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Abstract: Accurate segmentation in short-axis cardiac MRI
is crucial for extracting parameters to diagnose cardiovascular
diseases. However, deep learning models often use Max or
Average pooling to reduce feature map size, risking loss of
important information. In addition, most current research fo-
cuses mainly on the segmentation accuracy of machine learn-
ing models, while lacking interpretation of the segmentation
results - a critical factor for clinical applications. In this study,
we propose a fuzzy deep learning model called 3DMFL-Net,
which combines Explainable AI (XAI) techniques to segment
cardiac structures including the Left Ventricle, Myocardium,
and Right Ventricle from 3D short-axis MRI images, while
also providing interpretation of the segmentation results. The
model adopts a 3D fuzzy pooling method to replace traditional
pooling methods. The 3D fuzzy pooling leverages fuzzy logic
along with a Gaussian membership function to identify impor-
tant features within the pooling window, allowing reduction of
the feature map size while preserving essential information.
To visualize and interpret the model’s decisions, we apply
XAI with the 3D Grad-CAM method to generate heatmaps
that highlight the important image regions involved in the
segmentation process of the proposed model. The proposed
model is evaluated on the M&Ms-2020 dataset, which includes
multiple 3D cardiac MRI scans across various disease groups
and is provided by different device vendors. The results show
that the Dice coefficient reaches 84.6% for the left ventricle,
76.6% for the myocardium, and 79.5% for the right ventricle.
The proposed method suits intelligent healthcare deployment
and helps clinicians trust segmentation outcomes.

Keywords: Fuzzy deep learning, Explainable Al (XAl), 3D
fuzzy pooling

I. INTRODUCTION
1. Practical Basis

According to WHO [1]f], cardiovascular diseases cause
around 17.9 million deaths annually, making them the
leading global cause of death. Accurate segmentation of
LV, MYO, and RV in 3D cardiac MRI is crucial for

heart disease classification but is labor-intensive manually.
Deep learning has improved analysis by extracting features
and reducing dimensions via conventional pooling. This
approach may lead to the loss of important information
[2], whereas fuzzy pooling has shown strong capability in
handling uncertainty in medical data within pooling regions
[3]. Moreover, most current studies focus only on MRI
segmentation accuracy without providing interpretability
of the results based on image features - a critical factor
in clinical applications [11]. To address these issues, we
propose a fuzzy deep learning model called 3DMFL-Net
(3D Max Fuzzy Light U-Net) to segment cardiac structures
such as LV, MYO, and RV from 3D short-axis cardiac
MRI at two cardiac phases: End-Diastolic (ED) and End-
Systolic (ES). The model incorporates the proposed 3D
fuzzy pooling technique to accurately identify important
features within pooling windows, enabling dimensionality
reduction while preserving essential information. To in-
terpret segmentation results, we use 3D Grad-CAM with
XAI to generate heatmaps highlighting regions influencing
3DMFL-Net’s decisions.

2. Related Works

To better exploit the inter-slice spatial information in
3D cardiac MRI data and improve segmentation accuracy,
Liu Tao et al. [[I5] proposed the Bi-CLSTM (Bidirectional
Convolutional Long Short-Term Memory) neural network
model, which segments each slice of short-axis cardiac
3D MRI images. The Bi-CLSTM model leverages con-
volutional neural networks to compress intra-slice infor-
mation, while the bidirectional convolutional LSTM cap-
tures inter-slice relationships across two time points: end-
diastole (ED) and end-systole (ES). From the resulting 3D
segmentations, Liu Tao et al. extracted key physiological
cardiac indices, including left ventricular ejection fraction
(LVEF), left ventricular volume at ED, right ventricular
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ejection fraction (RVEF), right ventricular volume at ED
and ES, total myocardial mass at ED and ES, and the
ratio of total ventricular volume to myocardial mass at ED.
These indices were then used to classify several cardiac
conditions including DCM, HCM, MINF, RV, and NOR
using the proposed algorithm. Experiments on the ACDC
2017 dataset showed that the Bi-CLSTM model achieved
Dice coefficients of 91.0% (LV), 86.5% (MYO), and 89.0%
(RV), with a classification accuracy of 94% on the test set.

Jelmer M. Wolterink et al. [14] introduced a basic
convolutional neural network (CNN) to segment individual
slices from short-axis cardiac MRI images at ED and
ES with achieved Dice coefficients of 94% (LV), 87.0%
(MYO), and 88.0% (RV), and a classification accuracy
of 91% on the test dataset. Fabian Isensee et al. [16]
proposed a deep learning network inspired by both 2D and
3D UNet architectures for segmenting LV, MYO, and RV
structures. Their experiments on the ACDC 2017 dataset
involved a 3D input of size 10x244x244 voxels (depth,
width, height), trained for 300 epochs using five-fold cross-
validation with the Adam optimizer and cross-entropy loss
with achieved Dice scores of 95.0% (LV), 91.1% (MYO),
and 92.3% (RV), with a classification accuracy of 92%.
Yakun Chang et al. [13] proposed a method to classify
cardiac conditions (DCM, HCM, MINF, RV, NOR). Ini-
tially, LV, MYO, and RV regions were detected using a
YOLO network at both ED and ES phases. These regions
were then segmented using a fully convolutional network
(FCN) into four classes: LV, MYO, RV, and background.
Seven key indices were extracted from the segmentations,
including ventricular volumes at ED and ES, ejection
fractions, LV/RV volume ratios, and myocardial volumes,
along with height and weight. These features were fed
into a fully connected neural network for classification.
The method achieved Dice scores of 91.9% (LV), 87.8%
(MYO), and 86.9% (RV), with a classification accuracy of
90%. Adi Wibowo et al. [|[17]] proposed an EfficientNetB5-
UNet architecture to segment short-axis cardiac MRI slices
from the ACDC 2017 dataset. A custom two-dimensional
thickness algorithm was developed to fuse segmentations
into 2D representations of the heart at ED and ES. These
were used for few-shot learning classification of DCM,
HCM, MINF, RV, and NOR. The model achieved Dice
scores of 93.0% (LV), 89.8% (MYO), and 89.9% (RV),
with a classification accuracy of 90%. Xiao Liu et al. [|19]
proposed the SDNet model combined with a resolution-
based data augmentation strategy to enhance generalization
for cardiac MRI segmentation. SDNet was evaluated on
the M&Ms dataset, achieving Dice scores of 88.1% for
the left ventricle (LV), 83.1% for the myocardium (MYO),
and 80.0% for the right ventricle (RV). In addition, Cian

M. Scannell et al. [20] introduced an improved variant of
the 2D U-Net model, trained using a domain-adversarial
learning approach that leverages both labeled and unlabeled
data for cardiac structure segmentation in MRI images.
Results on the M&Ms dataset showed that the model
achieved Dice scores of 88% for LV, 80% for MYO, and
84% for RV.

II. BACKGROUND

1. Anatomical Structures in Short-Axis Cardiac MRI

Right Myocardium
Ventricle
Left
Ventricle

Figure 1: LV, MYO, RV structures on MRI
(slice 5, ED phase)

Short-axis cardiac MRI images include three key regions:
LV, MYO, and RV [7].. Fig.|l|shows these structures at slice
5 during the ED phase for patient S1S3Z7 from the M&Ms-
2020 dataset. The cardiac cycle has two phases: systole,
when ventricles contract, and diastole, when they relax
and fill with blood [8]]. ES represents minimum ventricular
volume, and ED the maximum. Fig. E] illustrates LV, MYO,
and RV at slice 4 during ED and ES phases for patient
M4P7Q6 from the same dataset [/]].

Partient: MAP7Q6 (Slice 4)

Figure 2: LV, MYO, RV structures on MRI

2. Model Evaluation Metrics

The Dice coefficient (Dice) is used to evaluate the
similarity between the segmented region and the ground
truth in the image, and is calculated using Equation ().
The Cross-Entropy loss function (LCE) is used to optimize
the model by minimizing the difference between predicted
values and ground truth, as described in Equation (2).

_ 2x|ANB|

Dice = (n
| Al + |B|
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Figure 3: The overall proposed method for segmenting short-axis 3D cardiac MRI
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Figure 4: The proposed fuzzy deep learning network model 3DMFL-Net

L C
LCE:_NZZ Yi.elog(pic) 2
Where A is the set of predicted voxels, B is the set of
ground truth voxels, IV is the total number of image pixels,
pi.c € [0,1] is the predicted probability that pixel ¢ belongs
to class ¢, and y; . € {0,1} is the ground truth label of
pixel 1.

III. PROPOSED METHOD
1. Pre-processing

In part A of Fig. B] MRI images from various scan-
ners are standardized to a region of interest (ROI) of
size 24x256x256 through zero-padding or central cropping.
Voxel intensities are then normalized to a range between 0
and 1.

2. Proposed 3D Max Fuzzy Light U-Net (3DMFL-Net)
Network Model

In part B of Fig.[3] we propose 3DMFL-Net, a fuzzy deep
learning model improved from Light U-Net by Mehreen
Irshad et al. in 2023 |]§[], designed for the segmentation of
LV, MYO, and RV in short-axis 3D cardiac MRI. 3DMFL-
Net consists of two main components, the encoder and the
decoder, as detailed in Fig. [

In the encoder, the number of feature maps increases
from 1 to 256, while the spatial resolution is progressively
reduced from 24x256x256 to 3x32x32 voxels [12]. The
encoder includes three Inverted blocks and a final convolu-
tional layer with a 3x3x3 voxel kernel. Each Inverted block
contains three parallel convolutional branches: the first uses
a 3x3x3 kernel with batch normalization and ReLU activa-
tion; the second applies a 3x3x3 convolution followed by
ReLU; and the third performs a single 3x3x3 convolution.
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Figure 5: The proposed 3D fuzzy pooling method

The outputs of these three branches are summed to form the
final output of each block. After the three Inverted blocks,
a 3D fuzzy pooling layer is applied instead of max pooling
to downsample the feature maps while preserving essential
information. The fuzzy pooling process is illustrated in Fig.

A deep convolutional layer is then added at the end of
the encoder to enhance feature representation. The decoder
uses convolutional layers and stride-2 upsampling to restore
spatial resolution and reduce feature maps. Specifically,
the 3D fuzzy pooling method employs fuzzy set theory
from fuzzy logic to determine the degree of membership of
features within the pooling window. It uses the Gaussian
Membership Function (GMF), defined in Equation @, to
assign a membership value ranging from 0 to 1 for each
element, where a value closer to 1 indicates a stronger
membership in the fuzzy set, and vice versa. 3D fuzzy
pooling involves three main stages: crisp value identifica-
tion, fuzzification, and defuzzification. In the first stage,
crisp value identification, a 3D pooling block of size 2x2x2
voxels is selected from the feature map, and eight voxel
values are extracted. In the second stage, fuzzification,
each of the eight extracted values is assigned a symbol
from z; to zg. Let X = {l‘l,l‘g,l‘g,,Z‘4,I5,l‘6,x7,l‘g} be
the set of values extracted in Stage 1, which is treated
as a fuzzy set. The values in X are sorted in ascending
order to highlight the overall data trend and reduce noise
influence. The overall mean value (1) of the fuzzy set
X is then computed using Equation (@), which averages
the local means my, defined in Equation (3). Next, the
Gaussian Membership Function is applied to calculate the
membership values for each element in X, resulting in the
membership set W =
representing the degree of belonging of each corresponding
element in X. The third stage, defuzzification, uses sets X
and W to estimate the output of the pooling operation,
denoted as Pooling. This value represents the membership

{wl,w23 w3, W4, W5, We, ’UJ7,’lU8},

of fuzzy set X, as shown in Equation (7).

1 q+k
mp(X) = Y, @ 3)
i=q—k+1
1 q
Mavg = — Z mg (€]
q k=1
ox = Z “Tl - mavg| (5)
1=1
_ (Ii*"}uvg)z
w;=e X (6)
Ppooling = max(wixi) @)

Here, n represents the number of elements in the fuzzy
set X; ¢ =n/2 is a constant used to determine the subset
size of X for computing the local means my. The variable
k denotes the number of local means computed, with the
condition 1 < k£ < . The symbol z; denotes the value
of the ¢-th element in the fuzzy set X. The corresponding
membership degree of the i-th element in X is represented
by w;, where ¢ indicates the position of the element within
the set. ox refers to the variance of the fuzzy set X, which
measures the dispersion of the features around the overall
mean value mygy,.

3. Interpretation of the Segmentation Results

In part C of Fig.[3] the interpretation process includes: (a)
visualizing 3D short-axis cardiac MRI images at two key
physiological phases, ED and ES; (b) displaying segmen-
tation results with clearly color-coded regions to support
visual interpretation, including LV in blue, MYO in green,
and RV in red; and (c) generating heatmaps using the 3D
Grad-CAM method as described in [10]. The heatmaps
are color-coded from blue to red, where red indicates



regions with high influence on the model’s decision and
blue indicates less attention.

IV. EXPERIMENTS AND EVALUATION OF THE
PROPOSED METHOD

1. Installation Environment, Dataset, and Model
Training Parameters

The experiments were conducted on Google Colab using
an A100 GPU with 40 GB of GPU RAM. The M&Ms-2020
dataset [7] consists of 345 patients, each with two 3D short-
axis cardiac MRI scans corresponding to the ED and ES
phases. The dataset includes images acquired from MRI
scanners produced by four different vendors, labeled as
Vendor A, Vendor B, Vendor C, and Vendor D. The dataset
includes images acquired from MRI scanners produced by
four different vendors, labeled as Vendor A, Vendor B,
Vendor C, and Vendor D. The 3DMFL-Net segmen-tation
model was trained for 200 epochs with a learning rate of
le-4. It was set to classify three classes: LV, MYO, and RV,
and used a batch size of 2 during training (See Table [T).

TABLE I: The number of short-axis 3D cardiac MRI
images in the M&Ms-2020 experimental dataset.

Vendor A Vendor B Vendor C Vendor D
ED | ES ED ES ED | ES | ED | ES
Training 75 75 75 75 25 25 0 0 350
Validation 4 4 10 10 10 10 10 10 68
Testing 16 16 40 40 40 40 40 40 272
Total 95 95 125 125 75 75 50 50 690

Total

2. Training Results

Fig. [6] presents training loss and Dice trends. (a) The
model reduced loss to 0.004 on training and 0.026 on
validation at epoch 195. (b) It achieved 90.4% Dice on
training and 74.9% on validation at the same epoch. Total
training time was 296 minutes.
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3. Testing Results

TABLE II: Dice coefficient (%) on the testing set by
different device vendors.

Model Vendor LV MYO RV Mean
A 81.8 68.8 70.8 73.8
B 84.6 76.6 79.5 80.2
3DMFL-Net
C 75.3 65.6 63.8 68.2
D 69.5 56.2 60.8 62.2

Table |[I] presents the Dice coefficients for the LV, MYO,
and RV regions, showing that 3DMFL-Net achieved an
average of 71.1%. Notably, on MRI data from Vendor B,
the model achieved 84.6% for LV, 76.6% for MYO, and
79.5% for RV, demonstrating strong performance across
various data sources. Table [III] compares pooling methods
using the same 3DMFL-Net model. The fuzzy pooling
method achieved the highest average Dice score of 71.1%,
followed by max pooling with 70.2% and average pooling
with 69.3%, indicating the advantage of fuzzy pooling in
preserving spatial information during feature map down-
sampling. These results are statistically robust, with the
observed performance within the 96% confidence interval,
indicating that the outcomes are stable and unlikely to be
due to random variation.

Although 3DMFL-Net demonstrates strong performance
across most vendors, the model exhibits lower Dice scores
on data from Vendor D. It should be noted that these data
were not included in the training set and were only used
in the test set, according to the design of the M&Ms-2020
dataset to evaluate model generalization. Consequently, the
reduced performance is expected and reflects the challenges
of applying the model to unseen data with different imaging
characteristics.

TABLE III: Dice coefficient (%) on the testing set by
different pooling methods.

Proposed Model Pooling method LV MYO RV Mean
Average pooling 76.9 64.0 67.0 69.3
Max pooling 78.0 66.4 66.2 70.2

3D Fuzzy pooling 71.8 66.8 68.7 71.1

3DMFL-Net
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Figure 6: Chart of Loss values and Dice coefficients
during model training

Fig.|7|shows 3DMFL-Net results on patient ISL3S2 from
Vendor B at the ED and ES phases. The longitudinal view
includes 9 slices at ED and 8 at ES; slices 1, 5, and 9 in
ED, and slices 1, 5, and 8 in ES highlight heart morphology
changes. We present the interpretability process of the
3DMFL-Net model for patient ISL3S2 from the M&Ms-
2020 testing set, as illustrated in Fig.

In addition to displaying slices on the original im-
ages, the segmentation results at two key physiological
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TABLE IV: Segmentation performance comparison between the proposed model and related work.

Authors Methods LV | MYO | RV | Mean | XAI | Parameters
Lei Li et al. [4] STDGNs 76.6 71.5 63.6 70.5 - -
Italo Francyles Santos da Silva et al. [5] | EAIS-Net, IRAX-Net | 83.3 74.6 70.8 76.2 - -
Jiapeng Li et al. [6] UDA 79.0 88.1 86.3 84.4 - -
Xiao Liu et al. [[19] FS SDNet + RA 88.1 83.1 80.0 83.7 - -
Cian M. Scannell et al. [20] 2D U-Net 88.0 80.0 84.0 84.0 - -

Original Image Ground Truth  3DMFL-Net Original Image Ground Truth  3DMFL-Net

Dice
LV: 94.4%

v 805% Slice 1

- .nn
(§ y
Sice B v 89.6%
“ MYO: 81.8%

MLV - Left Ventricle MIMYO - Myocardium MRV - Right Ventricle

LV:95.8%
MYO: 81.2%

ED

Figure 7: Slice-by-slice segmentation results of patient
ISL3S2 at the ED and ES phases

phases, ED and ES, are also shown. Three main anatomical
structures are highlighted: the LV in blue, the MYO in
green, and the RV in red, demonstrating a high degree
of correspondence with the original anatomical features.
Furthermore, the heatmaps generated using the 3D Grad-
CAM method reveal that the most influential regions in the
segmentation process, highlighted in dark red, are primarily
concentrated in the LV, MYO, and RV. The color gradually
shifts to blue, indicating a lower level of influence, with
blue areas representing regions less attended to by the
model. Displaying heatmaps on individual 3D MRI slices
enables clinicians to track the model’s attention through
image depth. ED and ES phases are shown separately for
direct visual comparison across the cardiac cycle. This
supports accurate interpretation and verification, playing an
important role in developing a reliable intelligent Al system
for clinical applications.

4. Comparison and Discussion

Table [V] shows that the 3DMFL-Net model achieved an
average Dice coefficient of 71.1% across the LV, MYO,
and RV regions, which is higher than the 70.5% reported
by Lei Li et al. [4]. A key advantage of the proposed
method is its interpretability, enabling direct visualization
and verification of segmentation results on medical images.
In contrast, most existing methods lack explainability, po-
tentially limiting their reliability in clinical use. With only
3.49 million parameters, 3DMFL-Net features a lightweight
and optimized architecture, enhancing processing speed and
enabling easy integration into smart healthcare systems.




Vol. 2025, No. 3, October

ED (Dice: LV 96.6%; MYO 88. 3%. RV 94, 1%)

Slice1 Slice2 Slice3 Slice4
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Slice8 Slice g

ES (Dice: LV 89.5%; MYO 84.0%; RV 86.8%)
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A: Original Image
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Color scale of the Grad-CAM heatmap

B: 3DMFL-Net C: 3D Grad-CAM LY - Left Ventricle

Figure 8: Explaining the segmentation results of patient ISL3S2 at both ED and ES phases

V. CONCLUSION

In this study, we propose a lightweight fuzzy deep learn-
ing model, 3DMFL-Net, which integrates explainable Al to
segment the LV, MYO, and RV, thereby enhancing the in-
terpretability of the segmentation results. The main contri-
butions of this study are as follows: (a) A 3D fuzzy pooling
method is proposed using a Gaussian membership function
to reduce the size of feature maps while preserving critical
features, demonstrating advantages over max pooling and
average pooling in deep learning models; (b) Developing
the Light U-Net model from 2D to 3D while integrating
the 3D fuzzy pooling method to enhance segmentation
performance in three-dimensional space; (c) The proposed
fuzzy segmentation model, 3DMFL-Net, incorporates XAl
to assist clinicians in segmenting cardiac structures and to

provide image-based interpretability. Experimental results
on the M&Ms-2020 dataset show that the proposed method
achieves Dice coefficients of 84.6% for LV, 76.6% for
MYO, and 79.5% for RV on 3D cardiac MRI images
from Vendor B. These results show the proposed model
effectively segments diverse medical data, including noisy
inputs, and its lightweight design suits deployment in smart
healthcare systems.
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