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Preface 

Portable ultra-low field (uLF, i.e., 0.064T) magnetic resonance imaging (MRI) offers a 
lower-cost point-of-care solution to scarce radiological alternatives in resource-limited 
regions. However, uLF is an emerging technology that requires training for MRI system 
operators and radiologists in addition to the decrease in image quality compared to high-
field MRI. Therefore, automatic methods that confirm image acquisition of appropriate 
quality for diagnosis and segment and measure critical anatomical structures have the 
potential to increase the usability and diagnostic quality of uLF MRI. 

To support this global effort, we organized the Low-field pediatric brain mag-
netic resonance Image Segmentation and quality Assurance (LISA) Challenge in 
conjunction with the Medical Image Computing and Computer Assisted Intervention 
Conference (MICCAI) in Marrakesh, Morocco on October 10, 2024. The LISA Chal-
lenge was a benchmarking event for the development and evaluation of automatic image 
analysis and machine learning algorithms to address two tasks for uLF MRI: Task 1 -
automated image quality assurance and Task 2 - automated hippocampal segmentation. 
With the support of data contributor teams led by Kirsty Donald from the University 
of Cape Town, South Africa, Sadia Parkar, Sidra Kaleem and Salman Osmani of Aga 
Khan University, Pakistan and Victoria Nankabirwa of Makerere University, Uganda, 
we manually curated, rated and released 648 uLF MR images across 7 artifact domains 
for Task 1. For Task 2, we manually segmented and released bilateral hippocampi across 
99 matching high-field images and registered them down to uLF space. All data was 
made freely available to registered participants of the LISA Challenge. 

The LISA challenge welcomed 36 participant teams from 9 countries across 4 con-
tinents. All submissions were peer-reviewed through Microsoft’s Conference Manage-
ment Toolkit using a single-blinded process. In these proceedings, we present the work 
from the three top-performing teams for both tasks, presented as 5 full papers; 2 teams 
were top performers in both tasks. An additional 6th paper was presented outside of the 
competition and ranking by the organizing team and discusses baseline approaches for 
resolving the challenge tasks. The winning team of Task 1 for quality assessment was 
from the Department of Computational and Data Sciences, Indian Institute of Science, 
Bangalore, India. The winning team of Task 2 on hippocampal segmentation was from 
Asan Medical Institute of Convergence Science and Technology, University of Ulsan 
College of Medicine, Asan Medical Center, Seoul, South Korea. 

We would like to thank all the teams who contributed to the challenge, the MIC-
CAI 2024 Conference and especially the challenge chairs Shadi Albarqouni, Yunusa 
Mohammed and Spyridon Bakas for hosting us, and the Bill and Melinda Gates Founda-
tion for providing the financial support and resources to organize the LISA Challenge. 
We also thank all the organizers and data contributors who made this event a community 
success. In addition to the two of us, these include Sean Deoni, Austin Tapp, Jeffrey 
Tanedo, Rahimeh Rouhi, Shreyash Zanjal, Eryn Perry, Steve Williams, Kirsty Donald, 
Victoria Nankabirwa, Sadia Parkar and Salman Osmani. This work was supported by the



vi Preface

Bill & Melinda Gates Foundation under investments INV-005798, INV-047887, INV-
018164, INV-004939 and INV-023509, as well as the Wellcome Leap 1kD programme 
(The First 1000 Days; 222076/Z/20/Z). 

Ultra-low-field brain imaging has the potential to become a transformative tool for 
both clinical and research applications, particularly in limited-resource settings where 
the need for medical imaging democratization is the most critical. It is our hope that the 
methods developed as part of the LISA Challenge will help pave the way toward broader 
use of this new and impactful technology. See you at LISA 2025! 

November 2024 Natasha Lepore 
Marius George Linguraru
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Image Quality Assessment



Multi-Label MambaOut for Quality 
Assessment of Low-Field Pediatric Brain 

MR Images 

Yueyue Zhu, Haotian Jiang, Rongqing Cai, and Geng Chen(B) 

National Engineering Laboratory for Integrated Aero-Space-Ground-Ocean Big Data 
Application Technology, School of Computer Science and Engineering, 

Northwestern Polytechnical University, Xi’an, China 
geng.chen.cs@gmail.com 

Abstract. Magnetic Resonance Imaging (MRI) can be utilized to study 
the structure of pediatric brains non-invasively. In practice, low-field MRI 
scanners are widely adopted for pediatric brain imaging. However, the 
corresponding acquired MRI data usually suffers from severe artifacts, 
such as noise and motion. Therefore, an effective Quality Assessment 
(QA) method is essential. To this end, we design a Multi-Label Mam-
baOut (MLMambaOut) model for the low-field pediatric brain MRI QA 
challenge. Specifically, we view this challenge as a multi-label classifica-
tion task, utilizing four stages of gated convolution neural network blocks 
and ML-Decoder to finish the classification with class balance loss. Fur-
thermore, we explore the performance of Mamba and some advanced 
models for this challenge. We performed extensive experiments on the 
challenge data, which is low-field and corrupted with seven kinds of arti-
facts. The results show that our MLMambaOut achieves superior classi-
fication results compared with other methods. 

Keywords: Low-field pediatric brain · Quality assessment · 
Multi-label classification 

1 Introduction 

Magnetic Resonance Imaging (MRI) is a vital tool in the examination of pedi-
atric brains. However, due to uncontrolled motion, the acquired pediatric MRI 
data are usually accompanied by motion artifacts, noise, etc. Therefore, Quality 
Assessment (QA) of the acquired data ensures that it meets the specific criteria 
for clinical diagnosis and neuroscience studies. However, only low-field 0.064T 
MRI scans can currently be collected in some developing countries. Although 
such data are acquired at a low cost, the extremely low resolution creates a sig-
nificant challenge for QA assessment. Therefore, it is essential to develop a QA 
method for evaluating low-field 0.064T MRI data in pediatrics. 

Equal contribution—Y. Zhu and H. Jiang. 
This work was supported in part by the National Natural Science Foundation of China 
(No. 61540047) and the Practice and Innovation Funds for Graduate Students of North-
western Polytechnical University (No. PF2024012). 
c© The Author(s) 2025 
N. Lepore and M. G. Linguraru (Eds.): LISA 2024, LNCS 15515, pp. 3–11, 2025. 
https://doi.org/10.1007/978-3-031-83008-2_1

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-83008-2_1&domain=pdf
https://doi.org/10.1007/978-3-031-83008-2_1
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With the development of deep learning, some methods based on Convolu-
tional Neural Networks (CNNs) have been proposed. For instance, Xu et al. 
[ 11] proposed a semi-supervised learning method that improved the accuracy of 
fetal brain MRI images for artifact quality assessment by introducing region of 
interest (ROIs) consistency in the fetal brain. Masoudi et al. [ 8] improved the  
accuracy of image QA using generative adversarial networks in MRI image QA 
of prostate cancer. Liu et al. [ 5] designed residual blocks constructed by deep 
separable convolution and non-local mean operations to significantly improve the 
automation and accuracy of the evaluation through hierarchical processing and 
efficient use of limited labeled data. Kastryul et al. [ 3] evaluated and provided 
in-depth analyses and valuable insights into distorted images for MRI. Sanchez 
et al. [ 10] applied existing methods to QA and quality of fetal brain control by 
automating regression and classification tasks. However, these methods are based 
on CNNs and are unable to capture long-range dependencies. The transformer, 
which can compensate for this deficiency, provides an effective solution for QA 
tasks. For example, Zhang et al. [ 13] presented a deep learning framework that 
handles both brain extraction and image quality assessment by incorporating 
the transformer architecture into both the feature extraction module and the 
segmentation header. Most of the aforementioned methods simply evaluate a 
specific artifact category and are trained and validated on high-quality adult 
data. The Low-field Pediatric Brain Magnetic Resonance Image Segmentation 
and Quality Assurance (LISA) challenge aims to identify seven categories of arti-
facts, including “Noise”, “Zipper”, “Positioning”, “Banding”, “Motion”, “Contrast”, 
and “Distortion”. Additionally, datasets of LISA have a low resolution with low-
field 0.064T MRI data in infants. This is a difficult task and the above methods 
are not directly applicable to this challenge. 

Currently, a Transformer, which can capture global information, is a main-
stream model for image classification tasks, however, it is not linear in complexity 
and requires higher memory consumption. Compared with the Transformer, the 
Mamba model [ 1] emerged as an RNN-like State-Space Model (SSM) with linear 
complexity, but its performance in visual tasks is unsatisfactory. More recently, 
MambaOut [ 12] was proposed and points out that, for the ImageNet image clas-
sification task, SSM is not necessary and can lead to performance degradation. 

To this end, we view the challenge QA task as a multi-label classification one 
and design an effective MambaOut-based classification model for this task. Our 
model, called Multi-Label MambaOut (MLMambaOut), utilizes the MambaOut 
framework with ML-Decoder [ 9] as the output layer and multi-label classifi-
cation task loss. Meanwhile, due to the imbalance of the dataset classes, we 
further introduce class-balanced loss to solve this problem. We performed exten-
sive experiments to verify the effectiveness of our MLMambaOut. Compared with 
cutting-edge classification models, MLMambaOut exhibits superior performance 
in identifying various artifacts. Our MLMambaOut code is publicly available at 
https://github.com/zyyNUPU/MLMambaOut.

https://github.com/zyyNUPU/MLMambaOut
https://github.com/zyyNUPU/MLMambaOut
https://github.com/zyyNUPU/MLMambaOut
https://github.com/zyyNUPU/MLMambaOut
https://github.com/zyyNUPU/MLMambaOut
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Fig. 1. The overall architecture of MLMambaOut for multi-label classification. Our 
MLMambaOut consists of four stages, each of which is with a corresponding number 
of GCBs: 3, 4, 27, and 3. 

2 Method 

As shown in Fig. 1, the input data M ∈ RB×H×W ×C0 is fed into MLMambaOut, 
which includes a stem layer and four stages of Gated CNN Blocks (GCBs). Next, 
MLMambaOut utilizes ML-Decoder as classification heads to classify “Noise”, 
“Zipper”, “Positioning”, “Banding”, “Motion”, “Contrast”, and “Distortion”. We 
also introduce class-balanced loss to balance the number of unbalanced classes. 

2.1 MLMambaOut 

Firstly, the M through the stem layer, including two CNNs, two norm layers, and 
an activation function, to M1 ∈ RB×H×W ×C1 , where  B, H, W , C1 represent the 
batch size, height, width, and number of channels, respectively. Next, we extract 
any pixel G ∈ RB×C1 from M1, and the same goes for other pixels. Given the 
pixel as an input G, the main architecture of GCB is formulated as: 

G
′
= Norm(G), (1) 

R = (Conv(G
′
W1) ©· GELU(G

′
W2))W3 + G, (2) 

where Norm(·) represents normalization, R means the output of GCB, Conv(·) 
refers to the convolution operation and ©· stands for Hadamard product; W1 ∈ 
R

C1×rC1 , W2 ∈ RC1×rC1 and W3 ∈ RrC1×C1 are learnable parameter with MLP 
expansion r.
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Table 1. Dataset Information. 

Labels Count-0 Count-1 Count-2 Ratio-0 Ratio-1 Ratio-2 
Noise 369 49 14 0.8542 0.1134 0.0324 
Zipper 347 76 9 0.8032 0.1759 0.0209 
Positioning 389 40 3 0.9005 0.0926 0.0069 
Banding 417 14 1 0.9653 0.0324 0.0023 
Motion 331 72 29 0.7662 0.1667 0.0671 
Contrast 317 108 7 0.7338 0.2500 0.0162 
Distortion 378 47 7 0.8750 0.1088 0.0162 

2.2 Cross Entropy Loss 

In this task, the cross entropy loss function is used to measure the difference 
between prediction and ground truth. Given the true distribution p and the 
predicted distribution q, the cross entropy loss can be defined as follows: 

L(p, q) =  − 
C∑

i=1 

pi log(qi), (3) 

where C is the number of classes. pi is the probability of class i in the true distri-
bution p. In a classification setting, pi is typically a one-hot encoded vector where 
the true class has a probability of one, and all other classes have a probability of 
zero. qi is the predicted probability of class i from the model. It is the output of 
the model and is usually obtained by applying the softmax function to the raw 
output logits. The softmax function converts the logits zi into probabilities qi: 

qi = 
exp(zi)∑C 

j=1 exp(zj) 
, (4) 

2.3 Class Balance Loss 

In practice, the number of artifact-free images is much larger than that of 
artifact-corrupted ones, raising severe class imbalance issues. To address this 
issue, we utilize a class balancing loss [ 4] to train our model. 

For notational convenience, we define pt: 

pt = 

⎧ 
⎨ 

⎩ 

q0 if y = 0  
q1 if y = 1  
q2 if y = 2  

, (5) 

where pt is the probability of the model predicting a true category, y ∈ {0, 1, 2} 
specifies the ground-truth class, q0, q1, q2 represent the probability of the corre-
sponding class.



Multi-Label MambaOut for Quality Assessment 7

The class balance loss is defined as follows: 

Bloss(pt) =  −α (1 − pt)
γ log (pt) , (6) 

where α is a weighting factor and the γ is a tunable parameter. (1 − pt)
γ can 

automatically reduce the contribution of simple classes, thus resolving the prob-
lem of class balancing. 

Table 2. Quantitative comparison of MLMambaOut and other methods. The best of 
these results are shown in red and the second best in blue. 

Methods Noise Zipper Positioning Banding Motion Contrast Distortion Mean 
Vision Mamba 0.8575 0.8172 0.8498 0.9366 0.7286 0.6978 0.7614 0.8070 
MobileNet 0.9422 0.8638 0.8667 0.9526 0.8256 0.8480 0.7349 0.8620 
Resnet50 0.9456 0.8861 0.9349 0.9313 0.8567 0.8994 0.8615 0.9022 
Swin-Transformer 0.9581 0.9582 0.9615 0.9829 0.8448 0.8783 0.9123 0.9280 
MLMambaOut 0.9513 0.9575 0.9560 0.9808 0.8766 0.8882 0.9234 0.9334 

Fig. 2. We show the ROC curves for the MLMambaOut model with and without the 
class balance loss, where A, B, and C do not use class balance loss, and the rest use. 

3 Results 
3.1 Dataset Preparation 

The LISA challenge provides 432 training data of the 0.064T MRI from three 
different scanners. The details of the data are shown in Table 1. We extracted
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2D high-resolution slices from the MR images of training subjects. Additionally, 
we used data augmentations, including flipping the image on two axes with a 
random probability, rotating it within a range of -10 to 10◦C, and finally adding 
a certain amount of random noise. The intensity of the noise is controlled by a 
small noise factor, which is 0.01 multiplied by a randomly generated value. 

3.2 Implementation Details and Evaluation Metrics 

The implementation of our network was based on PyTorch. We conducted the 
training process with an ADAM optimizer on a GTX 3090 GPU with 24GB 
memory. The learning rate is set to 0.0001. The model’s parameter selection is 
given by depths=[3, 4, 27, 3], which corresponds to the four stages of Gated CNN 
Blocks (GCBs). The dimensions were chosen as [96, 192, 384, 576], representing 
the number of channels used in each of these four stages. During the training 
process, α was set to 4.0 and γ was set to 2.0. We compared the methods includ-
ing MobileNet [ 2], Resnet50 [ 7], Swin-Transformer [ 6], and Vision Mamba [ 14]. 

3.3 Results 

The classification results of the different methods are shown in Table 2. 
Our MLMambaOut outperforms other methods in terms of average accuracy. 
Although MLMambaOut does not show the best performance in some classes, 
it provides high accuracy in all classes and the best overall performance. It is 
worth noting that the popular Mamba model is unable to provide satisfactory 
performance. In addition, Resnet50 and Swin-Transformer provide relatively sat-
isfactory results, but are unable to deal with some artifacts, such as “Motion”. 
Additionally, it can be seen that most of the models classify “Motion”, “Con-
trast”, and “Distortion” relatively poorly. This phenomenon needs to be taken 
care of in the future. We further present the ROC curves of the MLMambaOut 
models with and without the class imbalance loss. As shown in Fig. 2, it can  be  
seen that the use of the class balancing loss appropriately mitigates this prob-
lem. For the “Motion” and “Contrast” labels, MLMambaOut with balance loss 
improves the 2% performance at class 2. For the sum of Area Under the Curve 
(AUC) of classes 0, 1, and 2, MLMambaOut with balance loss shows perfor-
mance improvements of 4% and 5% on the “Motion” and “Distortion” labels, 
respectively, but decreased by 1% on the “Contrast” label. To further validate 
the classification performance of MLMambaOut, we conducted a t-SNE test, as 
shown in Fig.  3. t-SNE is a dimensionality reduction technique used to visualize 
high-dimensional data, enabling intuitive analysis of model classification per-
formance by revealing overlaps and separations between different categories. It 
also aids in identifying outliers, facilitating the evaluation and optimization of 
feature learning efficacy. From a clustering perspective, Fig. 3 clearly and dis-
tinctly illustrates three clusters, indicating that MLMambaOut can effectively 
categorize each label. Additionally, considering the number of discrete points, it
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is evident that the number of clustered points greatly exceeds that of the discrete 
points across all categories, which demonstrates the strong generalization capa-
bility of MLMambaOut. Finally, regarding the overlap between classes, Fig. 3 
shows that overlap only occurs at the boundaries where two classes meet, with 
no overlap in deeper regions. This indirectly reflects the robust classification 
performance of MLMambaOut. 

Fig. 3. We show the t-SNE on the MLMambaOut model for six artifact categories, 
including the banding, zipper, positioning, noise, contrast, and distortion. 

Fig. 4. We show the t-SNE on the MLMambaOut model for “Motion” category.
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4 Discussion 

Our experiments show that MLMambaOut is effective in classifying most arti-
facts. However, the final accuracy reveals that the results for the “Motion” arti-
fact are lower compared with other labels. This issue is illustrated in Fig. 4, 
where the blue region associated with “Motion” is larger than any blue region 
in Fig. 3 for other labels. As a result, the overlap area between classes for the 
“Motion” label, as shown in Fig. 4, is larger compared with the corresponding 
areas for the other six labels in Fig. 3, leading to a reduction in performance 
of MLMambaOut. To address this issue, data augmentation will be performed 
specifically for the “Motion” label to increase the quantity of its features. Addi-
tionally, since MLMambaOut employs ML-Decoder as output layers, which is 
beneficial for learning from complex data such as MRI, we plan to replace the 
ML-Decoder with a more suitable output layer in future work. 

5 Conclusion 

We proposed MLMambaOut, a multi-label classification model based on Mam-
baOut for the QA of low-field 0.064T pediatric MRI data. Our MLMambaOut 
achieves promising classification performance and outperforms existing models. 
Through extensive experimentation, we find that viewing the QA task as a multi-
label classification one for MR images is an effective solution. In the future, we 
will explore further improving the performance with more effective data aug-
mentation for the classes that are difficult to classify. 
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Abstract. Accurate hippocampus segmentation in brain MRI is critical 
for studying cognitive and memory functions and diagnosing neurodevel-
opmental disorders. While high-field MRIs provide detailed imaging, low-
field MRIs are more accessible and cost-effective, which eliminates the 
need for sedation in children, though they often suffer from lower image 
quality. In this paper, we present a novel deep-learning approach for 
the automatic segmentation of bilateral hippocampi in low-field MRIs. 
Extending recent advancements in infant brain segmentation to under-
served communities through the use of low-field MRIs ensures broader 
access to essential diagnostic tools, thereby supporting better healthcare 
outcomes for all children. Inspired by our previous work, Co-BioNet, the 
proposed model employs a dual-view structure to enable mutual feature 
learning via high-frequency masking, enhancing segmentation accuracy 
by leveraging complementary information from different perspectives. 
Extensive experiments demonstrate that our method provides reliable 
segmentation outcomes for hippocampal analysis in low-resource set-
tings. The code is publicly available at: https://github.com/himashi92/ 
LoFiHippSeg. 

Keywords: Hippocampi Segmentation · Low-field MRI · Feature 
Learning · Dual-view Learning · Frequency Masking 

1 Introduction 

The hippocampus is a vital subcortical structure in memory formation and cog-
nitive processes. Accurate hippocampus segmentation in MRI scans is essen-
tial for studying neurodevelopmental disorders and cognitive impairments. High-
field MRIs, with their superior image quality, are typically used for this task, 
but their high cost and limited availability pose significant barriers, especially in 
low-resource settings [ 13]. Low-field MRIs, while more accessible, often produce 
images with lower resolution and increased noise, making accurate hippocam-
pal segmentation challenging. Recent advancements in deep learning have shown 
promise in improving medical image segmentation [ 2, 10]. However, existing meth-
ods primarily focus on high-field MRIs, leaving a gap in effective techniques for 
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low-field MRI segmentation. Inspired by the mutual feature learning mechanism 
of Co-BioNet [ 12], we propose a novel approach that utilizes a dual view structure 
to enhance segmentation performance in low-field MRIs. By learning complemen-
tary features from two different views by associating high-frequency images of the 
given -field MR via high-frequency masking, our model can effectively capture the 
complex structures of the bilateral hippocampi. This approach of utilizing high-
frequency images alongside the original low-field images demonstrates potential 
as a valuable tool for improving the usability of low-field images in low-resource 
settings, as it minimizes the need for extensive external tools and datasets. 

This paper presents our dual-view mutual feature learning framework and 
demonstrates its efficacy through extensive experiments on the LISA 2024 low-
field MRI dataset. Our results highlight the potential of this approach in providing 
accurate and reliable hippocampal segmentation, thereby facilitating better diag-
nostic and research capabilities in resource-constrained environments (Fig. 1). 

2 Dataset 

Fig. 1. Sample case from LISA Dataset. 

The dataset utilized in this study comprises high-field T2-weighted MRI scans 
and synchronized low-field Hyperfine scans acquired from institutions in Uganda, 
South Africa, and the United States [ 4]. Expert MRI technicians collected the 
images, ensuring high-quality data. The dataset includes meticulously reviewed 
bilateral hippocampi segmentations by an expert medical image evaluator, pro-
viding a reliable ground truth. The images are available in NIFTI (.nii.gz) format, 
with low-field images registered to high-field scans through a 9-point linear reg-
istration process. Orthogonal low-field images were processed using the ANTs 
multivariate template construction and aligned with a pediatric T2 template, 
subsequently coregistered to matching high-field scans using FLIRT from the 
FSL toolbox [ 14]. This robust dataset underpins developing and evaluating our 
deep-learning model for accurate hippocampal segmentation in low-field MRIs.
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3 Methodology 

3.1 Notations and Problem Formulation 

In our paper, we represent vectors and matrices using bold lowercase x and 
bold uppercase X, respectively. The norm of a vector is denoted by ‖ · ‖, with
‖x‖1 =

∑
i |x[i]|, where  x[i] signifies the element at position i in x. The inner 

product between vectors is denoted by 〈·, ·〉, and ‖x‖2 2 = 〈x, x〉. When norms and 
inner products are applied to 3D tensors, we assume the tensors are flattened. 
For instance, for 3D tensors A and B, 〈A, B〉 =

∑
i,j,k A[i, j, k]B[i, j, k] and

‖A‖1 =
∑

i,j,k |A[i, j, k]|. 
Consider a dataset X1 = {(Xi, Yi)}n 

i=1 consisting of n samples, where each 
sample (Xi, Yi) includes an image Xi ∈ RC×H×W ×D and its corresponding 
ground-truth segmentation mask Yi ∈ {0, 1}K×H×W ×D, encoded as a one-hot 
K-dimensional vector for a K-class problem per voxel. Here, C, H, W , and  D 
denote the number of channels, height, width, and depth of the input medical 
volume. Similarly, in order to create Dual-Views of the input, we use a high 
pass filtering method to generate a high frequency of the low-field MR volume, 
which creates another dataset X2 = {( X̂i, Yi)}n 

i=1 consisting of n samples. The 
primary objective is to co-learn segmentation models from D = X1 ∪ X2. 

3.2 LoFiHippSeg Architecture 

Inspired by our previous works [ 8, 12], we propose a Dual-View deep learning 
architecture named LoFiHippSeg to learn features from Low-Field MRIs for 
Hippocampi Segmentaion. As shown in the conceptual diagram in Fig. 2, we use  
two segmentation networks denoted as F1(·) and F2(·), which creates Dual-Views 
which mutually learn from complementary features. X1 dataset and X2 is used 
to train two segmentation models, respectively. Considering the computational 
complexity in our pipeline, we use VNet [ 7] as the segmentation model for dual-
view training. As the critic network, we use a fully convolutional neural network 
similar to encoder architecture, following recent works [ 12]. 

Frequency Masking Module (FMM). Frequency domain analysis is crucial 
in medical imaging, including MRI reconstruction and image-denoising applica-
tions. The low frequencies in an image’s Fourier spectrum represent the mean 
image intensity (DC signal) and the intensities of significant image compo-
nents. Conversely, high frequencies capture fine details such as edges, boundaries 
between tissues, and the delicate outlines of structures [ 5]. Considering this, we 
used the data augmentation based on the frequency masking approach to create 
another view of the original low-field MR volume. We employ both the origi-
nal low-field MR volume and its high-frequency components to train our dual 
views based on the principle of consensus [ 1, 3, 15]. This approach ensures that 
the complementary information from both views is integrated, enhancing the 
overall performance of the model. The original low-field MR volume provides 
essential structural and intensity information, capturing the general anatomy
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Fig. 2. Overview of Proposed Dual-View Pipeline, LoFiHippSeg. Here, F1(·) 
and F2(·) are structuraly similar VNet models.
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and major tissue contrasts. In contrast, the high-frequency components empha-
size fine details such as edges and boundaries, which are crucial for accurately 
delineating structures. By training with both views, the network can leverage the 
strengths of each, leading to more robust and precise segmentation. The consen-
sus between these dual views helps reinforce consistent and accurate predictions, 
ultimately improving the model’s reliability and effectiveness in various medical 
imaging tasks. 

Consider a low-field MR volume X ∈ RC×H×W ×D. To perform frequency 
masking, we first transform X to the frequency domain using the Fourier trans-
form FFT  . 

Xf = FFT  (X) (1) 

The Fourier-transformed medical volume Xf can be decomposed into its 
amplitude AXf 

and phase PXf 
components. Next, we define a high-pass fil-

ter H ∈ {0, 1}D×H×W that selectively retains high-frequency components. The 
mask is designed such that it zeros out the low-frequency components and retains 
the high-frequency ones: 

Ahigh 
Xf 

= AXf
� H (2) 

Here, � denotes the element-wise multiplication. The phase remains 
unchanged: The high-frequency representation X̂high in the frequency domain 
is then: 

X̂high = Ahigh 
Xf 

· eiPXf (3) 

This high-frequency representation is then transformed back to the spatial 
domain using the inverse Fourier transform FFT  −1: 

X̂ = FFT  −1 ( X̂high) (4) 

The resulting X̂ captures the high-frequency components of the original 
image volume X. 

3.3 Objective Function 

Building on our previous works [ 8, 12], we train each segmentation network (VNet 
model), by optimizing the following min-max problem: 

min 
θi 

max 
θc 

Li (Θ;D) . (5) 

Here, Θ includes all the networks’ parameters, i.e., θ1, θ2, θc. The min-max prob-
lem in Equation Eq. 5 aims to determine whether the prediction masks generated 
by the segmentation networks belong to the same distribution as the ground 
truth or if they deviate from it. Here, both original low-field MRI and High-
frequency Images of low-field MRI medical volumes (D) are utilized simultane-
ously during training using the following multi-task loss function: 

Li (θi; Xi) := Li 
SEG(θi; Xi) +  λm Li 

M(θi;Xi) +  λc Li 
ADV(θi;Xi) , (6)
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where Li 
SEG, Li 

M and Li 
ADV denote the Segmentation loss, the Masked Spa-

tial Cross-Entropy loss, and the Adversarial loss, respectively. Here, λm and λc 
denote weighted parameters to control individual loss terms during the training. 
We set λm = 0.3 and λc = 0.01 in all our experiments. 

The Segmentation Loss (LSEG). The Segmentation loss drives each segmen-
tation network to produce prediction masks for labeled data that closely match 
the ground truth masks. We define the total Segmentation loss as the sum of 
the Cross-Entropy loss and Dice loss, both calculated voxel-wise. The primary 
segmentation loss is defined as follows: 

Li 
CE(θi;Xi) =

∑

i∈m

[

− E(X,Y)∼Xi

[〈
Y, log

(
Fi(X, i,  ̂Yi−1, Zi−1)

)〉]
]

, (7) 

Li 
DICE(θi;Xi) =

∑

i∈m

[

1 − E(X,Y)∼Xi

[
2
〈
Y , Fi(X, i,  ̂Yi−1, Zi−1)

〉

∥
∥Y

∥
∥
1 
+

∥
∥Fi(X, i,  ̂Yi−1, Zi−1)

∥
∥
1

]]

, (8) 

Li 
SEG(θi; Xi) =  Li 

CE(θi;Xi) +  Li 
DICE(θi;Xi), (9) 

The Adversarial Loss (LADV). In our training pipeline, we use a critic network 
which has the functionality of ψ : [0, 1]H×W ×D → [0, 1]H×W ×D that helps the 
segmentation network to generate realistic segmentation masks using min-max 
game as defined in Eq. 5. The adversarial loss for the training segmentation 
network is defined as: 

Li 
ADV(θi;X ) := −E(X,Y∼Xi)

[ ∑

a∈H

∑

b∈W

∑

c∈D 

log
(
ψ(Fi(X, Ŷ))[a, b, c]

)]
, (10) 

The Masked Spatial Loss (LM). Further, we integrate a spatial masked CE 
loss to train the model via uncertainty, which leads to co-learn from each model’s 
features. Here, we make the masked segmentation prediction map by binarizing 
the confidence map using a predefined threshold of T = 0.2. The masked loss is 
defined as follows: 

Li 
M(θi; Xi) := −E(X,Y∼Xi)

[ ∑

a,b,c 

1
(
ψ(F(X, Ŷ)[a, b, c] > T

)

Y[a, b, c] log
(
F(X, Ŷ)[a, b, c]

)]
, (11) 

The Critic Loss (LC). To train the critic network, we use segmentation masks 
and their ground truth masks. We define the adversarial loss as maximizing the 
log-likelihood as:
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LC(θc; D) := E(X,Y)∼X1

[ ∑

a∈H

∑

b∈W

∑

c∈D

{
η log

(
ψ(Y)[a, b, c]

)
+ (1  − η) 

log
(
1 − ψi(Fi(X, Ŷ))[a, b, c]

)}
]

+ 

E(X,Y)∼X2

[ ∑

a∈H

∑

b∈W

∑

c∈D

{
η log

(
ψ(Y)[a, b, c]

)

+ (1  − η) log
(
1 − ψi(Fi(X, Ŷ))[a, b, c]

)}
]

. (12) 

where η = 0  when the sample is a prediction mask from a segmentation network, 
and η = 1  when the sample is obtained from the ground truth label distribution. 

4 Experiments 

4.1 Implementation Details 

The min-max scaling was performed to standardize all volumes, followed by 
clipping intensity values. Images were then cropped to a fixed patch size of 128× 
128 × 128 by removing unnecessary background pixels [ 9– 11]. The LoFiHippSeg 
model is implemented in PyTorch and trained using a single NVIDIA A100 
GPU with 80GB of memory. For training the segmentation networks, we utilized 
the batch size of 4 and the SGD optimizer with a learning rate of 0.01 and a 
momentum of 0.9. The critic network was trained with the AdamW optimizer, 
which had a learning rate of 0.0001. We applied a cosine annealing scheduler 
to all networks throughout the training process. The training was conducted 
alternately between the segmentation networks and the critic. The critic is not 
used during inference, thereby avoiding additional computational overhead. We 
split the training dataset into a training set (76%) of 60 MR volumes for training 
and a validation set (24%) of 19 MR volumes for validation. The best-performing 
model for the validation set is saved as the best model for official validation 
and testing phase evaluation. The LISA 2024 validation dataset contains 12 
MR volumes, and the Synapse portal conducts the evaluation. In the inference 
phase, the original volume was re-scaled using min-max normalization scaling 
and fed forward through the LoFiHippSeg model. The LoFiHippSeg model uses 
ensembled prediction from dual views as the final prediction during inference. 

4.2 Evaluation Metrics 

We will utilize five metrics for evaluating hippocampi segmentation predictions: 
Dice Similarity Coefficient (DSC), Hausdorff Distance (HD), HD95, Average 
Symmetric Surface Distance (ASSD), and Relative Volume Error (RVE). These 
metrics will be computed separately for the left and right hippocampus, and the 
results will be averaged for each patient case [ 6].
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Table 1. Validation Phase Quantitative Comparison with VNet. 

Metric VNet [ 7] LoFiHippSeg 
Left Right Average Left Right Average 

DSC 0.69±0.23 0.72±0.15 0.70±0.19 0.70±0.23 0.74±0.15 0.72±0.19 
HD 10.56±16.78 3.65±1.02 7.10±8.32 5.99±9.12 3.49±1.18 4.74±4.62 
HD95 2.11±1.95 1.88±0.78 1.99±1.33 2.16±2.03 1.86±0.92 2.01±1.45 
ASSD 0.87±1.19 0.61±0.39 0.74±0.78 0.87±1.33 0.59±0.44 0.73±0.88 
RVE 0.18±0.10 0.14±0.10 0.16±0.07 0.14±0.12 0.14±0.12 0.14±0.10 

Table 2. Comparison of segmentations by VNet and LoFiHippSeg across axial, sagittal, 
and coronal views during Validation phase. 

Table 3. Validation Phase Quantitative Analysis on Dual-Views of LoFiHippSeg. 

Metric LoFiHippSeg View 1 LoFiHippSeg View 2 
Left Right Average Left Right Average 

DSC 0.69±0.23 0.73±0.16 0.71±0.19 0.69±0.24 0.73±0.13 0.71±0.18 
HD 8.21±15.89 3.52±0.98 5.86±7.92 5.80±8.03 6.61±11.06 6.20±6.43 
HD95 2.21±2.20 1.88±0.89 2.04±1.52 2.29±2.02 1.92±1.04 2.10±1.51 
ASSD 0.94±1.43 0.59±0.45 0.77±0.94 0.89±1.28 0.63±0.40 0.76±0.83 
RVE 0.19±0.12 0.15±0.12 0.17±0.08 0.15±0.09 0.12±0.11 0.14±0.08
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4.3 Experimental Results 

We evaluated the method’s performance using the LISA 2024 Validation Phase 
evaluation portal, and results are shown in Table 1. From the results, it can 
be seen that the proposed dual-view setting helps in better feature retrieval 
over a single VNet segmentation model (See Table 3). Qualitative comparison 
of generated prediction masks are illustrated in the Table 2. 

Comparison with VNet. The performance comparison between LoFiHippSeg 
and VNet [ 7], shown in Table 1, indicates a modest improvement in segmenta-
tion accuracy for the LoFiHippSeg model. Specifically, LoFiHippSeg achieved 
a slightly higher DSC (0.72±0.19) compared to VNet (0.70±0.19), demonstrat-
ing an enhanced ability to correctly classify hippocampal regions, particularly 
for the right hippocampus (0.74±0.15 versus 0.72±0.15 in VNet). This increase, 
though marginal, signifies that the LoFiHippSeg model can better delineate hip-
pocampal structures, possibly due to its enhanced learning capabilities from 
low-field MRI scans. In terms of boundary accuracy, LoFiHippSeg also outper-
formed VNet in HD (4.74±4.62 versus 7.10±8.32 for VNet). The reduction in 
HD suggests that the segmentation boundaries produced by LoFiHippSeg are 
more precise, particularly for the left hippocampus, where the HD decreased 
from 10.56±16.78 in VNet to 5.99±9.12 in LoFiHippSeg. This reduction could 
imply fewer outliers in the boundary predictions by the LoFiHippSeg model. 
However, HD95 showed relatively comparable values between the two models, 
indicating that extreme outliers in the segmentation were not substantially dif-
ferent. Regarding ASSD, which measures the average surface distance between 
the predicted and true segmentations, both models performed similarly, with the 
overall averages almost identical (0.73±0.88 for LoFiHippSeg and 0.74±0.78 for 
VNet). This metric aligns with the HD observations, indicating that while the 
general boundary accuracy has improved, there is room for further refinement. 
The RVE, a volumetric measure, shows slight improvement for LoFiHippSeg 
(0.14±0.10) compared to VNet (0.16±0.07). This indicates that LoFiHippSeg 
produces more accurate volume estimations, which is critical for clinical appli-
cations where hippocampal volume is a biomarker for neurodegenerative condi-
tions. As illustrated in Fig. 2, the qualitative differences in segmentations are 
not immediately noticeable to the human eye. However, it is evident that LoFi-
HippSeg accurately captured some misclassified regions compared to the single 
VNet. 

Dual-View Architecture Analysis. Table 3 provides further insights into the 
performance of the dual-view architecture of LoFiHippSeg. Both views exhibit 
similar performance across most metrics, indicating robustness in the model’s 
segmentation ability regardless of the view utilized. DSC values for both views 
are nearly identical (0.71±0.19 for View 1 and 0.71±0.18 for View 2), which 
highlights the stability of the model’s segmentation performance from different 
perspectives. One key observation is the difference in HD between the two views.
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View 1 exhibits a lower HD (5.86±7.92) compared to View 2 (6.20±6.43). While 
this difference is not substantial, it suggests that the first view may provide 
slightly more precise boundary delineation, particularly for the left hippocampus, 
which shows a notable decrease in HD for View 1 (8.21±15.89 versus 5.80±8.03 
for View 2). The HD95 and ASSD metrics, however, remain consistent across 
both views, reinforcing the robustness of the segmentation performance. Inter-
estingly, the RVE metric shows a marginal improvement in View 2 (0.14±0.08) 
compared to View 1 (0.17±0.08). This could indicate that the second view is 
more effective in achieving accurate volumetric estimations, particularly for the 
right hippocampus (0.12±0.11 for View 2 versus 0.15±0.12 for View 1). These 
complementary strengths of each view suggest that a combined approach lever-
aging both views could potentially yield even better performance. 

4.4 Ablation Study 

One of the central claims of the proposed model is its use of high-frequency mask-
ing to generate high-frequency images of low-field images. In Fig. 3, we illustrate 
how varying cutoff values produce different high-pass filters and the correspond-
ing feature difference maps between the low-field and high-frequency images. 
These qualitative visualizations show that the feature difference decreases as 
the cutoff value increases. A more noticeable feature difference emerges at lower 
cutoff values, even though it may not be easily perceived by the naked eye, as 
demonstrated with a cutoff of 0.05. However, fine details are not as clearly visible 

Fig. 3. Feature difference between Low-field Image and High-frequency Image.
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Table 4. Ablation Study of cutoff value. 

Metric Cutoff=0.05 Cutoff=0.10 Cutoff=0.20 
Average DSC 0.71±0.18 0.72±0.19 0.70±0.19 
Average HD 9.12±12.58 4.74±4.62 5.90±7.93 
Average HD95 2.04±1.54 2.01±1.45 2.16±1.59 
Average ASSD 0.75±0.85 0.73±0.88 0.77±0.91 
Average RVE 0.14±0.10 0.14±0.10 0.20±0.10 

at this value as they are with a cutoff of 0.1. In our ablation study, we evaluated 
the model’s performance using these three cutoff values, with the results sum-
marized in Table 4. The findings indicate that a cutoff value of 0.1 yields the 
best performance compared to the other two. 

4.5 Discussion 

The proposed LoFiHippSeg outperforms a single VNet trained on low-field MRI 
images. While the model achieves better results, it does present certain limita-
tions, such as increased computational complexity. However, with the ongoing 
technological advancements, computational complexity is becoming less of a con-
straint. We believe that incorporating more advanced segmentation models over 
VNet could further enhance segmentation performance. 

5 Conclusion 

In this study, we introduced a novel deep-learning approach for the automatic 
segmentation of bilateral hippocampi in low-field MRIs, addressing a critical 
need in diagnosing and studying cognitive and memory functions in neurode-
velopmental disorders. By adapting recent advancements in infant brain seg-
mentation to low-field MRIs, our method extends the accessibility of essential 
diagnostic tools to underserved communities, promoting equitable healthcare for 
all children. 
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Abstract. Ultra-low-field (uLF) MRI is a promising technology for 
expanding access to MRI in resource-limited settings, but it presents 
significant image analysis challenges, particularly in the segmentation of 
small brain structures. One such structure is the hippocampus, which is 
crucial for monitoring the neurodevelopment after birth. In this study, 
we developed a hippocampal segmentation method using the nnUNet 
framework, exploring various training strategies, including using addi-
tional labeled high-field (HF) and unlabeled low-field (LF) data. Our 
results show that integrating external datasets improves segmentation 
accuracy over using uLF data alone, even with substantial differences 
in imaging parameters and field strengths. This approach highlights the 
importance of leveraging diverse datasets to enhance the performance of 
segmentation models in low-quality imaging modalities, potentially lead-
ing to better diagnostic capabilities in challenging clinical environments. 

Keywords: Neonatal Brain · Pediatric Imaging · Hippocampus 

1 Introduction 

Magnetic Resonance Imaging (MRI) has revolutionized the field of medical imag-
ing, providing a non-invasive, non-ionizing, and highly detailed visualization of 
the human body. Its ability to produce high-resolution, multi-contrast images has 
made it indispensable for diagnosing and monitoring a wide range of conditions, 
particularly in the brain. However, despite its benefits, traditional high-field MRI 
systems (1.5T and 3T) remain inaccessible in many low and middle-resource 
countries due to their high costs, complex infrastructure requirements, and the 
need for specialized settings [ 11, 18]. This limited accessibility is a significant 
barrier to equitable healthcare, as it restricts the availability of critical diagnos-
tic tools to resource-rich settings. To address this disparity, low-field (LF) MRI 
systems, especially Ultra-Low-Field (uLF) MRI systems below 0.1T, have been 
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developed [ 4, 5, 12, 17, 22]. These systems offer a more affordable, portable, and 
infrastructure-light alternative to conventional MRI, making them particularly 
suitable for deployment in resource-constrained environments. 

Despite the advantages of uLF MRI, these systems face significant challenges, 
especially in terms of image quality. The lower magnetic field strength inherent 
in uLF MRI results in a decreased signal-to-noise ratio (SNR), leading to images 
with lower resolution and contrast compared to those produced by high-field 
MRI systems [ 1, 16]. This presents particular difficulties for image analysis tasks 
that require precise anatomical delineation, such as the segmentation of small 
and complex structures within the brain. 

One such structure is the hippocampus, a critical component of the brain 
involved in memory formation, spatial navigation, and emotional regulation [ 7]. 
In neonates and infants, the hippocampus plays a pivotal role in cognitive devel-
opment. Research has demonstrated that the volume and integrity of the hip-
pocampus in early life can significantly influence cognitive outcomes [ 2, 19, 20], 
underscoring the importance of accurately assessing and monitoring the hip-
pocampus during early childhood. 

However, accurately segmenting the hippocampus in MRI images is a chal-
lenging task [ 6], even more so in the context of uLF MRI [ 3, 9]. The hippocampus 
is small, varies in shape, and has low contrast with surrounding tissues, mak-
ing it difficult to delineate using conventional segmentation techniques. More-
over, pediatric brain MRI typically exhibits lower tissue contrast, which can 
vary significantly over the first few years of life, posing additional challenges 
for segmentation tasks. Traditional methods, which often rely on manual fea-
ture extraction and expert annotation, are time-consuming, prone to error, and 
do not scale well. The advent of deep learning has provided new opportunities 
to automate the segmentation process, with models trained on large datasets 
showing promising results in accurately delineating complex anatomical struc-
tures. Among these models, nnUNet [ 10] has emerged as an advanced tool in the 
field of medical image segmentation. Known for its robustness, adaptability, and 
superior performance across a range of medical imaging tasks, nnUNet offers 
a well-optimized, highly customizable pipeline that has won numerous medical 
image segmentation challenges. This makes it an ideal foundation for developing 
a hippocampal segmentation method tailored to the unique challenges posed by 
uLF MRI. 

While the choice of segmentation algorithm is critical, the quality and diver-
sity of the training data are equally, if not more, important. In the case of uLF 
MRI, where image quality is inherently lower, the ability of a model to general-
ize across different datasets becomes paramount. High-quality training data that 
captures a wide range of anatomical variations, imaging conditions, and contrast 
levels may effectively enhance the performance of segmentation models. This is 
especially true when the imaging modality is less conventional, as in uLF MRI. 

In this study, we aim to develop an automatic method for segmenting 
the bilateral hippocampi from 0.064T MRI [ 4, 9, 17] images using the nnUNet 
framework. Our approach focuses on leveraging external datasets to improve
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segmentation performance. The planned experiments include several strategies 
using multiple datasets. By improving the reliability and accuracy of hippocam-
pal segmentation, our work could contribute to better diagnostic capabilities in 
resource-constrained settings, where access to high-field MRI is limited. 

2 Methods 

2.1 Model Architecture 

We employed the nnUNet [ 10] framework for hippocampal segmentation. 
nnUNet is a state-of-the-art, self-configuring deep learning framework designed 
for medical image segmentation. It automatically adapts its architecture and 
training pipeline based on the input data characteristics, providing a robust 
baseline for a wide range of segmentation tasks. nnUNet’s architecture is based 
on the U-Net structure, featuring an encoder-decoder design with skip connec-
tions, which is well-suited for segmenting small, complex anatomical structures 
like the hippocampus. 

2.2 Datasets 

Our study primarily focuses on the dataset provided by the Low-field Pediatric 
Brain Magnetic Resonance Image Segmentation and Quality Assurance (LISA) 
Challenge, consisting of 0.064T uLF MRI images. Additionally, we incorporated 
high-field MRI data from the 2024 China National Biomedical Engineering Inno-
vation Design Competition for College Students competition (BME24) and 0.3T 
MRI dataset M4Raw [ 13] to enhance model training. The LISA and BME24 
datasets included labeled hippocampal regions to facilitate supervised learning, 
whereas the M4Raw dataset contains only low-field MRI images without any seg-
mentation labels. Typical images of the three datasets are presented in Fig. 1. 
Below are detailed description for the three datasets. 

The LISA dataset, as provided by the LISA organizers, was acquired from 
infants using the Hyperfine SWOOP 0.064T MRI scanner, which is designed 
for portable brain imaging in pediatric settings. The uLF images were captured 
with a spin echo sequence (TR 1.5 s, TE 5ms, TI 400ms) and were subsequently 
registered to corresponding high-field MRI images. The preprocessing involved 
registering the uLF images to a standardized high-field T2 template using ANTs 
multivariate template construction and FLIRT from the FSL toolbox, ensuring 
consistent anatomical alignment and facilitating accurate hippocampal segmen-
tation. The dataset includes 79 training and 12 validation files (samples), with 
bilateral hippocampi segmentation labels reviewed by an expert medical image 
evaluator. Besides the official validation set of 12 samples, whose segmentation 
labels were not released, we randomly split the training set to obtain 13 samples 
as the internal validation set, remaining 66 samples were used for model training. 

The BME24 dataset is part of the 2024 China National Biomedical Engi-
neering Innovation Design Competition for College Students, organized by the
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Chinese Society of Biomedical Engineering. The dataset comprises high-field T1-
weighted Magnetization Prepared Rapid Gradient Echo Imaging (MPRAGE) 
images, with acquisition matrix [224 × 256 × 176] from 58 adult subjects, pro-
vided with bilateral hippocampal segmentation labels. The dataset is openly 
accessible and can be downloaded from https://pan.baidu.com/s/1x29I5swjtRy-
C_R96EUnzw?pwd=yyna. Further details about the competition are available 
on the official website https://www.bmedesign.cn/. It should be noted that the 
BME24 dataset only includes T1-weighted images and does not contain T2-
weighted data. 

The M4Raw dataset [ 13] is an open-access dataset created to support the 
development of advanced methodologies in low-field MRI. The dataset comprises 
multi-channel brain k-space data from 183 healthy adult volunteers, acquired 
using a 0.3 T whole-body MRI system. It originally includes T1-weighted, T2-
weighted, and FLAIR images, each with an in-plane resolution of approximately 
1.2 mm and a through-plane resolution of 5 mm. For this study, we specifically 
utilized the T2-weighted data (magnitude images) to maintain consistency with 
the T2-weighted data from the LISA dataset. The lack of segmentation labels 
in the M4Raw dataset renders it unsuitable for supervised training. However, it 
can still provide information about low-field MRI data distribution, which can 
be leveraged through self-supervised or unsupervised learning techniques. 

Fig. 1. Typical images of the three datasets utilized in this study. 

2.3 Training Strategies 

We conducted a series of experiments to evaluate the impact of different training 
strategies on segmentation performance: 

1. uLF-Only Training: The baseline model was trained solely on the LISA 
dataset, containing only 0.064T uLF MRI images.

https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://pan.baidu.com/s/1x29I5swjtRy-C_R96EUnzw?pwd=yyna
https://www.bmedesign.cn/
https://www.bmedesign.cn/
https://www.bmedesign.cn/
https://www.bmedesign.cn/
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2. Mixed Training: In this experiment, we combined the LISA dataset with 
the BME24 dataset, which included T1-weighted high-field MRI images. The 
model was trained on this mixed dataset to investigate whether incorporating 
higher-quality images could improve segmentation accuracy in uLF MRI. 

3. HF Transfer: We pre-trained the model using the BME24 high-field dataset 
and then fine-tuned it on the LISA uLF data. This approach aimed to lever-
age the detailed structural information available in high-field images before 
adapting the model to the lower-quality uLF data. 

4. Mixed Transfer: We first pre-trained the model on a mixed dataset (LISA 
+ BME24), followed by a second fine-tuning phase using only the LISA data. 
This sequential approach was designed to refine the model’s performance on 
uLF images by focusing specifically on their unique characteristics after broad 
initial training. 

5. Pseudo-labeling: The best-performing model from the previous experiments 
was used to generate pseudo-labels on an additional set of LF MRI images 
(M4Raw T2-weighted images). These pseudo-labeled images were then added 
to the training data to further enhance the model’s segmentation capabilities. 

2.4 Evaluation Metrics 

We employ four metrics [ 15, 21], Dice Similarity Coefficient (DSC), Hausdorff 
Distance (HD), Average Symmetric Surface Distance (ASSD), and Relative Vol-
ume Error (RVE) on the hippocampi segmentation predictions. These metrics 
will be calculated for the left and right hippocampus, separately, but then aver-
aged along a patient case. The calculation of these metrics were performed on 
the official platform based on submitted segmentation files. 

2.5 Implementation Details 

The experiments were implemented using Python and the PyTorch deep learning 
library. Training was conducted on a GPU Server. The training protocols are 
presented in Table 1. 

Table 1. Training protocols 

Network initialization “he” normal initialization 

Batch size 2 

Patch size 112×160×128 

Total epochs 50 or 200 

Optimizer SGD with nesterov momentum (µ = 0.99) 

Loss function cross-entropy loss & dice loss 

Initial learning rate (lr) 0.01 

Lr decay schedule halved by 200 epochs 

Training time 1 h
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The hardware configuration and development environments are presented in 
Table 2. 

Table 2. Development environments and requirements. 

System Ubuntu 22.04 
CPU AMD EPYC 7453 28-Core Processor 
RAM 24×32GB 
GPU (number and type) Four NVIDIA GeForce RTX 4090 24G 
CUDA version 12.1 
Programming language Python 3.10.10 
Deep learning framework torch 2.1.2, torchvision 0.16.2 

3 Results 

The quantitative results across different training strategies are summarized in 
Tables 3, 4, and  5, for average, left, and right hippocampal segmentation, respec-
tively. 

As revealed by the average results in Table 3, the baseline model, trained 
solely on the uLF data (uLF-Only Training), achieved a DSC of 0.66 ± 0.22. 
Incorporating high-field MRI data through Mixed Training resulted in a slight 
improvement, with a DSC of 0.68 ± 0.19. Transfer learning strategies-HF Trans-
fer and Mixed Transfer-further improved segmentation accuracy, with DSCs of 
0.70 ± 0.17 and 0.71 ± 0.18, respectively. These strategies also reduced HD 
and ASSD, indicating better boundary accuracy. However, the Pseudo-Labeling 
approach showed a decrease in performance, with a DSC of 0.64 ± 0.27. 

The separate results for the left and right hippocampi are largely consistent 
with the averaged results. However, Mixed Training appears to be particularly 
effective on the right hippocampus, achieving a leading DSC of 0.74 ± 0.14. 

Table 3. Metrics evaluated on official validation set (bilateral average) 

Method DSC HD HD95 ASSD RVE 
uLF-Only Training 0.66 ± 0.22 9.95 ± 11.96 6.16 ± 9.80 1.44 ± 2.09 0.19 ± 0.13 
Mixed Training 0.68 ± 0.19 7.87 ± 10.54 4.15 ± 7.21 1.16 ± 1.54 0.19 ± 0.16 
HF Transfer 0.70 ± 0.17 8.15 ± 9.60 3.73 ± 5.41 0.80 ± 0.64 0.16 ± 0.06 
Mixed Transfer 0.71 ± 0.18 9.66 ± 10.64 3.99 ± 6.52 0.81 ± 0.76 0.13 ± 0.07 
Pseudo-Labeling 0.64 ± 0.27 10.11 ± 14.20 5.93 ± 12.51 3.99 ± 11.14 0.16 ± 0.08 

The visualization of typical segmentation results from our internal validation 
set is presented in Fig. 2, as it has known segmentation labels (ground truth).
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Table 4. Metrics evaluated on official validation set (left hippocampus) 

Method DSC HD HD95 ASSD RVE 

uLF-Only Training 0.64 ± 0.25 14.96 ± 20.72 8.90 ± 15.34 1.99 ± 2.92 0.17 ± 0.12 
Mixed Training 0.62 ± 0.25 9.23 ± 15.81 3.23 ± 2.95 1.09 ± 1.26 0.23 ± 0.21 
HF Transfer 0.67 ± 0.24 9.41 ± 16.13 2.70 ± 1.94 0.90 ± 1.03 0.19 ± 0.09 
Mixed Transfer 0.68 ± 0.23 15.39 ± 20.92 6.00 ± 12.80 1.02 ± 1.20 0.15 ± 0.11 
Pseudo-Labeling 0.60 ± 0.29 12.56 ± 19.64 6.23 ± 12.44 4.18 ± 11.08 0.19 ± 0.12 

Table 5. Metrics evaluated on official validation set (right hippocampus) 

Method DSC HD HD95 ASSD RVE 

uLF-Only Training 0.68 ± 0.23 4.93 ± 6.00 3.42 ± 5.77 0.89 ± 1.30 0.22 ± 0.23 
Mixed Training 0.74 ± 0.14 6.51 ± 12.20 5.06 ± 12.09 1.23 ± 2.53 0.15 ± 0.14 
HF Transfer 0.73 ± 0.12 6.89 ± 10.83 4.75 ± 9.89 0.69 ± 0.46 0.12 ± 0.08 
Mixed Transfer 0.73 ± 0.14 3.93 ± 0.92 1.98 ± 0.68 0.59 ± 0.35 0.11 ± 0.08 
Pseudo-Labeling 0.68 ± 0.25 7.66 ± 12.48 5.62 ± 12.62 3.80 ± 11.23 0.13 ± 0.10 

Fig. 2. Visualization of the horizontal section and sagittal section segmentation results.
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4 Discussion 

Our study explored various training strategies for hippocampal segmentation 
using a combination of targeted uLF data and data acquired at other MRI 
scanners with diverse field strengths and site. 

We observed that mixed training using both T2 uLF images and T1 HF 
images resulted in slightly better segmentation performance compared to train-
ing on uLF images alone. This improvement, though modest, suggests that the 
inclusion of HF data provides additional structural information that can enhance 
the model’s ability to generalize to uLF images. The structural details captured 
in the HF T1-weighted images, despite being of a different contrast type, might 
help the model learn more robust features, which can be beneficial when seg-
menting the hippocampus in lower-quality uLF images. 

Both transfer learning strategies-HF Transfer and Mixed Transfer-showed 
improved performance compared to uLF-Only Training. HF Transfer, which 
involved pre-training on the BME24 high-field data followed by fine-tuning on the 
LISA uLF data, demonstrated that the model could effectively transfer learned 
features from the HF domain to improve segmentation in the uLF domain. Mixed 
Transfer, which included initial mixed training followed by fine-tuning on uLF 
data, further refined the model’s performance by focusing on the unique charac-
teristics of uLF images. These results indicate that transfer learning, particularly 
when leveraging detailed structural information from HF images, can signifi-
cantly enhance the model’s adaptability and accuracy in segmenting uLF MRI 
images. 

Despite the expectation that the Pseudo-Labeling strategy using the M4Raw 
T2-weighted data would enhance segmentation accuracy, as shown effective by 
some previous studies [ 8, 14], it did not lead to direct improvements in this 
study. A possible explanation for our outcome is the potential inaccuracy of the 
pseudo-labels generated by the model, which may have introduced noise rather 
than enhancing the training process. The lack of true segmentation labels in the 
M4Raw dataset likely limited the effectiveness of this approach, highlighting the 
importance of label quality in supervised learning tasks. 

In conclusion, our findings underscore the value of incorporating external 
MRI data through mixed training and transfer learning to improve segmenta-
tion performance in low-field MRI. However, the effectiveness of pseudo-labeling 
needs future investigation. 
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Abstract. Understanding the structural growth of paediatric brains is 
a key step in the identification of various neuro-developmental disorders. 
However, our knowledge is limited by many factors, including the lack 
of automated image analysis tools, especially in Low and Middle Income 
Countries from the lack of high field MR images available. Low-field 
systems are being increasingly explored in these countries, and, there-
fore, there is a need to develop automated image analysis tools for these 
images. In this work, as a preliminary step, we consider two tasks: 1) 
automated quality assurance and 2) hippocampal segmentation, where 
we compare multiple approaches. For the automated quality assurance 
task a DenseNet combined with appearance-based transformations for 
synthesising artefacts produced the best performance, with a weighted 
accuracy of 82.3%, thus ranking in the 1st place in the LISA2024 Chal-
lenge. For the segmentation task, registration of an average atlas per-
formed the best, with a final Dice score of 0.61. Our results show that 
although the images can provide understanding of large scale pathologies 
and gross scale anatomical development, there still remain barriers for 
their use for more granular analyses. 

Keywords: Low-field MRI · Quality Assurance · Hippocampal 
Segmentation · deep learning 

1 Introduction 

Understanding the healthy development of structures within the paediatric brain 
is vital for the identification of neuro-developmental disorders. So far, applica-
tion of image analysis tools on large scale MR imaging studies (e.g., the UK 
Biobank [ 17]) for automated analysis of healthy structural development of the 
adult brain has been well described. However, the majority of existing image 
analysis tools struggle with paediatric brains due to the poor gray matter/white 
c© The Author(s) 2025 
N. Lepore and M. G. Linguraru (Eds.): LISA 2024, LNCS 15515, pp. 41–52, 2025. 
https://doi.org/10.1007/978-3-031-83008-2_4

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-83008-2_4&domain=pdf
https://doi.org/10.1007/978-3-031-83008-2_4


42 V. Sundaresan and N. K. Dinsdale

matter differentiation and rapid growth and change observed in brain anatomi-
cal structures. This, combined with the challenges of imaging children, such as 
the need to minimise the movement of infants, critically limits our ability to 
understand the structural development of the paediatric brain. 

This knowledge gap is further increased when considering populations from 
Low and Middle Income Countries (LMICs) where high field MRI systems (1.5T 
/ 3T) are rare due to the costs involved. Therefore, few MR imaging studies have 
considered LMIC populations. To fill this gap, Hyperfine SWOOP scanners are 
being tested - although at 0.064T the scanners offer much lower image quality, 
low-field MRI offers portability, cost-effectiveness and removes the need to sedate 
children during the scan. This improves the potential to increase the availability 
of MR imaging in underrepresented research communities [ 13]. 

Existing image analysis tools (e.g., FSL, Freesurfer) have been primarily 
developed for 1.5 and 3T MR images of adults: the large domain shift between 
these images and the low-field paediatric images we are considering mean that 
the existing tools are unlikely to give high quality results [ 6]. Therefore, there 
is a need to develop domain specific tools, designed specifically for the low-field 
images and paediatric populations. Deep learning (DL) based methods are gener-
ally good candidates for producing analysis tools, such as segmentation methods, 
for low-field paediatric images, due to their ability to identify underlying discrim-
inative patterns in images and create both local- and global-level associations 
between voxel values [ 12]. Accurate segmentations of subcortical brain structures 
are essential for volumetric and morphological assessment and the monitoring 
of healthy brain development, but manual segmentation is time-consuming and 
error-prone [ 3]. The hippocampus is a grey matter structure located within the 
medial temporal lobe memory circuit, and is associated with numerous con-
ditions including depression, Alzheimer’s disease, psychosis and epilepsy [ 11]. 
Therefore, accurate delineation of the hippocampus is essential to enable vol-
umetric and morphological assessment for understanding healthy development 
and disease. Therefore, to assess the feasibility of low-field paediatric MR brain 
imaging, two initial tasks are considered: 

– Task 1: Automated quality assurance (QA) to rate the overall quality of 
low-field MRI images, to ensure that the acquired MR images meet specific 
standards. 

– Task 2: Automatic segmentation of the bilateral hippocampi, due to their 
importance as a subcortical structure linked to cognitive and memory func-
tions. 

Here we explore preliminary results from the above two tasks based on T2 
weighted MR images by comparing multiple approaches. Our results show that 
these images with single modality can provide understanding of overall anatomies 
and large scale pathologies. However, our results suggest that multiple scan types 
and quality enhancement approaches might be required for more granular analy-
ses and in-depth exploration of structural development in paediatric populations.
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2 Methods 

2.1 Classification of Artefacts for Quality Assessment 

We aim to perform quality assessment of paediatric brain MR images by assign-
ing scores of 0, 1 and 2 (0 being good quality and 2 meaning there is a very high 
level of artefacts) across seven artefact domains such as noise, zipper, position-
ing, banding, motion, contrast and distortion. One of the major challenges is 
the imbalance in data samples across the different scores: the majority of cases 
were of good quality and the proportion of data with artefacts was extremely 
small, especially the ones with a score of 2. Hence, as a first step, we performed 
appearance-informed transformations to simulate artefacts to augment the data 
(for classes 1 and 2) for training. 

Appearance-Informed Transformations for Simulating Artefacts. We 
used various appearance-based transformation as specified in Table 1 and a few 
examples are shown in Fig. 1 for various artefact domains. We used Torch IO 
library [ 1] for simulating the artefacts using parameters mentioned in the table. 
Note that these transformations (specified in Table 1) were used for quality 
assessment (task 1) alone, since they were specific to the artefacts observed 
in the data. 

Automated Quality Assessment Using Deep Learning. For classification 
of images based on their quality, we compared the following architectures: 

– Multi-headed decoder with single shared encoder [ 8] 
– DenseNet architecture [ 9] 

Of the two architectures, this study is the first ever to experiment with multi-
headed decoder framework, to the best of our knowledge, while DenseNet has 
been already used for similar tasks [ 2]. The multi-headed decoder was chosen due 
to its capability to learn common attributes of data due to a shared encoder, 
which helps in learning perturbations better. 

Multi-head Decoder Model for Quality Assessment. Figure 2 shows the 
network architecture of the multi-head decoder model. The architecture consists 
of an encoder that is shared across multiple heads of the multiple decoder, that 
essentially extracts features that are different from high quality images without 
any artefacts. We used the encoder of a 4-layer deep UNet [ 16] model, and 
connected the decoders to the bottleneck of the UNet. Each decoder consisted 
of 3 fully connected layers (with 4096, 512 and 32 nodes respectively), followed 
by the output Sigmoid layer with 3 nodes (for classes 0, 1 and 2). The model 
was trained using an AdamW optimiser with a learning rate of .1 × 10−5 and 
a patience value of 5. We used a batch size of 8, and train:validation split of 
80:20. For standard data augmentations (note that these are separate from the 
transformations in Sect. 2.1), we used and MONAI transforms for inflating the
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Table 1. Appearance-based transformation used for data augmentation (the parame-
ters were selected empirically from held-out data). 

artefact domain Simulation steps Parameters for steps 
Noise (e.g. low-field 
strength) 

Gaussian blur + Blur Class 1: 
.σnoise = [0, 0.1], .σblur = [0, 0.6] 
Class 2: 
.σnoise = [0, 0.2], .σblur = [0, 0.6] 

Zipper (e.g. EM 
spikes in gradient 
coil & fluctuating 
power supply) 

Herringbone artefacts + 
Blur 

Class 1: 
No. of spikes = 1, Intensity contrast (between spikes) = [0.1, 0.3], 
.σblur = [0, 0.6] 
Class 2: 
No. of spikes = 1, Intensity contrast (between spikes) = [0.3, 
0.6], .σblur = [0, 0.6], .σblur = [0, 0.6] 

Positioning (e.g. 
discrepancy and 
phase- and 
frequency-encoding 
sampling times) 

Translation + Rotation 
+ Blur  

Class 1: 
.xoffset ∈ [-10, 10] voxels, .yoffset ∈ [-10, 10] voxels, .θ ∈ [0, 10] 
deg, .σblur = [0, 0.6] 
Class 2: 
.xoffset ∈ [-20, 20] voxels, .yoffset ∈ [-20, 20] voxels, .θ ∈ [10, 30] 
deg, .σblur = [0, 0.6] 

Banding (e.g. due 
to magnetic field 
inhomogeneity) 

Noise in a random 
spatial band + Blur 

Class 1: 
Same set of parameters as used in noise. 
Class 2: 
Same set of parameters as used in noise. 

Motion (e.g. due to 
patient movement 
during scan) 

Motion artefacts + Blur Class 1: 
.θ ∈ [-10, 10] deg, motion offset .∈ [0,3] mm, No. of transforms = 
2, .σblur = [0, 0.6] 
Class 2: 
.θ ∈ [-20, 20] deg, motion offset .∈ [0,7] mm, No. of transforms = 
4, .σblur = [0, 0.6] 

Contrast (e.g. due 
to bias field) 

Bias field heterogeneity 
+ Gamma correction + 
Blur 

Class 1: 
Coefficients of polynomial for bias field .∈ [0, 0.3], order of poly-
nomial = 3, .γ ∈ [0, 0.3], .σblur = [0, 0.6] 
Class 2: 
Coefficients of polynomial for bias field .∈ [0, 0.6], order of 
polynomial = 5, .γ ∈ [0.3, 0.6], .σblur = [0, 0.6] 

Distortion (e.g. 
from gradient 
non-linearities and 
poor shimming) 

Elastic deformation + 
Blur 

Class 1: 
Noise parameters are same as those for noise. No. of control 
points = 7, max. displacement = 9 voxels, Interpolation method 
= ‘bspline’, .σblur = [0, 0.6] 
Class 2: 
Noise parameters are same as those for noise. No. of control 
points = 12, max. displacement = 12 voxels, Interpolation 
method = ‘bspline’, .σblur = [0, 0.6] 

training data. We used focal loss (Eq. 1) [  14] for training. The focal loss is given 
by: 

.FL(pt) = −αt(1 − pt)γ log(pt) (1) 

where . α and . γ are weighing and focusing parameters with values of 0.25 and 
2 respectively (chosen empirically), and .pt ∈ {0, 1} is the predicted probability. 
During inference, we applied the trained encoder and individual decoders on 
each test instances and obtained the predictions for 7 artefact domains and used 
max-voting for obtaining final artefact prediction.
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Fig. 1. Simulation of artefacts for various artefact domains for training the quality 
assessment models. 

DenseNet Model Architecture for Quality Assessment. We also trained 
a DenseNet [ 9] model using cross-entropy loss for training, individually for each 
artefact domain. We used the same parameters as used for training the multi-
head decoder model.



46 V. Sundaresan and N. K. Dinsdale

Fig. 2. Architecture of the multi-head decoder model for quality assessment. 

2.2 Segmentation of Hippocampus 

Preliminary results from a 3D UNet indicated that the low contrast images 
were causing challenges for the segmentation of the hippocampus, leading to a 
large degree of under-segmentation. Therefore, we considered a range of different 
methods based on different paradigms: 

– Out-of-the-box Segmentation Approach (FSL FIRST [ 15]) 
– Linear Registration of an atlas 
– 3d UNet 
– 3d UNet + Prior 

Out-of-the-Box (OOB) Segmentation Approach (FSL FIRST). The 
majority of OOB segmentation tools for the hippocampus have been developed 
for adults and 1.5/3T MR images. Therefore, their expected performance on our 
images is unknown. We compared results on a subset of the training dataset 
for the following methods: FSL FIRST [ 15], Freesurfer [ 7], SynthSeg [ 5] and  
HippoDeep [ 18]. Only FSL FIRST was able to reliably locate the hippocampus 
in the images and so is used as the OOB approach. 

Linear Registration. For the linear registration approach we aimed to cre-
ate a study specific hippocampus atlas, that could be then propagated to the 
individual subjects. We used FSL FLIRT [ 10] to register all subjects to the first 
training subject (id: 0001), and then propagated all labels to this subject space 
and averaged them to produce a study specific hippocampus atlas. Non-linear 
registration was not used as due to the lack of contrast the algorithm struggled 
to converge and led to poor registration results. The atlas was then propagated 
back to the individual subject spaces for the validation samples, and thresh-
olded at 0.1 (chosen empirically from held-out samples) to produce the binary 
segmentation mask. The average mask can be seen in Fig. 5C. 

3D UNet. We considered a Vanilla 3D UNet [ 16] (64 features at the first level 
and 4 pooling layers), and trained with a Dice Loss function. Given the images 
were rigidly aligned, we selected an ROI from the training images centred around
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Fig. 3. Selected ROI from T2 

each hippocampus separately, as shown in Fig. 3. The images were split at the 
subject level into training and validation sets, and the model was trained using 
an AdamW optimiser with learning rate .1×10−4 and a patience value of 15. The 
problem was treated as a binary segmentation task with both hippocampi being 
represented by the same label value, and standard augmentation was applied 
throughout training. 

3D UNet + Prior. On the held-out validation set, the 3D UNet was seen 
to have undersegemented the hippocampi, and so a prior was added to encour-
age the network to create larger segmentations. Specifically, an estimate of the 
amount of the ROI which should be hippocampus was calculated from the prior 
produced during the linear registration approach. This was binarised and then 
the ratio calculated. The model was then trained, inspired by [ 4], using a loss 
function that directly aims to match the ratio of background to hippocampus: 

.Ltotal = Ldice(Y , Ŷ ) + λKL(τ, τ̂) (2) 

where .Y is the true segmentation mask, .Ŷ is the predicted segmentation mask, 
KL is the KL divergence between the true tissue ratio . τ , and the predicted 
tissue ratio . τ̂ . . λ is the weighting factor between the two loss functions, set to 5 
empirically. 

Datasets Used. The data used were from the LISA Challenge [ 13] consisting of 
low-field MRI dataset of over 300 paediatric T2 scans, acquired using a 0.064T 
MR Scanner with a sequence type of spin echo, TR 1.5 s, TE 5ms and TI 400ms. 
The images were split (at the subject level) into training and validation sets with 
a split of 80:20%. Quality assessment scores (values of 0, 1 and 2) were available 
across seven artefact domains (noise, zipper, positioning, banding, motion, con-
trast, distortion) in the CSV file format. Results are reported (Sect. 3.1) on the  
14 validation samples available as part of the Challenge. For segmentation task 
(task 2), the models were trained using the 79 manually labelled T2 MR images 
with manual labels. No preprocessing was performed other than those detailed 
in methods. Results are reported on the 12 validation samples, preprocessed 
identically to the training data where appropriate.
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3 Results and Discussion 

3.1 Quality Assessment Results 

The results of comparison of multi-head decoder with DenseNet model are shown 
in Table 2. As mentioned earlier, the main challenge in this task is the heavy class 
imbalance between class 0 and others (especially class 2, which are very low), 
hence leading the model to be biased towards class 0 and the anatomical struc-
tures are not being clearly distinguishable leading to poor predictive quality. 
However, it can be seen that the performance improved with the addition of 
simulated data using transformations described Table 1. Between the architec-
tures, DenseNet provided much better performance (.Accuracyweighted : 0.823), 
when compared to the multi-head decoder model (.Accuracyweighted : 0.741), 
likely due to the ability of the former to extract complex spatial and contextual 
features that explain the subtle changes in the brain structure. 

Table 2. Quality assessment results averaged across the dataset for various evaluation 
metrics. MHD: Multi-head decoder. WOA: without using augmentations, WA: With 
augmentations. 

Metric MHD (WOA) MHD (WA) DenseNet (WOA) DenseNet (WA) 
.F1micro 0.357 0.741 0.735 0.823 

.F1macro 0.285 0.450 0.444 0.510 

.F1weighted 0.450 0.767 0.762 0.818 

.F2micro 0.357 0.741 0.735 0.823 

.F2macro 0.288 0.472 0.468 0.514 

.F2weighted 0.372 0.748 0.742 0.819 

.Precisionmicro 0.357 0.741 0.737 0.823 

.Precisionmacro 0.421 0.510 0.446 0.554 

.Precisionweighted 0.770 0.819 0.817 0.834 

.Recallmicro 0.357 0.741 0.735 0.823 

.Recallmacro 0.443 0.532 0.529 0.526 

.Recallweighted 0.357 0.741 0.735 0.823 

.Accuracymicro 0.357 0.741 0.735 0.823 

.Accuracymacro 0.357 0.741 0.735 0.823 

.Accuracyweighted 0.357 0.741 0.735 0.823 

3.2 Segmentation Results 

The results comparing the different segmentation approaches are reported in 
Table 3. It can be seen that the OOB produced poor quality segmentations 
for the low-field data, as expected due to the large domain shift between this
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Fig. 4. Validation example segmentation results comparing the result from the four 
methods. 

Table 3. Segmentation results averaged across left and right hippocampi for the five 
different metrics considered. 

Method Dice HD HD95 ASSD RVE 
FSL FIRST 0.20. ±0.22 53.26. ±81.28 50.30. ±82.44 8.34. ±10.17 0.69. ±0.47 
Linear Registration 0.61. ±0.15 7.32. ±8.03 3.12. ±0.89 1.03. ±0.43 0.37. ±0.20 
3D UNet 0.58. ±0.18 8.94. ±8.22 4.44. ±2.17 1.24. ±0.94 0.22. ±0.14 

3D UNet + Prior 0.56. ±0.22 11.50. ±12.51 6.74. ±8.78 2.46. ±4.00 11.05. ±37.56 

data and the data FSL FIRST was trained on. The vanilla UNet produced the 
better results, although far below the performance that would be expected for 
hippocampal segmentation on adult high field data. The addition of the prior 
reduced the segmentation quality slightly but the performance was very asym-
metric (left 0.52. ±0.28, right 0.59. ±0.19), likely due the significantly different 
sizes of the manual masks for each hemisphere (left volume: 1160 .± 308, right 
volume: 1225 .± 338, paired ttest p=0.0008)). Registration of the average hip-
pocampal volume provided the best results across the metrics apart from relative 
volume error, probably indicating that the atlas over estimates the size of the 
hippocampus. This demonstrates the lack of signal available in the images, as 
even very simple DL-based approaches would be expected to out-perform regis-
tration based approaches. 

Figure 4 shows an example segmentation from the validation data (no man-
ual label available), comparing the four approaches. It can clearly be seen that 
FIRST over segments the hippocampus whereas the 3D UNet produces the low-
est volume segmentations. The addition of the prior clearly increases the size of 
the segmented region. The localisation of the hippocampus is consistent across 
the linear registration, Vanilla 3D UNet and 3D UNet + prior approaches. 

Training and evaluation of the DL-based models were affected by the qual-
ity of the manual masks: unsurprisingly given the low contrast and relatively 
poor image quality, the quality of the training masks varied, biasing results. For
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Fig. 5. Example hippocampal segmentations. Row 1: MNI T1 2mm template with 
the Harvard-Oxford probabilistic atlas, thresholded at 0.5. A): Example A showing a 
sample the 3D UNet repeatedly performed well (DSC .> 0.6) on with the tail of the atlas 
touching the ventricle. B) Example B showing a sample where the 3D UNet performed 
poorly (DSC .> 0.1), where the localisation of the hippocampus in the target appears 
different to the MNI template and sample A, with the label not reaching the ventricles. 
C) Example B with the average hippocampus mask registered to it, showing that the 
average hippocampus mask is located disjoint to the manual segmentation mask. 

instance, some samples appear to have labels which mislocalise the hippocampus 
(Fig. 5) where it can be seen that the example B’s mask appears to be shifted 
lower than the expected location when considering the other examples and the 
average hippocampus mask registered to that subject. 

4 Conclusions 

In this work, we provided preliminary analysis on low-field paediatric brain 
for two tasks: quality assessment and hippocampal segmentation, by compar-
ing multiple approaches. Our results for quality assessment show that simulated 
artefacts helped to counteract the class imbalance while a densely connected 
architecture provided 10% increase in accuracy. For hippocampal segmenta-
tion, we obtained the best results with registration of the study specific aver-
age, surpassing out-of-box methods which originally developed mainly for adult 
brains and deep learning approaches. As future work, more complicated DL 
models (e.g. transformer-based networks) would be implemented using self-
supervised learning approach for increasing the performance. However, a vast 
amount of improvement would be required before the segmentation outputs can 
be used for automated granular analyses of paediatric brains. The Python imple-
mentation of our code is publicly available at https://github.com/v-sundaresan/ 
LISA2024 QA.

https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
https://github.com/v-sundaresan/LISA2024_QA
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Abstract. The Swoop system of Hyperfine Inc. is an affordable, ultra-low-field 
MRI developed for use in a clinical setting. However, despite its advantages, the 
relatively low resolution of 64mT MRI data poses additional challenges, especially 
in examining small structures such as the hippocampus or vessels. As a part of our 
attempt at the Low field pediatric brain magnetic resonance Image Segmentation 
and Quality Assurance (LISA) Challenge 2024, we developed two deep learning-
based models. First, to evaluate the image quality of 64mT T2 brain MRI data, 
we implemented an axis classifier module to improve the model performance. 
Second, for segmentation of the hippocampus in the MRI, a multi-label learning 
method was used for more accurate segmentation. With these models, we expect 
to alleviate the accessibility barrier to brain MRI. 

Keywords: Swoop system · MRI · Deep Learning · Hippocampus 

1 Introduction 

The importance of Magnetic Resonance Imaging (MRI) as a medical radiology modality 
has constantly increased, as it plays an integral part in diagnosis and management of 
various disease entities including stroke [1]. However, conventional MRIs commonly 
used in clinical settings have significant accessibility issues due to their high costs. Due to 
their high magnetic strengths (1.5-3T), they also require meticulously tuned operational 
settings, such as a shielded room for safe and effective use. As a result, there is a severe 
discrepancy in MRI accessibility in communities, and the World Health Organization 
report from 2008 showed that about 90% of the world population did not have access
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to MRI services. Additionally, conventional high-field MRI, while providing detailed 
images, is often not feasible for young children due to the need for sedation and associated 
risks. 

To address these limitations, Hyperfine developed the Swoop system, an ultra-low-
field MRI, as an alternative option. Because the swoop system operates in substantially 
low magnetic field strength (64mT), it does not require a shielded room. It is also 
built into a portable platform, enabling the technicians to acquire the data directly from 
the bedside. Additionally, several studies have demonstrated that 64mT MRI, when 
enhanced with deep learning, is clinically as effective in diagnostics as conventional 
MRI [2]. Arnold et al. [3] compared the diagnostic performance of 3T and 64mT images 
by transforming 3T images into matched 64mT images. They used a Convolutional 
Neural Network to detect pathology patterns on both the 3T images and transformed 
64mT images, and they showed comparable results for macro-scale pathology (i.e., 
gliomas and medium-large vessel strokes). Although its diagnostic performance is not 
the same as that of conventional MRI, its portability and cost-effectiveness make the 
Swoop system a potent alternative to traditional MRIs, especially in clinical settings that 
cannot meet the complex operational requirements of conventional MRIs. 

The diagnostic value of brain MRI depends not only on the MRI machine itself 
but also on the quality of the acquired images. Skilled technicians or radiologists often 
ensure that image quality meets diagnostic standards. A part of MRI quality assessment 
is minimizing the distortion caused by various artifacts. Some common artifacts in MRI 
images include blurring, inappropriate contrast, noises, and ghost images [4]. Recently, 
attempts have been made to build a deep learning-based automated model to assess such 
artifacts. Risager et al. developed a 3D ResNet-50 model that detects the presence of 6 
artifacts: contrast changes, bias field, Gibbs ringing, motion ghosting, Rician noise, and 
blur effect [5]. Although their model reliably detected the presence of artifacts, models 
were trained and explicitly tested with 3T brain MRI data of adults. A pediatric brain 
undergoes constant structural changes until age 6, when the brain reaches approximately 
95% of its total size. It also has structural characteristics such as a less pronounced 
distinction between gray matter and white matter, making its MRI presentation very 
different from that of an adult brain. Hence, a deep learning-based model may show 
different performance on pediatric brain MRIs, and lower resolution of MRI images 
may also affect the model’s performance [6]. For the LISA challenge 2024, the first part 
of our goal was to build a robust model that could detect distortions in 64mT pediatric 
brain MRI. 

The hippocampus plays a crucial role in cognitive development and learning during 
early childhood. It is essential for memory formation, spatial navigation, and emotional 
regulation, all of which are foundational for the overall cognitive abilities of a developing 
child. When there are issues in the development or function of the hippocampus, it can 
lead to developmental delays and cognitive impairments. These impairments are partic-
ularly concerning in the context of increasing prevalence rates of neurodevelopmental 
disorders such as autism spectrum disorder (ASD) and attention deficit hyperactivity 
disorder (ADHD), which have been linked to hippocampal dysfunction [6]. The rising 
incidence of these disorders has not only increased the burden on healthcare systems
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due to higher medical costs. Still, it has also underscored the need for early diagnosis 
and intervention. 

Given the importance of the hippocampus in these neurodevelopmental disorders, 
numerous studies have focused on examining its structure and function using brain 
MRI. These studies aim to better understand the pathophysiology of ASD, ADHD, and 
other pediatric conditions. However, as previously mentioned, technical and accessibil-
ity issues of conventional MRI limit our ability to accurately study hippocampal abnor-
malities in these critical years of development. Although ultra-low field MRIs such as 
Hyperfine Swoop successfully address these issues, their low resolution presents a sig-
nificant challenge in studying small brain structures like the hippocampus [3]. Accurate 
segmentation is crucial for assessing hippocampal volume and morphology, which are 
critical indicators of neurodevelopmental health. 

This study seeks to bridge this gap by developing an automatic segmentation method 
for the hippocampus in early childhood brain MRI scans obtained with a low-field 64mT 
system. This research aims to advance the field by providing a robust deep learning-based 
solution that can accurately segment the hippocampus despite the inherent limitations 
of low-field MRI. This approach not only holds the potential for improving diagnostic 
accuracy in resource-limited settings but also paves the way for broader applications of 
low-field MRI in pediatric neuroimaging. 

2 Methods 

2.1 Data Collection 

Quality Assessment 
The organizers provided 474 pediatric brain MRI data of 158 individuals. For each 
individual, there were three brain MRI data for each of three anatomical planes: axial, 
coronal, and sagittal. Along with MRI data, CSV files containing quality assessment 
scores for seven artifact domains were provided (Fig. 1). 

Fig. 1. Data collection and partitioning. A: Datasets for 64mT MRI quality assessment model. 
B: Datasets for hippocampus segmentation model.
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Hippocampal Segmentation 
Seventy-nine pairs of high-field and low-field MRI data were provided for training pur-
poses. Bilateral hippocampal segmentation data were given in NIFTI format and aligned 
with the high-field scan space. Segmentation was manually performed using high-field 
T2 MRI images (3T or 1.5T). The segmentation protocol, including the corrections, 
was reviewed and approved by a board-certified pediatric neuroradiologist with several 
decades of experience. Skilled technicians acquired all the data for both tasks in the 
following institutions: (1) Kawempe National Referral Hospital, Makerere University, 
Kampala, Uganda; (2) CUBIC, University of Cape Town, South Africa; and (3) Warren 
Alpert Medical School at Brown University, Providence, RI, USA, and the Advanced 
Baby Imaging Lab, Rhode Island Hospital, Providence, RI, USA. According to the 
organizers, the 64mT MRI data were acquired using Hyperfine Swoop with a sequence 
type of spin echo, repetition time (TR) 1.5s, echo time (TE) 5ms, and inversion time 
(TI) 400ms. All MRI data were evaluated by skilled image evaluators in corresponding 
institutions. 

2.2 Target Artifacts for Quality Assessment 

For image quality assessment, the six common MRI artifacts were selected by the orga-
nizers: motion, contrast, noise, zipper, positioning, and banding. Bottani et al. [7] sug-
gested that detecting motion, contrast, and noise artifacts is adequate for automated 
quality control of brain MRI. In addition to these artifacts, zipper, positioning, banding, 
and distortion were added by the organizers to assess ultra-low field Hyperfine Swoop 
MRI. The extent to which each artifact affects the image quality is graded from 0 to 2. 
The instruction paper did not specify the definition and scoring for distortion [7]. 

2.3 Additional Labeling for Segmentation 

Since the MR images were acquired using a low-field 64mT system, segmentation of the 
hippocampus remains challenging. We trained the model using the anatomical structure 
to improve segmentation performance. Lateral ventricles are bilateral cavities filled with 
cerebrospinal fluid and thus show hyperintensity in T2 MRI, which allows clear distinc-
tion among the ventricles and adjacent regions, including the hippocampus. Multi-label 
learning in our model combines the ventricle and hippocampus labels using the anatom-
ical structure. Two experienced labelers manually segmented the lateral ventricles on 
the image and added each label for the left and right lateral ventricles. 

2.4 Model Architecture 

Quality Assessment 
We developed a model based on the DenseNet [8] architecture for the automated quality 
assessment task. It is particularly effective in medical image analysis, especially for 
MRI data, due to its densely connected layers and skip connections that enhance feature 
propagation and reuse [8]. Since each patient in our dataset underwent three brain MRI 
scans with different anatomical orientation focuses, we incorporated an axis classifier
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module into the model. This module accurately predicts the focused orientation of each 
scan (coronal, axial, sagittal), allowing the model to account for variations in image 
shape and orientation (Fig. 2). 

Fig. 2. Axis-guided classification model based on DenseNet [8] 

Hippocampal Segmentation 
We built a model based on nnU-Net [9] for the bilateral hippocampal segmentation task. 
nnU-Net is a framework built on top of the U-Net architecture designed for medical image 
segmentation. The model comprises an encoder-decoder network with skip connections 
that capture multi-scale features. nnU-Net learns by processing patches of the input 
images rather than the entire image at once. During training, the input images are divided 
into smaller patches, which allows nnU-Net to efficiently handle large medical images, 
manage memory usage, and focus on relevant details within each patch (Fig. 3). 

Fig. 3. Hippocampal and ventricular segmentation model based on 3D nnU-Net 

2.5 Training Configurations 

Quality Assessment 
The training was performed on an NVIDIA RTX A6000 48GB, using 100 epochs with a 
batch size of 4. The Adam optimizer was employed with a learning rate of 1e-5 alongside 
a Cosine Annealing Learning Rate Scheduler. Cross-entropy loss was used for both
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quality assessment and axis classification, with equal weighting on the combination. 
Preprocessing involved Z-score normalization, and data augmentation was limited to 
rotation along the oriented axis to prevent any impact on artifact grading. The total 
training time averaged 4 h 30 min, and the model’s performance was evaluated using 
F1-score, F2-score, precision, recall, and accuracy. 

Hippocampal Segmentation 
The training was conducted on an NVIDIA Quadro RTX 8000 D6 48GB GPU. The 
training process included 500 epochs per phase, utilizing a batch size of 2. The optimizer 
was Stochastic Gradient Descent, configured with a learning rate of 0.01, a momentum 
of 0.99, and a weight decay of 0.0005. Preprocessing of the images involved Z-score 
normalization. Data augmentation was applied through scaling and rotation along each 
axis. Horizontal flip was not used because the left and right hippocampus labels are 
divided. The model utilized Dice focal loss for the loss function. The weights for each 
loss were combined in a ratio of 1:1. The total training time was 11 h and 30 min on 
average per fold, and training was performed in parallel for five folds. After training on 
all five folds, one output label was derived for each model through the ensemble. Binary 
closing was performed twice after the prediction for post-processing. For the evaluation, 
Dice similarity coefficients (DSC), Hausdorff distance (HD), Hausdorff distance 95% 
(HD95), average symmetric surface distance (ASSD), and relative volume error (RVE). 

3 Results 

3.1 Quality Assessment 

Table 1 shows the performance of three DenseNet configurations: baseline, with axis 
rotation, and with both axis rotation and axis classification. Across all metrics, the model 
with both axis rotation and classification performed the best. 

For micro metrics, all values improved uniformly from 0.823 in the baseline model 
to 0.847 with axis rotation and 0.854 with axis classification. In macro metrics, F1-
score improved from 0.461 to 0.524 with axis rotation, and 0.531 with the addition of 
axis classification, while F2-score increased from 0.468 to 0.535 and 0.536, respec-
tively. Precision and Recall similarly improved, with the final model achieving 0.588 in 
Precision and 0.556 in Recall. In weighted metrics, F1-score, F2-score, Precision, and 
Recall increased from 0.824, 0.823, 0.827, and 0.823 to 0.846, 0.849, 0.858, and 0.854, 
respectively, showing consistent improvement across all metrics. 

3.2 Hippocampal Segmentation 

Table 2 shows the evaluation results of the predicted segmentations using the model with 
only the hippocampus label. The single-label model performed best at fold 2 with a Dice 
score of 0.70 and a Hausdorff distance of 5.89 mm. Table 3 shows the evaluation results 
of the predicted segmentations using the model with multi-label using the ventricle. The 
multi-label model showed the best performance overall with a Dice score of 0.70 and a 
Hausdorff distance of 5.89 mm predicted from 5 folds.
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Table 1. Comparison of quality assessment for internal validation sets among various models 

Micro 

Axis Rotation Axis Classification F1-score F2-score Precision Recall Accuracy 

X X 0.823 0.823 0.823 0.823 0.823 

O X 0.847 0.847 0.847 0.847 0.847 

O O 0.854 0.854 0.854 0.854 0.854 

Macro 

Axis Rotation Axis Classification F1-score F2-score Precision Recall Accuracy 

X X 0.461 0.468 0.462 0.487 0.823 

O X 0.524 0.535 0.533 0.551 0.847 

O O 0.531 0.536 0.588 0.556 0.854 

Weighted 

Axis Rotation Axis Classification F1-score F2-score Precision Recall Accuracy 

X X 0.824 0.823 0.827 0.823 0.823 

O X 0.839 0.843 0.841 0.847 0.847 

O O 0.846 0.849 0.858 0.854 0.854 

Table 2. Evaluation results of hippocampal segmentation for the single-label model. 

DSC HD (mm) HD95 (mm) ASSD (mm) RVE 

Fold 0 0.64 ± 0.27 9.32 ± 13.92 5.64 ± 12.34 3.92 ± 10.93 0.15 ± 0.09 
Fold 1 0.70 ± 0.19 5.89 ± 8.05 2.20 ± 1.79 0.80 ± 0.99 0.15 ± 0.09 
Fold 2 0.69 ± 0.21 8.41 ± 11.43 3.47 ± 4.76 0.87 ± 0.95 0.16 ± 0.11 
Fold 3 0.65 ± 0.26 8.79 ± 12.36 5.07 ± 10.34 3.32 ± 8.95 0.16 ± 0.10 
Fold 4 0.68 ± 0.20 26.05 ± 62.97 22.60 ± 63.62 0.84 ± 0.77 0.21 ± 0.19 
* DSC (Dice Score Coefficient), HD (Hausdorff Distance), HD95 (Hausdorff Distance 95%), 
ASSD (Average Symmetric Surface Distance), RVE (Relative Volume Error) 

Table 3. Evaluation results of hippocampal segmentation for the multi-label model. 

DSC HD (mm) HD95 (mm) ASSD (mm) RVE 

Fold 0 0.70 ± 0.19 5.64 ± 7.91 1.97 ± 1.45 0.73 ± 0.85 0.16 ± 0.07 
Fold 1 0.70 ± 0.17 6.04 ± 8.15 2.21 ± 1.49 0.80 ± 0.89 0.16 ± 0.09 
Fold 2 0.70 ± 0.17 5.62 ± 7.96 1.96 ± 1.38 0.74 ± 0.84 0.17 ± 0.08 
Fold 3 0.71 ± 0.19 5.39 ± 7.89 1.90 ± 1.32 0.69 ± 0.71 0.12 ± 0.06 
Fold 4 0.70 ± 0.18 5.69 ± 7.77 2.02 ± 1.48 0.76 ± 0.89 0.14 ± 0.10 
Ensemble 0.72 ± 0.19 5.66 ± 7.78 1.92 ± 1.51 0.71 ± 0.83 0.13 ± 0.10 
* DSC (Dice Score Coefficient), HD (Hausdorff Distance), HD95 (Hausdorff Distance 95%), 
ASSD (Average Symmetric Surface Distance), RVE (Relative Volume Error)
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4 Discussion 

The ablation study of automated quality assessment models shows that incorporating 
axis rotation and axis classification into the DenseNet model significantly improves its 
performance. Comparison of our two enhanced models, one with only axis rotation and 
the other with both axis rotation and axis classification, to the baseline DenseNet model 
show consistent improvements across all evaluation metrics. Axis rotation improves the 
model’s ability to generalize across different image orientations, which is crucial for 
detecting artifacts in pediatric brain MRIs because orientation differences can affect 
detection accuracy. Adding axis classification further refines the model’s predictions 
by enabling it to recognize specific anatomical planes. This combination enhances arti-
fact detection and increases robustness, making the model more reliable for quality 
assessment, particularly valuable in low-field clinical settings for effective diagnosis. 

In our hippocampal segmentation study, a multi-label model using the adjacent 
anatomical structure, the lateral ventricle, showed superior results to a model that only 
used hippocampal labels. The total dice results improved from 67% to 72%, 20 mm on 
some folds to 5.66 mm for HD, 7.8 mm to 1.92 mm for HD95, from 1.95 mm to 0.71 mm 
for ASSD, and from 17% to 13% for RVE. Segmentation performance was generally 
better for the right hippocampus than the left in all evaluation results. This asymmetry 
in performance might be attributed to the inherent anatomical differences between the 
two hemispheres [10, 11], challenges posed by low-field MRI’s reduced resolution and 
contrast, or some errors that occurred during label registration from the high-field MR 
image. 

In adult brain MRI studies, hippocampal segmentation using deep learning methods 
has typically achieved higher accuracy than in pediatric studies [6]. A notable study by 
Hazarika et al. [12] utilizing the modified U-Net architecture reported a Dice coefficient 
of approximately 0.97 for adult hippocampal segmentation on a 3T MRI dataset. This 
performance is significantly higher than the results observed in our study. The discrep-
ancy can be attributed to the differences in MRI resolution and the challenges posed by 
the smaller size and less distinct boundaries of the early childhood hippocampus. 

One of the main strengths of this study is the focus on low-field MRI, an accessible 
and cost-effective 64 mT Hyperfine scanner. As the first study of automated hippocampus 
segmentation in pediatric low-resolution brain MRI images, this approach addresses a 
significant gap in the current literature, where most hippocampal segmentation studies 
are based on high-field MRI. 

There are still some limitations. For the quality assessment, there was a variability 
in the magnitude of artifacts within the same score category, which made it challenging 
for the model to accurately classify them. For instance, images with a noise grade of 2 
displayed a range of features, complicating the classification process. Additionally, the 
dataset had a significant class imbalance, especially with the banding artifact, where only 
one image was assigned a grade of 2 across the entire training set, hindering effective 
model learning. The overall quantity of data was limited, and attempts to address this 
through upsampling were largely ineffective, with augmentation being the only strat-
egy that provided some benefit. Furthermore, the subjective nature of artifact grading 
could lead to inconsistencies in labels, as different graders may interpret artifact severity 
differently, thereby introducing noise into the training data.
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For the hippocampal segmentation, the hippocampus label was segmented in a high-
resolution image, then aligned to a low-resolution image, and compared with the results, 
so there may be differences from the actual location of the hippocampus in the low-
resolution image. Second, the amount of data is minimal, so more advanced perfor-
mance can be expected if additional data is secured and training is performed. Third, the 
accuracy of left hippocampal segmentation was lower, which suggests potential areas 
for improvement in the algorithm. Expanding the dataset to include more validation and 
test images from diverse populations could also improve the model’s robustness and 
generalizability. 

For a low-field MRI system to have a clinical value, it is critical that the acquired MRI 
data are of adequate quality. Our first model allows the clinicians to have a better control 
over the quality of images. Additionally, our segmentation model, with its improved 
performance, could significantly enhance diagnostic capabilities of the low field MRI. 
Conventional high-field MRI systems are expensive, require substantial maintenance, 
and are often inaccessible in low-income regions. Accurate quality assessment and hip-
pocampal segmentation for the low field MRI would greatly improve its functionality 
as a possible alternative to conventional MRIs in resource limited settings, aiding early 
diagnosis and intervention for neurodevelopmental disorders such as ASD and ADHD. 

5 Conclusion 

This study successfully developed an automatic segmentation method for classifying 
MR image quality assessment and the bilateral hippocampi in pediatric brain MRI 
scans acquired with a 64mT MRI system. This low-resolution Brain MRI hippocam-
pus segmentation study is an important starting point for future pediatric Brain MRI 
image analysis studies. It will provide an essential framework for research on pediatric 
developmental disorders. 

Data and Code Availability. The study’s dataset including the manually segmented ventricle 
data, could be available from the first author and the host of the LISA 2024 challenge at a reasonable 
request. The codes used in the studies are available at the following GitHub repositories: https:// 
github.com/wooks527/lisa2024-task1-qa, https://github.com/wooks527/lisa2024-task2-seg. 
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Abstract. Portable ultra-low-field (uLF, i.e., 0.064T) magnetic reso-
nance imaging (MRI) offers a solution to scarce radiological alterna-
tives of resource-limited regions; however, in such regions, MRI system 
operators and radiologists are novices to the underrepresented modality. 
Therefore, automatic methods that confirm image acquisition of appro-
priate quality for diagnosis and segment and measure critical anatomical 
structures are required to support rural sites. This paper describes our 
approach to two tasks presented in the LISA 2024 Challenge: (1) qual-
ity assurance of pediatric low-field MRI data using DenseNet, and (2) 
segmentation of the bilateral hippocampi using nnUNet. As uLF MRI 
natively introduces unique image quality challenges, we trained seven 
DenseNet264 models, each designed to detect a specific artifact type: 
noise, zipper, positioning, banding, motion, contrast, and distortion. Sim-
ilarly, as uLF MRI struggles to offer strong anatomical delineation, we 
enhanced challenge provided 0.064T low-field MRI scans using a cus-
tom Super-Field Network (SFNet) to generate high-quality Super-Field 
(SF) images, then trained an nnUNet model on these SF images with the 
LISA Challenge provided hippocampi segmentations. DenseNet achieved 
an average accuracy of 0.827 on the validation set across different artifact 
categories, excelling in detecting positioning and banding artifacts, with 
accuracies of 0.952 and 0.90, respectively. The nnUNet model trained 
on SF data achieved an average Dice Similarity Coefficient (DSC) of 
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71% with the SF images-an improvement from 61% DSC using the same 
nnUNet; similar and significant improvements were obtained for HD, 
relative volume error, and average symmetric surface distance demon-
strating the effectiveness of SF images in improving hippocampal seg-
mentation accuracy. These results indicate that our automated methods 
effectively improve image quality assessment and hippocampal segmen-
tation in uLF MRI, supporting the mission of the LISA 2024 Challenge 
and the potential adoption of portable MRI systems in resource-limited 
regions. 

Keywords: Ultra Low Field MRI · Pediatric · Deep Learning · 
Quality Assurance · Segmentation · Classification 

1 Introduction 

Pediatric brain imaging plays a vital role in monitoring neurodevelopmental 
disorders, which can lead to cognitive deficits if not identified early. However, 
a significant challenge arises in regions with limited access to advanced medi-
cal imaging technologies such as high-field magnetic resonance imaging (MRI). 
Ultra-low-field (uLF) MRI, specifically the 0.064T SWOOP system (Hyperfine, 
Guilford, CT), has emerged as a viable alternative for such settings, providing 
portable, affordable imaging options, but at the cost of image quality. Within 
low-resource settings, the novelty of MRI as an imaging modality poses an added 
challenge for the healthcare staff in the area. Additionally, the poorer contrast 
and reduced image quality of the uLF MRI contributes to the uncertainties 
surrounding proper acquisition and interpretation of pediatric brain images. 

The Low-field pediatric brain magnetic resonance Image Segmentation and 
quality Assurance (LISA) 2024 Challenge seeks to address the gap of artifact-
free acquisition and key anatomical visualization by advancing automated image 
quality assessment and segmentation solutions tailored for pediatric populations 
imaged using low-field and uLF systems. The challenge focuses on two key tasks: 
(1) performing quality assurance (QA) of MR images affected by noise, zipper, 
positioning, banding, motion, contrast, and distortion, and (2) segmenting the 
hippocampus, a brain region crucial for cognitive functions; both tasks are per-
formed on uLF images. Given the technical limitations of uLF MRI as well as the 
added challenge of infant and pediatric data, traditional image analysis methods 
are insufficient, necessitating the use of advanced deep learning techniques. 

1.1 Quality Assurance and Image Quality 

The quality of images is critical in various applications, including medical imag-
ing, photography, and video processing. Quality degradation can occur due to 
factors such as noise, distortion, and inadequate contrast, which can significantly 
affect the interpretation and usability of images. Traditional methods for assess-
ing image quality often rely on manual evaluation, which is time-consuming
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and subjective. Automated classification using deep learning models offers a 
promising solution to this problem. Recent advancements in automatic quality 
assurance have demonstrated significant enhancement in assessing MRI images. 
Torfeh et al. illustrated that deep learning models, such as VGG16, VGG19, and 
ResNet50, could effectively predict MRI image quality, achieving 80% or higher 
accuracy in assessing geometric distortion and spatial resolution. They noted 
that custom CNN models excelled in detecting low contrast, often surpassing 
transfer learning approaches, thereby highlighting deep learning’s role in clini-
cal MRI quality assurance [ 13]. Additionally, Sadri et al. introduced MRQy, an 
open-source tool that addresses site- and scanner-specific variations and imaging 
artifacts in large MR datasets, enhancing dataset consistency by reducing batch 
effects [ 10]. Samani et al. developed QC-Automator, a deep learning-based tool 
specifically designed for diffusion MRI quality control, achieving 98% accuracy 
in artifact detection, making it ideal for large-scale quality control applications 
[ 11]. 

Building on this foundation, Kapsner et al. demonstrated DenseNet’s high 
effectiveness in detecting MRI artifacts, with an AUPRC of 0.921 and PPV of 
0.981, showcasing its robustness despite class imbalances in the dataset [ 8]. 

Beyond quality assessment, recent studies have also highlighted deep learn-
ing’s role in improving MRI image quality. Chen et al. introduced a 3D Multi-
Level DenseNet combined with GAN to generate high-resolution MRI images 
from low-resolution inputs. This model produced sharper details and richer tex-
tures, significantly enhancing image quality and processing speed, which are vital 
for low-field MRI scans [ 3]. Kalluvila et al. (2023) explored convolutional neural 
networks (CNNs) for improving ULF MRI image quality, employing the Nested 
U-Net (U-Net++) architecture for synthetic low-field MRI resolution enhance-
ment. Their model achieved a PSNR of 78.83 and an SSIM of 0.9551, outper-
forming methods like SRCNN, VDSR, and SR-GAN, thus proving CNN-based 
models’ suitability for low-resource settings [ 7]. 

1.2 Segmentation 

In the segmentation domain, recent studies have highlighted the versatility and 
strength of nnUNet for medical imaging challenges, specifically in brain segmen-
tation. Donnay et al. [ 4] explored a pseudo-label assisted nnUNet model for 7T 
MRI segmentation, achieving significantly enhanced lesion detection compared 
to the original nnUNet. This approach demonstrated a 16% improvement in 
lesion DSC, indicating that transfer learning with lower field pseudo-labels can 
substantially enhance segmentation accuracy at high field strengths like 7T. 

Another study [ 2] applied nnUNet for neonatal brain MRI extraction using 
a large multi-institutional dataset. This automated approach involved training 
on a substantial dataset, consisting of neonatal MRIs collected across different 
institutions. The study demonstrated that nnUNet could provide consistent and 
accurate segmentation even with diverse imaging parameters and varied MRI 
quality. By employing iterative model development with human-in-the-loop cor-
rections, the approach achieved a DSC of 0.955, outperforming other traditional
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and automated methods for brain extraction. This finding underlines the impor-
tance of using nnUNet for robust segmentation tasks, particularly when dealing 
with variations common in neonatal and low-field MRI data. 

1.3 Contributions 

In this paper, we propose one QA method and one segmentation method to 
tackle the LISA 2024 Challenge. First, for the QA task, we leverage DenseNet 
[ 5], a convolutional neural network (CNN) architecture known for its strong fea-
ture propagation capabilities and ability to classify images based on different 
grades of quality degradation. Notably, we train 7 specialized DenseNets, and 
each one is tailored to classify if a specific artifact is present in the pediatric uLF 
MRI dataset. Second, for hippocampal segmentation, we adopt nnUNet [ 6], a 
self-configuring deep-learning framework specifically designed for medical image 
segmentation. However, we do not utilize the original, LISA-challenge-provided 
uLF images in the nnUNet training process. Instead, we leverage an enhancement 
approach through a custom preprocessing pipeline that improves the anatomical 
visibility of uLF structures, like the hippocampus. The method, referred to as 
a Super-Field (SF) approach, is based on our previous work [ 12]. To super-field 
an image, we use the Super-Field Network (SFNet), a custom swinUNETRv2 
with generative adversarial network components. The network generates images 
comparable to HF MRIs from original uLF MRIs. During segmentation network 
training, we utilized the nnUNet model but provided SF images, instead of uLF 
images, as the training data. Utilizing SF images ultimately provided more accu-
rate hippocampal segmentations than relying solely on uLF images. Our tailored 
enhancement approach underscores the value of targeted improvements for the 
unique challenges of pediatric uLF MRI, further contributing to advancements 
in both quality assurance and image enhancement. 

2 Methods 

2.1 Dataset 

For QA, the training dataset includes 432 pediatric brain MRI scans at 0.064T 
from 144 individuals. Each individual’s brain was orthogonally acquired, in 
three directions along each anatomical plane: axial, coronal, and sagittal using 
a Hyperfine SWOOP using a magnetic field strength of 0.064T, with a sequence 
type of spin echo, TR 1.5 s, TE 5ms, TI 400ms. Quality assessment scores for 
seven artifact domains were manually determined by image analysis experts 
and provided with the training dataset in an accompanying CSV file. Figure 1 
presents examples for each artifact category. The validation and hidden testing 
cohorts consisted of 42 images from 14 subjects and 27 images from 9 subjects, 
respectively. 

For the segmentation task, 79 pairs of super-resolution reconstructed (SRR) 
low-field MRI scans were provided. The provided SRR MRIs are the combined 
version of the three orthogonally acquired images mentioned above. These SRR
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Fig. 1. Artifact examples in low-field MR images: (a) noise, (b) zipper (specified in 
the red box), (c) positioning, (d) banding, (e) motion, (f) distortion and (g) contrast. 
(Color figure online) 

MRIs have isotropic spacing and are paired with bilateral hippocampal segmen-
tations derived directly from the HF MRIs of the same patient. Segmentations 
were manually performed on HF T2 MRI images (3T or 1.5T), with corrections 
reviewed by a board-certified pediatric neuroradiologist. Both the uLF MRIs and 
the hippocampal segmentations were aligned with the corresponding subject’s 
high-field MRI space. The validation and hidden testing cohorts consisted of 12 
and 9 images, respectively. 

2.2 Quality Assurance with DenseNet 

The quality assurance task utilizes the LISA dataset, which contains pediatric 
low-field MRIs with various artifacts across seven domains: noise, zipper, posi-
tioning, banding, motion, contrast, and distortion. Each image is scored on a 
scale from 0 to 2: a score of 0 indicates no presence of the artifact, a score of 
1 indicates the artifact’s presence with some interference that may compromise 
the distinction between neighboring subcortical structures, and a score of 2 indi-
cates that the artifact significantly compromises the distinction between these 
structures. DenseNet [ 5] was chosen for its ability to learn rich feature hierar-
chies while maintaining gradient flow between layers. DenseNet’s architecture 
allows for densely connected blocks, which mitigate the vanishing gradient prob-
lem and promote feature reuse. DenseNet is offered in several variants, including 
DenseNet121, DenseNet169, DenseNet201, and DenseNet264, which are primar-
ily distinguished by their depth and layer count. For our purposes, we selected 
the latest version, DenseNet264, as implemented in MONAI 0.9.0 [ 1]. Each layer
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receives input from all previous layers, making it well-suited for tasks that require 
robust extraction of low-level and high-level features. The architecture for this 
task includes multiple DenseNet264 networks, each network is trained to predict 
a single artifact. Thus, 7 total networks were trained. Orthogonal images were 
used as inputs, and the network’s output was a prediction of one of the grades, 
0, 1, or 2, corresponding to the specific artifact the network was designed to 
assess. During training, we used the weighted F1-score [ 9] to validate the classi-
fication performance at the end of each epoch, as our dataset was imbalanced. 
The weighted F1-score calculates the F1-score for each class (grade) and averages 
them, weighted by the number of true instances in each class. This ensures that 
larger classes have more influence, addressing imbalances by preventing domi-
nant classes from overshadowing others, resulting in a fairer evaluation across 
all classes. During inference, each of the 7 networks was deployed across a single 
case to yield a single artifact prediction (0, 1 or 2). The model was implemented 
using PyTorch, trained on 80% of the LISA dataset, with the remaining 20% 
used for validation. We employed the randomly cropped images with a size of 
256 × 256 × 256, an Adam optimizer with a learning rate of 10−5, cross-entropy 
loss, a batch size of 2, and trained the model for 100 epochs. All models were 
trained using an NVIDIA RTX A6000 GFORCE 64Go GPU. 

2.3 Hippocampal Segmentation with nnUNet 

For the hippocampal segmentation task, nnUNet was selected due to its adapt-
ability to a wide variety of segmentation tasks [ 6]. nnUNet automatically adjusts 
hyperparameters such as learning rates, patch sizes, and batch sizes based on the 
input data. To further improve segmentation performance, we applied a tech-
nique to enhance the provided low-field MRIs, transforming them into super-field 
images (Fig. 2). These SF images were generated using a custom Super-Field 
Network, SFNet, based on the model presented in [ 12]. SFNet is a specialized 
swinUNETRv2 network with generative adversarial components, designed to 
produce high-quality MRIs from low-field data. It was originally trained on a pri-
vate cohort of 90 paired low-field (LF) and high-field (HF) MR images of infant 
brains. SFNet employs a learned discriminator to evaluate output images on a 
global scale, resulting in more realistic images with reduced anti-aliasing effects 
due to the combined use of adversarial loss, structural similarity index measure 
(SSIM) loss, and perceptual component loss. When compared to existing meth-
ods, SFNet has been shown to improve segmentation accuracy for gross brain 
structures (white matter, gray matter, and cerebrospinal fluid); more details on 
SFNet can be found in [ 12]. For this challenge we trained the nnUNet model 
using only the SF-enhanced images derived from uLF images. The nnUNet was 
trained with the full resolution configuration, as described in [ 6], on the provided 
hippocampal segmentation with cross-entropy Dice similarity coefficient as the 
primary loss function. To validate the efficacy of anatomical enhancement seen 
in the SF images, the challenge provided uLF images were used to train a second 
nnUNet. Both networks were trained on an A5000 GPU, utilizing the same 66 
training images and 13 validation images in a 5-fold cross-validation process. To
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assess significant differences between the network segmentation performance, we 
utilize the Wilcoxon signed-rank test. 

Fig. 2. Super-fielding the LISA challenge data. The challenge provided ultra-low-field 
MR images: views of the (a) axial, (b) sagittal, (c) coronal planes, and the enhanced 
version of these images in (d) axial, (e) sagittal, and (f) coronal planes. 

3 Results 

This section presents the results for each task, divided into two parts: quality 
assurance (QA) and segmentation. The QA part reviews artifact assessment per-
formance, while the segmentation part focuses on anatomical accuracy. Together, 
these results highlight the model’s performance across both tasks. 

3.1 Quality Assurance with DenseNet 

Figure 3 displays examples of validation cohort images that were accurately 
classified and misclassified by the trained models. Given the predicted vectors 
from each of the 7 networks, including the grades of each artifact for validation 
images, and the corresponding ground truth vector in the provided CSV file, 
we calculated various metrics for each artifact category. As shown in Table 1, 
the DenseNet models achieved average accuracies of 0.827 on the validation 
set, respectively. We also presented the results for both micro and macro cases 
across different metrics [ 9]. Table 2 shows the results based on the weighted case 
for different categories respectively for the validation. The highest metric val-
ues were achieved in the positioning and banding categories, while the lowest
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Fig. 3. The figure presents sample images from the validation cohort. The top row 
shows images that were correctly classified in the QA with a grade of 1 in the following 
categories: (a) positioning, (b) motion, (c) distortion, and (d) contrast. The bottom 
row displays images that were misclassified in the QA with a grade of 0 for the same 
categories: (e) positioning, (f) motion, (g) distortion, and (h) contrast. 

Table 1. QA results for the validation cohort, presented with values averaged across 
micro, macro, and weighted metrics for DenseNet264 models trained on each artifact 
category. 

Metrics Precision Recall F1-score F2-score Accuracy 
Micro 0.827 0.827 0.827 0.827 0.827 
Macro 0.510 0.525 0.506 0.514 0.827 
Weighted 0.829 0.827 0.825 0.825 0.827 

were observed in categories like zipper, contrast and noise (see last column of 
Table 2), reflecting the inherent challenges in identifying zipper, contrast and 
Noise artifacts related to low-filed pediatric brain imaging. 

3.2 Hippocampal Segmentation with nnUNet 

The nnUNet model trained on Super-Field (SF) images demonstrated significant 
improvements in hippocampal segmentation accuracy on the validation set of 12 
cases. Inference was successfully performed on these cases after enhancing the 
challenge provided uLF MRI scans using SFNet. 

As shown in Table 3, overall, the right hippocampus segmentation outper-
formed the left, with an average DSC of 0.74 ± 0.13 for the right hippocampus 
compared to 0.68 ± 0.24 for the left. The left hippocampus had an average HD of
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Table 2. QA validation cohort results, evaluated using different metrics for 
DenseNet264 models trained on each artifact category. 

Category Precision Recall F1-score F2-score Accuracy 
Noise 0.722 0.762 0.741 0.754 0.762 
Motion 0.823 0.81 0.816 0.812 0.810 
Contrast 0.827 0.762 0.789 0.771 0.762 
Positioning 0.940 0.952 0.944 0.948 0.952 
Banding 0.951 0.905 0.927 0.914 0.905 
Zipper 0.690 0.714 0.701 0.709 0.714 
Distortion 0.852 0.881 0.858 0.871 0.881 

Table 3. Hippocampus (Hipp) segmentation results on the uLF validation cohort. 
The first block of results displays metrics for nnUnet predictions on Super-Field (SF) 
images, which are uLF-enhanced images created using an existing, pretrained net-
work by Tapp et al. [12]. The SF nnUnet was trained using SF images and LISA-
provided ground truth segmentations. The second block of results displays metrics for 
the nnUNet predictions on the original uLF validation data; this nnUNet was also 
trained on original uLF data, not SF data. * indicates SF nnUnet performance was 
significantly (p <  0.05) better than performance by the uLF-trained nnUNet. 

Model Metrics DSC HD HD-95 ASSD RVE 
SF nnUNet Left Hipp 0.68 ± 0.24* 7.93 ± 15.93* 2.21 ± 1.90* 0.85 ± 1.13* 0.19 ± 0.14 
SF nnUNet Right Hipp 0.74 ± 0.13 3.17 ± 0.71* 1.77 ± 0.70* 0.53 ± 0.33* 0.13 ± 0.11 
SF nnUNet Average 0.71 ± 0.17 5.55 ± 7.96* 1.99 ± 1.12* 0.69 ± 0.65* 0.16 ± 0.11 
uLF nnUNet Left Hipp 0.57 ± 0.29 14.82 ± 20.24 6.18 ± 12.38 4.10 ± 10.55 0.18 ± 0.15 
uLF nnUNet Right Hipp 0.65 ± 0.25 12.28 ± 16.50 10.67 ± 16.07 3.96 ± 10.38 0.14 ± 0.13 
uLF nnUNet Average 0.61 ± 0.27 13.55 ± 15.77 8.43 ± 13.08 4.03 ± 10.45 0.16 ± 0.11 

7.93 ± 15.93 mm and an HD95 of 2.21 ± 1.90 mm, indicating variability due to a 
segmentation issue. In contrast, the right hippocampus showed more consistent 
results with an average HD of 3.17 ± 0.71 mm and an HD95 of 1.77 ± 0.70 mm. 
Average HD was 5.55 ± 7.96 mm, and average HD95 was 1.99 ± 1.12 mm. The 
Average Symmetric Surface Distance (ASSD) and Relative Volume Error (RVE) 
also indicated better performance for the right hippocampus. The left hippocam-
pus had an ASSD of 0.85 ± 1.13 mm and an RVE of 0.19 ± 0.14, whereas the right 
hippocampus achieved an ASSD of 0.53 ± 0.33 mm and an RVE of 0.13 ± 0.11. 
The combined averages were an ASSD of 0.69 ± 0.65 mm and an RVE of 0.16 
± 0.11. Comparatively, the nnUNet model trained on the original uLF images 
without SF enhancement achieved a lower average DSC of 0.61, underscoring 
the efficacy of using SF images for training. The improvements in HD, HD95, 
ASSD, and RVE metrics corroborate the enhanced segmentation performance 
afforded by the SF images. For each comparison, the Wilcoxon ranked sign test 
using a p-value with a significance threshold of p <  0.05 was used to identify sta-
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Fig. 4. Example of the left (red) and right (green) hippocampi segmentations overlayed 
ultra-low-field MR images in (a) axial and (b) coronal views and for SF images in the (c) 
axial, (d) coronal views. Right and left hippocampi segmentation dice scores are 68% 
and 71% for ultra-low-field cases, respectively, 78% and 83% for super-field predictions, 
respectively. (Color figure online) 

tistically meaningful differences between the two methods across the evaluated 
metrics. Statistically significant improvements included left hippocampus DSC, 
all HD values, left and average HD95 and all ASSD. These results demonstrate 
that enhancing uLF MRI scans using SFNet significantly improves hippocampal 
segmentation accuracy, particularly for the right hippocampus. 

The disparity in left hippocampus performance highlights areas for further 
refinement. The success in the highlighted case (Fig. 4) exemplifies the poten-
tial of the proposed method in achieving high-precision segmentation, which is 
crucial for clinical applications in pediatric neuroimaging. 

4 Discussion 

This study demonstrates the potential of using advanced deep learning methods, 
specifically DenseNet and nnUNet, for analyzing low-field pediatric MR images. 
The results demonstrate the effectiveness of using DenseNet for the automated 
classification of image quality degradation. By training separate models for each 
category, we ensured that the models specialized in recognizing the nuances 
specific to noise, distortion, contrast, banding, zipper, motion, and position-
ing, improving the overall classification performance. This tailored approach not 
only enhances accuracy but also allows for more accurate identification of subtle 
variations in image quality that might otherwise be overlooked in a generalized 
model. This approach can be extended to other types of image impairments, 
offering a scalable solution for automated quality assurance across diverse imag-
ing datasets. However, additional data augmentation techniques may be neces-
sary to enhance model performance, particularly for more complex artifacts such 
as motion and contrast distortions, where variability is higher. 

Implementing advanced augmentation techniques, such as simulated arti-
fact injection or synthetic data generation, could further diversify the training 
set and improve the model’s robustness in real-world scenarios. In training, we 
used the weighted F1-score for validation evaluation to address the issue of data
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imbalance, ensuring that underrepresented categories, motion and contrast dis-
tortions, were accounted for in the model’s performance. The F1-score is particu-
larly useful because it incorporates both precision and recall into a single metric, 
balancing the trade-offs between false positives and false negatives. Additionally, 
alternative metrics could also be considered and might yield improved training 
performance. 

A key finding of this study is the significant improvement in hippocampal 
segmentation accuracy through SFNet-enhanced uLF MRI scans. The nnUNet 
model trained on SF images achieved an average DSC of 71% compared to 
61% achieved by the model trained on challenge-provided uLF images. The 10% 
improvement in segmentation accuracy similarly reflected a decrease in surface 
and volume discrepancy. The metric improvements can be attributed to the 
increased anatomical visualization and enhanced contrast provided by the SF 
images. The SFNet effectively transforms uLF MRI scans into higher-quality 
images with enhanced structural details, allowing the nnUNet model to better 
distinguish anatomical boundaries. In low-field MRI, the inherent low signal-
to-noise ratio and poor contrast can obscure fine anatomical structures like the 
hippocampus. By enhancing image quality, SFNet mitigates these limitations, 
enabling more accurate and reliable segmentation. However, challenges remain 
in achieving optimal segmentation performance in areas of the right hippocam-
pus. The HD and the HD-95 further reflected the disparity between the left 
and right hippocampus segmentation performance. Future improvements could 
include incorporating additional data augmentation for greater model robust-
ness, refining SFNet to handle more image variations, and integrating multi-
modality data to enhance anatomical contrast. Exploring transfer learning or 
domain adaptation could further improve segmentation in challenging cases. The 
combination of SFNet and nnUNet offers a promising approach to enhancing 
hippocampal segmentation in uLF MRI scans. 

By leveraging the enhanced anatomical visualization and contrast provided 
by SF images, deep learning models can achieve significantly higher accuracy, 
which is crucial for clinical applications in pediatric neuroimaging-especially 
in resource-limited settings where high-field MRI is not available. Significant 
improvements in segmentation metrics confirm SFNet’s effectiveness in address-
ing low-field MRI challenges and highlight its potential to enhance diagnostics 
in under-resourced regions. 

5 Conclusion 

This paper presents two approaches addressing the LISA 2024 Challenge tasks 
on QA and hippocampal segmentation for pediatric low-field MRI. Portable 
uLF, 0.064T MRI offers a valuable solution for resource-limited regions, but 
the modality’s novelty requires automated methods to ensure image quality and 
anatomical segmentation. We used DenseNet for QA, achieving 0.827 accuracy in 
detecting artifacts like positioning and banding. For hippocampal segmentation, 
we trained nnUNet using the enhanced SF images, achieving a Dice Similarity
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Coefficient (DSC) of 71% without the use of specialized augmentations or com-
plex preprocessing steps and relyed solely on image enhancement and the default 
nnUNet configuration. These results demonstrate the potential of DenseNet and 
nnUNet for uLF MRI tasks, though further optimization is needed. By refining 
these methods, we aim to advance pediatric neuroimaging and support portable 
MRI adoption in low-resource settings. 
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