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Abstract: Deep learning techniques for medical image analysis often encounter domain shifts between
source and target data. Most existing approaches focus on unsupervised domain adaptation (UDA).
However, in practical applications, many source domain data are often inaccessible due to issues
such as privacy concerns. For instance, data from different hospitals exhibit domain shifts due to
equipment discrepancies, and data from both domains cannot be accessed simultaneously because
of privacy issues. This challenge, known as source-free UDA, limits the effectiveness of previous
UDA medical methods. Despite the introduction of various medical source-free unsupervised
domain adaptation (MSFUDA) methods, they tend to suffer from an over-fitting problem described
as “longer training, worse performance”. To address this issue, we proposed the Stable Learning
(SL) strategy. SL is a method that can be integrated with other approaches and consists of weight
consolidation and entropy increase. Weight consolidation helps retain domain-invariant knowledge,
while entropy increase prevents over-learning. We validated our strategy through experiments on
three MSFUDA methods and two public datasets. For the abdominal dataset, the application of the SL
strategy enables the MSFUDA method to effectively address the domain shift issue. This results in an
improvement in the Dice coefficient from 0.5167 to 0.7006 for the adaptation from CT to MRI, and from
0.6474 to 0.7188 for the adaptation from MRI to CT. The same improvement is observed with the
cardiac dataset. Additionally, we conducted ablation studies on the two involved modules, and the
results demonstrated the effectiveness of the SL strategy.

Keywords: source-free unsupervised domain adaptation; training stability

1. Introduction

In recent years, deep convolutional neural networks (DCNNs) have emerged as highly
effective tools [1–4], particularly in the field of medical image analysis [5–7]. However, the
performance of deep networks tends to degrade when there are distribution differences
between the training and test data. This is a common challenge in medical image process-
ing, where data from different hospitals or cross-modalities may exhibit domain shifts.
Additionally, the reliance of deep learning methods on costly manual annotations further
complicates the widespread application of DCNNs.

To tackle these challenges, researchers have focused on designing unsupervised do-
main adaptation methods that transfer knowledge from labeled source domains to unla-
beled target domains [8–11]. Consequently, unsupervised domain adaptation tasks have
garnered significant attention, leading to the development of various methods [9,12–14].
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However, most existing approaches still rely on source data, neglecting issues of data
privacy and transmission in realistic application scenarios. In practical clinical scenarios,
there are many other situations where source domain data cannot be obtained. For example,
limitations in data transfer speed and resources between two hospitals often prevent data
collected in Hospital A from being accessed by Hospital B. Additionally, data privacy is
indeed a frequently considered factor in such scenarios. In addition to protecting patient
privacy, it is also essential to preserve the value of imaging data, as many imaging datasets
have significant analytical and educational value, especially those involving rare diseases.
Even after de-identification, these images still constitute important information and are
generally not allowed to be shared outside the institution. Taking the absence of source
data into consideration, a more challenging variant has emerged: source-free unsupervised
domain adaptation (SFUDA), where adaptation is performed without access to source data.

In SFUDA, our access is limited to a well-trained model from the source data. Pre-
vious works in this area can be broadly categorized into two perspectives: GAN-based
methods [8,9,15] and non-GAN-based methods [16,17]. However, adversarial training has
certain limitations. The training process is unstable and complex, leading to uncertainties,
and clinicians often exhibit skepticism towards synthetic data. On the other hand, non-
GAN-based methods employ a self-training approach to adapt the source model to the
target domain [18–20]. While most previous works using self-training have successfully
addressed the domain shift between the source and target domains without access to source
data and target labels, there are still issues arising from the unstable self-training process.
Experimental results demonstrate that existing SFUDA methods eventually face a dilemma:
“longer training, worse performance”. For example, in [18], it is reported that they trained
for only two epochs during the self-training stage. However, in the absence of labeled
data from the target domain, it becomes challenging to determine the optimal number of
self-training epochs. The performance of existing SFUDA methods [18–20] significantly
deteriorates as the number of epochs increases.

In this paper, we conduct an analysis of the factors contributing to the dilemma of
“longer training, worse performance”. Based on our analysis, we propose the Stable Learn-
ing (SL) framework as a solution to stabilize the self-training process. The SL framework
consists of two main components: weight consolidation and entropy increase.

Weight consolidation. Datasets for domain adaptation tasks can be categorized into
domain-specific and domain-invariant subsets. The domain-invariant knowledge acquired
by the model can be applied to both the source and target domains. Conversely, domain-
specific knowledge leads to a decline in the performance of the source model when applied
to the target domain. Therefore, the self-training process in the target domain aims to
eliminate the source domain-specific knowledge from the source model while preserving
the domain-invariant knowledge to the greatest extent possible. Neural networks encode
knowledge through trainable parameters. Consequently, preserving the domain-invariant
knowledge is equivalent to selectively updating only certain parameters in the model. To
address this, we propose weight consolidation, which encourages the model to update
specific parameters selectively.

Entropy increase. The cause of “longer training, worse performance” can be described
as over-learning of the samples. Therefore, we devised a strategy to reduce the impact of
the samples that the model has learned and thus avoid over-learning. In Section 3.3, we
prove that this idea is equivalent to entropy increase.

In summary, we propose the Stable Learning (SL) strategy for source-free domain
adaptation in medical semantic segmentation, aiming to mitigate the over-fitting issue
encountered by existing SFUDA methods due to the absence of labeled target domain data.
The SL strategy consists of two components: weight consolidation and entropy increase.
It can be integrated with various existing medical SFUDA methods. We have conducted
experiments on four SFUDA tasks using two publicly available datasets to demonstrate the
effectiveness of our approach.



Electronics 2024, 13, 2878 3 of 13

2. Related Work
2.1. Source-Free Unsupervised Domain Adaptation

In recent years, there has been growing interest in source-free unsupervised domain
adaptation (SFUDA) due to privacy and transmission concerns in realistic application
scenarios [17,19,21]. In some of the earliest studies, source-free UDA (unsupervised do-
main adaptation) was also called source-relaxed UDA, such as the method proposed by
Mathilde Bateson et al. [22]. The authors leverage entropy minimization and a class ratio
prior to relaxing the need for a concurrent access to the source and target data. Unlike
general unsupervised domain adaptation, SFUDA involves adapting a well-trained model
without access to the source data. Solutions to source-free problems typically fall into
two perspectives. First, they focus on aligning the source domain features with the target
domain features. Second, they employ a self-training process to generate pseudo-labels
and perform label training. Some methods solely focus on the former perspective [20],
while others concentrate on the latter [16,18,19]. There are also approaches that incorporate
both perspectives [17,19]. Additionally, in SFUDA, another approach involves generat-
ing and reconstructing source domain samples while aligning features using adversarial
techniques [23,24]. However, since our proposed method addresses the instability of the
self-training process, we will not delve too deeply into the generative models.

In their work, the authors of [19] focus on generating pseudo-labels for target data in
the segmentation task. They propose a Label-Denoising (LD) framework that incorporates
positive learning and negative learning. Positive learning addresses the issue of class
imbalance by using an intra-class threshold. The pseudo-labels are then used to train the
source model in a supervised manner. Similarly, ref. [18] introduces Denoised Pseudo-
Labeling (DPL) to create low-noise pseudo-labels. They employ a prototype strategy to
calibrate the noise in the pseudo-labels, similar to the approach used in [16]. On the
other hand, the method named as Off-the-shelf Source (OS) [20] focuses on domain-wise
alignment by adapting the batch normalization layer. They consider low-order batch
statistics, such as mean and variance, as domain-specific, while high-order batch parameters
like γ and β are considered domain-invariant. The method named as Domain Adaptive
Semantic segmentation (DAS) [19] freezes the classifier parameters to minimize self-entropy
and align the source domain features with the target domain features. They then use
the aligned source model to generate pseudo-labels, employing the intra-class threshold
technique introduced in [19]. We compare our method with LD [19], DPL [18], and OS [20]
in our experiments. We believe that the DAS [19] method is basically the same as the
LD [19] method and can be seen as an incremental experiment of LD, so DAS is not used as
a separate comparative method.

2.2. Self-Training

Self-training is a widely used technique in semi-supervised learning, where the main
idea is to train the current model using pseudo-labels generated by previous models [25,26].
This concept aligns well with the task settings of unsupervised domain adaptation (UDA)
and source-free unsupervised domain adaptation (SFUDA), making self-training a common
solution to these problems [13,18,19,27]. However, the introduction of unlabeled data poses
challenges in improving the quality of predicted pseudo-labels as much as possible [25,28].
In domain adaptation tasks, generating reliable pseudo-labels becomes even more challeng-
ing due to domain shifts. Previous works have dedicated considerable effort to addressing
this issue, as seen in the aforementioned studies [18,19]. However, only a few works
have focused on the stability of the training process. For instance, ref. [29] discusses the
phenomenon of “lazy mimicking”, where the student model learning from pseudo-labels
reaches a plateau during self-training. To mitigate this issue, the authors propose an
asynchronous teacher–student optimization algorithm, which demonstrates competitive
performance. Similarly, our work also tackles the stability of the training process.



Electronics 2024, 13, 2878 4 of 13

3. Methods

In this section, we primarily explain the two components of our proposed Stable
Learning approach. The core component is weight consolidation (WC), which aims to
address the issue of over-fitting. Additionally, we utilize entropy increase (EI) to smooth
the over-fitting boundaries and further enhance the stability of the self-training process.

3.1. Unstable Self-Training

In the source-free unsupervised domain adaptation (UDA) setting, we have a model
f s : Xs → Ys trained on an inaccessible source domain Ds = (Xs, Ys), as well as an unla-
beled target domain Dt = (Xt). The objective of source-free UDA is to obtain an adapted
model f x→y that performs well on the target domain distribution. In this case, we specifi-
cally consider the task of image segmentation, which involves multi-label segmentation
with X ⊂ RH×W×3.

We observed a common dilemma when using state-of-the-art source-free UDA meth-
ods, such as LD [19] and DPL [18]. During the self-training process using target domain
data to refine the source model, we encountered instability issues, leading to the model
easily over-fitting. It has been noted in [18] that they trained the target model for only
two epochs. Other studies have also shown that self-training reaches saturation after two
epochs, with accuracy starting to decline in the third epoch [29]. In our experiments, we
found that the performance of DPL and LD initially improved rapidly within the first or
second epoch but then deteriorated with subsequent epochs. However, this training process
is problematic, as it requires a labeled target domain validation dataset for supervision.
Without such supervision, these source-free UDA approaches become ineffective.

These methods have made contributions by improving the performance of the model.
However, they suffer from a critical flaw: the performance improvement is short-lived
and unstable. In this paper, we propose Stable Learning (SL) to enhance the stability of
self-supervised training without compromising performance.

3.2. Weight Consolidation

Weight consolidation can be defined by adding a weight penalty to the loss function:

L′(θ) = L(θ) + ∑
i
|θi − θ∗i |1. (1)

This formula explains the motivation for weight consolidation, in which θ represents the
parameter set of the model f s→t, and θ∗ represents the parameter set of the source model.
In detail, L′(θ) is the new loss function after adding the weight penalty, L(θ) is the original
adaptation loss function, θ represents the parameter set of the current model, while θ∗

represents the parameter set of the source model. By introducing the L1 norm penalty term,
only a subset of the model parameters are updated during training, which helps retain
similarity to the source model and reduces the risk of overfitting. Additionally, ∑i |θi − θ∗i |1
is the L1 norm penalty term, which measures the difference between the current model
parameters θi and the source model parameters θ∗i .

The deep convolutional network contains a large number of convolution layers and a
nonlinear activation function. The training process involves adjusting the set of trainable
parameters (weights, biases) of the convolution layers in order to optimize performance.
Many configurations of trainable parameters will result in the same performance [30,31].
Therefore, this over-parameterization makes it possible to generate a solution that causes
the model to achieve the same performance under the constraint of weight consolidation.
In addition, the experimental results also prove that weight consolidation can stabilize the
MSFUDA methods without affecting the accuracy. The relevant experimental results can
be found in Table 1.
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Table 1. Comparison of model training stability with SOTA unsupervised domain adaptation methods
for abdominal dataset in Dice. The Dice value is the average of the four categories of Dice, and the
four categories are liver, right kidney, left kidney, and spleen.

Abdominal CT → MRI Epoch 1 Epoch 5 Epoch 10 Epoch 20 Epoch 50 Best Performance

Source Model 0.5167 - - - - -
LD [19] 0.6843 0.6803 0.6589 0.6146 0.5690 0.6904 (epoch 1)
fairLD 0.6861 0.6843 0.6546 0.6114 0.5578 0.6861 (epoch 1)

DPL [18] 0.6673 0.6506 0.6128 0.5918 0.5375 0.6692 (epoch 1)
OS [20] 0.6771 0.6762 0.6680 0.6796 0.6765 0.6846 (epoch 25)

fairLD with SL (ours) 0.6802 0.6918 0.6844 0.6893 0.6821 0.7006 (epoch 16)
DPL with SL (ours) 0.6768 0.6812 0.6762 0.6896 0.6866 0.6961 (epoch 36)
OS with SL (ours) 0.6667 0.6734 0.6574 0.6649 0.6673 0.6867 (epoch 17)

Abdominal MRI → CT Epoch 1 Epoch 5 Epoch 10 Epoch 20 Epoch 50 Best Performance

Source Model 0.6474 - - - - -
LD [19] 0.5374 0.2141 0.1845 0.1717 0.1624 0.5374 (epoch 1)
fairLD 0.6936 0.7034 0.6846 0.6777 0.6532 0.7061 (epoch 5)

DPL [18] 0.6534 0.6364 0.6156 0.6076 0.6097 0.6534 (epoch 1)
OS [20] 0.6460 0.6580 0.6220 0.6251 0.5835 0.6580 (epoch 4)

fairLD with SL (ours) 0.6437 0.6766 0.7025 0.7068 0.7128 0.7188 (epoch 47)
DPL with SL (ours) 0.6484 0.6361 0.6484 0.6426 0.6403 0.6535 (epoch 17)
OS with SL (ours) 0.6397 0.6217 0.6429 0.6317 0.6304 0.6606 (epoch 23)

3.3. Entropy Increase

The primary objective of weight consolidation is to mitigate the forgetting of domain-
invariant knowledge by the model and weight consolidation also helps prevent overfitting.
However, it is important to note that weight consolidation alone does not entirely eliminate
all instances of overfitting.

As mentioned earlier, it has been noted that “Many configurations of trainable param-
eters will result in the same performance” [30,31]. This statement also implies that many
configurations of trainable parameters can lead to the same overfitting dilemma. Therefore,
the over-parameterization of the model allows for the possibility of encountering the same
overfitting dilemma despite the constraint of weight consolidation.

To mitigate this possibility, we introduce entropy increase (EI) as a means to prevent
overfitting during the self-training process. The overfitting phenomenon can be attributed
to excessive learning from the available samples. Hence, we have devised a strategy to
reduce the influence of learned samples on the model, thereby avoiding over-learning.
Following the approach in [18,19], we employ cross-entropy loss as the adaptation loss.

The adaptation loss, denoted as La, is defined as follows:

La = −ŷ log p, (2)

where ŷ represents the pseudo-label created using various methods, and p represents the
softmax prediction value of the model.

The concept of “learned samples” refers to the samples for which the model exhibits
high confidence. To address this, the entropy increase (EI) strategy aims to reduce the loss
weight assigned to high-confidence samples. The adaptation loss with the EI strategy can
be decomposed into two terms: the cross-entropy adaptation loss and the self-entropy term.
It is formulated as follows:

La = −(ŷ − p) log p = −ŷ log p + p log p. (3)

Thus, the EI strategy aims to maximize the self-entropy of the model’s predictions.
This conclusion contradicts the findings of previous studies. Entropy minimization

has been demonstrated to be effective in semi-supervised learning [32,33], and some multi-
source domain adaptation (MSFUDA) methods also incorporate entropy minimization loss
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as part of their approach [19,20]. We believe that both self-entropy and cross-entropy are
avenues for entropy minimization, which aids in the model’s convergence. However, this
can also lead to the model falling into the overfitting dilemma, resulting in an unstable
training process. In semi-supervised tasks, having a labeled validation set allows the
model to select the optimal performance moment during training. In the case of source-
free unsupervised domain adaptation (SFUDA), where labeled target domain data are
unavailable, a stable training process becomes a necessary prerequisite. In the experimental
section, we conduct ablation experiments to compare the effects of entropy minimization
and entropy maximization on both model stability and performance.

4. Experiments
Dataset and Metrics

We evaluated our proposed method on two public datasets that are used in other
domain adaptation research [8,9,34,35]. The abdominal dataset is made up of two groups
of data: 20 MRI scans from the CHAOS challenge [36] and 30 CT scans from Multi-Atlas
Labeling Beyond the Cranial Vault Workshop and Challenge [37]. Each MRI scan is a 3D
volume of 256 × 256 × L voxels, where L is the length of the long axis. Each CT scan is a
512 × 512 × L 3D volume. For the cardiac dataset, there are unpaired 20 MRI and 20 CT 3D
images with golden standard segmentation labels from the Multi-Modality Whole Heart
Segmentation Challenge 2017 dataset [38]. All CT data cover the whole heart from the
upper abdominal to the aortic arch, and the slices were acquired in the axial view. The
in-plane resolution is about 0.78× 0.78 mm, and the average slice thickness is 1.60 mm. The
MRI data were acquired using 3D balanced steady-state free precession (b-SSFP) sequences
with about 2 mm acquisition resolution at each direction and were resampled into about
1 mm. The ground truth labels consist of the ascending aorta (AA), the left atrium blood
cavity (LAC), the left ventricle blood cavity (LVC), and the myocardium of the left ventricle
(MYO). According to the setting of [8], we divide the training set and the validation set
according to the ratio of 4:1. The ground truth masks are annotated as liver, right kidney
(R-Kid), left kidney (L-Kid), and spleen. We proceeded with two domain adaptation tasks,
from CT to MRI and from MRI to CT. The Dice coefficient is the basic metric used in
segmentation tasks, and we also employed it to evaluate the performance. Dice is the
measurement of volume overlap between the predictions and the ground truth annotations
in 3D.

5. Implementation Details
5.1. Training Configuration

The configuration of the source model follows the approach described in papers [18,19],
and we utilize the deeplabv3-resnet50 segmentation model. To enhance the model’s general-
ization ability, we employ the following image augmentation strategies: Blur, ShiftScaleRo-
tate, RandomBrightnessContrast, and RandomGridShuffle. During training, we set the
batch size to 4 and utilize the Adam optimizer with a learning rate of 3 × 10−5and a weight
decay of 3 × 10−5.

5.2. Fairness Optimization

We found that the pseudo-labels generated by the LD method [19] depend on the
dataset. In our experiments, it was found that the pseudo-labels generated by LD [19] in
the abdominal data contain a lot of noise, which affects the performance of self-training. We
believe that this impact is due to the poor adaptability between the dataset and the method,
not a problem with the method itself. Therefore, the comparison under this premise is
unfair and ineffective. We extend and improve the algorithm of generating pseudo-labels
using the LD [19] method, which is called Double Threshold Pseudo-Label (DTPL).

The LD [19] method uses intra-class confidence to select the pixels as pseudo-labels,
which can avoid the imbalanced selection and “winner-takes-all” dilemma (the model
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would be biased towards the majority classes and ignore the minority classes). They select
the pixels with high intra-class confidence. The intra-class threshold is defined as follows:

δ(c) = τα(p(c)t ), (4)

where p(c)t represents the prediction softmax values with respect to category c, and τα

means the top α(%) value. Therefore, for each category, we select the labels whose softmax
value is larger than threshold δ(c). However, the quality of pseudo-labels depends very
much on the setting of α. LD [19] uses the same α between different categories, which is set
as 0.3, but this does not work for any datasets. As shown in Figure 1, we found that the
LD method creates a lot of noise. Different categories use the same α as their intra-class
threshold, which causes each category in the pseudo-label to have a similar area. We can
avoid this problem by setting α separately for each category, but too many hyperparameters
can bring a lot of complexity.

Experimentally, we found that the generated noise can be filtered out by a global
threshold, so we use double thresholds (global threshold and intra-class threshold) to
generate pseudo-labels. The Double Threshold Pseudo-Label can be defined as follows:

ŷh,w,c =


1 i f c = (argmaxc ph,w,c) ∩ (ph,w,c > δ(c))

∩(ph,w,c > λ)
0 otherwise,

(5)

where ŷh,w,c is the pixel-wise pseudo label, (ph,w,c > δ(c)) represents the intra-class thresh-
old, and (ph,w,c > λ) means the global threshold. In our research, the alpha is set to 0.3,
and λ is set to 0.2.

Figure 1. Comparison of pseudo-labels in LD [19] and DTPL in the abdominal dataset. The four
columns from left to right represent images, annotations, pseudo-labels generated by LD, and pseudo-
labels generated by DTPL.

5.3. Abdominal Comparison Experiments

In Table 1, we compare state-of-the-art approaches with or without the Stable Learning
strategy and show that approaches with SL are more stable. The table above shows the
results of the adaptation task from the CT to the MRI modality, and the table below shows
the results of the adaptation task from MRI to CT. We conducted an in-depth analysis of
the experimental results from two perspectives. Firstly, since this is a domain adaptation
task, we assessed the effectiveness of addressing the domain shift problem by examining
the best performance results. As shown in Table 1, for the task from CT to MRI, directly
inferring the source model results in a low Dice performance of 0.5167, and the MSFUDA
methods improve the Dice score to at least 0.6861, which shows the effectiveness of domain
adaptation methods. Among these improvements, the best is fairLD, with our Stable
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Learning strategy. Additionally, all methods show improved final adaptation performance
when combined with our strategies. Secondly, we focus on the epoch at which each method
achieves its best results during training. We compared snapshots of different methods at
the 1st, 5th, 10th, 20th, and 50th epochs and found that the MSFUDA methods [18–20]
without an SL policy would suffer a “longer training, worse performance” dilemma. For
example, in task MRI → CT, DPL performance at the 50th epoch is 0.6097, but the best
performance of DPL is 0.6580 at the 1st epoch. Similarly, the performance of OS [20] is
0.5835 at the 50th epoch, but its best performance is 0.6580 at the 4th epoch. The methods
with SL outperform those without SL. The experimental data in Table 1 can fully prove
this idea.

In addition, we also compare the training time for the different MSFUDA methods
on the adaptation from CT to MRI on the abdominal dataset. Because we aim to address
the issue of instability during training and need validation set labels to determine the best
performance, if we need to compare the time, it would be best to compare the time at which
the best performance occurs, i.e., the complete training time. The results are shown in
Table 2. Some methods become slower after adding the SL strategy because the number of
epochs required for training increases, such as with DPL. However, this is actually more
reasonable in terms of experimental results, as our focus is on stable training. In contrast,
methods without the SL strategy tend to show a sudden deterioration in performance with
continued training. As shown in Figure 2, we also show the segmentation visualization
results of two CT samples, showing the best segmentation performance of fairLD with
Stable Learning for the MRI to CT adaptation on the abdominal dataset.

fair LD with SL Ground TruthInput

Figure 2. Visualization results for the segmentation of CT images on the abdominal dataset. The
structure of the liver, right kidney, left kidney, and spleen are shown in blue, dark green, light green,
and yellow, respectively.

Table 2. Training time for each method.

Method Training Time (Hours)

LD 1.2
fairLD 1.5
DPL 3.2
OS 28.4
fairLD with SL 18.6
DPL with SL 90.5
OS with SL 20.2

5.4. Cardiac Comparison Experiments

In Table 3, we compare state-of-the-art methods with or without our Stable Learning
strategy. Similarly to the analysis of the abdominal results, we first focus on the adap-
tation’s Dice performance. For the adaptation from CT to MRI, the source model yields
a performance of 0.3753. All the methods improve this performance to at least 0.4089,
which represents a 9.0% improvement over the baseline. For the adaptation from MRI to
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CT in particular, there is a specific case worth mentioning: the OS method demonstrates
significant instability during training. It struggles to improve upon the source model’s
performance of 0.49, possibly due to differences between the datasets used by the original
method. However, with the application of SL strategies, there is still an improvement based
on the OS method from 0.4609 to 0.5083. Secondly, we show that most methods exhibit an
unstable phenomenon. In the 50th epoch, the performance of fairLD and DPL are 0.3661
and 0.3961, respectively, which has a huge drop off from the best performance (0.4202
and 0.4238). However, with the help of the Stable Learning strategy, the performance of
fairLD and DPL are 0.4136 and 0.4213 in the 50th epoch, which is consistent with the best
performance (0.4264 and 0.4238, respectively).

Table 3. Comparison of model training stability for the cardiac dataset in Dice. The Dice value is
the average of the four categories of Dice, which are: ascending aorta, left atrium blood cavity, left
ventricle blood cavity, and myocardium of the left ventricle.

Cardiac CT → MRI Epoch 1 Epoch 5 Epoch 10 Epoch 20 Epoch 50 Best Performance

Source Model 0.3753 - - - - -
LD [19] 0.4089 0.3874 0.3761 0.3678 0.3535 0.4089 (epoch 0)
fairLD 0.4155 0.4124 0.4022 0.3768 0.3661 0.4202 (epoch 2)

DPL [18] 0.4036 0.4216 0.4125 0.4128 0.3961 0.4238 (epoch 8)
OS [20] 0.3974 0.4141 0.4107 0.4154 0.4186 0.4261 (epoch 36)

fairLD with SL (ours) 0.4073 0.4171 0.4165 0.4101 0.4136 0.4264 (epoch 13)
DPL with SL (ours) 0.4109 0.4174 0.4151 0.4177 0.4213 0.4238 (epoch 44)
OS with SL (ours) 0.4125 0.4154 0.4195 0.4195 0.4141 0.4202 (epoch 24)

Cardiac MRI → CT Epoch 1 Epoch 5 Epoch 10 Epoch 20 Epoch 50 Best Performance

Source Model 0.4951 - - - - -
LD [19] 0.5548 0.5280 0.5569 0.5557 0.5563 0.5990 (epoch 8)
fairLD 0.5840 0.6033 0.5985 0.5712 0.5829 0.6234 (epoch 3)

DPL [18] 0.5447 0.4795 0.4641 0.5071 0.5049 0.5447 (epoch 0)
OS [20] 0.4334 0.4479 0.4464 0.4609 0.4375 0.4609 (epoch 19)

fairLD with SL (ours) 0.5772 0.6213 0.6211 0.6119 0.6223 0.6289 (epoch 28)
DPL with SL (ours) 0.5211 0.5418 0.5591 0.5509 0.5456 0.5608 (epoch 14)
OS with SL (ours) 0.4834 0.4991 0.4867 0.4950 0.4912 0.5083 (epoch 22)

5.5. Ablation Study

The results of ablation experiments are shown in Table 4. The ablation experiment
consists of four source-free domain adaptation tasks: two tasks on the abdominal dataset
and the other two on the cardiac dataset. In this section, we analyze three aspects: first,
whether self-entropy minimization plays a positive role in the SFUDA task; second, whether
Stable Learning stabilizes the self-training; and third, the impact of entropy increase in
Stable Learning.

Table 4. The results of the ablation experiments. The table above shows the experimental results
on the abdominal dataset, and the table below is about the cardiac dataset. “Ab.” and “Ca.” are
abbreviations for abdominal and cardiac, respectively. “Best” refers to the best performance of the
model over 200 epochs. “Entropy” contains three states: “-” not used; “Min” entropy minimization;
and “Max” entropy maximization.

Group Ab. CT → MRI Entropy Epoch 50 Epoch 200 Best

A
fairLD - 0.5823 0.5312 0.6832

OS - 0.6772 0.6751 0.6878
DPL - 0.5375 0.4912 0.6692

B
fairLD Min 0.5578 0.5053 0.6861

OS Min 0.6765 0.6698 0.6846
DPL Min 0.5198 0.4789 0.6718
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Table 4. Cont.

Group Ab. CT → MRI Entropy Epoch 50 Epoch 200 Best

C
fairLD + WC - 0.6811 0.6679 0.7011

OS + WC - 0.6771 0.6698 0.6834
DPL + WC - 0.6858 0.6699 0.6912

D
fairLD + WC Max 0.6821 0.6897 0.7006

OS + WC Max 0.6673 0.6733 0.6867
DPL + WC Max 0.6866 0.6881 0.6961

Group Ab. MRI → CT Entropy Epoch 50 Epoch 200 Best

A
fairLD - 0.6772 0.6219 0.7101

OS - 0.6009 0.5722 0.6611
DPL - 0.6097 0.5792 0.6534

B
fairLD Min 0.6532 0.5979 0.7061

OS Min 0.5835 0.5301 0.6580
DPL Min 0.5977 0.5521 0.6598

C
fairLD + WC - 0.7098 0.6881 0.7159

OS + WC - 0.6375 0.6198 0.6639
DPL + WC - 0.6462 0.6219 0.6559

D
fairLD+WC Max 0.7128 0.7072 0.7188

OS + WC Max 0.6304 0.6408 0.6606
DPL + WC Max 0.6426 0.6482 0.6535

Group Ca. CT → MRI Entropy Epoch 50 Epoch 200 Best

A
fairLD - 0.3823 0.3629 0.4233

OS - 0.4177 0.4152 0.4234
DPL - 0.3961 0.3638 0.4238

B
fairLD Min 0.3661 0.3329 0.4202

OS Min 0.4186 0.4159 0.4261
DPL Min 0.3872 0.3511 0.4244

C
fairLD + WC - 0.4144 0.4003 0.4283

OS + WC - 0.4102 0.3998 0.4232
DPL + WC - 0.4254 0.3978 0.4225

D
fairLD + WC Max 0.4136 0.4182 0.4264

OS + WC Max 0.4141 0.4164 0.4202
DPL + WC Max 0.4213 0.4129 0.4238

Group Ca. MRI → CT Entropy Epoch 50 Epoch 200 Best

A
fairLD - 0.6021 0.5641 0.6254

OS - 0.4477 0.4202 0.4596
DPL - 0.5049 0.4593 0.5447

B
fairLD Min 0.5829 0.5545 0.6234

OS Min 0.4375 0.4149 0.4609
DPL Min 0.4982 0.4521 0.5455

C
fairLD + WC - 0.6218 0.6022 0.6247

OS + WC - 0.4899 0.4728 0.5052
DPL + WC - 0.5421 0.5372 0.5583

D
fairLD + WC Max 0.6223 0.6198 0.6289

OS + WC Max 0.4912 0.4955 0.5083
DPL + WC Max 0.5456 0.5508 0.5608

The experiments of Group A and Group B in Table 4 are related to the role of self-
entropy minimization in SFUDA tasks. The experimental results for Group A did not use
an entropy minimization strategy, and the experimental results in Group B used it. From
the best performance of the two groups, it can be found that an entropy minimization
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strategy cannot improve the best performance of SFUDA methods. For example, in the
abdominal CT → MRI task, the best performances of fairLD, OS, and DPL without entropy
minimization are 0.6832, 0.6878, and 0.6692, respectively. They did not improve signifi-
cantly after using entropy minimization (0.6861, 0.6846, and 0.6718). However, entropy
minimization might aggravate the over-fitting phenomenon. The experimental results show
that the performance of the method using entropy minimization at the 50th epoch and the
200th epoch are worse than those without entropy minimization. In general, the effect of
self-entropy minimization in SFUDA tasks does not provide a significant positive impact.

The experiments of Group D in Table 4 are related to the role of Stable Learning. For
the effectiveness and stability of SL in Table 1, we have considered such a possibility: by
slowing down the convergence speed of the model, the process of self-training is stabilized.
If this assumption holds, it means that if the training epoch is prolonged, the final model
will still fall into the dilemma of over-fitting. We extended the training epoch from 50 to
200 and found that SL can indeed stabilize the training process, not delay the convergence
speed. In Group D, the performance of fairLD with SL changed from 0.6821 (50th epoch)
to 0.6897 (200th epoch) in the abdominal CT → MRI task. Similarly, the performance of
fairLD with SL changed from 0.6223 (50th epoch) to 0.6198 (200th epoch) in the cardiac
MRI → CT task. In general, the effect of Stable Learning can indeed stabilize the model
and prevent the model from falling into the over-fitting dilemma.

The experiments of Group C and Group D in the Table 4 are related to the role of
entropy increase in Stable Learning. The experimental results in Group C did not use
an entropy increase strategy, and the experimental results in Group D used it. Weight
consolidation was used in both groups. From the 200th epoch of the two groups, it can
be found that the method with the WC strategy only had a decline in performance after
a long training time. For example, in the abdominal CT → MRI task, the performance
of fairLD (Group C) suffered a decline from 0.6811 (50th epoch) to 0.6679 (200th epoch);
that of DPL also had a drop from 0.6858 (50th epoch) to 0.6699 (200th epoch). However,
the performance of fairLD and DPL (Group D) is more stable, which is from 0.6821, 0.6866
(50th epoch) to 0.6897, 0.6881 (200th epoch), respectively. The reason for this phenomenon
is that over-parameterization makes it possible to have a solution that makes the model
suffer from the same over-fitting dilemma under the constraint of weight consolidation
(more details can be found in Section 3.3).

6. Conclusions

We introduce the novel Stable Learning (SL) strategy to address the challenges of
source-free domain adaptation in medical semantic segmentation. Our approach specifi-
cally tackles the overfitting dilemma that current source-free unsupervised domain adap-
tation (SFUDA) methods encounter due to the lack of a labeled target domain validation
dataset. The SL strategy integrates two essential components, weight consolidation and
entropy increase, which work together to enhance model stability and performance. Weight
consolidation adds a weight penalty to the loss function, allowing the model to retain
knowledge of source domains. Entropy increase aims to maximize the self-entropy of
the model’s predictions, which is proposed to avoid over-learning. It is designed to be
compatible with various existing medical SFUDA methods. We combined this training
strategy with other methods and validated its effectiveness on two public datasets.
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