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Abstract—Source-Free Domain Adaptive Object Detection (SFDA-
OD) aims to apply a pre-trained detector from the source
domain to unlabeled data in the target domain. Existing methods
typically utilize techniques such as domain alignment and fine-
tuning model parameters to achieve satisfactory performance in
the target domain. However, even using SFDA approaches, the
accuracy of the model on the target domain remains significantly
accuracy gap compared to the fully-supervised model. In this
paper, we explore a new scenario Source-Free Active Domain
Adaptive Object Detection (SFADA-OD) to better enhance model
adaptability and performance within limited annotation, and
propose a novel approach named Learning Domain Distance for
Active Pick (LDDAP). Firstly, we design graph-aware distance
learning to calculate the distance between the encoded images and
the predicted instances, which better evaluate the distance between
domains in SFDA scenario. Secondly, we propose instance-aware
active sampling to facilitate instance-level distance associated
with other indexes to select the most valuable images, thereby
maximizing the effectiveness of the limited labeled information.
The results demonstrate a significant enhancement in performance
over baseline cross-domain models and other Active Learning
related methods on several well-known public datasets.In addition,
our model even surpasses fully-supervised results on the dataset
Pascal → Watercolor. Code is avaliable at LDDAP

Index Terms—domain, distance, object detection, active learning

I. INTRODUCTION

Object detection, a critical task in computer vision, involves
identifying and localizing objects within an image [1]–[3]. Deep
learning has significantly advanced the field, enabling models
to achieve remarkable performance on various object detection
tasks. However, challenges arise when the training and test data
distributions differ. This challenge is addressed by Domain
Adaptive Object Detection (DA-OD) [4], which aims to mitigate
performance degradation when applying a model trained on
one domain (source) to another related but distinct domain
(target). In many practical scenarios, accessing the source
domain data during deployment can pose significant risks or
breaches of privacy, especially when sensitive information is
involved, e.g., an autonomous driving system where the training
data consists of video recordings from urban environments that
include identifiable individuals and vehicles. This has led to the
development of Source-Free Domain Adaptive Object Detection
(SFDA-OD) approaches, which adapt models to new target
domains without requiring access to the source domain data,
thereby ensuring privacy and data security.

In Figure 1, lots of DA-OD and SFDA-OD methods have
been proposed to address domain shift issues, which have

Fig. 1. The performance comparison of domain adaptation methods in object
detection.

made considerable improvement compared to the Source Only.
However, both DA-OD and SFDA-OD methodologies still
fall short of the performance benchmark by the supervised
approach. As shown in Figure 1, there still exists a large
accuracy gap compared to fully-supervised method (at least
3.6% for KITTY → Cityscapes), which still faces difficulties in
real-world applications. To further enhance model adaptability
and performance, we integrate an active learning method to
this scenario, named Source-Free Active Domain Adaptation
for Object Detection (SFADA-OD), which helps us to be closer
to the fully-supervised way within limited annotation.

However, in this newly explored scenario, two specific
challenges arise that need to be addressed: (1) Difficulty
in evaluating the distance between different domains
for SFDA. Traditional domain adaptation methods exhibit
significant deficiencies and challenges in handling disparate
feature spaces, preserving structural information, enhancing
robustness, and reducing computational complexity. These
limitations hinder their ability to effectively measure distances
between different domains. (2) Inadequate consideration
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of instance-level measurement for SFADA-OD. Existing
Active Learning methods deployed in ADA or SFADA focus
on image-level active sampling and do not consider instance-
level measurement metric in cross-domain object detection
scenarios.

In this paper, we propose Learning Domain Distance for
Active Pick (LDDAP), which integrates Active Learning (AL)
with Domain Adaptation (DA) within a source-free object
detection context. To better evaluate the distance between
domains in SFDA scenario, we design graph-aware distance
learning (Sec. III-A) to calculate the distance between the en-
coded images and the predicted instances in both models using
Gromov-Wasserstein graph matching algorithm. Moreover, to
tackle the problem of inadequate consideration of instance-
level measurement in SFADA-OD, we propose instance-aware
active sampling (Sec. III-B) to facilitate instance-level distance
associated with other indexes to select the most valuable images,
thereby maximizing the effectiveness of the limited labeled
information.

To this end, our contributions in this paper could be
summarized as follows: (1) We are the first to explore Source-
Free Active Domain Adaptation for Object Detection (SFADA-
OD) scenario. While ADA and SFADA have been explored
in other tasks, our approach uniquely addresses significant
accuracy gaps in current research within the field of object
detection. (2) We propose a novel approach named Learning
Domain Distance for Active Pick (LDDAP) to address two
main challenges in SFADA-OD scenario, which contains graph-
aware distance learning and instance-aware active sampling.
(3) Our proposed LDDAP demonstrates superior performance,
achieving state-of-the-art results on several well-known public
datasets. This underscores the effectiveness of LDDAP in real-
world scenarios.

II. RELATED WORK

A. DA-OD & SFDA-OD

Domain Adaptive Object Detection (DA-OD) has been
extensively studied in the scenario of object detection, aiming
to mitigate performance degradation when models are applied
to target domains different from their training (source) domains
(e.g., Afan [5], ). Traditional DA methods leverage access to
both source and target domain data to align their distributions
and improve detection accuracy in the target domain (e.g.,
GPDA [6]). However, in many practical scenarios, accessing
source domain data during deployment can pose significant
risks or breaches of privacy.

To address these challenges, Source-Free Domain Adaptive
Object Detection (SFDA-OD) methods have been developed.
SFDA focuses on adapting models to new target domains with-
out requiring access to the source domain data, thereby ensuring
privacy and data security [7]. Existing SFDA-OD methods
often minimize the distance between domain distributions using
statistical measures to find domain invariance features (e.g.,
JS divergence [8], Wasserstein distance [9]). These methods,
however, face numerous deficiencies and challenges, including
difficulties in managing disparate feature spaces, maintaining

structural information, enhancing robustness, and reducing
computational complexity. These limitations impede their
capability to effectively measure distances between different
domains. To overcome this limitation, We develop a graph-
aware distance learning approach to compute the distance
between encoded images and predicted instances in both
models, utilizing the Gromov-Wasserstein graph matching
algorithm [10].

B. Active DA

To further enhance the performance and moderate the gap
with fully supervised methods, incorporating Active Learning
(AL) into DA and SFDA for object detection could be pivotal.
AL aims to enhance model performance by selectively labeling
the most informative data points from the target domain [11].
Existing work on combining Active Learning with Domain
Adaptation (DA) or Source-Free Domain Adaptation (SFDA)
has primarily focused on areas such as image classification (e.g.,
CLUE [12]) and semantic segmentation (e.g., SALAD [13]),
with limited attention to Source-Free Active Domain Adaptation
for Object Detection (SFADA-OD). Moreover, Current ADA
and SFADA methods primarily focus on image-level sampling
and overlook instance-level metrics in cross-domain scenarios
[14]. To address this issue, we adopt instance-aware active
sampling to incorporate instance-level distances along with
other metrics, enabling the selection of the most valuable
images and thus maximizing the effectiveness of limited labeled
data [15].

III. METHOD

Overview: The overall framework of LDDAP proposed by us
is illustrated in Figure 2. As depicted in the diagram, the essence
of our approach lies in how to extract relevant metrics from
the Teacher-Student structure. We start by initializing a limited
set of labels. After each iteration, the trained Teacher network
generates pseudo-labels for all unlabeled images, which are then
used to compute metrics such as image difficulty, information,
diversity and distance. Meanwhile, the Student network is
employed to generate style-enhanced image encodings and
instance encodings, and to calculate the distances between
the image encodings and instance encodings generated by the
Teacher network and their corresponding original images. Based
on these metrics, our model conducts active data augmentation.
In the following sections, we will provide detailed insights
into the application of LDDAP in semi-supervised domain
adaptation and active learning sampling.

A. Graph-aware distance learning

1) Unsupervised learning: For domain adaptation, unsu-
pervised learning is used to achieve domain transfer through
mutual learning between the student and teacher networks
[17], [18]. To cost-effectively enhance network accuracy, active
learning is utilized to select a small yet effective subset of
labeled target domain images. A critical aspect of unsupervised
learning is the estimation of the distance between the two
domains using an appropriate algorithm. In this context, the
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Fig. 2. We propose an overview of the Learning Domain Distance for Active Pick (LDDAP) method. This method employs a student-teacher architecture to
train domain adaptive modules. The scores generated by the teacher network, along with the cross-domain graph distances, are used to determine the samples
required for active learning. The student network undergoes supervised and unsupervised learning through gradient descent to update its parameters. These
updated parameters are then transferred to the teacher network using Exponential Moving Average (EMA) [16] adjustments.

Gromov Wasserstein distance is employed for this estimation,
with experimental results demonstrating its high effectiveness.

In the unsupervised segment, aligning domain styles between
the source and target domains becomes crucial. Considering
the image-level encodings generated after passing through the
network, along with the features generated through combining
these encodings with RPN, and various instance and prediction
values, which named instance-level encodings, combine the
distances that effectively reflect domain gaps in vector space.

Image-level Distance. For a target domain image x and
its corresponding style-enhanced imagex̂, we extract basic
features after the 30-th network layers and transform them into
two graph vectors, where V and V̂ represents nodes, denoting
features, C and Ĉ represents edges, denoting distances between
features. Here, we use cosine similarity to calculate. Based on
Gromov Wasserstein discrepancy [9], we obtain Dimgw through
the following equation:

Dimgw =
∑

i,j,m,n

L(Ci,j , Ĉm,n)Ti,mTj,n (1)

where L(·,·) is the Kullback-Leibler divergence to measure the
distance of the edges across graph, C and Ĉ here represent
the similarity matrices like cosine similarity matrices between
these features.. Since we input the same image, we expect
to have identical features in similar regions. So we construct
march matrix T = I , I is the identity matrix.

Instance-level Distance To enhance the discrimination
ability, we utilize instance-level features as described below.

f̃x = fx ⊙ p, f̃x̂ = f̂x ⊙ p̂ (2)

Here, f̃x ∈ RR×(C′·Nc) and f̃x̂ ∈ RR×(C′·Nc) are obtained
through a multilinear transformation ⊙ of the predictions and
the instance-level features.

When aligning instances, we encounter the challenge that
identical features may manifest in various regions, which
precludes the use of the identity matrix I as a direct sub-
stitute for T . Given the inherent noise in instance features, a
straightforward alignment of all features is not feasible; instead,
noise mitigation is imperative. To address this, we propose the
creation of a class relationship mask M designed to sift out
noise and features with low confidence. For the purpose of
assigning pseudo-labels to each region proposal, we introduce
a confidence threshold h, governed by the following criteria:

lr =

{
argmaxc pr,c if maxc pr,c ≥ h,

0 otherwise.
(3)

where lr represents the label for the r-th region, and 0 indicates
the background. h is a hyperparameter. This method filters out
unreliable labels. Next, we define M as follows:

Mi,m =

{
1 if li = lm and li ̸= 0,

0 otherwise.
(4)

By enforcing category consistency, M not only filters out
low-confidence features but also reduces redundant alignment
between features. Then, we construct a distance similarity
matrix Γ using cosine similarity, measuring the similarity
between different features based on the predictions of the
teacher model. Finally, we obtain graph matching matrix as
follows,

T = I + βM ⊗ Γ (5)

where ⊗ represents element-wise multiplication. β is a hyper-
parameter. The first term I is an identity matrix since there
is a correspondence between the features f̃x and f̃x̂ in the
same region. The second term filters out noise from Γ through
M enhances the matching between features with the same
category.
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For Lunsup, we use the D computed as Eq. (1), and add
a cross-entropy loss Lce calculated using the pseudo-labels
from the teacher network as the ground-truth for the student
network, to improve the student model’s discrimination ability.
The calculation of Lunsup is as follows:

Lunsup = Lce + γLimgw + λLingw (6)

Where Limgw = Dimgw, Lingw = Dingw, λ and γ are hyperpa-
rameters used to balance the loss components, fixed at 0.1.

2) Supervised learning: In this paper, we choose Faster-
RCNN based on VGG16 and ResNet50 as our fully supervised
detectors. We employ appropriate active sampling strategies
(discussed later) to select images requiring real labels with
richer information, and then utilize these real labels for
training. Given an unlabeled target domain image, we first
conduct a epoch of unsupervised domain adaptation to obtain
corresponding metrics, selecting the most informative images
to add to the labeled data pool. When the labeled data pool
is not empty, the student model transitions to semi-supervised
learning.

To update the parameters of the teacher model, we employ
the EMA [16] of the student model’s parameters, with the
hyperparameter η set to 0.999. This approach will guide the
teacher detector towards cross-domain style training.

B. Instance-aware active sampling

After a round of training in LDDAP , all images’ relevant
metrics are obtained, allowing us to assess which images
possess higher information gain. Our evaluation metrics include
Difficulty, Information, Diversity, and Cross-domain Distance.

Difficulty. Difficulty often utilized in semi-supervised learn-
ing to measure information gain, is computed through entropy
calculation on predicted probability values. A higher value
indicates a more challenging instance to detect. The formula
is as follows:

M diff
i = − 1

ni
b

ni
b∑

j=1

Nc∑
k=1

p(ck; bj , θt) log p(ck; bj , θt) (7)

where ni is the number of predicted bounding boxes after
non-maximum suppression and confidence filtering, Nc is the
number of object categories, and p(ck; bj , θt) is the probability
predicted by the teacher network for the k-th category on the
bounding box bj . Afterwards, we can determine whether the
image is difficult for cross-domain adaptation by M diff .

Information. Information is another critical metric. Unlike
Difficulty, richer information in object detection implies more
visual concepts present in the image, facilitating the learning
of additional detection patterns. The formula is as follows.

M info
i =

nb
i∑

i=1

confidence(bj , θ) (8)

where confidence(bj , θt) represents the highest confidence score
in the j-th bounding box predicted by the teacher network.
From equation (8), we can see that the larger M info, the more

instances recognized by the teacher network, indicating that
the image contains richer information.

Diversity. Diversity measures the number of categories
within an image, evaluated by the number of categories
remaining after non-maximum suppression(NMS) by a teacher
network. It is defined as:

M dive
i =

∣∣∣{cj}ni
b

j=1

∣∣∣ (9)

where cj represents the predicted category of the j-th bounding
box, and | · | denotes the cardinality. More categories imply
more visual concepts in this image.

Distance. Distance signifies the distance between the image
in the target domain and the source domain. As our model
aims to address domain shift issues, distance serves as a crucial
indicator of domain alignment. The distance score M dis is
calculated by

M dis
i = Dimgw + λDingw (10)

where Dimgw and Dingw is calculated by Eq.(1). Since we
believe that these two distances are equally important for
domain transfer, we set λ equal to 1. A higher value indicates
the image contains more abundant information across different
domains, promoting alignment from the source domain towards
the target domain.

Metric Fusion. With various metrics at hand, a rational
combination is necessary to derive a reasonable score for image
selection. Different metrics, however, may operate in different
vector spaces with varying scales, potentially affecting the
importance of each metric during evaluation. Thus, to mitigate
the impact of different scales, we employed batch normalization
with the formula

M̂m
i =

Mm
i

Mm
max

(11)

where m ∈ {difficulty, information, diversity, distance}
represent the metrics,and the Mm

max is the maximum value of
the metric.

After normalization, we have four samples in the same vector
space. Then we utilize Lp regularization to combine these four
samples into a single score, which is obtained by

MLp
=

(
n∑

i=1

wi|M̂i|p
)1/p

(12)

where n represent the image in unlabeled image pool, with each
image corresponding to one score, and wi are hyperparameters
stand for the weights of the 4 metrics. Based on experience, we
combine these three metrics using the L1 norm. Subsequently,
we select images in descending order based on these scores.
According to empirical findings, annotating 1% of the total
samples per epoch has yielded outstanding results, and we
finally select 10% of total images after 10 epoched.

IV. EXPERIMENTS

Datasets. In the Pascal→Clipart transfer scenario, Pascal1
[19] consists of 20 categories of natural images. Similarly,
Clipart [20] contains the same 20 categories and 1K clipart-
style images. We use around 15K images from the PASCAL
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VOC 2007 and 2012 training and validation sets to pre-train
the source model. In the Pascal →Watercolor scenario, the
Watercolor [20] dataset consists of 2K watercolor-style images
and shares 6 categories with Pascal. Following prior works [21],
we use the training and testing images to train and evaluate
our model accordingly. For the KITTI → Cityscapes transfer
scenario, KITTI [22] includes 7, 481 urban images distinct
from Cityscapes. Captured under normal weather, Cityscapes
[23], consisting of 2, 975 training images and 500 testing
images, have a total of 8 categories. Following standard settings
[24], we focus on detecting the car category and pre-train the
source model using all available data.

Implementation details. To ensure fairness, we follow the
experimental setup of [24], using Faster R-CNN as the base
detector. First, we employ the learning rate at 0.0001 and
employ the SGD optimizer to train the Graph-aware distance
learning module. Secondary, we set ω1 =0.1, ω2 =0.1, ω3=1,
ω4=1 by default in combining Instance-aware active sampling
. During testing, we report the mean average precision (mAP)
at an IoU threshold of 0.5.

A. Comparison with state-of-the-art methods

We compare our LDDAP with state-of-the-art SFOD and
UDAOD methods. SFOD methods include SFOD [24], which
focus on domain adaptation through data augmentation tech-
niques. UDAOD methods are limited to CTRP [25], which
uses collaborative training between region proposal localization
and classification and so on.

TABLE I
DETECTION RESULTS ON PASCAL → WATERCOLOR.

Methods Bike Bird Car Cat Dog Person mAP

Source Only 85.6 46.8 43.1 24.5 21.9 54.8 46.1

VDD [26] 90.0 56.6 49.2 39.5 38.8 65.3 56.6
PD [27] 95.8 54.3 48.3 42.4 35.1 65.8 56.9
UMT [28] 88.2 55.3 51.7 39.8 43.6 69.9 58.1

SFOD [24] 34.6 46.7 26.8 23.2 34.9 33.5 39.3
SOAP [29] 30.9 51.8 27.2 28.0 31.4 59.0 34.2
IRG [30] 38.5 73.4 34.4 33.2 49.2 62.3 54.1
LODS [31] 43.1 61.4 40.1 36.8 48.2 45.8 48.3

Random 68.5 57.3 56.0 51.7 52.6 75.4 60.2
LC 59.1 59.1 57.1 53.3 51.7 75.6 63.9
Entropy 87.6 71.9 65.3 49.3 55.0 78.0 67.8
MS 82.0 75.6 72.7 63.8 55.3 71.5 70.1
LDDAP (Ours) 100 75.7 67.5 66.8 65.0 79.5 75.7

Fully-Supervised 39.1 65.0 34.8 59.1 72.1 78.4 58.1

Pascal → Watercolor. In this scenario, we adapt the detector
from real images to watercolor-style images. Table I shows that
our method, LDDAP, achieves state-of-the-art performance with
a mAP of 75.7% after adaptation, despite the large domain shift.
Compared to the SFOD method, our performance improves by
21.6% at best, demonstrating the strong applicability of our
method across different image styles.

KITTI → Cityscapes. In this scenario, we assess the
adaptation performance of our method across different cameras,
as shown in Table II. As shown in Table II, our method,

TABLE II
DETECTION RESULTS ON KITTI → CITYSCAPES.

Methods AP on car Methods AP on car

Source Only 39.2 AIRA-DA [32] 45.2
CTRP [25] 43.6 SC-UDA [33] 46.4
CDN [34] 44.9 DAAF [35] 46.7

SFOD [24] 43.6 S&M [36] 49.7
IRG [30] 46.9 RPL [37] 47.8

Random 47.7 Entropy 48.1
LC 39.1 MC 48.0
LDDAP (Ours) 49.8 Fully-Supervised 53.3

LDDAP, achieves 52.7% in this adaptation scenario, performing
comparably to many recent methods that can access source data.
Compared to other SFOD methods, our method also achieves
better performance.

Pascal → Clipart. In this scenario, we transfer the object
detector from real images to clipart-style images, addressing
a significant domain shift. Our proposed method, LDDAP,
achieves state-of-the-art performance with a mAP of 63.6%,
an improvement of 18.4% over the SFOD method (from
45.2% to 63.6%). Compared to the state-of-the-art methods
that can access target data, our approach boosts the mAP by
19.5% (from 44.1% to 63.6%). Due to space constraints, the
table and our qualitative comparison will be presented in the
supplementary materials.

B. Ablation Study

We conducted an ablation study in the Pascal→Clipart
transfer scenario. We compared the effects of different metrics
in our supplementary materials. From the table, it can be seen
that the four metrics, namely difficulty, information, diversity,
and distance, are all beneficial to the domain transfer results.
Moreover, linearly combining them can achieve a better result,
which strongly demonstrates their effectiveness and helps the
object detector perform better across domains.

V. CONCLUSION

We propose a new active learning strategy for cross-domain
style transfer based on a teacher-student model, called Learning
Domain Distance for Active Pick (LDDAP). This strategy
selects the most valuable labeled images to enable the target
detector to adapt more quickly to new scenes. Based on
this strategy, we use an efficient method to calculate the
inter-domain distance and study sample selection from the
perspectives of difficulty, information, diversity, and distance.
Experimental results demonstrate the superior performance of
LDDAP, indicating that it effectively improves the performance
of the baseline network while reducing labeling costs, even
surpassing fully-supervised methods, confirming the effective-
ness of our approach. Furthermore, quantitative and qualitative
analyses provide useful insights for data annotation in practical
applications.
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