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 A B S T R A C T

Advances in deep learning models have significantly improved performance in medical tasks, but their complex 
structures and high computational requirements pose challenges for clinical implementation. Additionally, 
data privacy concerns limit the availability of comprehensive datasets needed to train accurate models. 
To address these issues, we propose a novel adaptive knowledge distillation (KD) framework for medical 
imaging segmentation that integrates intermediate and high-level feature pairwise relationships between 
teacher and student models. Our framework features adaptive multi-teacher distillation, where multiple teacher 
models, each trained on limited data from different sites and hospitals with various scanning protocols, distill 
their knowledge to a student model using adaptive weighting. This method allows each teacher to convey 
deep feature representations to the student’s intermediate layers, enhancing performance without increasing 
complexity. To validate the efficacy of our framework, we conducted extensive experiments on two publicly 
available medical datasets, focusing on prostate and spleen tumor segmentation tasks. Our adaptive KD 
approach significantly improved dice scores by up to 9%, surpassing all tested baseline models. These results 
highlight the potential of our KD framework to enhance medical imaging segmentation while ensuring data 
privacy and security.
1. Introduction

Medical imaging modalities such as Magnetic Resonance Imaging 
(MRI) and Computed Tomography (CT) are extensively used for di-
agnostic purposes, particularly in segmentation and detection tasks 
that require pixel-level interpretation to produce segmentation masks. 
Despite their widespread use, image segmentation presents several 
challenges, including limited data resources and variations in image 
acquisition methods, such as different imaging modalities and scan-
ning protocols. Deep learning (DL) networks, exemplified by models 
like UNet, [1], have demonstrated their efficiency in various medical 
tasks, especially semantic segmentation. However, these deep learning 
models are inherently complex and demand significant computational 
resources, challenging their deployment in real-time clinical settings.

To balance model performance with computational efficiency,
lightweight models such as ESPNet [2] and ENet [3] have been devel-
oped. While these models reduce computational costs, they frequently 
suffer from degrading accuracy, creating a trade-off between efficiency 
and performance. Addressing this issue, knowledge distillation (KD)—a 
method introduced by Hinton et al. [4] has gained attention as a 
means to improve the performance of lightweight models. KD involves 
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transferring knowledge from a larger, well-trained teacher model to a 
smaller student model, thus improving the student’s performance while 
maintaining low computational demands.

Despite the growing success of KD in tasks like semantic seg-
mentation by optimizing the similarity between teacher and student 
features [5] or by capturing feature pairwise relationships [6] to con-
sider the spatially structured information, current methods still struggle 
with capturing intricate semantic details, particularly in the medical 
domain [7–9], where the spatial structure of data is critical. Most KD 
techniques rely on a single-teacher model, which limits the ability to 
distill diverse and complementary features to the student model. To 
address this gap, recent research has explored multi-teacher knowledge 
distillation, where the student model learns from multiple proficient 
teachers trained on distinct datasets, enhancing the generalization ca-
pability of the student model across diverse scanning protocols and 
institutions [10,11].

In the context of medical imaging, where privacy concerns and 
limited access to diverse datasets are prominent, multi-teacher KD 
offers a promising solution. Training models with data from multiple 
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sources can improve generalization [12] but also raises concerns about 
biases introduced by differing scanning protocols. Additionally, the 
scarcity of data makes training high-performance teacher models even 
more challenging. Multi-teacher KD can help capture a broader range of 
features and patterns from diverse data sources, enhancing the student 
model’s ability to generalize and adapt across different sources and 
protocols. Therefore, any distillation framework must be capable of 
training teacher models with limited data, potentially sourced from a 
single scanning resource. To date, no research has explored the poten-
tial of leveraging multi-teacher KD under these constraints, where each 
teacher is trained on limited data from a single source. Our approach 
aims to fill this gap by developing a KD framework that integrates 
multiple teachers trained on limited data to distill their knowledge 
a lightweight student model thus enabling improved segmentation 
performance and better generalization across different medical imaging 
datasets.

This work addresses the key challenge in medical imaging seg-
mentation: how to improve the performance of lightweight models 
when training data is limited and diverse. We propose a multi-teacher 
knowledge distillation (KD) approach, where multiple teacher models, 
trained on limited and heterogeneous datasets, guide the student model 
collaboratively. Our adaptive multi-teacher distillation approach dif-
fers from traditional multi-teacher methods by dynamically weighting 
the influence of each teacher model based on the specific features 
and complexities of each input. Traditional multi-teacher distillation 
typically assigns equal or fixed weights to each teacher, which may 
not capture nuanced details in medical imaging data. By adapting 
weights per input, our method better handles diverse patterns and 
improves performance on complex medical imaging tasks, leading to 
enhanced accuracy and robustness. This approach aims to enhance 
the generalization and segmentation accuracy of the student model, 
overcoming the difficulties posed by variations in medical data and 
preserving patient privacy.

Our proposed multi-level learning scheme enables the student model
to learn from the soft predictions of multiple teachers at a high 
distillation level, while also mimicking their feature representations at 
an intermediate level. This allows the student to incorporate a broader 
range of insights from diverse data sources without overfitting to a 
specific dataset. This addresses a crucial gap in the field, where most 
KD methods rely on a single teacher and are limited in their ability to 
handle complex, multi-modal medical data. We make the following key 
contributions:

• Adaptive Knowledge Distillation Framework: We introduce a 
novel adaptive knowledge distillation framework for medical 
imaging segmentation that combines intermediate and high-level 
feature transfer, enabling effective utilization of limited data 
while preserving data privacy.

• Mono-Teacher and Multi-Teacher Distillation Scenarios: Our ap-
proach supports both single-teacher and multi-teacher distillation 
scenarios. The single-teacher model provides a baseline, where 
the student learns from a single, well-trained teacher. In contrast, 
the multi-teacher model adaptively integrates knowledge from 
several teachers using a weighted approach, allowing the student 
to learn deep feature representations from diverse data sources. 
This adaptability is particularly critical when dealing with varied 
medical imaging protocols and datasets.

• Maintaining Model Simplicity: Despite these improvements, our 
approach enhances performance without introducing additional 
complexity to the student models, addressing the computational 
challenges associated with deploying deep learning models in 
clinical settings.

• Extensive Experimental Validation: We validate our proposed 
framework through extensive experiments on two publicly avail-
able medical datasets, focusing on prostate and spleen tumor 
segmentation tasks. The results show that our lightweight model 
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achieves a significant improvement of approximately 9% in dice 
score compared to state-of-the-art methods, demonstrating the 
potential of our KD framework to enhance medical imaging seg-
mentation while ensuring data privacy and security.

2. Literature review

2.1. Medical imaging segmentation

Significant progress in medial image segmentation for disease di-
agnosis has been achieved. Semantic segmentation falls into two cat-
egories: complex models for high-accuracy region segmentation and 
lightweight models for resource-limited devices, typically with lower 
accuracy.

Regarding complex models, Tian el.[13] proposed a PSPNet ar-
chitecture by integrating fully connected networks for MRI semantic 
segmentation. Liu et al. [14] proposed an FCN with ResNet50 as the 
backbone for detecting the prostate zones with the mechanism of 
feature pyramid attention. Zhu et al. [15] introduced a novel domain 
adaptation-based method, presenting a boundary-weighted segmenta-
tion to exceed the limited source data. To deal with the underfitting 
problem during the training, Liu et al. [16] implemented a robust multi-
site segmentation model by aggregating prostate MRI from multiple 
sources. In [17], the authors developed an automatic segmentation tool 
using a fully connected conditional random field that works on both 
2D images and 3D medical volumes without any prior information 
or training process. Moon et al. [18] developed an end-to-end auto-
mated pipeline for abdominal spleen segmentation using Resnet as a 
backbone. This pipeline allows the users to perform the segmentation 
into 3 stages, i.e. preprocessing the input data, segmentation with 
deep learning methods, and 3D visualization of the generated masks. 
In [19], Mihaylova et al. proposed an automated spleen segmentation 
in MRI sequence, they used a template matching method to set the 
initial active contour at which the segmentation starts. Their approach 
involves splitting the MRI sequence into two parts where the middle 
slice represents the border. Based on the middle image’s segmentation, 
the next slice’s mask segmentation is created through a matching 
technique. Huo et al. [20] developed an image-to-image conditional 
generative adversarial network (cGAN) to address the spatial varia-
tions of the large spleens in multi-modal MRI scans. In most of the 
aforementioned DL models, semantic medical segmentation has several 
drawbacks: highly accurate models for semantic segmentation tend to 
be large and complex, making them difficult to deploy on devices with 
limited computational resources. Then, complex models often require 
significant computational power and time for inference, which can be 
impractical for real-time applications. They are prone to overfitting, 
especially when trained on small datasets. Large models can be difficult 
to interpret, making it challenging to understand their decision-making 
process. Highly accurate models for semantic segmentation tend to be 
large and complex, making them difficult to deploy on devices with 
limited computational resources.

Thus, several studies have explored the use of lightweight models 
for medical imaging segmentation. In one study [21], the authors 
tested Unet, ENet, and ERFNet for segmenting prostate MRI images, 
finding that Unet achieved the highest Dice score, followed by ENet. 
The performance of ENet (dice of 0.835) here was attributed to the 
limited amount of training data. Ma et al. [22] developed a method 
for segmenting Tooth CT images using an ENet model enhanced with 
an attention mechanism, achieving a Dice score of 0.85. Additionally, 
Nicolas et al. [23] employed the 3D ESPNet model to segment brain 
tumors from 3D MRI volumes, reaching an accuracy of 0.785. However 
lightweight models face several challenges: they typically achieve lower 
accuracy compared to more complex models because they have fewer 
parameters and thus less capacity to capture intricate patterns in the 
data. Their simplified structure can result in inadequate generalization 
across different datasets or data variations. Their limited capacity can 
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hinder their ability to capture complex structures in medical images 
(e.g., MRI), leading to poorer segmentation quality. Then, they are 
more sensitive to noise and variations in the data, which can negatively 
impact their performance.

To address the drawbacks of lightweight models, the concept of 
Knowledge Distillation (KD) has emerged [4]. KD allows a lightweight 
model to be trained under the guidance of a more complex model, 
enabling it to mimic its performance while maintaining a lower number 
of parameters and reduced computational resource requirements.

The literature highlights considerable advancements in both com-
plex and lightweight medical segmentation models. However, a notable 
research gap persists in effectively integrating knowledge distillation 
(KD) with advanced segmentation techniques to balance accuracy and 
computational efficiency. Existing studies fall short of providing com-
prehensive frameworks that leverage multi-teacher distillation to opti-
mize lightweight models for specific medical imaging tasks. To address 
this gap, this paper proposes an optimized KD framework designed 
for lightweight segmentation of MRI prostate and CT spleen scans. 
Our approach enables the student model to simultaneously learn from 
multiple teacher models, enhancing its performance while maintaining 
computational efficiency.

2.2. Knowledge distillation for medical imaging

KD allows a lightweight student model to learn from the more 
accurate predictions and feature representations of a larger teacher 
model [4]. This process helps the student model achieve higher ac-
curacy than it would have on its own, bridging the performance gap 
between lightweight and complex models.

Recently, researchers have witnessed the use of knowledge distilla-
tion in medical imaging segmentation. For instance, Wang et al. [24] 
have proposed an efficient self-supervised KD framework that encodes 
the intra-instance feature representation for skin lesion classification. 
In [25,26], a mutual distillation has been proposed that adopts a cross-
modality KD framework for cardiac and abdominal organ segmentation. 
In [27], an efficient distillation scheme for brain segmentation has been 
proposed, it is based on coordinate distillation that incorporates space 
and channel information. In [7], to boost the lightweight model to 
mimic the middle features extracted from the teacher network during 
the training, Qin et al. [7] have constructed a novel module i.e. for 
liver and kidney segmentation that guides the student network by 
re-scaling the features’ student to imitate the features maps of the 
teacher. Noothout et al. [28] have adopted two ensembles of con-
volutional neural networks as teacher models to segment the brain 
MRI imaging, chest CT, and cardiac cine-MRI. Xu et al. [29] have 
proposed a growing teacher assistant network (GTAN) along with the 
main teacher to optimize the disparity of teacher and student model 
sizes. Zhao et al. [8] have proposed a structured distillation framework 
that investigates a region graph distillation to exploit the higher-order 
representational capabilities of graphs to enable the student network to 
mimic structured information from the teacher better. In [30], the au-
thors have introduced a Prototype Knowledge Distillation (ProtoKD) to 
improve medical image segmentation when only single-modality data is 
available, addressing the common issue of missing modalities in clinical 
practice. ProtoKD transfers knowledge from a multi-modality trained 
teacher to a single-modality student model by distilling pixel-wise 
knowledge and intra- and inter-class feature variations.

In summary, the literature on KD in medical imaging demonstrates 
steady progress; however, a significant gap persists in the adoption of 
multi-teacher distillation strategies. Most existing approaches rely on a 
single-teacher model to train student models, which limits the ability 
to fully exploit diverse and complementary knowledge from multiple 
high-performing teachers. This limitation is particularly pronounced 
when working with limited medical datasets, where multi-teacher KD 
could enhance the generalization and robustness of lightweight models. 
3 
To address this gap, we designed a distillation pipeline that incor-
porates multi-teacher KD, a strategy that remains underexplored in 
medical image segmentation. This emerging approach shows immense 
promise for advancing the field. Specifically, this work introduces an 
innovative adaptive and ensemble KD strategy aimed at significantly 
improving segmentation performance while maintaining computational 
efficiency. Furthermore, medical imaging researchers have consistently 
highlighted the strong segmentation capabilities of models such as 
PSPNet [13] and Deeplab [31]. Building on their proven effectiveness, 
we utilize these models as teacher networks within our framework to 
maximize knowledge transfer to the student model.

3. Methodology

3.1. Overview

As shown in Fig.  1, we present a refined distillation pipeline fea-
turing two pivotal models: a high-performance teacher model and a 
lightweight student network optimized for fast segmentation. Both 
models operate on 3D imaging data (MRI or CT) arranged as a stack 
of 2D slices, producing predictions for each slice. As depicted in Fig.  1, 
our structured distillation framework encompasses two main learning 
approaches to maximize robustness and adaptability.

Firstly, we employ mono-teacher distillation, wherein the student 
gains knowledge from a single, proficient teacher who has been exten-
sively trained. The second scenario involves multi-teacher distillation, 
where the student network is trained by aggregating knowledge from 
multiple teachers, each trained on a distinct subset of the data. By 
integrating insights from multiple teachers, the student model becomes 
more resilient to noise and biases associated with individual teach-
ers and can better generalize across diverse inputs and conditions. 
Averaging predictions from multiple teachers helps reduce overfitting 
by promoting generalizable and adaptive patterns instead of memo-
rizing specific examples. This approach is particularly advantageous 
for medical imaging tasks, as the combined knowledge from mul-
tiple sources enhances the model’s effectiveness and efficiency over 
traditional mono-teacher distillation approaches.

Thus, our primary objective is to equip the student with the ca-
pability to acquire additional insights from various teachers, enabling 
it to dynamically adapt to real-time medical imaging segmentation 
across diverse hospital datasets while addressing concerns related to the 
sharing of private data. To demonstrate the efficiency of our distillation 
pipeline, we adopt the publicly available MRI prostate [16] and CT 
Spleen [32,33].

For the mono-teacher transferring, we used the full data, while for 
multi-teacher distillation, we divided the larger dataset into smaller 
subsets (two subsets for the Spleen dataset and three for the Prostate 
dataset) and trained each teacher separately on its respective subset. 
This method enables the ensemble of teachers to distill the student 
network through a unified transfer process, applying consistent losses 
across both mono- and multi-teacher distillation. In this paper, we con-
ducted a multi-level knowledge transfer approach. Our methodology 
encompasses feature-based distillation facilitated by attention transfer, 
inspired by [34], and logit-based distillation utilizing the Kullback–
Leibler (KL) divergence to align teacher and student predictions. In line 
with the multi-teacher distillation approach, we employed dual teacher 
distillation for spleen data and trio-teacher for prostate MRI to enhance 
our experimental setup and increase model diversity, considering the 
data sources available for training the teacher models.

Our framework is designed to scale efficiently with larger datasets 
by training multiple teacher models independently on different data 
subsets or imaging modalities. This approach supports parallel pro-
cessing, making it feasible to handle high data volumes. Additionally, 
the adaptive weighting process is modality-agnostic, allowing appli-
cation across various medical imaging types beyond MRI and CT. By 
dynamically adjusting the weighting mechanism to reflect diverse data 
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distributions, our framework generalizes effectively across different 
imaging modalities and datasets acquired under varying conditions, 
highlighting its potential for broader applications in medical imaging. 
For our experiments, we utilized publicly available prostate MRI and 
spleen CT datasets, chosen for their diversity in data sources. How-
ever, our framework is readily adaptable to any multi-source medical 
imaging data.

Our approach guarantees that the teacher models cover a broad 
spectrum of data variations without introducing redundancy that could 
cause overfitting issues. Furthermore, we ensure that the student model 
effectively learns from the ensemble of teacher models, which might 
necessitate specific training methods utilizing efficient distillation loss 
functions. To achieve that, in our methodology, we follow:

• Carefully select teacher models that cover a broad spectrum of 
data variations, such as PSPNet [13] and Deeplab [31]. This 
can be done by choosing teacher models trained on diverse sub-
sets of the data, using different architectures. Ensuring diversity 
among teacher models helps prevent redundancy and ensures 
comprehensive coverage of the dataset by:

• Using ensemble learning based on weighted averaging to com-
bine predictions from multiple teacher models, capture a broader 
range of knowledge, and reduce the risk of overfitting.

• Implementing regularization techniques to prevent overfitting 
when training the student model on the ensemble of teacher pre-
dictions. Regularization methods such as dropout, weight decay, 
or early stopping can help the student model generalize better and 
avoid memorizing noise present in the teacher models.

• Designing and utilizing efficient distillation loss functions tailored 
to the ensemble of teacher models that could be trained with 
limited data. These loss functions should encourage the student 
model to learn from the ensemble’s collective knowledge while 
balancing between different teachers’ contributions. Techniques 
such as knowledge distillation, where the student model learns 
to mimic the soft labels or intermediate representations of the 
teacher models, can be particularly effective in this context.

• Developing a training procedure that effectively integrates the 
knowledge from multiple teacher models into the student model’s 
learning process. This involves iterative training steps where the 
student model is trained using both the original dataset and the 
predictions from the teacher models, updating its parameters to 
minimize the distillation loss. It is crucial to maintain a balance 
between learning from the ensemble of teachers and preserving 
the student model’s ability to adapt to new data.

3.2. Standard mono-teacher knowledge distillation

This work incorporates a dual-level knowledge transfer strategy: 
an intermediate transfer for feature-based distillation and a high-level 
transfer for prediction-based distillation. To begin, Logits-based distil-
lation has been conducted in [4] as an efficient architecture to learn 
the student network from the soft targets provided by a well-optimized 
teacher model. In our work, we refine this approach by proposing 
a distillation architecture that utilizes soft targets comprising class 
probabilities and essential information crucial for the student model to 
emulate the output of the pre-trained teacher. The transfer probability 
is as follows: 

𝑝𝑖 =
𝑒𝑥𝑝(𝑧𝑖∕𝜆)

∑

𝑗 𝑒𝑥𝑝(𝑧𝑗∕𝜆)
, (1)

where 𝑝𝑖 indicates the input probability and 𝑧𝑖 denotes the 𝑖th class 
of the logits output, i.e., 𝑧0 background and 𝑧1 prostate. 𝜆 is a hy-
perparameter called the temperature to balance the distillation loss. 
Inspired by [4], we determine a prediction distillation that enables the 
lightweight model to learn the prediction probability of the final output 
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segmentation of the teacher model, i.e., softmax output. The logits-
based distillation loss is precisely measured by Kullback–Leibler (KL) 
divergence across the student’s and teacher’s softmax predictions. Thus, 
prediction distillation loss is defined by: 

𝐾𝐿𝑙𝑜𝑠𝑠 =
1
𝑁

𝑁
∑

𝑖
𝐾𝐿(𝑝𝑠𝑖 ∥𝑝

𝑡
𝑖), (2)

where the KL divergence function is denoted by 𝐾𝐿(.), where 𝑁 = 𝑤×ℎ, 
all the pixels in segmentation, and 𝑝𝑠𝑖  and 𝑝𝑡𝑖 indicate the probability of 
𝑖𝑡ℎ pixel pair in the segmentation map of the student’s and teacher’s 
softmax outcome, respectively.

Along with the prediction distillation loss measured in (2), we 
explore an intermediate distillation loss to conduct the feature-based 
distillation. We follow the attention transfer in [34] that considers the 
absolute value of a neuron’s activation. Specifically, we analyze the 
feature maps 𝑓 , structured as 𝐶 × 𝑤 × ℎ, by summing the absolute 
values along the channel dimension 𝐶 to derive an attention value of 
the original features 𝑓 . We denote 𝑎𝑡𝑠𝑖  and 𝑎𝑡𝑡𝑗 the attention feature maps 
extracted from the 𝑖𝑡ℎ and 𝑗𝑡ℎ layers for the student and teacher net-
works respectively. Thus, the attention transfer’s loss can be calculated 
by: 

𝐴𝑇𝑙𝑜𝑠𝑠 =
∑

𝑖,𝑗
‖

𝑎𝑡𝑠𝑖 − 𝑎𝑡𝑡𝑗
‖𝑎𝑡𝑠𝑖 − 𝑎𝑡𝑡𝑗‖2

‖1, (3)

where ‖.‖1 and ‖.‖2 are the L1 and L2 normalization. Furthermore, 
in [7], the authors introduced a method based on region contrast to 
identify the tumor boundary within the feature maps by utilizing the la-
beled segmentation mask. They assessed region contrast by comparing 
the similarity between the region information derived from the student 
and teacher independently. We utilize this region-based approach to 
blend the feature maps of the student and teacher and enhance the 
similarity between them through optimization. As such, we employ the 
final feature layer of each teacher’s encoder and decoder sections to 
guide knowledge distillation. Given the intermediate distillation loss 
across feature maps for both teacher and student networks, we employ 
a loss function that combines the attention-based loss and the region 
contrast-based loss. This loss is defined as follows: 
𝑀𝑖𝑑𝑙𝑜𝑠𝑠 = 𝐴𝑇𝑙𝑜𝑠𝑠 +

∑

𝑖,𝑗
‖𝑟𝑐𝑠𝑖 − 𝑟𝑐𝑡𝑗‖2, (4)

where 𝑟𝑐𝑠𝑖  and 𝑟𝑐𝑡𝑗 represent the region contrast vectors of the 𝑖𝑡ℎ and 𝑗𝑡ℎ
layers for the student and teacher, respectively (as described in [5,7]). 
The attention loss can help the student model to learn to focus on 
the most relevant parts of the teacher’s feature maps. Region contrast 
involves transferring relational information across networks, allowing 
the student model to emulate the contrast between foreground and 
background regions. This process enables the student model to discern 
and mimic the distinctive features in foreground and background areas. 
To assess the accuracy of the student’s segmentation mask against the 
labeled segmentation mask, we utilize the segmentation loss 𝑆𝑒𝑔𝑙𝑜𝑠𝑠. 
This loss function incorporates the Lovasz-Softmax loss [35], known for 
its effectiveness in addressing class imbalance and ensuring boundary 
alignment. In addition to the Lovasz-Softmax loss, we incorporate the 
dice similarity loss [32] to further refine the segmentation evaluation. 
𝑆𝑒𝑔𝑙𝑜𝑠𝑠 = 𝛼1𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠 + 𝛼2𝐿𝑜𝑣𝑎𝑠𝑧𝑙𝑜𝑠𝑠. (5)

where 𝛼1 and 𝛼2 are hyper-parameters set to 0.2 and 0.3, respectively.
As shown in Fig.  1, to obtain an end-to-end trainable student 

network, we utilize a blend of losses to execute the global distillation 
loss, referred to as 𝐾𝐷𝑙𝑜𝑠𝑠. Therefore, the complete distillation process 
for the single-teacher scenario is defined by the subsequent formula. 
𝐾𝐷𝑙𝑜𝑠𝑠 = 𝑆𝑒𝑔𝑙𝑜𝑠𝑠 + 𝛼𝑀𝑖𝑑𝑙𝑜𝑠𝑠 + 𝛽𝐾𝐿𝑙𝑜𝑠𝑠, (6)

𝛼 and 𝛽 are set to 0.1. The hyperparameters setting was settled after 
empirical attempts to conduct efficient segmentation results.
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Fig. 1. The overall framework of our multi-teacher distillation method.
3.3. Adaptive ensemble learning

Single-teacher distillation has the potential to enhance the perfor-
mance of lightweight models significantly. However, leveraging the 
ability to learn from multiple resources simultaneously and equally 
can empower the student model to capture a broader range of char-
acteristics from various teacher networks. Recent research has tested 
multi-teacher knowledge as a potential way to enable the student 
model to learn from well-performed teachers with different complex 
architecture. Previous research on multi-teacher distillation learning 
has primarily focused on the aggregation technique that combines 
the outputs of multiple teachers into a single teacher-like output by 
averaging the predictions (or logits) of all teachers, which is then used 
to train the student model [36]. Moreover, Weighted Multi-Teacher 
Distillation [37] has been used to assign different constant weights to 
each teacher based on their performance or relevance to the specific 
task instead of equally considering all teachers. Then, the Selective 
Multi-Teacher Distillation is where the student is trained by select-
ing or voting for the best teacher (or a subset of teachers) for each 
specific instance or domain [38,39]. All the multi-teacher distillation 
methods mentioned previously have several drawbacks, i.e. Averaging 
the teachers’ outputs might dilute individual expertise, leading to a 
loss of critical, nuanced knowledge. In addition, selecting or tuning the 
weights can be non-trivial and may require additional hyperparameter 
tuning or a sophisticated weighting mechanism. In contrast, our work 
introduces a new Adaptive Multi-Teacher knowledge distillation frame-
work to adjust the contributions of each teacher model dynamically, 
improving robustness and generalization across various medical imag-
ing domains. This framework can dynamically assign varying weights 
to different teacher models based on the complexity and characteristics 
of the input data. In medical imaging tasks, especially when dealing 
with heterogeneous datasets. Here, we innovate by dividing the avail-
able heterogeneous data considering its sources into subsets, allowing 
us to train each teacher network separately. This approach employs 
an adaptive strategy that enables students to learn from all teachers 
simultaneously, utilizing adaptive weights to compute the fusion of 
teacher models. Therefore, we evaluate the teachers’ predictions using 
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the following formula, 𝑝𝑡𝑖 = 𝑤𝑗
∑

𝑗 𝑝
𝑡
𝑗 , where 𝑗 = 1 ∶ 𝑛 and 𝑛 represents 

the total number of teachers. If we have 𝑛 teacher models, then the 
set of adaptive weights obtained from these teachers is denoted as 
𝑤𝑗 ∈ {𝑤1, 𝑤2,… , 𝑤𝑛}. Therefore, the calculation of the adaptive weight 
𝑤𝑗 is determined by:

𝑤1 =
𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝𝑡1 , 𝑦)

∑

𝑗 (𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝
𝑡𝑗 , 𝑦))

𝑤2 =
𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝𝑡2 , 𝑦)

∑

𝑗 (𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝
𝑡𝑗 , 𝑦))

⋮

𝑤𝑛 =
𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝𝑡𝑛 , 𝑦)

∑

𝑗 (𝐷𝑖𝑐𝑒𝑙𝑜𝑠𝑠(𝑝
𝑡𝑗 , 𝑦))

where 𝑦 is the ground-truth mask, considering multi-teacher scenario, 
and the student’s output 𝑝𝑠𝑖  using the formula given in Eq.  (2), where 
𝑝𝑡𝑖 is defined as the weighted sum of the individual teacher outputs 𝑝𝑡𝑗 , 
𝑝𝑡𝑖 = 𝑤𝑗

∑

𝑗 𝑝
𝑡𝑗 .

Additionally, we compute the 𝑀𝑖𝑑𝑙𝑜𝑠𝑠 across the teachers and the 
student network using 𝑤𝑗 ∈ {𝑤1, 𝑤2,… , 𝑤𝑛} given above as shown in 
the following formula: 
𝑀𝑖𝑑𝑙𝑜𝑠𝑠 = 𝑤1𝑀𝑖𝑑𝑙𝑜𝑠𝑠(𝑡1, 𝑠) +𝑤2𝑀𝑖𝑑𝑙𝑜𝑠𝑠(𝑡2, 𝑠) +⋯ +𝑤𝑛𝑀𝑖𝑑𝑙𝑜𝑠𝑠(𝑡𝑛, 𝑠). (7)

Hence, the overall loss for the multi-teacher knowledge distillation 
framework will be computed using Eq.  (6). We conduct our segmen-
tation task on MRI prostate and CT spleen datasets, with details of 
the data collection provided in the next section. However, our adap-
tive multi-teacher distillation approach is not limited to these specific 
modalities or organs; it has the potential to perform effectively on a 
wide range of 3D medical scans or simpler modalities using the same 
process.

The selection of these datasets is based on their heterogeneity and 
availability. We expect that as the input data increases in size and 
diversity, our framework will demonstrate even stronger performance, 
as it is designed to adapt and handle complex and varied data more 
effectively.
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Table 1
Total number of training data w/o augmentation for prostate and spleen segmentation 
tasks.
 Strategy Singe-teacher Multi-teacher

 T1 T2 T3  
 Prostate 2844 1095 1113 638 
 Spleen 6848 3829 3019 –  

4. Experiments

4.1. Datasets

 MRI Prostate : We conducted our experiments on a publicly 
available MRI prostate dataset [16], where the data is collected from 
three various institutions, PROMISE12 [40], NCI-ISBI2013 [41], and 
I2CVB [42]. The data consists of 116 patient cases with a total slice 
number of 1740 with their corresponding segmentation masks.

CT Spleen :  Spleen data is sourced from Decathlon [32] and 
Duke [33] datasets. The Duke Spleen Data Set (DSDS) [33] comprises 
in total 109 CT and MRI volumes (6322 images) from 69 patients 
with chronic liver disease and portal hypertension. For our work, 
we focused on 69 axial CT volumes stored in DICOM format, which 
underwent preprocessing to convert the DICOM files for each patient 
into NIfTI files. This conversion facilitated seamless integration with 
the decathlon dataset. Decathlon spleen [32] includes a total of 61 
CT volumes, with 41 volumes allocated for training purposes and 20 
volumes for testing.

In our approach to mono-teacher distillation, we divided the data 
into training and testing sets, with an 80% to 20% ratio allocation, 
respectively. In the case of multi-teacher distillation, we employed 
three distinct teachers for the MRI prostate. To facilitate this, we 
partitioned the dataset into three subsets equally in terms of the number 
of samples. We have a total of 2846 and 1045 slices for the training 
and testing respectively (see Table  1), allowing us to train each teacher 
individually with a limited number of images. For the spleen data, we 
implemented a dual-teacher framework. The first teacher was trained 
using the Decathlon dataset, while the second teacher performed on the 
Duke dataset.

We applied a comprehensive suite of data augmentation techniques 
for the training and validation sets to increase sample diversity and 
improve model robustness. These augmentations include:

• Random Rotation with an angle limit of ±90 degrees.
• Random Scaling range of ±20%, and Shift with limit of 0.0625.
• Random Horizontal and vertical flips with a probability of 0.5.
• Random elastic transformations, grid distortions, and optical dis-
tortions with probabilities of 0.1.

• Random Brightness and Contrast with a probability of 0.2.
• Coarse Dropout which randomly masks small rectangular regions 
in the images with a probability of 0.2.

We used the Albumentations library to implement the described aug-
mentation techniques, which proved effective in enhancing the model’s 
generalization, particularly on challenging boundary regions. This ap-
proach significantly contributed to the model’s overall robustness and 
performance consistency.

4.2. Evaluation metrics

In the scope of medical image segmentation, the Dice similarity 
coefficient (Dice) stands out as a commonly employed metric to eval-
uate the performance of each method. The Dice coefficient serves 
to compute the overlapping between two sets, offering a numerical 
representation typically ranging from 0 to 1. A greater Dice coefficient 
denotes a stronger similarity between the segmented area and the 
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ground truth, indicating higher accuracy in the segmentation process. 
In Addition, the Dice loss enhances model performance, particularly in 
handling imbalanced datasets and ensuring better delineation of critical 
shapes. It is expressed as: 

𝐷𝐼𝐶𝐸(𝑃 ,𝐺) =
2|𝑃 ∩ 𝐺|

|𝑃 | + |𝐺|

, (8)

where P and G denote the prediction and the ground truth of the tumor 
mask, respectively.

Additionally, we provide the volumetric overlap error (VOE) as an 
extra evaluation metric, which measures the prediction’s error rate. 
VOE is defined as: 
𝑉 𝑂𝐸(𝑃 ,𝐺) = 1 −

|𝑃 ∩ 𝐺|

|𝑃 | + |𝐺|

. (9)

It is important to note that VOE differs from the Dice coefficient 
in their interpretation. While a higher Dice coefficient implies better 
network performance, VOE serves as an error metric, where smaller 
values (or their absolute values) are desired.

Most distillation methods in medical imaging commonly use the 
Dice similarity coefficient and Volume Overlap Error (VOE) to eval-
uate performance and benchmark against state-of-the-art (SOTA) ap-
proaches. In alignment with this standard practice, we have selected 
these two metrics as the primary evaluation criteria for our frame-
work. These metrics not only enable us to assess the effectiveness of 
our approach but also facilitate a meaningful comparison with other 
knowledge distillation (KD) methods in the field of medical imaging.

4.3. Setup

We conducted a comprehensive series of experiments to assess the 
efficacy of our distillation approach. For our teacher networks, we 
opted for robust complex off-the-shelf segmentation models, such as 
DeepLabV3+ [31], PSPNet [13], FCN_ResNet101 [14], and ResNeXt-
101-32x8d [43]. Regarding the student models, we selected three 
lightweight networks that are used for medical image segmentation, 
namely ENet [3], ESPNet [2], and MobileNetV2 [44]. Table  2 presents a 
comparison between teacher and student networks in terms of the num-
ber of parameters and FLOPs, highlighting the significant differences 
between the complex and lightweight models.

All tested networks were trained and evaluated using the official 
PyTorch setup on a GeForce RTX 3080 ti (16 GB). During training, 
we employed the Adam optimizer with default configuration (𝛽1 = 0.9
and 𝛽2 = 0.999) and initialized the learning rate at 0.01. Additionally, 
we utilized CyclicLR to adjust the learning rate, setting the minimum 
learning rate to 0.000001 and a step size of 2000. The training was 
conducted until convergence over 100 epochs.

4.4. Results

4.4.1. Mono-teacher distillation
Our objective is to train a student network using a single teacher 

in the initial phase of our distillation process. The teacher network has 
undergone thorough training on datasets related to prostate and spleen 
tumors. To demonstrate the effectiveness of our distillation approach 
in improving the efficiency of a lightweight model, we conducted 
an empirical series, where, we employed ENet [3], ESPNet [2], and 
MobileNetV2 [44] as student networks, all possessing a low parameter 
count. Conversely, we selected sophisticated teacher networks, namely 
DeepLabV3+ [31], PSPNet [13], FCN_ResNet101 [14], and ResNeXt-
101-32x8d [45] to guide the student models as mentioned previously. 
For DeepLabV3+ and PSPNet networks, we utilized ResNet50 as a 
backbone, while for FCN, we employed ResNet101.

These networks have been specifically designed for medical imaging 
tasks and are known for their high accuracy in state-of-the-art seg-
mentation methods. Figs.  2 and 3 illustrate the improvement in dice 
scores across different student models, particularly emphasizing the 
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Fig. 2. Effectiveness of Distillation on Model Dice Score for prostate segmentation. We adopt ENet, ESPNet, and MobileNet as student models, each distilled from one of the 
following teacher networks: PSPNet, FCN_ResNet101, DeepLabV3+, and ResNeXt101. The green bars indicate the dice score achieved with baseline training, whereas the purple 
bars show the student models’ dice scores after distillation from the teacher networks.
Fig. 3. Effectiveness of Distillation on Model Dice Score for spleen segmentation. We adopt ENet, ESPNet, and MobileNet as student models, each distilled from one of the following 
teacher networks: PSPNet, FCN_ResNet101, DeepLabV3+, and ResNeXt101. The green bars indicate the dice score achieved with baseline training, whereas the purple bars show 
the student models’ dice scores after distillation from the teacher networks.
enhancement achieved with fewer parameters. Now, let us delve into 
the quantitative segmentation results for MRI prostate and CT spleen.

MRI Prostate segmentation: Table  3 demonstrates that, with the 
appropriate selection of the teacher networks for prostate MRI segmen-
tation, all students are adept at learning and mimicking the teachers’ 
capabilities and achieving higher performance, surpassing the perfor-
mance of the teachers themselves. It is obvious to remark that ENet, 
ESPNet, and MobileNetV2 embrace the maximal improvement of 5.87% 
(80.03 to 85.9), 9.1% (75.5 to 84.3) and 6.9% (78.4 to 85.3) in dice 
score, respectively. Although all student networks show enhancement, 
they still fall short of the teacher networks’ performance, albeit achiev-
ing efficiency with fewer parameters. The most notable improvement 
was achieved with ESPNet with FCN_ResNet101 as a teacher where the 
Dice score increased by 9.1% from a baseline of 75.2% to 84.3% with 
distillation.

CT Spleen segmentation: Table  3 illustrates the outcomes of em-
ploying our mono-teacher distillation framework for CT Spleen segmen-
tation. We conducted practical experiments utilizing the same array of 
models for both teachers and students. The teacher networks attained 
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Table 2
The rank of the models in ascending Order of the number of parameters.
 Method Params(M) Flops(G) 
 ESPNet 0.183 1.27  
 ENet 0.353 2.2  
 MobileNetV2 2.23 19.84  
 PSPNet 46.71 207.7  
 FCN_ResNet101 51.96 199.74  
 DeepLabV3+ 56.8 273.94  
 ResNeXt101 86.74 96.54  

a promising dice score with the Spleen data compared to the baseline 
training with Prostate data. This initial improvement can be attributed 
to the inherent characteristics of the data; specifically, CT scans for the 
Spleen organ exhibit greater intensity and clearer contrast compared 
to MRI scans for the prostate organ. Furthermore, from a quantita-
tive perspective, the amalgamation of Duke and Decathlon datasets 
provides a rich array of training samples to train the teacher models 
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Table 3
Cross experiments results between a single teacher and student on prostate and spleen 
data. ‘‘w/o’’ denotes the baseline performance, and ‘‘w/’’ stands for the performance 
with our distillation method.
 Teacher networks Prostate Spleen

 Dice VOE Dice VOE  
 T1: DeepLabV3+ 0.891 0.101 0.933 0.046  
 T2: FCN_ResNet101 0.901 0.085 0.945 0.039  
 T3:PSPNet 0.863 0.107 0.926 0.052  
 T4:ResNeXt101 0.852 0.143 0.899 0.099  
 Student Networks and their performances distilled from different teachers
 ENet: w/o 0.800 0.228 0.808 0.217  
 T1: w/ 0.846 0.163 0.834 0.198  
 T2: w/ 0.859 0.113 0.848 0.129  
 T3: w/ 0.842 0.147 0.825 0.107  
 T4: w/ 0.837 0.192 0.824 0.113  
 ESPNet: w/o 0.752 0.412 0.773 0.388  
 T1: w/ 0.819 0.153 0.804 0.118  
 T2: w/ 0.843 0.129 0.840 0.102  
 T3: w/ 0.837 0.130 0.807 0.104  
 T4: w/ 0.805 0.169 0.798 0.353  
 MobileNetV2: w/o 0.784 0.310 0.714 0.536  
 T1: w/ 0.842 0.127 0.761 0.235  
 T2: w/ 0.838 0.130 0.802 0.182  
 T3: w/ 0.853 0.104 0.752 0.374  
 T4: w/ 0.801 0.159 0.743 0.397  

effectively. Table  3 demonstrates the significant enhancement of the 
three student networks compared to baseline training. Notably, ESPNet 
and MobileNetV2 exhibit the most notable improvements, achieving 
performance increases of up to 6.7% (from 0.773 to 0.804) and 8.8% 
(from 0.714 to 0.802) respectively.

Our distillation pipeline enables ENet to surpass baseline perfor-
mance in terms of segmentation accuracy, with ENet achieving a gain 
of 4.4% (from 0.808 to 0.848) in dice score. Across both experimental 
datasets, it is noteworthy that FCN with ResNet101 as the backbone 
emerges as the most outstanding teacher model, as all student networks 
experience the highest increase in learning compared to baseline train-
ing. Moreover, it is noteworthy that the Value Overlap Error (𝑉 𝑂𝐸) has 
decreased from the training without distillation to that with distillation 
for both organs, prostate, and spleen, as shown in Table  3.

The FLOPS and number of parameters, as depicted in Table  2, are 
computed utilizing the Flops counter in the PyTorch framework pt-
flops. This is achieved by supplying the input size, 1 × 384 × 384, to the 
function get_model_complexity_info along with the trained model to 
interpret the computational complexity, as outlined in Table  2. Among 
all tested models, ESPNet exhibited the lowest FLOPs, with a value 
of 1.27𝐺. Distillation with a well-trained teacher notably enhanced 
the segmentation results while significantly reducing FLOPs and the 
number of parameters.

4.4.2. Multi-teacher distillation
We assess the effectiveness of our multi-teacher distillation frame-

work with adaptive and ensemble learning by applying it to various 
combinations of teacher and student networks. We aim to determine 
whether students can accurately replicate the teachers’ abilities and 
gain deeper insights by simultaneously distilling knowledge from mul-
tiple teachers. Our approach leverages the advantages of multi-resource 
data used in our experiments. Hence, we opt to train the student model 
by leveraging insights from three teacher networks for prostate data, 
while employing two teachers to guide the lightweight model trained 
on spleen data.

MRI Prostate segmentation: Considering the three sources provid-
ing MRI Prostate data, we selected the three most powerful teacher 
networks to train each one with a subset from the total data separately. 
Our selection of multi-teacher networks was guided by the teacher’s 
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Table 4
Cross experiments results between multi-teachers and students on prostate and spleen 
data. T1, T2, and T3 refer to DeepLabV3+, FCN_ResNet101, and PSPNet respectively. 
 Teacher networks Prostate Spleen

 Dice VOE Dice VOE  
 T1 + subset1 0.899 0.119 0.922 0.057  
 T2 + subset2 0.912 0.078 0.957 0.041  
 T3 + subset3 0.874 0.186 – –  
 Student Networks and their performances distilled from multi-teachers
 ENet: w/o 0.800 0.228 0.808 0.217  
 T1 + T2 + T3: w/ 0.839 0.162 – –  
 T1 + T2: w/ – – 0.911 0.087  
 ESPNet: w/o 0.752 0.412 0.773 0.388  
 T1 + T2 + T3: w/ 0.834 0.171 – –  
 T1 + T2: w/ – – 0.877 0.098  
 MobileNetV2: w/o 0.784 0.310 0.714 0.536  
 T1 + T2 + T3: w/ 0.848 0.123 – –  
 T1 + T2: w/ – – 0.855 0.139  

ability to empower a lightweight student network to achieve the great-
est enhancement. Consequently, we employed DeepLabV3+ [31], T2: 
FCN-ResNet101 [14], and T3: PSPNet [13] to implement the multi-
teacher distillation architecture on Prostate data that yielded the high-
est dice scores in the mono-teacher KD. To ensure a thorough train-
ing methodology, we divided the overall dataset into three subsets, 
corresponding to the three distinct.

Furthermore, we implemented an adaptive weight determination 
method based on the dice loss for each teacher. This approach sep-
arately addresses both distillation levels: logits distillation loss and 
features distillation loss as described in Section 3.3. Table  4 presents 
the performance metrics of the student networks trained through distil-
lation from multiple teachers. Remarkably, upon comparing with Table 
3, it is evident that all three students ENet [3], ESPNet [2], and Mo-
bileNetV2 [44] demonstrate significant enhancements in terms of dice 
scores. This advancement is particularly noteworthy as the students 
effectively emulate the teaching capabilities of DeepLabV3+ [31], PSP-
Net [13], and FCN_ResNet101 [14], meticulously crafted for cutting-
edge medical imaging segmentation. This meticulous methodology en-
abled us to assess and highlight the potential improvements achieved 
by the selected student networks in distillation scenarios involving 
multiple teachers across our experimental datasets. As shown in Table 
4, all the student models demonstrated improved segmentation per-
formance, achieving advancements of 3.9% (0.800 to 0.839), 8.2% 
(0.752 to 0.834), and 6.4% (0.784 to 0.848) for ENet, ESPNet, and 
MobileNetV2, respectively. Notably, ESPNet, despite being the most 
compact model, achieves a significantly higher dice score compared 
to ENet, with only a minor difference of 0.5% in dice score. Further-
more, in Table  4, it is noticeable that the Value Overlap Error (𝑉 𝑂𝐸) 
decreased from the baseline training to that after distillation. Moreover, 
it is evident that the multi-teacher distillation approach yields a dice 
score comparable to that of mono-teacher distillation. However, our 
objective extends beyond merely constructing a distillation pipeline 
that enables a lightweight model to replicate the performance of strong 
teachers from mono-teacher distillation. We aim to create a compact 
and adaptable model capable of handling multi-source data, addressing 
data privacy concerns, and being deployable on resource-constrained 
devices without incurring additional computational costs. Essentially, 
our objective is not to enable the student to achieve higher performance 
by combining multiple teachers compared to learning from a single 
teacher. It is crucial to emphasize that distilling from multiple teachers 
aims to enable the student to leverage the unique capabilities of each 
teacher independently. For Qualitative results, Fig.  5 visually presents 
segmentation masks of various samples. The first two rows depict 
the results of MobileNetV2 distilled from PSPNet and DeepLabV3+, 
respectively. Following that, the next two rows show the predicted 
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Fig. 4. Visualization of segmentation overlays for single and trio-teacher distillation 
on MRI prostate. The contours’ colors blue, red, and green represent the GT, predicted 
mask, and the intersection, respectively.

masks of ESPNet refined from PSPNet and FCN ResNet101 respec-
tively. Lastly, the segmentation mask of ENet with distillation from 
FCN ResNet101 is visualized in the last row. Furthermore, there is 
a notable contrast among the segmentation masks produced by the 
student models in their baseline state (column 3) compared to when 
they were distilled from a single teacher model (column 4). In ad-
dition, Fig.  5 illustrates the segmentation results from multi-teacher 
distillation, shown in the last column, highlighting their enhanced 
discriminative and representative qualities compared to those from the 
baseline student and single-teacher distillation (columns 3 and 4 in Fig. 
5 respectively). Interestingly, the third row presents an example where 
single-teacher distillation achieves superior segmentation performance 
compared to the multi-teacher method. Furthermore, in Fig.  4, we 
visualize the segmentation overlays of our predictions to highlight the 
performance of our distillation results. This finding underscores the 
efficacy of the multi-teacher distillation approach in medical imaging 
analysis, encompassing both segmentation and classification tasks. De-
spite the demonstrated improvements in student networks guided by 
teachers trained on limited datasets, the results emphasize the need for 
further enhancements in the multi-teaching scheme. Optimizing this ap-
proach could significantly improve prediction outcomes, representing a 
promising direction for our future research.

CT Spleen segmentation :  Fascinatingly, utilizing a combination 
of CT Spleen data allows us to investigate dual teacher distillation, 
leveraging both Decathlon and Duke Data sources. For dual-teacher 
learning with Spleen data, we employed a similar approach as used 
for multi-teacher distillation with Prostate data. Referring to the results 
of single-teacher distillation depicted in Table  3, we pinpointed the 
two top-performing teachers, DeepLabV3+ and FCN ResNet101, based 
on their superior baseline dice scores. Subsequently, we chose these 
teachers to guide the student networks (ENet [3], ESPNet [2], and Mo-
bileNetV2 [44]), with the training process carried out on two separate 
subsets. Subset 1 comprised Duke data, while subset 2 encompassed 
Decathlon data. The quantitative results are displayed in Table  4, 
where MobileNetV2 demonstrates a significant improvement in dice 
score by 14.1% from the baseline (0.714) to the distillation (0.855). 
ESPNet and ENet also exhibit increases of up to 10.4% (0.773 to 
0.877) and 10.3% (0.808 to 0.911), respectively. Compared to prostate 
segmentation, spleen segmentation with multi-teacher distillation has 
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Fig. 5. Visualization of the prediction results through single and trio-teacher distillation 
on MRI prostate.

Fig. 6. Visualization of the prediction results through single and dual-teacher distilla-
tion on CT spleen.

improved tremendously due to the nature of spleen data. We collected 
this latter from two sites completely different in terms of institution, 
acquisition device, and thereby a huge distribution gap between the 
two sources. In Fig.  6, we present the visual forecasts of CT spleen 
in two scenarios: mono-teacher and dual-teacher. The first and third 
rows depict data from Duke, while the second and last rows showcase 
results from Decathlon. Notably, the advanced segmentation achieved 
through dual-teacher distillation is evident compared to the mono-
teacher approach. This indicates a superior performance in delineating 
spleen tumors, particularly noticeable in the clarity and accuracy of 
the segmentation results. Additionally, by examining the segmentation 
overlays in Fig.  7, we can observe the intersection between the ground 
truth and our predictions. This clearly demonstrates the effectiveness 
of the dual-teacher distillation approach.
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Fig. 7. Visualization of segmentation overlays for single and dual-teacher distillation 
on CT Spleen. The contours’ colors blue, red, and green represent the GT, predicted 
mask, and the intersection respectively.

Table 5
Comparison with other knowledge distillation methods on Both prostate and spleen 
data. We select ENet and FCN_ResNet101 as the student and the teacher, respectively. 
 KD methods Prostate Spleen  
 Dice score Dice score 
 Student: ENet 0.800 0.808  
 Teacher: FCN_ResNet101 0.901 0.945  
 KD [4] 0.765 0.811  
 AT [7] 0.816 0.822  
 EMKD [7] 0.829 0.813  
 CIRKD [46] 0.826 0.824  
 ProtoKD [30] 0.770 0.846  
 AMTML-KD [10] 0.841 0.836  
 OURS-KD 0.859 0.848  
 OURS-MTKD 0.869 0.911  

4.5. Comparisons with other KD methods

To highlight the effectiveness of our multi-teacher approach, it is 
necessary to evaluate it against several advanced distillation methods. 
These include widely used techniques like KD [4] and AT [34], as well 
as cutting-edge methods tailored for semantic segmentation, such as 
SKD [6], EMKD [7], CIRKD [46] and AMTML-KD [10]. To demonstrate 
our method’s versatility, we conduct experiments using two distinct 
teacher networks. To illustrate the robustness of our method, we con-
ducted experiments using ENet and FCN_ResNet101 as student and 
teacher networks respectively. This ensured that all distillation methods 
were evaluated under the same conditions. Table  5 showcases the 
comparison results on our experimental datasets, highlighting the clear 
benefits of our approach. Our dice scores outperform other methods in 
single-teacher and multi-teacher knowledge distillation scenarios. This 
indicates that our distillation technique allows the student network 
to effectively absorb detailed knowledge from one or more teachers, 
resulting in superior segmentation performance, particularly evident in 
spleen tumor segmentation with multi-teacher distillation.

5. Conclusion

To sum up, this work introduced two knowledge distillation ap-
proaches: single and multi-teacher schemes. The findings demonstrate 
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the efficacy of our proposed multi-teacher distillation framework in 
addressing challenges related to medical data sharing and resource 
limitations, while simultaneously optimizing model performance with 
minimal computational costs. Our approach significantly outperformed 
state-of-the-art methods, achieving remarkable improvements in Dice 
scores by 9% for MRI prostate and 14.1% CT spleen segmentation 
in several instances. These results highlight the feasibility of preserv-
ing the accuracy of complex models trained on limited data within 
lightweight models suitable for deployment on resource-constrained 
devices. However, it is important to acknowledge certain limitations 
of our study. First, our research focused exclusively on 3D volumes, 
specifically MRI and CT scans, which may restrict the applicability 
of our findings to other medical imaging modalities. Future research 
should aim to extend our distillation framework to encompass a wider 
range of imaging techniques, such as ultrasound or X-ray, to enhance 
its versatility and impact. Moreover, we plan to explore the potential 
of multi-teaching online distillation, allowing for concurrent end-to-end 
training of both teacher and student networks within an online pipeline. 
This innovative approach is expected to improve the generalization of 
the student network and facilitate faster inference times for efficient 
and effective model deployment strategies in the medical imaging 
domain.
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