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Abstract

Source-free unsupervised domain adaptation aims to elimi-
nate domain shifts when data from the source domain and an-
notation from the target domain are not available. The multi-
object detection tasks in medical image analysis are con-
strained by patient privacy and extremely huge annotation
consumption. Hence, Source-free UDA is considered a more
practical approach for eliminating the domain gap. How-
ever, relevant research that explores this topic is a dearth. In
this paper, we design an Anatomy-aware Alignment Teacher-
Student learning method using topological consistency based
on a mean-teacher framework for Source-free UDA in mul-
tiple medical object detection named AATS, including Unsu-
pervised Structure Refinement (USR) and Graph-aware Mor-
phology Alignment (GMA). To match the student and teacher
at the low-level and visual features, we propose the USR via
an unsupervised clustering algorithm to group organs in ultra-
sound images. Based on USR, we obtain a graph with organ
relations on the teacher branch. While in the student branch,
we acquire visual features to construct graphical space and
optimize the model with graph propagation. Finally, to match
the student and teacher, GMA is designed to align the teacher
and student based on both topology and morphology infor-
mation that is derived from prior medical knowledge. Four
groups of adaptation experiments were conducted on avail-
able medical datasets, and the outcomes demonstrate that our
approach not only achieves state-of-the-art performance but
also provides substantial advantages over existing methods.

Code — https://github.com/xmed-lab/AATS

Introduction
Medical multi-object detection deep models, which is essen-
tial for downstream tasks such as imaging quality control
(Lin et al. 2019), standardized automatic screening (Baum-
gartner et al. 2017), and auxiliary diagnosis (Nguyen et al.
2021; Yang et al. 2024), are often deployed across several
different domains/hospitals. However, there are wide do-
main shifts between the data collected by different hospi-
tals due to the use of different medical devices and the skills
of the scanning physicians. Therefore, d1irectly applying a
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Figure 1: Motivation of our AATS. Left Ventricle (LV),
Right Ventricle (RV), Left Atrium (LA), Right Atrium (RA),
Spine (SP), and Descending Aorta (DAO). Our adaptation
technique obviates the need for source domain data and
leverages solely the pre-trained weights that suffice to safe-
guard the privacy of the source domain. Upon observations,
it becomes evident that capitalizing on the inherent topo-
logical consistency of anatomical structures across various
domains can effectively bridge domain gaps.

model trained within medical center A to data from medi-
cal center B may result in diminished detection performance
or render the approach ineffective. Meanwhile, obtaining a
large number of detailed box-based annotations for different
domains is usually costly/ unavailable. Domain adaptation
techniques have been developed to address the cross-domain
adaptation problem in the absence of labeled target domain
data, such as unsupervised domain adaptation object detec-
tion (UDAOD) (Oza et al. 2023) and Source-free UDAOD
(Li et al. 2024).

UDAOD requires source-domain data to be trained to-
gether with target-domain data, often utilizing techniques
such as invariant feature learning (Vs et al. 2021), self-
training (Zhao et al. 2020), image translation (Chen et al.
2020), and domain randomization (Kim et al. 2019) to im-
prove detection performance. In some specific real-world
medical scenarios, patient privacy concerns or data storage
limitations may prevent the availability of the source data.
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Contrary to traditional UDA approaches, Source-free UDA
eliminates the necessity for access to source domain data,
relying instead on lightweight pre-trained weights from the
source domain. This characteristic suggests that Source-free
UDA methods may offer greater applicability and practical-
ity in real-world medical scenarios.

However, most previous source-free UDA methods (Shen
et al. 2023; Yang et al. 2022; Qiu et al. 2021; Kundu
et al. 2022) have focused on natural scene. While pioneer-
ing works (Liu, Li, and Yuan 2023; Liu and Yuan 2022)
on Source-free UDA have been explored in single-object
detection in medical scenarios, their application in clinical
settings underscores a critical gap. In the realm of health-
care, the significance of multi-object detection extends be-
yond mere identification; it serves as a vital tool for training
novice physicians and enhancing the accuracy of assisted
diagnoses (He et al. 2024). The interdependence of medi-
cal objects means that the absence or anomaly of one can
indicate complications or deficiencies in others, highlight-
ing the indispensable role of multi-object detection in ad-
dressing such complexities. Furthermore, a body of research
has consistently highlighted the necessity and benefits of
multi-object detection in medical imaging, advocating for
its integration to improve diagnostic processes and patient
outcomes (Lin et al. 2019). The previous neglect and lim-
ited exploration of medical multi-object cross-domain adap-
tation detection underscore the unique challenges in this
field. Unlike Sourc-free UDAOD for natural images, med-
ical images come from human body scanning and contain
a lot of a priori knowledge, such as extensive anatomical
knowledge. For example, in natural image detection scenar-
ios, where targets are irregular and cluttered, the very pop-
ular SIGMA (Li, Liu, and Yuan 2022) and SIGMA++ (Li,
Liu, and Yuan 2023) may not be applicable in medical im-
age analysis due to their failure to capture anatomical knowl-
edge well. In medical scenarios, the prototype-anchored fea-
ture alignment (Yu et al. 2023) may not provide alignment
of the topological information of invariant anatomical struc-
tures, leading to adaptation performance degradation. In this
work, to exploit the anatomical knowledge between the med-
ical multi-objects, we propose a Anatomy-aware Alignment
Teacher-Student (AATS) learning framework for Sourc-free
UDA detection task. This represents the first application of
a source-free UDA method in medical detection.

Based on our observations, medical images exhibit a wide
variation of the same object/organ across different domains
(Pu et al. 2021), especially in medical ultrasound images
(Chen et al. 2017). However, Fig. 1 illustrates that med-
ical objects from various domains exhibit visual variabil-
ity while maintaining topological consistency. Therefore,
relying on prior knowledge of topological graphs is ex-
pected to be more reliable. To this end, we propose an
Unsupervised Structure Refinement (USR) module based
on the source-free mean-teacher learning framework (Tar-
vainen and Valpola 2017), which constructs at the center
of each type of organ cluster to match visual features, local
organ features, and low-level features of different domains.
Subsequently, we build both a student-graph and a teacher-
graph by transforming visual features into the graphical

space and performing graph propagation. Finally, we align
the a priori topological knowledge of organ structures from
the source and target domains by optimizing and matching
the teacher-graph and student-graph. The main contributions
can be summarized as follows.
• We propose the first source-free UDA method for the

medical multi-target detection task called AATS, which
can serve as a first benchmark for the multi-object adap-
tation detection task in medical applications.

• We propose an Unsupervised Structure Refinement
(USR) method by organ structure clustering to align the
low-level, visual, and organ local features between dif-
ferent domains.

• We construct the student graph and teacher graph and
propose a Graph-aware Morphology Alignment (GMA)
method to align consistent topological knowledge from
source and target domains.

• Extensive adaptation experiments are conducted on the
collected and publicly available datasets, and the exper-
iment results demonstrate that our AATS achieves state-
of-the-art performance with a clear margin.

Related Works
Source-Free UDA Object Detection in Nature
Images
Before the exploration of Source-Free Unsupervised Do-
main Adaptation Object Detection (SFUDAOD) topic, in-
vestigators focused on unsupervised domain adaptation ob-
ject detection (UDAOD) (Chen et al. 2018; Vs et al. 2021;
Wang et al. 2021; Zhao and Wang 2022; Yu et al. 2022;
Chen et al. 2021; Kim et al. 2019; Deng et al. 2021; Li et al.
2022b; Cao et al. 2023; Deng et al. 2023). With the urgent
need for data privacy protection, SFUDAOD has emerged as
an emerging branch of data protection detection. Due to the
complexity of the object detection task and the unavailability
of data from the source domain, the direct use of UDAOD
to SFUDAOD does not yield satisfactory results (Li et al.
2022c; Yuan et al. 2022). Recently, a series of UDAOD
methods (Li et al. 2022a; Chu et al. 2023; VS, Oza, and Patel
2023a,b; Oza et al. 2023; Liu et al. 2023; Hegde and Patel
2024) have emerged for object detection in natural scenarios.
(Li et al. 2021) defined it as a learning problem with noisy
labels and generates pseudo-labels from source domain pre-
trained networks for target domain optimization by finding a
suitable confidence threshold for reliable pseudo-label gen-
eration. (Chen, Wang, and Zhang 2023) introduced the high
and low confidence thresholds together to take full advan-
tage of pseudo-labels.

However, previous approaches have explored the SFU-
DAOD in natural scenes, and the source-free domain multi-
object detection in medical images has not been fully ex-
plored. The medical image contains unique a priori infor-
mation, so the results may be unsatisfactory if it is directly
used in natural scenario approaches to medical scenarios.

Source-Free UDA in Medical Scenarios
Recently, medical image classification (Song et al. 2024;
Qiu 2023; Dai et al. 2022), especially segmentation (Zheng
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Figure 2: Overview of our proposed AATS. During the training phase, the teacher network generates pseudo-labels to train the
student while the student updates the teacher using Exponential Moving Average (EMA). The proposed USR uses unsupervised
clustering to obtain the alignment of each organ between networks. GMA constructs a graph representation of organ morphology
to achieve teacher-student alignment. During the inference phase, only the trained teacher network is utilized. F2G represents
the transformation of the vision features into graph nodes.

et al. 2023; Wang et al. 2023; Wu et al. 2023; Dinsdale, Jenk-
inson, and Namburete 2023; Yu et al. 2023; Yang, Liu, and
Yuan 2023; Huai et al. 2023; Yang et al. 2023) in the source-
free domain adaptation task, has drawn a lot of attention,
which limits its application. (Song et al. 2024) proposed an
uncertainty-aware adaptive distillation for the multi-source-
free UDA setting by knowledge distillation.

To date, only two studies (Liu, Li, and Yuan 2023; Liu and
Yuan 2022) have explored SFUDAOD in 2D medical medi-
cal scenarios. However, both of these methods are about sin-
gle object detection, i.e., polyp detection. Unlike the single
object detection task, multiple objects share a topological
relationship with each other in medical scenarios from the
source and target domains. This work will serve as the first
sour-free domain adaptation multi-object detection bench-
mark in medical image analysis by alignment of the pri-
ori information between different domains based on graph-
aware topological knowledge.

Methodology
Fig. 2 shows an overview of our method. In an efficient
mean-teacher framework, the teacher network provides sta-
ble and consistent predictions for unlabeled data unaffected
by fluctuations in the data from a single training batch with
weak augmentation, thus offering a stable learning target
for the student network. The student network enhances the
learning ability of low-level features, improving the gener-
alization ability by strong data augmentation. The teacher
network is not updated parameters by backpropagation dur-
ing the training but through EMA with the parameters of the
student. Unsupervised Structure Refinement (USR) keeps
the information consistent by matching the sample distri-
bution between the student and teacher networks by refin-

ing the clustering centers of the organs in an unsupervised
manner and iteratively optimizing the clusters. Graph-aware
Morphology Alignment (GMA) obtains proposal features
from both teacher and student through USR and builds graph
representations for teacher-student inter-organ morpholog-
ical alignment. This is achieved by computing the affinity
matrix using intra-domain self-attention and inter-domain
cross-attention.

Unsupervised Structure Refinement
As illustrated in Fig. 2, we use the superscript s and t to
denote the elements belonging to student and teacher flow,
respectively. Firstly, the detected bounding boxes Y t

b ∈
Rnt×4, Y s

b ∈ Rns×4 and corresponding class of bounding
boxes Y t

c ∈ Rnt

, Y s
c ∈ Rns

are predicted by the teacher
netowrk ϕt(Ẋ) and student netowrk ϕs(Ẍ), respectively,
where nt, ns ∈ Z+ are the detected organ number. The stu-
dent network takes the detected objects of Y t with maxi-
mum detected confidence as the ground truth label for su-
pervised learning. The loss that is formulated with the con-
ventional object detection as:

LDet = IoU(Y s
b , Y

t
b ) + CE(Y s

c , Y
t
c ), (1)

where IoU(·, ·) measures the spatial overlap between the
predicted and the true bounding boxes and CE(·, ·) denotes
the cross-entropy loss. With the predicted results, we use the
region of interest pooling to generate in total M t/s averaged
features F = {f t/s

i }Mt/s

i=0 ⊂ Rd with d channels of all de-
tected region. In this step, we utilize the single feature map
for all the proposals generated by the region proposal net-
work (Ren et al. 2015) in a single pass.

As shown in Fig. 2, F are regarded as the represented
feature of organs and represent their overall morphology
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information for both teacher and student networks. Hence,
we treat these features as visual representations of organs,
which should make consistency between the teacher and stu-
dent networks based on prior knowledge. Moreover, due to
the non-matching number and unordered features F of dif-
ferent organs from both networks during training, the pair-
wise distance is incapable of measuring the discrepancy. To
tackle this problem, we propose unsupervised clustering for
acquiring the alignment of each organ between networks,
which allows iterative refinement via soft assignment.

In our approach, we incorporate the medical prior knowl-
edge, where the soft assignment in the distribution of de-
tected organs in the student network matches the teacher
network. This alignment helps fine-tune the teacher-student
network on the target domain data by incorporating the med-
ical prior knowledge. Given the unordered features F t/s of
different classes from teacher and student networks. In the
teacher network, we apply the K-means clustering algo-
rithm with the K set to the total class number N and com-
pute each cluster centroid as ct ∈ Rd. For both networks,
we first let the number of features in F t and Fs equally by
randomly dropping the elements of F to the quantity of M .
Then, we compute the probability distribution for each f t/s

in F t/s as:

p
t/s
ij =

(1 + ||f t/s
i − ctj ||2/α)−

α+1
2∑N

j=0(1 + ||f t/s
i − ctj ||2/α)−

α+1
2

, (2)

where pij define the probability of assigning i-th feature to
j-th cluster, α is the degree of the freedom of the disturibu-
tion. In our experiment, we set α=1 (Van Der Maaten 2009).

To iteratively refine the clusters by learning from the
high-confidence assignments, the probability distributions
between the student and teacher network remain consistent
due to the structural information being the same in both Ẋ
and Ẍ . We hence define our objective as the distribution
alignment, where the psij align to the target distribution ptij ,
by using the Kullback–Leibler divergence minimization as:

LKL =
∑M

i=0

∑N

j=0

(
psij log

psij
ptij

)
. (3)

According to Eq. (3), we are able to refine the teacher-
student framework by presenting a more cohesive repre-
sentation for the detected regions of the same class. Also,
the distribution alignment allows the teacher and student to
reduce the accumulation of noise by using only one high-
confidential pseudo label for supervising the student.

Graph-aware Morphology Alignment
The above discussion illustrates that we match the prob-
ability distribution of soft assignments across all detected
regions in the student to the teacher network. In this sec-
tion, we highlight how we construct the graph representation
for the morphology information alignment. The other de-
tected regions with lower confidence than the optimal choice
are also able to provide reference information for training.
Moreover, the involvement of such information can also pre-
vent teacher-student training from being biased against noise

that is produced by sparse pseudo-labels. Since the input Ẋ
and Ẍ for teacher ϕt(·) and student ϕs(·) networks share
the same structural information both locally and globally.
For example, the representation of the overall structure of
the organ and each sub-structure of the organ are consistent.

To construct such representation, we hence employ the
graph to bridge the inner connection of input as shown in
Fig. 2. In USR, we acquire the represented feature F t/s for
both teacher and student networks. To implement the inner
interaction, we use the self-attention mechanism for F t/s

and compute the attention mapping, which is formulated as:

Et/s = F t/sWq(F t/sWk)
T ∈ RMt/s×Mt/s

, (4)
where E is the attention map computed by the pair-wise dis-
tance between each feature of F , and Wq,Wv ∈ Rd×d de-
note the weight of linear layer that project the feature f of F
to latent space as query and key vectors. To finish the inner
interaction, we then have the following equation:

Vt/s = λ · E t/s(F t/sWv) ∈ RMt/s×d, (5)
where the V is the inner interacted feature of the F , λ is
the scaling factor that set as 1/

√
d and Wv ∈ Rd×d is the

weight of linear layer that project the F to latent space as the
value vector. Furthermore, since the graphs constructed from
teacher and student networks are essentially homogeneous,
we also implement the cross-attention for V t/s to build a
more robust representation, which is denoted as:

V̂t/s = λ ·
(
(Vt/sŴq)(VŴk)

T
)
(VŴv); V = Vt ⊕ Vs,

(6)
where V̂ ∈ RMt/s×d are the cross interacted feature,
Ŵq, Ŵk, Ŵv ∈ Rd×d share the same attribution as W in
Eq. (5), λ is the scaling factor as the same as Eq. (5) that
set as 1/

√
d, the ⊕ and the V ∈ R(Mt+Ms)×d denotes the

concatenation operation and concatenated feature.
To this end, the visual graph construction for the feature

of both teacher and student networks can then be formulated
as {V̂, E}t/s, where V̂ is the feature transformed by Equa-
tions 5 and 6, while E is the connectivity of the feature F .
With the visual graph {V̂, E}t/s, we complete the graphical
representation by introducing Graph Convolutional Network
(GCN) and the formulation of the complete graph is:

Gt/s = θ({V̂, E}t/s) ∈ RMt/s×d, (7)
where θ(·) denotes the GCN, and in our experiment, we
compare different types of GCN and adopt the Hyper-
graph (Feng et al. 2019) as our solution. Since each graph
node has the corresponding class as the label, we thus use
the cross-entropy loss to measure whether graph nodes are
classified to the correct class, which can be formulated as:

Lcls = CE(δ(Gt/s), Y t/s
c ), (8)

where δ(·) is the classifier consisting of a normalization and
a linear layer for both teacher and student networks.

After we complete the graphical representation construc-
tion, the optimal target of the graph Gt and Gs is to mini-
mize their discrepancy. However, the graph is the topologi-
cal structure and graph nodes from both Gt and Gs are non-
matching and not equal in quantity. Hence, to measure their
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discrepancy, we convert these two graphs as different distri-
butions and introduce optimal transport as our measurement.
To this end, we use the Wasserstein distance as:

LAlign =
∑Ms

i=0

∑Mt

j=0

∥∥Gs
i − Gt

π(j)

∥∥2
2
, (9)

where Gs
i denotes the i-th node in graph Gs, and the Gt

π(j) is
the overall mapping π(·) across all nodes of graph Gt. Due
to the asymmetrical and high-dimensional optimization, we
thus introduce the Sinkhorn iteration (Cuturi 2013) to com-
pute the optimal solution as the transport distance. Mini-
mizing the distance between graphs is to find the optimized
mapping π(·). We thus compute the affinity matrix to repre-
sent the mapping π(·) between two graphs. Since each node
of the graphs has a label of the corresponding detected class,
we expect the nodes with the same class to be more similar
to the nodes with different ones. To further simplify the Eq.
( 9), we thus have the following formulation:

LAlign =
∑Ms

i=0

∑Mt

j=0
I(Y i

c = Y j
c ) ·

∥∥Gs
i − Gt

j

∥∥2
2
, (10)

where Y i
c and Y j

c are the corresponding label between nodes
Gs
i and Gt

j , and I(·) is the indicator function.

Experiments
Datasets and Evaluation
Fetal Heart (FH) (Pu et al. 2024a) is collected a heart view
from two medical centers for routine screening of congenital
heart diseases. All datasets were annotated by senior sono-
graphers with extensive clinical experience, and each fetal
image was labeled with a view category as well as category
and location annotation information for anatomical struc-
tures, including 9 organs. We carried out experiments fo-
cused on adaptation tasks, primarily between medical center
1 and medical center 2. For instance, adapting from center 1
(source) to center 2 (target) is denoted as center 1→2.
AATS-EPV dataset is the same view and structure of Early
Pregnancy View (EPV) (Lin et al. 2022) collected from our
partner medical center, and also its data is from different
machine devices such as SonoScape and Samsung. The ges-
tational age range is from 11-14 weeks. The EPV is adap-
tive to AATS-EPV, denoted as EPV→AATS-EPV, similarly
AATS-EPV→EPV. EPV (Lin et al. 2022) is a highly chal-
lenging early pregnancy ultrasound dataset collected com-
prising 1131 images with a gestational age range of 10-14
weeks. EPV includes a fetal view containing nine key struc-
tures. During the evaluation process, we report the mean Av-
erage Precision (mAP) in the target domain with an Intersec-
tion over Union (IoU) threshold of 0.5.

Implementation Details
We utilized VGG-16 as the feature extractor and employed
Faster R-CNN as the detection head. All our code imple-
mentations are based on the Detectron2 framework. Dur-
ing training, we employed the Stochastic Gradient Descent
(SGD) optimizer with an initial learning rate of 0.04, a batch
size of 6, and a total of 10,000 iterations. We performed pro-
portional scaling on input images, resizing the shorter edge

to 600 pixels. The dataset is divided into training, validation,
and test sets in a 7:1:2 ratio. To compare more Source-free
UDA methods, we compare AT-SF, a Source-free version of
AT (Li et al. 2022b).

Comparison with State-of-the-arts
Center 1 → 2 on FH. Table 1 reports the comparison detec-
tion results for multiple anatomical structures of all methods
when adapting from center 1 to center 2. It is clear that our
method significantly outperforms both the UDA and Source-
free UDA detection methods. Compared to the best UDA
method, i.e., AT, our method improved the mAP by 4.69%.
Similarly, compared to the best Source-free UDA AT-SF, our
method exceeded performance by 11.74% mAP. Meanwhile,
our method achieves the best performance in detecting both
large structures, such as R, and small structures, such as
DAO, demonstrating its comprehensive performance.
Center 2→1 on FH. As shown in Table 1, it is observed
that the proposed method continues to surpass all UDA and
Source-free UDA baselines, achieving the best performance.
Compared to AT-SF and A2SFOD, our method improved the
detection results with a clear margin of 10.33% and 10.59%
mAP, respectively. Similarly, our approach achieved state-
of-the-art results in the adaptive detection of all 9 types
of structures. Further, these reported results may indicate
that our method can almost eliminate the domain gap on
some datasets through the graph-aware topological knowl-
edge alignment of the teacher and student.
AATS-EPV→EPV. As listed in Table 2, our approach
achieves SOTA performance among all UDA and Source-
free UDA baseline methods and surpasses the second-best
AT method by a margin of 3.77% mAP. Compared to the
Source Only approach, our method achieves an improve-
ment of 43.72%, underscoring the significant enhancements
afforded by the utilization of domain adaptation algorithms.
Compared to FH, the adaptive detection of structures in EPV
presents a more significant challenge. This is primarily due
to the incomplete development of structures within the EPV
in the early pregnancy period, where certain structures are
smaller, less distinct, and more ambiguous, thus increasing
the difficulty of detection.
EPV→AATS-EPV. Table 2 also reports the results of all
methods on EPV→AATS-EPV. Our method still outper-
forms all the comparison methods, and the results fully
demonstrate the relevance of our designed algorithm by
graph-aware morphology alignment and unsupervised struc-
ture refinement to solve the problem of Source-free domain
adaptation for structure detection.

Further Empirical Analysis
Effect of USR and GMA. As shown in Table 3, compared
with the baseline (none of USR and GMA) on 4 group ex-
periments, our method has a large improvement for adapta-
tion detection. In each adaptation experiment, our method
improves over the baseline method by more than 10% mAP.
In the adaptation Center 1→2 detection task, GMA boosts
9.19% mAP and achieves a detection accuracy of 75.16%
mAP, which exceeds most of the methods in Table 1. On
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Methods Center 1→2 Center 2→1
LA RA LV RV CR R VS SP DAO mAP (%) LA RA LV RV CR R VS SP DAO mAP (%)

Source Only 35.06 38.77 34.46 36.67 52.86 52.51 42.19 54.66 48.01 43.90 70.58 80.29 76.08 65.34 79.98 61.64 75.96 88.07 79.21 75.23
UDA Methods UDA Methods

AT (Li et al. 2022b) 63.47 72.99 77.28 68.14 72.31 79.00 77.28 80.91 65.84 73.02 83.56 94.43 93.13 90.50 84.94 70.69 90.45 96.16 92.76 88.52
SIGMA (Li, Liu, and Yuan 2022) 50.11 62.10 49.52 51.30 58.94 55.61 46.68 54.00 47.85 52.04 83.86 86.42 83.60 78.08 82.47 68.87 78.06 90.46 85.64 81.94
LRA (Piao, Tang, and Zhao 2023) 36.04 46.06 51.56 37.66 42.95 76.10 44.19 65.79 45.21 49.50 88.43 71.82 79.30 84.66 84.83 64.46 83.76 82.33 80.53 80.01

CMT (Cao et al. 2023) 62.43 71.72 75.49 70.48 71.61 80.52 78.12 81.59 59.77 72.41 91.65 95.50 94.54 92.98 88.26 55.69 90.66 91.46 88.84 87.73
SIGMA++ (Li, Liu, and Yuan 2023) 57.12 56.97 60.21 58.32 56.05 58.87 55.46 59.08 60.11 57.83 86.88 88.19 82.83 79.55 87.17 66.66 82.20 82.62 86.48 82.50

M3-UDA (Pu et al. 2024b) 57.54 57.16 60.85 56.71 58.15 75.43 68.88 69.07 65.36 63.24 94.62 90.05 94.09 88.65 90.73 74.69 90.59 90.17 89.63 89.24
ToMo-UDA (Pu et al. 2024a) 64.23 75.62 70.40 64.32 66.69 75.03 75.48 77.24 72.99 71.33 93.91 90.25 94.72 88.20 89.92 69.86 90.66 90.91 90.06 88.71

Source-free Methods Source-free Methods
AT-SF (Li et al. 2022b) 52.07 67.22 74.77 64.34 65.01 70.92 73.88 66.24 59.24 65.97 74.66 85.33 88.46 85.49 85.15 64.71 89.00 87.39 77.35 81.95
LODS (Li et al. 2022a) 29.83 41.89 48.72 32.20 33.94 49.36 39.56 57.72 31.68 40.55 85.47 85.85 87.08 83.21 76.91 60.33 78.60 86.97 66.02 78.94

SMPT++ (Liu and Yuan 2022) 50.05 60.19 66.73 56.68 51.18 77.69 56.68 70.36 62.88 61.80 74.66 85.33 88.46 85.49 85.15 85.62 89.00 87.39 77.35 84.27
A2SFOD (Chu et al. 2023) 15.43 30.76 28.20 28.50 18.07 48.58 24.27 45.02 43.30 31.35 87.73 88.49 88.52 87.00 75.69 67.92 88.09 89.82 67.92 81.69

IRG (VS, Oza, and Patel 2023a) 37.73 44.25 60.43 44.89 47.34 69.41 47.42 64.77 52.53 52.09 83.86 90.19 84.50 84.46 65.71 65.49 84.81 92.48 60.64 79.13
Ours 67.63 79.75 81.02 75.22 73.39 84.35 82.90 86.01 69.08 77.71 90.35 94.68 95.75 95.12 85.02 59.21 95.39 96.86 92.27 89.41

Target Only 67.87 89.20 85.50 84.13 80.34 85.84 86.05 88.61 76.55 82.68 97.42 97.52 97.65 97.06 93.25 74.29 97.40 97.77 95.48 94.21

Table 1: Domain adaptation results on the FH. The best results are in bold, and the second-best is underlined.

Methods AATS-EPV→EPV EPV→AATS-EPV
T N P RH NT mAP (%) T N P RH NT mAP (%)

Source Only 27.39 36.40 35.64 35.28 25.70 32.08 86.69 56.15 87.13 91.84 36.40 71.64
UDA Methods UDA Methods

AT (Li et al. 2022b) 88.04 53.06 67.76 88.13 31.21 65.64 97.13 78.06 87.81 93.46 58.34 82.96
SIGMA (Li, Liu, and Yuan 2022) 72.82 53.21 70.55 72.36 27.37 59.26 89.23 72.52 89.13 86.68 54.07 78.32
LRA (Piao, Tang, and Zhao 2023) 89.82 66.95 79.98 77.96 41.84 71.31 82.48 74.65 67.73 88.30 54.97 73.62

CMT (Cao et al. 2023) 81.31 63.36 72.48 84.70 39.28 68.23 96.06 79.68 93.53 93.65 48.55 82.29
SIGMA++ (Li, Liu, and Yuan 2023) 60.72 53.44 78.04 73.66 35.30 60.23 89.31 79.63 86.07 86.46 51.47 78.58

M3-UDA (Pu et al. 2024b) 76.86 54.94 83.74 66.48 40.12 64.43 86.40 79.53 89.66 84.72 59.77 80.01
ToMo-UDA (Pu et al. 2024a) 68.75 54.28 75.39 73.27 34.89 61.32 90.32 87.85 90.59 89.59 63.83 84.43

Source-free Methods Source-free Methods
AT-SF (Li et al. 2022b) 82.48 37.77 61.21 88.94 40.69 62.23 95.07 58.59 92.04 92.75 37.73 75.23
LODS (Li et al. 2022a) 86.96 55.92 70.84 89.55 36.51 67.96 82.43 77.39 89.11 89.95 55.49 78.87

SMPT++ (Liu and Yuan 2022) 78.44 64.17 60.76 88.21 39.94 66.31 93.80 63.44 93.88 93.74 57.51 80.47
A2SFOD (Chu et al. 2023) 88.64 34.80 70.06 84.46 12.31 58.05 90.28 82.45 89.81 90.88 71.52 84.99

IRG (VS, Oza, and Patel 2023a) 76.82 65.20 64.70 85.14 18.37 62.05 88.38 68.13 87.47 91.89 44.79 76.13
Ours 86.49 72.41 85.38 89.92 44.79 75.80 94.66 88.64 91.48 93.81 61.62 86.04

Target Only 81.52 77.70 94.81 94.35 73.38 84.35 93.39 89.26 94.45 91.65 90.33 91.82

Table 2: Domain adaptation results on AATS-EPV→EPV and EPV→AATS-EPV.

FH: LA RA LV RV VS CR SP DAO R EPV: NTT N RHP

Source Only AT SIGMA++LODS IRG AATS (Ours) Ground TruthSMPT++

Figure 3: Qualitative result comparison on center 1→2 on FH (first row), center 2→1 on FH (second row), AATS-EPV→EPV
(third row), and EPV→AATS-EPV (last row).

AATS-EPV→EPV, USR improves by 8.44%, and GMA in-
creases by 7.31% mAP. Our method (both USR and GMA)
is a significant 13.57% mAP improvement over baseline.
The experimental results in Table 3 further demonstrate the
effectiveness of our approach to align the student and teacher

through the proposed USR and GMA, hence eliminating the
domain gap without source data.
Effect of loss function on GMA. We further explored the
implications of Lcls and LAlign of GMA for our model.
As reported in Table 4, we observe that Lcls and LAlign
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Source Only SIGMA++AT AATS (Ours)

FH: LA RA LV RV VS CR SP DAO R EPV: T N P RH NT

SMPT++LODS IRG

Figure 4: Feature visualization by t-SNE technique is performed on center 1→2 of FH (first row), EPV→AATS-EPV (last row).

Center 1→2 on FH Center 2→1 on FH
Method USR GMA mAP (%) USR GMA mAP (%)
Baseline - - 65.97 - - 81.95

Ours
✓ ✗ 73.27 (+7.30) ✓ ✗ 84.23 (+2.28)
✗ ✓ 75.16 (+9.19) ✗ ✓ 88.91 (+6.96)
✓ ✓ 77.71 (+11.7) ✓ ✓ 92.28 (+10.3)

EPV→AATS-EPV AATS-EPV→EPV
Baseline - - 75.23 - - 62.23

Ours
✓ ✗ 79.57 (+4.34) ✓ ✗ 70.67 (+8.44)
✗ ✓ 82.90 (+7.67) ✗ ✓ 69.54 (+7.31)
✓ ✓ 85.37 (+10.1) ✓ ✓ 75.80 (+13.6)

Table 3: Ablation results of USR and GMA.

Center 1→2 on FH Center 2→1 on FH
Lcls LAlign mAP (%) Lcls LAlign mAP (%)

✗ ✗ 65.97 ✗ ✗ 81.95
✓ ✗ 73.59 (+7.62) ✓ ✗ 83.92 (+1.97)
✗ ✓ 74.24 (+8.27) ✗ ✓ 87.89 (+5.94)
✓ ✓ 75.16 (+9.19) ✓ ✓ 88.91 (+6.96)

EPV→AATS-EPV AATS-EPV→EPV
✗ ✗ 75.23 ✗ ✗ 62.23
✓ ✗ 79.01 (+3.78) ✓ ✗ 63.34 (+1.11)
✗ ✓ 77.73 (+2.50) ✗ ✓ 66.90 (+4.67)
✓ ✓ 82.90 (+7.67) ✓ ✓ 69.54 (+7.31)

Table 4: Ablation results of loss function on GMA.
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Figure 5: Detection results for different thresholds on center
1→2 of FH dataset.

improve the performance of detection on all experimental
datasets. For example, on EPV→AATS-EPV, Lcls enhances
3.78% mAP, LAlign improves 2.5% mAP, and adding both
Lcls and LAlign boost 7.67% mAP. In GMA, each graph
node represents an organ structure, and Lcls effectively clas-
sifies organs in the student and teacher branches to improve
detection accuracy. Then LAlign matches the topological
knowledge in teacher and student by graph alignment. The
all superior results reported in Table 4 demonstrate the ef-
fectiveness of proposed Lcls and LAlign.
Parameter Analysis. We further discuss the sensitivity in-
fluence of the threshold of our method. The threshold deter-
mines the number of proposals that meet the requirements
in the ROI head output for both the teacher and student.
The quality and quantity of proposals will affect the pool-
ing operations, which in turn will affect the performance of
the USR and GMA modules. As shown in Fig. 5, the best
detection performance is obtained with a threshold of 0.8.
It is worth noting that when the threshold is set at 0.9, the
confidence levels of the proposals generated by the student
network often fail to meet the requirements, resulting in the
entire network being unable to train.
Visualization Analysis. As shown in Fig. 3, It can be ob-
served intuitively that our method is consistent with the
ground truth, which further demonstrates the effectiveness
of our AATS. However, other comparison methods are sub-
ject to miss and false detections. Fig. 4 demonstrates a com-
parison of the classification feature visualizations, which can
directly show that our method recognizes better.

Conculsion
Our paper proposed a novel source-free unsupervised do-
main adaptation object detection method named AATS in
medical image analysis. AATS, as the first Source-free
method for medical multi-object detection, utilizes prior
knowledge from ultrasound images that focuses on explor-
ing the morphological information of each organ and the
topological relationships among different organs. We use the
graphical representation to formulate the above knowledge
and conduct the experiment across four groups of adapta-
tion experiments. Extensive experimental results show that
our method outperforms the previous baseline methods and
achieves state-of-the-art results.
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