!) denotes
the features extracted by the model F} in the ¢-th do-
main. The shifts in data distribution and feature vectors
between the ¢-th domain and the (¢ — 1)-th domain can be
defined as D(X*, X*~1) and D(f}(x"), fi~ (")), respec-
tively. These two types of shifts contribute to catastrophic
forgetting, ultimately causing the detector to perform poorly
on data from incremental domains.

3.2. Overall Framework

Our proposed Dual Domain Control via Active Learn-
ing (Active-DDC) framework is designed to tackle the chal-
lenges of domain-incremental object detection by mitigat-
ing data distribution shifts and model feature shifts through
a combination of active learning and knowledge distilla-
tion strategies. Active-DDC consists of two key modules:
Data-based Active Learning Example Replay (ALER) and
Query-based Active Domain Shift Control (ADSC). As il-
lustrated in fig. 2.

To counteract data distribution shifts, the ALER module
leverages an active learning-based high-information sam-
ple selection strategy, ensuring that the most representa-
tive samples are stored in the memory bank for effective
knowledge retention. To address model feature shifts, the
ADSC module exploits query vectors in DETR-based de-
tectors, implementing query preselection and an optimal
transport-based matching mechanism to achieve effective
many-to-many query alignment, thereby enhancing cross-
domain knowledge transfer.



Our method is applied to Transformer-based detec-
tors, Deformable-DETR and DETR. Compared to DETR,
Deformable-DETR introduces deformable attention, which
significantly reduces computational cost and enhances de-
tection performance, particularly for small and dense ob-
jects.

3.3. Active Learning Example Replay

Example Replay (ER) mitigates data distribution shifts
by replaying past samples, reducing variance, preventing
overfitting, and accelerating learning. Active learning fur-
ther enhances this by selecting the most informative sam-
ples rather than relying on random selection. To address
distribution shifts, we propose Active Learning Example
Replay (ALER), which selects representative samples based
on factors like representativeness, uncertainty, and diffi-
culty. These samples are stored in a memory bank and
trained alongside new task data. By dynamically updating
the memory bank, ALER helps retain knowledge from pre-
vious domains while adapting to new ones. Figure 2 illus-
trates the ALER pipeline.

At the start of task ¢, ALER pre-selects difficult samples
based on the false positive rate (FPR) and false negative rate
(FNR), which are stored in the memory buffer B~ for fur-
ther processing after task ¢ — 1 training. The memory buffer
and bank are denoted as B and M, respectively, with a lim-
ited size. Sample selection is crucial for performance. After
applying the scoring ranking mechanism, the memory bank
M*=! holds highly representative samples. The ranking
mechanism considers information complexity, sample dif-
ficulty, and foreground-background uncertainty, following
active learning principles to score and retain high-scoring
samples for joint training with D¢ during task ¢.

First, based on the active learning strategy of informa-
tion entropy, images with higher entropy contain more de-
tailed and structured information, while images with lower
entropy tend to contain less information and are often sim-
ple or flat regions. The information entropy of the image x
in the memory buffer is calculated as follows:

N
H(z) == pilog,pi, (1)
=1

where p; represents the probability of the ¢-th color level oc-
curring in the image, and N is the total number of possible
color levels.

Inspired by the DyQ-DETR [43] method and the extreme
foreground-background ratio in remote sensing images, we
then calculate the average foreground-background ratio for
each image:
pel ) size(fg(k))

Ny - size(x)

. 2

Tave ()
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where Np, () is the number of foreground objects in image
x, and size(+) represents the dimension calculation.

Subsequently, the score mapping function maps the av-
erage foreground-background ratio to the risk level of the
sample:

R(z) = ke trmee(®) 4 koo~ (rae(@)—c1) 4 ca, (3
where rue(z) represents the average foreground-
background ratio of the sample, k£, b, and c are the
mapping coefficients, respectively. Serving as the risk
assessment metric from the DyQ-DETR [43] method.
However, our approach places greater emphasis on the
difficulty and risk associated with remote sensing images.
As a result, the score mapping function assigns a higher
value when the average foreground-background ratio
Tayg () is low.

The final score is composed of both the image informa-
tion entropy and the foreground-background ratio:

S(x) = aH(x) + SR(z), 4)

where « and (3 are the information weight and risk weight,
respectively. The score S(z) ultimately determines whether
image x from the memory buffer B! is selected to be
loaded into the memory bank M*~! for multiple rounds of
training.

During cross-task learning, the model first tests the sam-
ples in the memory bank M®~! and stores the difficulty
pt—1 of the current samples in the memory bank. Then,
during the hard sample selection, the difficulty p; of the new
task samples is stored. The ratio of p;_1 to p; is used to de-
termine the number of new task samples to be loaded into
the memory bank M®. When discarding old task samples,
the model also uses a score ranking mechanism, where sam-
ples with lower scores are discarded.

Based on entropy and foreground-background ratio
scores, ALER dynamically selects and discards samples
from both new and old tasks. This selective approach
helps the model better adapt to new domains while retaining
knowledge from previous domains, reducing the impact of
data distribution shifts.

3.4. Active Domain Shift Control

In incremental object detection, knowledge distilla-
tion helps mitigate catastrophic forgetting by transferring
knowledge from previous tasks. In DETR-based detectors,
query vectors play a crucial role, representing potential de-
tections that interact with image features to predict objects.
To address feature shifts, we propose Active Domain Shift
Control (ADSC), which integrates knowledge distillation
with active learning. ADSC first preselects highly overlap-
ping queries for distillation, then applies optimal transport
for multi-to-multi query matching, enhancing knowledge



transfer. This allows the student model to retain essential
knowledge while extracting richer semantic information.

In DETR, the query vectors are unordered and dynamic.
They do not have any inherent order or explicit category la-
bel association, and during training, the query vectors are
dynamically adjusted based on the features of the input im-
age. Additionally, the focus of each query may shift as the
task progresses. To address this, query Active Preselec-
tion is applied to preselect and match query vectors. Af-
ter the training of task ¢ — 1 is completed, we use both the
teacher model Fg ~1 and student model F} to perform de-
tection and calculate the Intersection over Union (IoU) be-
tween their predicted boxes. Based on the IoU values, we
filter out query vectors with significant overlap for subse-
quent knowledge distillation. This step effectively removes
queries with low semantic relevance, thereby reducing inef-
fective learning.

To preselect queries, we calculate the Intersection over
Union (IoU) between each query and the prediction boxes
from the teacher model. Let the predicted boxes from the
student model in task ¢ be bg, and the predicted boxes from
the teacher model in task ¢t — 1 be biil. Then, we set a
threshold ToU,esn, and select queries whose IoU exceeds
this threshold for distillation. The final query preselection
can be expressed as:

( t t—1 )_
selected? “Uselected/

{(@,Q"") | ToU(bL, b, ") > ToUpresn |
where (; is the selected query vector, which satisfies the
condition that the IoU with the teacher model’s predicted
box is greater than the set threshold IoUpyesp.

Our method focuses on the distribution of query vectors
between the target and source models. Let &; and &, rep-
resent the query vector distributions of the teacher model
F}~" and the student model F, respectively. Q¢ and Q™!
are the individual query elements in these distributions. We
construct a cost matrix based on the Intersection over Union
(IoU) and cosine similarity, where higher IoU overlap and
higher cosine similarity imply lower cost.

The optimal transport (OT) distance between the
teacher’s and student’s query vectors can be expressed as:

manZC ql, ¢

i=1 j=1

&)

7T t—1
aj.q;

m n
S.t.ZW ettt = = S;, ZTF tgtt = = d;,
i=1 j=1 (6)
m n
IR WA
i=1 j=1
qu,q* 120, +=1,2,...m, j=12...n.
where C(qt, ¢!~ q; 1) represents the cost matrix; ¢¢ € Q,j.ceqr
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j '€ Q'L denote query vectors from the current task
t and the previous task ¢ — 1, respectively. Tgt,qt=1 TEPre-
sents the optimal matching plan for transferring queries; s;
and d; are the distribution constraints. m and n represent
the number of pruned Queries in model ¢ and model ¢t — 1,
respectively.

The cost matrix C,

4t.qt—1 18 determined by both the IoU
and cosine similarity:

Clal,qi") = o
A1 IOU(bfa bé‘_l) + )‘2(1 - Cos(qz,q; 1))a

where b! and b;‘l are the bounding boxes corresponding to
queries ¢! and q§_1, A1 and \g are weighting hyperparame-
ters that balance the contribution of IoU and cosine similar-
ity in the cost calculation.

By introducing entropy regularization, the Sinkhorn al-
gorithm enables the OT problem to be solved efficiently
through smoothing. The optimization problem then be-
comes:

t—1

q; min

LgT(Qza )_ cU(q! gt 1)<7T,C>— H(ﬂ.>7 (8)
™ qt,

where A > 0 is a regularization coefficient and H () repre-
sents the entropy constraint, defined as:

Z?Tt t— 110g 7thqf 1)

This optimal transport method ensures that the student
model learns richer knowledge from the teacher model
by aligning query vectors between the target and source,
thereby enhancing performance in incremental tasks.

After the optimal transport matching of the query vectors
between the target and source models, the loss is computed
between the matched query vectors. Let ¢¢ and ¢/ " be the
query vectors from the teacher and student models for task
t and task ¢t — 1, respectively. The matching loss can be
expressed as:

€))

ZCCE 24

T
qt,qt—1

mat B )5

(10)

where 74t 401 is the optimal transport plan indicating the
matching between the teacher and student queries.

3.5. Overall Loss

The training loss of Deformable-DETR mainly consists
of two components: the classification loss and the bounding
box loss:

‘Cdet = £cls + ‘Cbboa:u (11)



‘ HRRSD LEVIR DIOR DOTA Joint Test
Methods mAP AP50 mAP AP50 mAP AP5() mAP AP50 mAP AP50 AP75
Joint Training (Faster-RCNN) 722 973 587 871 51,6 79.0 427 656 | 459 733 515
Fine-tuning (Faster-RCNN) 39.5 704 221 52.0 268 59.5 31.8 624 323 61.1 29.6
Faster-ILOD [31] 422 749 232 550 309 626 326 621 327 622 31.1
ORE [16] 46.1 792 239 569 308 639 326 61.0 | 313 603 300
Joint Training (Deformable-DETR) | 74.3 97.8 61.7 88.6  48.7 77.0 363 62.1 444 712 473
Fine-tuning (Deformable-DETR) 366 715 22.1 50.0 268 59.5 326 61.0 31.3 60.3 30.0
CL-DETR [28] 47.0 78.0 23,6 523 286 610 356 608 326 619 310
Incre-DETR [8] 33.8 566 245 556 297 624 369 629 | 338 640 322
DyQ-DETR [43] 528 8.0 269 596 268 595 367 615 340 632 328
LDB* [37] 46.5 819 240 523 269  60.7 36.8  63.0 324 633 30.8
ours 495 869 291 639 326 695 359 628 | 362 678 350

Table 1. The table presents the performance comparison of sate-of-the-art methods on four remote sensing datasets. Evaluation metrics
include mAP, AP5o, and AP75. The Joint Test column reports the overall performance across all datasets, indicating the model’s ability to
retain knowledge from previously encountered domains. The best results for each metric are highlighted in bold. The domain-bias module

of the LDB* method is applied to the DETR detector.

ALER  ADSC | mAP  APsy APz
- - - 31.3 60.3 30.0
£ v - 34.7 65.1 314
& - v 33.9 64.0 34.9
2 v v 36.2 67.8 35.0
= : - 24.5 58.4 14.4
%’ v ; 291 617 266
= - v 28.3 60.2 27.9
iz v v 32.7 62.8 30.8

Table 2. The ablation study results for the ALER and ADSC mod-
ules across two different fine-tuning sequences.

The final loss of our method is backpropagated by the
matching loss and the original detector loss of Deformable
DETR:

Liotal = Lmat + Ldet- (12)

4. Experiments

4.1. Datasets and Implement Details

To evaluate the effectiveness of our proposed Active-
DDC method, we conducted experiments on four widely
used remote sensing object detection datasets: HRRSD
[44], LEVIR [50], DIOR [21], and DOTA [40].

To simulate domain-incremental object detection in re-
mote sensing, we applied class pruning across all datasets.
Specifically, except for LEVIR, we pruned the categories in
the other datasets to three classes: ship, airplane, and oil
tank. These datasets, collected from heterogeneous sensors
and covering diverse and complex detection scenarios, pro-
vide a strong benchmark for evaluating our method’s perfor-
mance in domain-incremental object detection. Addition-

3814

Sequence I HR LE DI DO JT
Joint Training | 973  87.1 790 65.6 | 723
Fine-tuning 719 520 59.6 624 | 634
ours 8.9 639 695 628 | 67.8

Sequence 11 LE HR DO DI JT
Fine-tuning 584 793 474 717 | 584
ours 634 915 517 739 | 628

Sequence I1I DI DO HR LE JT
Fine-tuning 41.0 336 584 765 | 36.6
ours 48.8 405 740 850 | 425

Table 3. Performance of our method across different sequences.

ally, images from the DOTA dataset were cropped into a
fixed size of 1024x1024 pixels.

Our proposed method, Active-DDC, is implemented un-
der the MMDetection [5] framework in Python. Unless oth-
erwise stated, all the hyper-parameters follow the default
settings of the corresponding student model for both train-
ing and testing.

4.2. Results and Analysis

To assess the effectiveness of our proposed method,
we conduct a comparative evaluation against several state-
of-the-art incremental object detection approaches on four
widely used remote sensing datasets: HRRSD, LEVIR,
DIOR, and DOTA. The evaluation metrics: mAP, APsg,
and AP75 to ensure a comprehensive performance assess-
ment.

As shown in Table 1, our method consistently out-
performs existing incremental object detection techniques
across all datasets. Notably, it achieves the highest mAP



Methods HR LE DI DO JT
Joint Training 97.8 88.6 77.0  62.1 71.2
Fine-tuning 715 500 595 61.0 | 603
ER [31] 743 544 612 610 | 61.1
ABR* [27] 70.8 516 594  61.1 60.3
RPC [43] 785 561 620 615 64.7
our ALER 798 565 623 617 | 65.1

Table 4. Comparison of different Example Replay methods.

Methods HR LE DI DO JT
Joint Training 97.8 88.6 77.0 62.1 71.2
Fine-tuning 71.5 500 595 61.0 | 60.3
DETRDistill [4] | 72.7 51.6  59.0 612 | 61.0
KD-DETR [39] 79.5 541 60.6 619 | 634
our ADSC 798 539 61.6 62.0 | 64.0

Table 5. Comparison of different Knowledge Distillation methods.

on HRRSD (49.5%), LEVIR (29.1%), DIOR (32.6%), and
DOTA (35.9%), demonstrating strong adaptability across
diverse domains.

Compared to previous methods, our approach signifi-
cantly surpasses CL-DETR and Incre-DETR, which also
employ knowledge distillation, and outperforms DyQ-
DETR and LDB, which rely on adaptor-based techniques.
For instance, in the joint evaluation, our method outper-
forms CL-DETR, Incre-DETR, DyQ-DETR, and LDB by
5.9, 3.8, 4.6, and 4.5 percentage points in terms of APj5g,
respectively. These results highlight the effectiveness of
our ALER and ADSC, which collectively enhance feature
transfer mitigation in domain-incremental object detection.
In the Joint Test, which evaluates the model’s ability to re-
tain knowledge from previously encountered domains, our
method achieves the best overall performance. This sug-
gests that our approach effectively alleviates catastrophic
forgetting while adapting to new domains.

4.3. Ablation Study

Modules ablation study. As shown in Table 2, the abla-
tion study results for the Active Learning Example Replay
(ALER) and Active Domain Shift Control (ADSC) modules
are presented. The experiments use mAP, AP5g, and AP35
as evaluation metrics, conducted under the Sequence I and
Sequence II settings.

In both Sequence I and Sequence II, using ALER or
ADSC individually improves performance, indicating that
both modules are highly adaptable to different data se-
quences. The best performance is achieved when ALER and
ADSC are combined in both fine-tuning sequences. In Se-
quence I, mAP increases from 31.3% to 36.2%, AP5, im-
proves by 7.5%, and AP75 increases by 5.0%; in Sequence
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Figure 3. The Impact of Domain Increment in Remote Sensing
Images on Data Distribution and Model Feature Shifts, and the
Balancing Effect of Our Approach on These Impacts.

II, mAP increases from 24.5% to 32.7%, AP 5o improves by
4.4%, and AP75 increases by 16.4%. These results demon-
strate that our method exhibits strong robustness in domain
incremental object detection, effectively mitigating catas-
trophic forgetting, and consistently improving performance
across different task sequences.

Sequences ablation study. As shown in Table 3, our
method consistently surpasses Fine-tuning across all se-
quences and datasets. It enhances individual dataset perfor-
mance while achieving better overall results in joint tests.
The improvements are especially notable in sequences with
complex domain shifts, demonstrating the robustness of our
approach. However, detection performance remains sensi-
tive to sequence order, influenced by domain difficulty and
differences.

ER ablation study. The ER method, a common ap-
proach in incremental learning, has many variants. Com-
pared to previous ER methods, our ALER method integrates
an informative evaluation strategy based on active learning,
which combines the risk and difficulty of remote sensing
samples for sampling. This makes our method more advan-
tageous for remote sensing image data with domain shifts.
We compare our approach with the ABR [27] method using
mixup and mosaic augmentation strategies, as well as the
Risk-balanced Partial Calibration (RPC) [43] method. As
shown in Table 3, our method outperforms both the ABR
and RPC methods across four task datasets and joint tests,
demonstrating the superiority of ALER for this task.

KD ablation study. Similarly, knowledge distillation
(KD) has been used to mitigate catastrophic forgetting.
However, traditional KD methods, which focus on logit or
pseudo-label distillation in DETR-based detectors, struggle
with feature shifts in domain-incremental object detection.
Since queries are unique to DETR-based detectors, query-
based KD is gaining attention. KD-DETR [39] introduces
dedicated object queries for distillation, using a progressive
sampling strategy. DETRDistill [4] constructs soft masks
for feature-level distillation by computing the similarity be-
tween query embeddings and feature representations. Table
5 compares the performance of DETRDistill, KD-DETR,
and our ADSC method in domain-incremental tasks.



Figure 4. Visual detection results of images. The Ground truth, Fine-tuning, CL-DETR, Incre-DETR, DyQ-DETR and ours method are
compared respectively. All methods are sequentially trained and evaluated in the joint test.

4.4. Sensitivity to Hyperparameters

As shown in fig. 3, we conducted a parameter sensitivity
analysis. In Eq.(4) and Eq.(7), « and S are the informa-
tion weight and risk weight. 1 = « : 8 r; represents the
ratio between informativeness and risk. A lower rq indi-
cates a preference for selecting samples with higher risk but
lower informativeness, whereas a higher r; favors samples
with greater informativeness and lower risk. 7o = Ay : Ay
represents the ratio between IoU weight and cosine similar-
ity weight. A lower 75 indicates a preference for selecting
samples with higher IoU overlap but lower similarity. Con-
versely, a higher ro favors samples with greater similarity
but lower overlap confidence.

4.5. Visualization Analysis

As illustrated in fig. 4, we conducted a series of vi-
sualization experiments on detection results across differ-
ent domains. The visualizations clearly highlight the ef-
fectiveness of our proposed method in accurately identi-
fying objects under varying domain conditions. Notably,
our approach not only maintains high detection precision
in newly introduced domains but also effectively mitigates
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catastrophic forgetting by retaining critical knowledge from
previously learned domains. This demonstrates the model’s
strong ability to generalize and adapt, ensuring stable, re-
liable, and consistent performance in domain-incremental
object detection scenarios.

5. Conclusion

We propose Active-DDC, a novel framework for
domain-incremental object detection in remote sensing im-
ages. To address domain shifts and catastrophic forgetting,
Active-DDC incorporates two key components: ALER and
ADSC. ALER uses active learning to select and store rep-
resentative samples, preserving essential knowledge from
past domains. ADSC enhances cross-domain knowledge
transfer by using query-based optimal transport to align
features. Together, these modules improve model adapta-
tion across various remote sensing datasets. Experimental
results show that Active-DDC outperforms existing meth-
ods, achieving state-of-the-art performance. Ablation stud-
ies confirm the effectiveness of ALER and ADSC in reduc-
ing distribution shifts and enhancing model stability.
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