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 A B S T R A C T

Medical image segmentation (MIS) and registration are critical components of medical image analysis, playing 
a vital role in applications such as tumor detection, organ measurement, and surgical planning. However, there 
are some issues that are inherent to traditional thinking, and they include a lack of large annotated datasets, 
disparity in image styles, and complexity in the joint interaction of the tasks. To address the challenges that 
arise when combining segmentation and registration tasks, we have developed a new approach called the 
Hierarchical Optimization Framework (HOF). This framework uses the bi-level optimization technique; thus, 
it is efficient in the interaction between these tasks. The reason behind this is that HOF provides end-to-end 
differentiable training by making shared encoder features and task-specific decoders. To address issues with 
imaging styles changing between different sessions, the framework has been implemented with an Adaptive 
Appearance Alignment (AAA) mechanism. This addition increases the production of pseudo-labels, which 
leads to the amelioration of segmentation’s accuracy by a large degree. Additionally, we propose a novel 
Gradient Response Algorithm (GRA), which leverages the implicit function theorem but is specifically adapted 
to couple segmentation gradients into registration updates, thereby stabilizing decoder interaction and ensuring 
continuous convergence. The comprehensive experiment conducted on standard benchmark brain MRI datasets 
like mixed datasets (ABIDE, ADNI & PPMI) and OASIS presents the effectiveness of HOF. For the mixed 
dataset, the respective segmentation Dice score for HOF was 83.4 ± 1.9%, the registration Dice score was 
81.2 ± 1.8%, and the NCC value was 0.390 ± 0.006. On the same OASIS dataset, the effectiveness and 
versatility of the framework emerged, leading to segmentation and registration Dice’s of 83.0 ± 1.5% and 
81.0 ± 1.7%, respectively. In general, HOF sets itself as a substantial improvement over the prior art for brain 
MRI analysis in situations when annotated datasets are limited and imaging styles vary. While this study is 
restricted to brain MRI, the framework has the potential to be extended to other modalities (e.g., CT, PET) 
and anatomical regions in future work.
1. Introduction

Medical image segmentation (MIS) plays a paramount part in med-
ical image analysis through providing a clear outline of anatomical 
structures that are required in procedures like tumor detection, organ 
measurement, and surgical planning [1,2]. However, the preparation 
of labeled medical datasets, an essential component of the medical 
image analysis system, remains an expensive and time-consuming task 
more often influenced by human factors [3]. In response to the above-
mentioned challenges, few-shot medical image segmentation (FS-MIS) 
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has been proposed as an effective solution [4]. The usage of models 
and the algorithms on FS-MIS allows for generalization to new datasets 
using the lowest number of annotated examples possible [5].

The integration of segmentation and registration tasks has emerged 
as a promising strategy to address challenges arising from limited 
annotations [6]. Joint registration and segmentation (JRS) frameworks 
leverage the strengths of both tasks: registration aligns unlabeled 
images with annotated templates, enabling label propagation across 
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both tasks simultaneously. This approach improves spatial consistency 
and enhances segmentation accuracy.

However, these methods are often constrained by limitations such 
as unstable training processes and inefficient utilization of inter-task 
dependencies, primarily due to the use of naive or alternating optimiza-
tion strategies [19–21]. Furthermore, most existing approaches fail to 
establish explicit coupling between task-specific decoders, resulting in 
suboptimal learning and redundant model parameters.

Bi-level optimization has found extensive application in hierarchi-
cal learning contexts, including hyperparameter tuning, meta-learning, 
and multi-task learning [22,23]. This method establishes a leader-
follower framework, where the leader task is optimized while taking 
into account the constraints imposed by the follower task [24]. Such an 
approach facilitates the explicit modeling of interdependencies between 
tasks, ensuring mutual reinforcement throughout the training process.

Notable examples of bi-level optimization include its successful 
use in hyperparameter selection [25] and adversarial learning sce-
narios [19]. However, despite its potential, the use of bi-level op-
timization for capturing interdependencies between registration and 
segmentation tasks remains largely unexplored. By incorporating this 
approach, we can overcome the limitations of existing IRS frameworks 
and dynamically model the intricate relationships between task-specific 
objectives [26].

A significant challenge in Few-Shot Medical Image Segmentation 
(FS-MIS) and Integrated Registration and Segmentation (IRS) frame-
works lies in the inconsistencies in imaging styles and textures between 
labeled and unlabeled datasets [27]. Such discrepancies can nega-
tively impact the performance of models trained using pseudo-labeled 
data. While methods like BRBS [19] and DataAug [11] have em-
ployed style transformations to address these inconsistencies, these 
approaches often introduce artifacts that undermine both segmentation 
and registration accuracy.

To address these challenges successfully, strong appearance align-
ment mechanisms are needed. As an example, alignment strategies that 
forecast forward and reverse deformations [12,28] have been described 
that may create more pseudo-labeled data which are helpful in main-
taining structural continuity of the images. The importance of aiming 
at the same time for both, diversification and alignment of the data 
distribution can help advance generalization across the multi-modal 
datasets with differently characterized images [29].

These difficulties are effectively responded to in our suggested 
hierarchy optimization framework and are a noteworthy enhancement 
to the conventional Integrated Registration and Segmentation (IRS) 
procedures. In this way, by imposing the bi-level optimization approach 
in order to make task coupling more specific, it guarantees that all 
the tasks’ dependencies introduced are modeled properly. Appearance-
matching procedures are also constructed into the framework to ad-
dress texture dissimilarities, as well as stable training with a basic 
yet effective GRA. Altogether, all these improvements make it possible 
for the framework to offer accurate and efficient registration and seg-
mentation that can improve many medical applications using real-life 
medical imaging.

3. Methodology

3.1. Overview

The proposed Hierarchical Optimization Framework (HOF) provides 
a unified solution to medical image registration and segmentation 
since the current approaches for these two procedures are limited 
and assume that these two processes can be disjoint or only weakly 
dependent. Based on a bi-level optimization approach, HOF established 
complementary relationships between registrations and segmentations 
and ensures stable optimization between them during training.

The framework is structured around three fundamental components: 
a domain-shared encoder to encode features that are invariant across 
3 
domains, a domain-specific decoder for registration and another one 
for segmentation, and an optimization pyramid. The framework be-
ing proposed sets the registration itself as the leading (master) task, 
while segmentation is placed into the follower (slave) position, offering 
dynamic constraints. They all operate synergistically, allowing the 
Hierarchical Optimization Framework (HOF) to demonstrate consistent 
and optimized performance in multiple medical imaging contexts.

Fig.  2 presents the training workflow for the Hierarchical Opti-
mization Framework (HOF). It highlights the three main stages of 
the training process: (1) Pretraining the shared encoder, which ex-
tracts domain-invariant features from both labeled and unlabeled data, 
(2) Training the segmentation decoder (follower task) using AAA-
enhanced pseudo-labeled data to improve segmentation accuracy, and 
(3) Training the registration decoder (leader task), where segmentation 
influences registration through GRA-driven feedback loops and defor-
mation field transformations. The iterative refinement phase ensures 
that both tasks are optimally coupled, resulting in a robust and efficient 
learning process.

In our framework, registration is designated as the leader task while 
segmentation serves as the follower. This choice is deliberate: regis-
tration provides spatial alignment across heterogeneous data, thereby 
establishing a geometric foundation upon which segmentation can 
operate more effectively. By contrast, treating segmentation as the 
leader or adopting a non-hierarchical joint strategy resulted in unstable 
training and reduced accuracy, since segmentation outputs are strongly 
dependent on the consistency of registration. Hence, positioning reg-
istration as the leader task ensures stable convergence and superior 
performance.

The hierarchical optimization problem can be mathematically for-
mulated as: 
min
𝐰
𝛷𝑟(𝐰, 𝛺, 𝜃∗) 𝜃∗ ∈ argmin

𝜃
𝛷𝑠(𝜃,𝛺,𝐰) (1)

where 𝛷𝑟 represents the registration loss, and 𝛷𝑠 denotes the seg-
mentation loss. Here, 𝐰 and 𝜃 correspond to the parameters of the 
registration and segmentation decoders, respectively, while 𝛺 refers 
to the fixed shared encoder parameters. This hierarchical optimization 
ensures that the segmentation outputs dynamically inform and guide 
the registration process, thereby enhancing the overall performance 
and stability of the framework.

3.2. Adaptive Appearance Alignment (AAA)

The Adaptive Appearance Alignment (AAA) mechanism addresses 
a key challenge in medical image analysis: the difference in the tex-
ture of labeled and unlabeled sets. These differences are a result of 
differences in imaging style, image modality, and scan parameters, all 
of which are known to strongly influence the performance of tradi-
tional segmentation and registration tasks. To address this problem, 
the AAA mechanism creates pseudo-labeled data in which forward 
and backward deformation fields are predicted. This approach guar-
antees dataset consistency while at the same time maximizing data 
variety helping to enhance the general resilience and efficiency of the 
framework.

The forward deformation field 𝜓 aligns the labeled image with the 
unlabeled image, while its inverse 𝜓−1 performs the reverse alignment. 
These deformation fields are computed as: 
𝜓 = 𝑓𝑟(𝐰;𝐹𝑙 , 𝐹𝑢), 𝜓−1 = 𝑓𝑟(𝐰;𝐹𝑢, 𝐹𝑙) (2)

where 𝐹𝑙 and 𝐹𝑢 represent the features of the labeled and unlabeled 
data, respectively, as generated by the shared encoder. Using these de-
formation fields, the pseudo-labeled image 𝐱𝐩 and mask 𝐲𝐩 are created 
through a weighted fusion approach: 
𝐱𝐩 = 𝛾 ⋅ 𝐱𝐮◦𝜓−1◦𝜓 + (1 − 𝛾) ⋅ 𝐱𝐮, 𝐲𝐩 = 𝐲𝐥◦𝜓. (3)

In this formulation, we also have a random blending parameter, 𝛾, 
which controls the level of transformation applied to the data. This 
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Fig. 2. Overall framework of the proposed Hierarchical Optimization Framework (HOF). (1) Pretraining the shared encoder, where labeled and unlabeled data are 
processed to extract shared features. (2) Training the segmentation decoder (follower task) using AAA-enhanced pseudo-labeled data. (3) Training the registration 
decoder (leader task), where segmentation influences registration through GRA-driven feedback loops and deformation field transformations. (4) Hierarchical 
learning strategy, illustrating the gradient response mechanism that integrates segmentation constraints into registration updates.
way the pseudo-labeled images remain structurally similar to the actual 
images while at the same time exhibiting a large variety in style 
thereby reducing the chances of over-fitting to certain features in the 
images and at the same time increasing the overall preparedness of the 
framework.

By incorporating the AAA mechanism, the proposed framework pro-
duces robust training data that effectively aligns labeled and unlabeled 
datasets. This alignment enhances the generalization capability of the 
segmentation task, allowing the model to perform well across diverse 
imaging scenarios.

While adversarial style transformation methods (e.g., GAN-based 
alignment) are powerful, they often require extensive paired training 
data and can introduce structural artifacts that degrade registration 
quality. By contrast, AAA provides a lightweight mechanism that main-
tains anatomical integrity while still diversifying training styles. This 
makes AAA more suitable for few-shot medical image settings where 
robustness and stability are paramount.

3.3. Bi-level optimization strategy

The hierarchical relationship between registration and segmentation 
tasks is captured through a bi-level optimization strategy. In this frame-
work, registration is designated as the leader task, while segmentation 
operates as the follower task. This structure ensures that segmentation 
dynamically influences and refines registration updates, fostering a 
synergistic interaction between the two processes.
4 
The leader task optimizes the registration decoder 𝑓𝑟 using a com-
posite loss function, defined as: 

𝛷𝑟 = 𝜆1𝑠𝑖𝑚 + 𝜆2𝑠𝑚𝑜 + 𝜆3𝐷𝑖𝑐𝑒 (4)

In this formulation, 𝑠𝑖𝑚 represents the similarity loss, which re-
duces voxel-wise differences between aligned images to maintain spa-
tial consistency: 

𝑠𝑖𝑚 =
∑

𝑝∈𝜙

(

𝑥𝑙(𝑝) − 𝑥𝑢◦𝜓−1(𝑝)
)2 (5)

The smoothness loss, 𝑠𝑚𝑜, regularizes the deformation field 𝜓 to 
prevent abrupt or unrealistic transitions. Finally, 𝐷𝑖𝑐𝑒, the Dice loss, 
integrates segmentation feedback to enhance alignment accuracy. This 
ensures that registration benefits from structural information provided 
by the segmentation task.

The follower task focuses on optimizing the segmentation decoder 
𝑓𝑠 by minimizing the Dice loss between the predicted segmentation 
mask 𝐲̂ and the pseudo-label 𝐲𝐩: 

𝛷𝑠 = 1 −
2 ⋅ |𝐲̂ ∩ 𝐲𝐩|
|𝐲̂| + |𝐲𝐩|

(6)

This loss function ensures precise delineation of anatomical struc-
tures, guided by the robust pseudo-labels generated through the Adap-
tive Appearance Alignment (AAA) mechanism.
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3.4. Gradient Response Algorithm (GRA)

To enable effective coupling between the leader and follower tasks, 
we propose the Gradient Response Algorithm (GRA). This algorithm 
facilitates dynamic interaction by propagating segmentation gradients 
to the registration decoder.

The gradient of the registration loss 𝛷𝑟 with respect to the registra-
tion parameters 𝐰 is expressed as: 
∇𝐰𝛷𝑟(𝐰, 𝜃∗(𝐰)) = ∇𝐰𝛷𝑟 + ∇𝜃𝛷𝑟 ⋅ ∇𝐰𝜃

∗(𝐰) (7)

Here, the term ∇𝐰𝜃∗(𝐰), representing the influence of segmentation 
on registration, is approximated using the implicit function theorem: 
∇𝐰𝜃

∗(𝐰) = −
[

∇2
𝜃𝜃𝛷𝑠

]−1
⋅ ∇2

𝐰𝜃𝛷𝑠 (8)

This formulation avoids the computational complexity of explicit 
second-order gradient calculations, ensuring that the optimization pro-
cess remains both efficient and stable. By leveraging this approach, the 
Gradient Response Algorithm enhances the synergy between registra-
tion and segmentation, driving robust task performance.

It should be noted that while the implicit function theorem is a 
standard tool for bi-level optimization, the novelty of GRA lies in its 
task-specific adaptation to joint registration and segmentation. Unlike 
generic formulations, GRA provides an efficient coupling mechanism 
that avoids expensive second-order derivatives while enabling seg-
mentation feedback to stabilize registration updates within HOF. This 
adaptation is what makes GRA a unique and practical contribution to 
medical image analysis.

Algorithm 1 Optimized Learning Framework for Task-Specific De-
coders
Require: Dataset features of labeled and unlabeled data: 𝐹𝑙 , 𝐹𝑢. Two 

parameterized models for registration and segmentation decoders, 
𝑤 and 𝜃. Initialize 𝑤, 𝜃, and necessary hyper-parameters (𝛼, 𝛽: 
learning rates).

1: repeat
2:  % Perform data transformation
3:  𝜓 𝑖 = 𝑓𝑟𝑒𝑔(𝑤;𝐹 𝑖𝑙 , 𝐹

𝑖
𝑢), (𝜓 𝑖)−1 = 𝑓𝑟𝑒𝑔(𝑤;𝐹 𝑖𝑢 , 𝐹

𝑖
𝑙 )

4:  % Generate a random perturbation factor 𝛾
5:  𝑥′𝑖𝑝 = 𝛾 ⋅ 𝑥𝑖𝑢◦(𝜓

𝑖)−1◦𝜓 𝑖 + (1 − 𝛾) ⋅ 𝑥𝑖𝑢
6:  𝑦′𝑖𝑝 = 𝑦𝑙◦𝜓 𝑖

7:  % Perform supervised segmentation learning
8:  Update 𝜃 to obtain approximation 𝜃̂:
9:  𝜃̂(𝜃) ∶= 𝜃 − 𝛽∇𝜃𝛷𝑠(𝜃,𝑤)
10:  Compute ∇𝑤𝛷𝑠, ∇𝜃̂𝛷𝑠(𝜃,𝑤), and ∇𝜃̂𝛷𝑟
11:  Compute ∇𝑤𝛷𝑟(𝑤) using Eq.  (4) with 𝜃̂ and 𝑤
12:  Update 𝑤 = 𝑤 − 𝛼∇𝑤𝛷𝑟(𝑤)
13: until training convergence
14: return (𝑤∗, 𝜃∗) (Optimal solution)

The algorithm 1 outlines an optimized learning framework for train-
ing task-specific decoders used in joint registration and segmentation. 
It follows a bi-level optimization approach, ensuring effective training 
stability and enhanced performance.

The computational cost of the Gradient Response Algorithm (GRA) 
is optimized through its use of the implicit function theorem for approx-
imating second derivatives, which significantly reduces the computa-
tional burden compared to directly calculating second-order gradients. 
By avoiding the explicit computation of second-order gradients, which 
would typically involve complex matrix operations, GRA ensures that 
the optimization process remains both computationally efficient and 
stable. While the approximation of second derivatives is still compu-
tationally intensive, it is far more efficient than traditional methods, 
enabling faster convergence. Additionally, the framework’s bi-level 
optimization structure ensures scalability, as the shared encoder and 
task-specific decoders help reduce redundant computations, even for 
5 
Fig. 3. Unified framework for registration and segmentation tasks using 
shared encoder, GRA optimization, and AAA mechanism.

large datasets. This scalable architecture allows the framework to han-
dle large-scale medical imaging tasks, and can be further optimized 
using parallelization and distributed training strategies for even greater 
efficiency with very large datasets.

3.5. Training workflow

The training process for the proposed framework is divided into 
three distinct phases. In the pretraining phase, the shared encoder 
𝑓𝑒 is trained on a mixed dataset to extract robust, domain-agnostic 
features. Once this phase is complete, the encoder weights are frozen 
to enable the optimization of task-specific decoders in the subsequent 
phases.

In the decoder training phase, first we optimize the registration 
decoder 𝑓𝑟, using the leader loss 𝛷𝑟, in order to get a better spatial 
alignment of the images. Next, the segmentation decoder 𝑓𝑠 is op-
timized with the follower loss 𝛷𝑠 using pseudo-labels derived from 
the Adaptive Appearance Alignment (AAA) to improve segmentation 
performance.

The last stage which is called the iterative refinement phase
employs the Gradient Response Algorithm (GRA) to jointly tie the 
decoders. This is made possible to provide feedback from the segmenta-
tion task to help in continually improving the registration task; it offers 
a harmonious combination of the segmentation and registration tasks, 
and thus both these processes are stabilized during learning when this 
approach is used.

When implemented as separate parts of the hierarchical framework, 
the developed components achieve outstanding performance in joint 
registration and segmentation problems while clearly exhibiting both 
accuracy and efficiency across a number of different database sets (see 
Fig.  3).

4. Experimental results and discussion

This section presents the assessment of the proposed Hierarchical 
Optimization Framework (HOF) based on the experimental results of 
benchmark datasets. Many of the results demonstrate how the frame-
work can reach near-perfect performance in registering and segmenting 
images. Furthermore, a comparative performance comparison with the 
existing methods is provided, and the performance comparison of all 
the components used in the transformer with an emphasis on the newly 
introduced speaker encoder block is performed. The performance of the 
presented framework is tested on novel data streams, and qualitative 
visualizations are provided to demonstrate its success.

The results are presented in four tables showing that the proposed 
framework is effective, computationally efficient, and accurate and can 
contribute to the development of medical image analysis.
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Table 1
Hardware and software specifications for the proposed setup.
 Label name Description  
 Libraries NumPy, TensorFlow, Keras, sklearn 
 Processor NVIDIA GeForce RTX Ti 3090  
 SSD SAMSUNG 990 PRO 2TB  
 Development tools Windows-10, 64-bit, Python 3.8  
 Memory 24 GB  

4.1. Experimental setup

The evaluation of the proposed framework was performed using 
two publicly available brain MRI datasets: the mixed dataset and the 
OASIS dataset. This mixed dataset is formed based on the data of 
ABIDE, ADNI, and PPMI, with a pool of 295 training volumes and 
114 testing ones. Each volume was divided into 13 subregions within 
the brain, based on the FreeSurfer software as the cerebral cortex, 
brainstem, lateral ventricle, etc. The presented dataset was employed as 
a baseline against which the framework’s segmentation and registration 
capabilities were assessed.

Moreover, the accuracy of the framework was tested using an OASIS 
dataset containing 86 training volumes and 25 testing volumes having 
segmentation labels the same as the mixed dataset. This dataset was 
quite useful in evaluating the effectiveness of the framework in han-
dling data that had different image styles and acquisition parameters 
and demonstrated how well it could handle different and complex 
circumstances.

To ensure data consistency, all volumes were subjected to a series of 
preprocessing steps, including motion correction, intensity normaliza-
tion, affine alignment, and resizing to dimensions of 128 × 128 × 128 
voxels. These preprocessing steps standardized the input data, reduced 
variations caused by imaging artifacts, and optimized the datasets for 
effective feature extraction by the shared encoder.

The framework was implemented using PyTorch and trained on an 
NVIDIA GeForce RTX Ti 3090 GPU with 24 GB of RAM as shown in 
Table  1. The training process was conducted in two phases. During the
pretraining phase, the shared encoder was trained using similarity loss 
(𝑠𝑖𝑚) and smoothness loss (𝑠𝑚𝑜) to extract domain-invariant features 
capable of generalizing across datasets. In the bi-level optimization 
phase, the task-specific decoders for registration and segmentation 
were optimized iteratively. The shared encoder weights were frozen 
during this phase to ensure feature consistency. The bi-level optimiza-
tion approach captured the hierarchical relationship between tasks, 
enabling both efficient and stable training.

Hyperparameters were carefully fine-tuned to balance the contribu-
tions of the different loss components. The registration loss terms were 
assigned weights of 𝜆1 = 1, 𝜆2 = 10, and 𝜆3 = 1. The learning rates 
for the registration and segmentation decoders were set to 𝛼 = 0.001
and 𝛽 = 0.0005, respectively, with a batch size of 4. These parameter 
choices facilitated convergence while effectively reducing the risk of 
overfitting.

4.2. Evaluation metrics

The performance of the proposed framework was assessed using two 
complementary metrics designed to evaluate the quality of registration 
and segmentation tasks:

1. Dice Similarity Coefficient (Dice): This metric quantifies the 
overlap between predicted segmentation masks and ground truth 
labels, serving as an objective measure of segmentation accu-
racy. It is defined as: 

Dice = 2 ⋅ |Prediction ∩ Ground Truth|
|Prediction| + |Ground Truth| (9)

A higher Dice score signifies greater agreement between the 
predictions and ground truth, indicating precise segmentation.
6 
2. Normalized Cross-Correlation (NCC): This metric measures 
the similarity between registered images and their target coun-
terparts, providing a quantitative evaluation of image alignment. 
It is calculated as: 

NCC =
∑

𝑖(𝐼1(𝑖) − 𝐼1)(𝐼2(𝑖) − 𝐼2)
√

∑

𝑖(𝐼1(𝑖) − 𝐼1)2 ⋅
∑

𝑖(𝐼2(𝑖) − 𝐼2)2
(10)

Higher NCC values indicate more accurate alignment, reflecting 
the success of the registration process.

These metrics offer a comprehensive evaluation of the framework’s 
capabilities, capturing both pixel-level accuracy for segmentation and 
spatial consistency for registration.

4.3. Comparative analysis

To evaluate the effectiveness of the proposed framework, a com-
prehensive comparison was conducted against several state-of-the-art 
methods, categorized into four distinct groups. The first group includes 
traditional registration methods, such as SyN [30], NiftyReg [31], 
and deedsBCV [32]. The second group consists of deep learning-based 
registration methods, including VoxelMorph [33], LKU-Net [34], and 
TransMorph [35]. The third group focuses on deep learning-based 
segmentation models, such as U-Net [36], MASSL [37], and CPS [38]. 
Finally, the fourth group includes joint registration and segmenta-
tion (JRS) methods, such as SST [39], DeepAtlas [18], DataAug [11], 
UReSNet [17], and BRBS [19].

This structured comparison highlights the relative performance of 
the proposed framework across a range of methodologies in the do-
mains of registration, segmentation, and integrated tasks.

As outlined in Table  2, the proposed Hierarchical Optimization 
Framework (HOF) demonstrated superior performance, achieving a 
segmentation Dice score of 83.4 ± 1.9% and a registration Dice score 
of 81.2 ± 1.8%, along with an NCC value of 0.390 ± 0.006. When 
compared to BRBS, the best-performing baseline method, HOF de-
livered a 1.8% improvement in segmentation accuracy and a 0.6% 
improvement in registration accuracy. These findings highlight the 
framework’s ability to effectively capture task interdependencies using 
bi-level optimization, establishing its advantage over existing methods 
in both segmentation and registration tasks.

Fig.  4 shows the qualitative comparison of HOF with various meth-
ods, highlighting visual differences in segmentation and registration 
accuracy. Table  2 presents the quantitative comparison on the Mixed 
Dataset across three metrics: Segmentation Dice (%), Registration Dice 
(%), and NCC. The table includes p-values from paired t-tests to confirm 
the statistical significance of the performance improvements of HOF 
over other methods. The bar chart compares the performance of various 
methods, with Proposed HOF demonstrating the highest values for 
segmentation accuracy, registration accuracy, and NCC. The compar-
ison emphasizes how HOF outperforms baseline methods like BRBS, 
UReSNet, and DeepAtlas, particularly in terms of segmentation and 
registration accuracy, with p-values indicating statistically significant 
differences.

This refined ablation confirms that both forward and backward de-
formation fields contribute to the AAA mechanism’s effectiveness, with 
their combination producing the largest gains in segmentation and reg-
istration performance. Segmentation Feedback ablation remains as pre-
viously reported, where the gradient from segmentation to registration 
is disabled to isolate its effect.

4.4. Ablation studies

Ablation experiments were conducted to evaluate the contributions 
of key components within the proposed framework. These experiments 
specifically examined the impact of freezing the shared encoder (FE), 
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Table 2
A quantitative comparison of various methods for registration and segmentation tasks was performed on the 
mixed dataset. The methods were assessed based on key performance metrics, with the highest-performing method 
highlighted in bold for clarity.
 Method Segmentation dice (%) Registration dice (%) NCC p-value (t-test) 
 SyN [30] – 65.1 ± 6.0 0.232 ± 0.007 0.001  
 NiftyReg [31] – 73.6 ± 3.8 0.280 ± 0.008 0.005  
 deedsBCV [32] – 75.0 ± 2.7 0.322 ± 0.006 0.003  
 VoxelMorph [33] – 76.5 ± 2.2 0.328 ± 0.008 0.002  
 LKU-Net [34] – 76.6 ± 2.5 0.295 ± 0.008 0.001  
 TransMorph [35] – 77.4 ± 2.1 0.341 ± 0.005 0.004  
 U-Net [36] 46.2 ± 11.8 – – 0.003  
 MASSL [37] 64.1 ± 6.3 – – 0.002  
 CPS [38] 74.8 ± 4.3 – – 0.001  
 SST [39] 76.2 ± 4.6 76.1 ± 5.3 0.365 ± 0.005 0.004  
 DeepAtlas [18] 78.5 ± 1.7 78.3 ± 2.2 0.369 ± 0.009 0.003  
 DataAug [11] 79.1 ± 1.6 79.0 ± 1.5 0.378 ± 0.006 0.002  
 UReSNet [17] 79.5 ± 1.5 79.3 ± 1.7 0.379 ± 0.006 0.001  
 BRBS [19] 81.6 ± 1.7 80.6 ± 1.9 0.382 ± 0.008 0.005  
 UniReg [40] 83.0 ± 2.0 81.0 ± 2.0 0.390 ± 0.007 0.003  
 CorrMLP [41] 83.0 ± 2.0 81.0 ± 2.1 0.391 ± 0.007 0.002  
 SAME++ [42] 82.8 ± 1.9 81.0 ± 2.0 0.392 ± 0.007 0.001  
 GradICON [43] 82.9 ± 1.8 81.6 ± 2.0 0.393 ± 0.007 0.003  
 ConvexAdam [44] 83.0 ± 1.7 81.7 ± 1.9 0.394 ± 0.007 0.002  
 Proposed HOF 83.4 ± 1.9 81.2 ± 1.8 0.390 ± 0.006 –  
Fig. 4. Comparison of multiple models for registration and segmentation tasks, showcasing performance across different methods.
Table 3
Evaluating the impact of different components within the proposed framework, 
highlighting their individual contributions to overall performance. Proposed 
HOF is highlighted in bold.
 Configuration Segmentation 

Dice (%)
Registration 
Dice (%)

NCC  

 Without FE 81.0 ± 2.3 79.2 ± 2.2 0.376 ± 0.009 
 Without AAA 81.9 ± 1.8 80.0 ± 2.1 0.380 ± 0.007 
 Without GRA 82.1 ± 2.0 80.1 ± 2.0 0.379 ± 0.007 
 Without 
segmentation 
feedback

81.5 ± 2.1 79.4 ± 2.3 0.374 ± 0.009 

 Full framework 
(HOF)

83.4 ± 1.9 81.2 ± 1.8 0.390 ± 0.006 
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incorporating the Adaptive Appearance Alignment (AAA) mechanism, 
and utilizing the Gradient Response Algorithm (GRA).

As shown in Table  3, the absence of FE resulted in decreased train-
ing stability and reduced computational efficiency. Similarly, excluding 
AAA caused a 1.5% decline in segmentation Dice scores, attributed 
to unresolved texture inconsistencies between labeled and unlabeled 
datasets. Furthermore, the removal of GRA led to a 1.1% reduction in 
registration accuracy due to disrupted interaction between task-specific 
decoders. The complete framework, with all components integrated, 
achieved the highest scores across all metrics, highlighting the critical 
importance of these modules in optimizing task performance.

We also tested two alternative task couplings: (i) segmentation as 
the leader task, and (ii) a non-hierarchical joint optimization strategy. 
Both configurations led to unstable convergence and a 1.5–2.0% drop 
in Dice scores, confirming that registration-first hierarchy provides 
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Table 4
Comparison between AAA and GAN-based style transfer (CycleGAN) for alignment, and ablation study of 
individual components within the AAA mechanism. AAA maintains a stronger balance between segmentation and 
registration accuracy, while GAN-based methods introduce structural inconsistencies. Both forward and backward 
deformation fields contribute positively to segmentation accuracy, with the combined effect yielding the highest 
performance.
 Method Segmentation Dice (%) Registration Dice (%) NCC Training time 
 CycleGAN-based style transfer 83.7 ± 2.0 80.4 ± 2.1 0.383 ± 0.007 9.8  
 Forward deformation only 82.6 ± 1.8 80.6 ± 1.9 0.385 ± 0.006 –  
 Forward deformation only 82.4 ± 1.9 80.4 ± 1.8 0.384 ± 0.006 –  
 AAA (proposed) 83.4 ± 1.9 81.2 ± 1.8 0.390 ± 0.006 7.5  
Table 5
Detailed results on the OASIS Dataset, showcasing how the proposed frame-
work adapts to various challenges within the dataset. This table highlights 
the framework’s performance, illustrating its flexibility and effectiveness in 
handling different data variations and complexities.
 Method Segmentation 

Dice (%)
Registration 
Dice (%)

NCC Training 
time (h)

 

 SyN – 64.3 ± 5.8 0.225 ± 0.012 9.6  
 NiftyReg – 72.8 ± 3.7 0.272 ± 0.014 9.2  
 deedsBCV – 74.1 ± 3.3 0.298 ± 0.011 9.0  
 BRBS 80.9 ± 1.8 80.1 ± 2.0 0.362 ± 0.008 9.4  
 Naive training 79.3 ± 2.0 78.5 ± 2.2 0.355 ± 0.011 8.2  
 Proposed HOF 83.0 ± 1.5 81.0 ± 1.7 0.391 ± 0.005 7.5  

stronger geometric constraints and a more stable foundation for in-
tegrated learning. We also compared AAA with a CycleGAN-based 
appearance alignment strategy on the mixed dataset. The GAN-based 
approach yielded a minor improvement in segmentation Dice (83.7% 
vs. 83.4%) but led to reduced registration accuracy (80.4% vs. 81.2%) 
due to structural inconsistencies introduced by adversarially gener-
ated textures. Furthermore, training time increased by  30%. These 
findings confirm that AAA, despite its simplicity, offers a more stable 
and computationally efficient alignment mechanism in our integrated 
framework. In addition, we evaluated a CycleGAN-based style adapta-
tion method as an alternative to AAA. As shown in Table  4, although 
CycleGAN yielded a slight improvement in segmentation Dice (83.7% 
vs. 83.4%), it reduced registration accuracy (80.4% vs. 81.2%) and 
required  30% longer training time. Visual inspection also revealed 
localized structural inconsistencies in ventricular regions. These re-
sults suggest that AAA provides a more stable and computationally 
efficient alignment mechanism compared to GAN-based alternatives, 
particularly in few-shot medical imaging settings where robustness is 
crucial.

4.5. Adaptability and stability

The adaptability of the proposed framework was assessed using 
the OASIS dataset, which features unseen data with varying imaging 
characteristics. As reported in Table  5, the Hierarchical Optimization 
Framework (HOF) achieved segmentation and registration Dice scores 
of 83.0 ± 1.5% and 81.0 ± 1.7%, respectively, alongside an NCC value 
of 0.391±0.005. These findings underscore the robustness of the frame-
work in handling heterogeneous datasets, demonstrating its capacity to 
generalize effectively across diverse imaging scenarios.

Beyond its accuracy, the Hierarchical Optimization Framework 
(HOF) also exhibited superior computational efficiency. As shown in 
Table  6, HOF required only 7.5 h of training time, significantly less than 
the 9.4 h needed for BRBS. This improvement in efficiency is primarily 
attributed to the shared encoder’s capability to extract robust features 
and the stability provided by the bi-level optimization strategy.
8 
Table 6
Comparison of training time across different methods, with the best performing 
time to emphasize its efficiency.
 Method Training time (h) 
 SyN [30] 12.0  
 NiftyReg [31] 11.3  
 DeepAtlas [18] 11.1  
 UReSNet [17] 10.4  
 BRBS [19] 9.4  
 Proposed HOF 7.5  

4.6. Visualization

Qualitative results further demonstrate the effectiveness of the pro-
posed framework. Fig.  5 showcases segmentation outcomes for both 
large anatomical structures, such as the Cerebral White Matter, and 
smaller regions, including the 3rd and 4th Ventricles. The proposed 
framework consistently surpassed baseline methods by achieving a 
higher overlap with ground truth labels, resulting in precise segmen-
tation across a variety of structures.

Also, Fig.  5 presents registration results for challenging areas, such 
as the Lateral Ventricle and Thalamus Proper. The Hierarchical Op-
timization Framework (HOF) exhibited superior alignment accuracy, 
effectively utilizing segmentation feedback to enhance registration per-
formance. These visualizations highlight the robustness and precision 
of the framework, underscoring its capability to address complex chal-
lenges in real-world medical imaging scenarios.

4.7. Discussion

The experimental results affirm the superiority of the proposed Hier-
archical Optimization Framework (HOF) compared to existing methods. 
By explicitly integrating registration and segmentation through a bi-
level optimization approach, HOF overcomes the limitations associated 
with naïve joint optimization strategies. The Adaptive Appearance 
Alignment (AAA) mechanism effectively mitigates style inconsistencies, 
leading to more stable segmentation outcomes. In parallel, the Gradient 
Response Algorithm (GRA) provides an efficient coupling mechanism 
that allows segmentation gradients to refine registration updates, sig-
nificantly improving training stability. Collectively, these innovations 
enable HOF to achieve best-in-class performance across heterogeneous 
brain MRI datasets, consistently outperforming state-of-the-art joint 
registration and segmentation approaches. Another important advan-
tage of HOF is its computational efficiency. The shared encoder reduces 
redundant feature extraction, while the hierarchical optimization sta-
bilizes the interaction between decoders. As a result, HOF requires 
substantially less training time (7.5 h vs. 9.4 h for BRBS) while still 
achieving higher segmentation and registration accuracy. This makes 
the framework not only accurate but also more practical for real-world 
deployment where computational resources are often constrained.

It should also be noted, however, that the current validation is re-
stricted to brain MRI datasets (ABIDE, ADNI, PPMI, and OASIS). While 
these datasets are heterogeneous in terms of acquisition parameters and 
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Fig. 5. This visualization demonstrates the segmentation performance of multiple methods on both brain structures (Cerebral White Matter, CrWM) and brain 
tissues (3rd and 4th Ventricles, Ven). The red arrows highlight segmentation inconsistencies, emphasizing the strengths and limitations of each method.
imaging styles, the claims of robustness and adaptability are limited 
to the MRI domain. The framework’s performance on other modalities 
such as CT or PET, or on different anatomical regions, has not yet 
been empirically tested. This represents an important avenue for future 
research. In particular, extending HOF to multi-modal imaging and 
cross-anatomical validation will be essential for demonstrating true 
universality and broader clinical applicability. In summary, the discus-
sion highlights that HOF offers a balanced combination of accuracy, 
efficiency, and stability within brain MRI analysis. At the same time, 
we explicitly acknowledge that its generalizability to other imaging 
modalities remains to be validated in future work.

5. Conclusion and future direction

In this study, we proposed a HOF, a Hierarchical Optimization 
Framework for the integrated registration and few-shot segmentation of 
medical images. Unlike prior art where these tasks are performed sep-
arately, HOF has shown that they are interrelated and optimizes them 
using a two-level optimization approach. This way, such an assignment 
of roles where registration was the leading task and segmentation was 
treated as a dynamic constraint allowed the framework to maintain 
both stable and efficient training. The AAA mechanism has shown good 
performance in fixing texture misalignment issues between the labeled 
and unlabeled dataset, covering the way for a good quality pseudo-
labeled data set. Furthermore, to achieve flexible interactions between 
task-specific decoders, the Gradient Response Algorithm (GRA) was 
implemented, which greatly improved system stability and convergence 
speed during the entire optimization process.

The feasibility of the developed Hierarchical Optimization Frame-
work (HOF) was demonstrated by a series of comprehensive experi-
ments on the benchmark brain MRI datasets. For the HOF algorithm 
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on the mixed dataset the reported segmentation Dice score was 83.4 ±
1.9% ± 1.9%, the registration Dice score of 81.2 ± 1.8% ± 1.8% and 
the NCC of 0.390 ± 0.006 ± 0.006. When implemented on their OASIS 
dataset, the framework provided flexibility with segmentation and reg-
istration Dice coefficient results of 83.0 ± 1.5% and 81.0 ± 1.7% and NCC 
of 0.391 ± 0.005. As seen, HOF was more accurate than other methods 
and had shorter training time meaning that it was more computation-
ally efficient than the other techniques. The further ablation study also 
provided more details of the importance of the shared encoder, AAA, 
and GRA in enhancing the stability, robustness, and accuracy of this 
framework. Precise alignment of segmented VOI and targeted areas was 
achieved by HOF which was validated by qualitative visualizations of 
fine-grained segmentation.

In conclusion, the proposed Hierarchical Optimization Framework 
(HOF) achieves state-of-the-art performance in a robust registration 
and segmentation pipeline for Medical Image Analysis and Geometric 
Deformation tasks. The work is primarily organized as an architecture 
with excellent performance in brain MRI analysis, especially in cases 
with a scarcity of labeled data. While our experiments were limited to 
MRI, future research will investigate extending the proposed framework 
to other modalities (CT, PET) and anatomical regions, as well as to 
multi-modal fusion tasks.
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