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Improving spleen segmentation in
ultrasound images using a hybrid
deep learning framework
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This paper introduces a novel method for spleen segmentation in ultrasound images, using a two-
phase training approach. In the first phase, the SegFormerBO0 network is trained to provide an initial
segmentation. In the second phase, the network is further refined using the Pix2Pix structure, which
enhances attention to details and corrects any erroneous or additional segments in the output. This
hybrid method effectively combines the strengths of both SegFormer and Pix2Pix to produce highly
accurate segmentation results. We have assembled the Spleenex dataset, consisting of 450 ultrasound
images of the spleen, which is the first dataset of its kind in this field. Our method has been validated
on this dataset, and the experimental results show that it outperforms existing state-of-the-art
models. Specifically, our approach achieved a mean Intersection over Union (mloU) of 94.17% and a
mean Dice (mDice) score of 96.82%, surpassing models such as Splenomegaly Segmentation Network
(SSNet), U-Net, and Variational autoencoder based methods. The proposed method also achieved a
Mean Percentage Length Error (MPLE) of 3.64%, further demonstrating its accuracy. Furthermore, the
proposed method has demonstrated strong performance even in the presence of noise in ultrasound
images, highlighting its practical applicability in clinical environments.

Diseases that affect the size of the spleen, such as splenomegaly, are significant clinical issues for several medical
disciplines. Splenomegaly, defined as the enlargement of the spleen with respect to its standard size, can be due
to various pathological causative agents: infectious diseases, such as malaria and mononucleosis; hematologic
disorders, including leukemia and lymphoma; inflammatory affections, such as rheumatoid arthritis; and hepatic
diseases, including cirrhosis. Accurate assessment of spleen size is essential in diagnosing and monitoring the
disease, as splenomegaly is often a marker of both disease severity and progression. Also, since the accurate
dimension of the spleen is essential, it is imperative for guiding appropriate treatment strategies and virtually
monitoring treatment efficiency’.

Segmentation in ultrasound images plays a crucial role in an accurate measurement of the size of the spleen.
The measurement can further help the physician to diagnose the spleen with its associated medical conditions.
Automated segmentation, and more specifically segmentation powered by Deep Learning (DL) methodologies,
has proven to be reliable when it comes to providing efficient and accurate delineation of the spleen for ultrasound
images. This fully automated segmentation is very important toward the determination of splenic volume with
great accuracy, as it allows one to detect spleen volumes that are abnormal and hence support clinical diagnosis®.

Several approaches have been presented using deep learning for automated splenic segmentation. These
methods can quantify the volume of the spleen and can assess splenomegaly accurately. For example, Perez et
al.’ demonstrated the effectiveness of deep learning-based approaches for spleen segmentation, highlighting the
ability to provide quick and precise segmentation when contrasted with classical ones.

The use of artificial intelligence methods comes with immense benefits for disease diagnosis, especially in
spleen images. These methods reduce the tedium of diagnosis because they mainly automate tasks, such as
image segmentation processes that take a lot of analysts/evaluators. Besides, artificial intelligence algorithms can
accurately analyze large quantities of data received from medical imaging, thus diagnosing and appropriately
intervening through measures®.
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Besides, Al-based diagnostic tools are exact and consistent ways of finding answers compared to usual
methods. AI diagnostic tools, with the help of in-built advanced algorithms and machine learning techniques,
can catch patterns in medical images and facts that generally go unnoticed as per human intervention. Due to
this, the diagnostic reports generated are quite reliable and, therefore, can lead to a better outcome and more
functional treatment by healthcare providers®. Despite these advancements, spleen segmentation in ultrasound
images remains challenging due to the low contrast and noise inherent in ultrasound imaging ,anatomical
variability of the spleen across patients and lack of spleen dataset. These challenges necessitate robust methods
to ensure accurate and reliable segmentation results, particularly in clinical applications.

Our research proposes a novel method of segmenting ultrasound images of the spleen. Our proposed method
consists of using a combination of SegFormerB0 and Pix2Pix. The proposed method corrects the lack of existing
approaches, proposing a more efficient and accurate alternative for segmenting the spleen. The proposed method
removes the noises in the segmentation and gives us a unified and better structure of the predicted mask.

Secondly, we have collected a dataset, the Spleenex dataset. This dataset consists of 450 ultrasound images
and is used as a valuable tool in training and testing our segmentation model. The Spleenex dataset is a set of
annotated images that guarantee accurate and reliable ground truth labels of the spleen. The Spleenex dataset is
the first public dataset published in the field of Image Segmentation in spleen images.

We summarize our contributions as follows:

« We Propose a novel method for ultrasound image segmentation of the spleen by leveraging a custom combi-
nation of SegFormerB0 and Pix2Pix networks to improve the quality of extracted segmentations.

o We collected a new dataset, named here the Spleenex dataset, which consists of 450 labeled ultrasound images
of the spleen. The Spleenex dataset is the first public dataset published in spleen image segmentation.

« Extensive experiments and comparisons against state-of-the-art segmentation models in the spleen image to
demonstrate its effectiveness and efficiency in our proposed method.

Related works

Image segmentation

The development and improvement of segmentation methodologies with neural networks have achieved rapid
progress. U-Net laid the first stone®, which utilized an unpadded convolution and pixel-wise soft-max function
for segmentation in biomedical images. DeepLabV3” used mechanisms like atrous spatial pyramid pooling
(ASPP), capturing multi-scale contextual information, which significantly improved the techniques of semantic
segmentation.

U-Net++® further improved the segmentation architectures with increased feature aggregation and more
expansive receptive fields. Attention U-Net’ embedded attention mechanisms to increase feature representation
in an enriched way and was able to capture long-range dependencies, hence providing an increase in
segmentation accuracy. OCRNet (Object-contextual Representations Network)!? put a significant emphasis on
context awareness in the segmentation tasks and further advanced segmentation capabilities in the semantic
segmentation landscape.

HRFormer (High-Resolution Transformer)!'! learns hierarchical representations by transformer-based
frameworks and performs much better in complex segmentation tasks. SegFormer!? has a highly efficient
transformer architecture and is thus a move toward more efficient segmentation models. Finally, Seaformer
(Squeeze-Enhanced Axial Transformer)'? is one of the latest examples of continuous innovation in segmentation
architectures.

Building on these advancements, recent methods have targeted the challenges of ultrasound image
segmentation, such as blurred boundaries and tumor heterogeneity. ESKNet', incorporating enhanced kernel
convolutions with attention mechanisms, achieved superior Dice scores (up to 84.76%) on datasets like BUSI,
the breast ultrasound dataset, and STU. Similarly, NU-Net,!* a nested U-net with shared-weight architecture,
delivered strong performance on BUSI and the breast ultrasound dataset. Meanwhile, C-Net'® combines U-net
with bidirectional attention and residual refinement, excelling in segmentation tasks, particularly on the BUSIS
dataset.

Spleen segmentation

The field of spleen segmentation in medical imaging has undergone significant advancements, particularly
with the adoption of deep-learning methodologies. A noteworthy study by'” focused on diagnosing hepatic
fibrosis, utilizing an Artificial Neural Network (ANN) to predict liver cirrhosis non-invasively. This study
showcased promising implications for clinical decision-making in chronic liver disease. In this paper, spleen size
measurement was used to diagnose the disease.

A seminal contribution to this domain is the SSNet (Splenomegaly Segmentation Network), as detailed in'é,
which employs a conditional generative adversarial network (cGAN)!". This model, comprising a generator
and discriminator, demonstrated substantial progress in spleen segmentation, surpassing benchmarks set by
previous models such as GCN and U-Net. SSNet achieved a mean Dice coefficient of 0.9260, with particular
attention to addressing spatial variations in spleen size and shape, thereby reducing false positives and negatives.
However, limitations were observed in its 2D segmentation approach, potentially compromising the handling
of 3D spatial data.

In a related endeavor,? introduced a modified U-Net for spleen segmentation and direct regression to predict
spleen length. Accompanied by a quality control (QC) model aimed at filtering out poor-quality images to
enhance accuracy, this approach substantially reduced the mean percentage length error (MPLE) to 4.58%,
showcasing marked improvement with QC implementation. The research primarily focused on precise spleen
length measurements using ultrasound images.
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Fine-tune Phase

Additionally,? utilized a U-Net architecture for spleen segmentation, incorporating deep regression models
to achieve a 7.42% length error comparable to human expert variability in estimating spleen length. Their study
centered on 2D ultrasound images from pediatric Sickle Cell Disease patients. Departing from segmentation,*
introduced a model based on the MobileNetV2 architecture, surpassing individual doctors’ diagnoses in
classifying splenic trauma. The model exhibited heightened sensitivity and specificity when compared to clinical
diagnoses, utilizing animal models and clinical ultrasonic images from multiple centers. Expanding the scope,?
developed a dual-channel Convolutional Neural Network (CNN) specifically designed to enhance ultrasonic
diagnosis precision for liver and spleen injuries, consistently outperforming existing methods across varying
injury severities. The approach achieved recognition rates ranging between 92.40% and 94.96%.

Moreover,?! presented an innovative framework employing a variational autoencoder (VAE) for spleen
volume estimation from 2D segmentations, offering integration potential into standard clinical workflows.
This approach surpassed conventional methods and human expert levels, facilitating direct 3D spleen volume
estimation from 2D segmentations. Additionally,?? introduced an end-to-end automated pipeline for spleen
segmentation in CT scans utilizing a Deep Neural Network (DNN) based on ResNet, significantly reducing
segmentation time while maintaining quality comparable to manual labeling.

A notable study referenced in** focused on splenomegaly segmentation, employing a deep CNN that
integrated multi-resource labeled cohorts, achieving a Dice similarity coefficient of 0.94. This work underscored
adaptability beyond spleen segmentation, hinting at broader application potential, including within 3D networks.
Lastly, a comprehensive survey outlined in! extensively explored diverse deep learning techniques, including
CNNs, for organ segmentation from CT scans and Magnetic Resonance Imaging (MRI). Leveraging public
datasets like the Medical Segmentation Decathlon?, the survey highlighted the transformative potential of deep
learning in revolutionizing radiology practices despite ongoing challenges in standardization and evaluation.

Methods

This study presents a novel method for accurately segmenting spleens in ultrasound images using a two-phase
training approach. Initially, the SegFormerB0 model is employed, followed by refinement with the Pix2Pix
generative adversarial network (GAN). This approach leverages powerful feature extraction and refinement
capabilities, resulting in precise and detailed segmentation. The following sections provide detailed information
about the training and inference processes.

Training procedure
The training process begins with preprocessing the ultrasound images. Each image is resized to a standardized
resolution of 512x512 pixels and normalized to the [0, 1] range to ensure consistency in model input.

As shown in Fig. 1, during the initial training phase, the SegFormerB0 model is trained to generate initial
segmentation mask. In the fine-tuning phase, both the discriminator and the generator (pre-trained SegFormerB0)

............................................................... \‘\.
I

I

Target I

SegFormerBO |— I

|

l

................................................................. 4
............................................................... \.\.
!

!

Real/Fake |

Discriminator =—p :

" (Ground Truth/Generator) I

Generator l

(SegFormerB0) |

I}

s/

Fig. 1. Figure illustrates the training method used in our paper. It shows the process where the SegFormerB0
network is pre-trained and then utilized as the generator in the Pix2Pix GAN framework. The input ultrasound
image is first processed by the generator (pre-trained SegFormerB0), producing an initial segmentation map.
This map is then refined, and the discriminator evaluates the realism of the generated segmentation compared
to the real segmentation.
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are trained. This dual fine-tuning process enhances the generator’s ability to produce segmentation masks that
closely align with the ground truth while simultaneously improving the discriminator’s ability to distinguish
between ground truth and generated masks.

the SegFormerB0 model is employed as the initial segmentation network. Known for its transformer-based
architecture, SegFormerBO0 extracts rich semantic features from the input images through a hierarchical structure
of encoders and decoders. The SegFormerB0 model is trained using a composite loss function that combines
Binary Cross-Entropy (BCE) loss and Dice loss. The BCE loss is defined in Eq. (1):

N
Foow =~ 3l log(pi) + (1 - y:) log(1 — po) m
i=1

where y; denotes the ground truth label, p; represents the predicted probability, and IV is the total number
of pixels. The Dice loss, defined in Eq. (2), which enhances overlap between the predicted and ground truth
segmentations, is given by:

25 yipi
chice =1- N 2171 N (2)
Do Vit 2, P
by combining Egs. (1 and 2), the overall loss function for the SegFormerB0 model is defined in Eq. (3)
nzﬂSegformer - fBCE + DS/ﬂDice (3)

This combined loss ensures that the SegFormerB0 model outputs initial segmentation maps with accurate but
coarse spleen boundaries.

After the SegFormerB0 model is fully trained, its output is used as the generator in the Pix2Pix GAN framework.
The Pix2Pix framework consists of this pre-trained SegFormer generator and a discriminator. The generator’s
role is to refine the initial segmentation maps, producing enhanced versions, while the discriminator ensures the
realism of these outputs.

The objective of the conditional GAN (cGAN) used in Pix2Pix can be expressed as Eq. (4):

Zeaan(G, D) = By y[log D(z,y)] + Ez 2 [log(1 — D(z, G(z,y)] (4)

where G tries to minimize this objective against an adversarial D that tries to maximize it.

Formally, G* = arg ming maxp Zecan(G, D). Additionally, to encourage the generator to produce outputs
that are near the ground truth, an L1 distance term is added. The L1 loss, defined in Eq. (5), is preferred over L2
as it encourages less blurring in the generated images.

Z11(G) = Eoy 2 [lly — G(=, 2)[]1] ()

The final objective for the generator combines the cGAN loss with the L1 loss defined in Eq. (6).

G* = arg mci;n max Zeaan(G, D) + X441 (G) (6)

Here, A is a hyperparameter that balances the importance of the L1 loss relative to the GAN loss. The
discriminator’s loss function remains focused on distinguishing between real and generated segmentation maps.
It loss function defined in Eq. (7).

Dpise = —Esz yllog D(z,y)] — Es, 2 [log(1l — D(z, G(z, 2)))] (7)

These loss functions (4,7) guide the training of both the generator and discriminator to ensure the production of
high-quality refined segmentation maps.

Inference process
During inference, the ultrasound images undergo the same preprocessing steps as during training, including
resizing to 512x512 pixels and normalization.

As shown in Fig. 2, during the inference phase, the preprocessed images are directly passed to the trained
Pix2Pix generator (which is the refined SegFormerB0) to obtain the final segmentation maps. This step enhances
the accuracy and detail of the segmentation, leveraging the capabilities of the Pix2Pix generator to refine the
initial maps.

After the Pix2Pix generator produces the refined segmentation maps, postprocessing steps are applied. These
steps include thresholding to convert the probability maps into binary segmentation maps and morphological
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Fig. 2. Figure depicts the inference process. During inference, the preprocessed ultrasound image is directly
passed to the trained generator (pre-trained SegFormerB0), which produces the final refined segmentation
map. The post processed output shows the precise and detailed segmentation of the spleen in the ultrasound
image.

Mask Image With Mask Ultrasound Mask Image With Mask

Fig. 3. This figure illustrates the segmentation process for spleen ultrasound images. The “Ultrasound”
columns display the original ultrasound images. The “Mask” columns show the segmentation masks. The
“Image With Mask” columns present the ultrasound images overlaid with the spleen segmentation masks.

operations to remove noise and enhance boundary definitions. The final segmentation maps are thus precise and
suitable for clinical use.

This combined approach leverages the strengths of both the SegFormerB0 and Pix2Pix models, providing
a robust solution for accurate spleen segmentation in ultrasound imaging. The methodology ensures that the
final segmentation maps are of high quality, addressing the inherent complexities and variabilities in medical
ultrasound imaging.

Dataset
The dataset utilized in this study, named Spleenex, comprises 450 ultrasound images of the spleen. No patient
metadata has been retained, adhering strictly to ethical guidelines. Each image has been anonymized through
the assignment of coded names and IDs. All images have been shared with explicit consent from the respective
patients, ensuring full compliance with ethical standards. Patient anonymity has been rigorously maintained
throughout the dataset. Also the images were acquired using two distinct ultrasound devices (Philips Affinity 70
and Supersonic Aixplorer ). This dataset is the first public dataset in spleen image segmentation.

As illustrated in Fig. 3, the segmentation results are presented in three columns. The “Ultrasound” column
contains the original ultrasound images. The “Mask” column displays the segmentation labels indicating the
spleen. The “Image With Mask” column overlays the segmentation labels on the original ultrasound images.

Data labeling
In this section, the images were initially stored in DICOM format, and labeling was performed using the 3DSlicer
software. The labeling was a collaborative effort involving two radiologists and four computer engineering
master’s students. They segmented the spleen in the ultrasound images, clearly identifying and isolating it.
Additionally, they measured the spleen length.

All labels and measurements were verified by the radiologist to ensure their accuracy. This collaborative
approach ensured the reliability and precision of the labeled dataset.

Scientific Reports | (2025) 15:1670 | https://doi.org/10.1038/s41598-025-85632-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Data partitioning

The dataset was divided into training and testing sets with an 80:20 ratio, ensuring no individual’s images were
included in both sets simultaneously. To ensure robust experimental results, 5-fold cross-validation was applied,
utilizing different training and testing datasets in each experiment. This careful division and validation process
ensured unbiased model evaluation and reliable research outcomes.

Results

The performance of the proposed spleen segmentation method was evaluated using multiple metrics, including
Precision, Recall, Intersection over Union (IoU), Kappa, and mean Dice (mDice). Our method was compared
against several state-of-the-art models, including High-Resolution Net (HrNet-48)°, Attention-U-Net®,
DeepLab-V37 (ResNet-101 and ResNet-50), LSPNet?” (Large, Medium, Small), OCRNet!® ,HrFormer-Small'!,
Real-Time Transformer (RtFormer)?, Yolov8?’ (Small), SeaFormer!? (Tiny), and SegFormer!? (B0, B1, B2, B3).

Performance evaluation metrics

In this study, an assessment of the efficacy of all segmetntation models, in estimating spleen length was conducted.
The evaluation employed two primary metrics: the Mean Percentage Length Error (MPLE) and Intersection over
Union (IoU). These metrics are defined in Eq. (8) and Eq. (10).

_ 1 |l =1
MPLE = 100% x ~ Z S (8)

Where L' = {I1,15,15,...,1;,} represents the estimated lengths, L = {l1,l2,13,...,l»} denotes the ground
truth lengths, and n indicates the number of test images.

Distinct quantitative metrics were adopted to assess the performance of the models for segmentation tasks. For
the segmentation-based model evaluation, the Dice Similarity Coefficient (Eq. 9) and Intersection over Union
(IoU) were computed to evaluate the overlap between the predicted segmentation (A) and the ground truth
segmentation (B). iou metrics are defined as Eq. (10):

; 2|ANnB
mDZCe(A,B) :m (9)
ANB

Both measures yield values within the range of 0 to 1, where 0 signifies no overlap between the two segmentations,
while 1 indicates perfect overlap.

Precision in image segmentation describes the accuracy of positive predictions. Precision equation’s defined in
Eq. (11). It illustrates the proportion of pixel classifications that the model correctly identified as positive out of
all the pixels it labeled as positive. The mathematical expression for precision defined in Eq. (11).

TP
P 1 STON = ————— 11
recision TP+ FP (11)

where T'P is the number of true positives, and F'P is the number of false positives. High precision indicates that
the model made fewer false positive errors, essential in applications like medical diagnostics where such errors
can have severe implications.

Recall, or sensitivity, measures the model’s ability to detect all relevant instances (true positives) within the

dataset. For segmentation, recall calculates the proportion of actual positives the model correctly identified,

important for ensuring no potential areas of interest are missed in the analysis. Equation defined in Eq. (12)
TP

_ 12
Recall TP+ FN (12)

Lastly, Cohen’s Kappa provides a more nuanced view of model performance by measuring agreement adjusted
for chance. Equation defined in Eq. (13)

P, - P,

1B (13)

Kappa =

where P, is the observed agreement between the rater and the model, and P, is the expected agreement by
chance.
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Collectively, these metrics provide a detailed picture of a segmentation model’s performance, highlighting
aspects such as boundary accuracy, classification correctness, and the ability to handle imbalanced data.

Implementation details

The hyperparameters specified in Table 1 were fine-tuned through extensive experimentation using the Spleenex
dataset. Specifically, the model underwent 300 distinct training sessions, each consisting of 100 epochs. This
training was designed to iteratively refine the model’s parameters, ultimately optimizing its performance for
spleen segmentation tasks. Each iteration provided valuable insights into the model’s behavior, allowing us to
adjust the hyperparameters for maximum efficiency and accuracy.

The implementation of our spleen segmentation model involved a combination of SegFormer(b0) and the
Pix2Pix discriminator, optimized for high performance and accuracy. The input image size was set to 512x512
pixels to maintain a balance between resolution and computational efficiency. The model was trained using the
Stochastic Gradient Descent (SGD) optimizer with momentum, which helps in accelerating gradients vectors
in the right directions, thus leading to faster convergence. The initial learning rate was set to 0.00834, gradually
increasing to a final learning rate of 0.08933, allowing the model to adapt progressively during training. The
momentum value used was 0.903, and a weight decay of 0.00042 was applied to prevent overfitting. Additionally,
a warmup period of 3.21 epochs with a warmup momentum of 0.727 was used to stabilize the initial training
phase.

Data augmentation played a crucial role in enhancing the robustness and generalizability of our model.
We applied various augmentation techniques such as hue, saturation, and value adjustments (HSV_h: 0.0179,
HSV_s: 0.9, HSV_v: 0.317), translations (0.11), and scaling (0.494). The probability of flipping images left to
right was set at 0.34, while the mosaic augmentation, which merges four training images into one, had a high
probability of 0.856. These augmentations helped in creating a diverse set of training samples, improving the
model’s ability to generalize to different scenarios.

The scatter plots in Fig. 4 illustrate the relationship between the selected hyperparameters and the model
performance, highlighting the distribution of results and the final selected values for each hyperparameter.

Experiments

In our experiments, we evaluated the performance of the proposed hybrid deep learning model for spleen
segmentation in ultrasound images. We compared it with several state-of-the-art segmentation models, including
HrNet-48, Attention-U-Net, DeepLab-V3 with ResNet backbones, LSPNet variants, OCRNet, RtFormer, Yolov8,
SeaFormer, SegFormer variants, and others. The evaluation metrics included Precision, Recall, Intersection over
Union (IoU), Kappa, and mean Dice (mDice) scores. Additionally, we assessed model complexity in terms of the
number of parameters and floating-point operations per second (FLOPs).

Initially, we reviewed various segmentation models as shown in Tables 2 and 3. These tables provide a detailed
comparison of different models based on multiple metrics. Among these models, HrNet-48, DeepLab-V3
(ResNet-101), and SegFormer-B3 demonstrated superior performance in terms of IoU. Specifically, HrNet-48
achieved an IoU of 93.421%, and SegFormer-B3 achieved an IoU of 93.276%, indicating their effectiveness in
accurate segmentation tasks.

Our proposed method demonstrated superior performance, achieving a higher mean IoU and mean Dice
score compared to existing methods. Specifically, our model attained a mean IoU of 94.17% and a mean Dice
score of 96.82%, outperforming the SSNet and other models that achieved mean IoU scores ranging from 89.26%

Parameter Value

Proposed model SegFormer(b0) + Pix2Pix generator
Input image size (512,512)

Learning rate (Initial) 0.00834

Learning rate (Final) 0.08933

Optimizer SGD with momentum
Momentum value 0.903

Weight decay 0.00042

‘Warmup epoch 321

Warmup momentum 0.727

HSV_h (Fraction) 0.0179

HSV_s (Fraction) 0.9

HSV_v (Fraction) 0317

Translate (Fraction) 0.11

Scale (Gain factor) 0.494

Flip left to right (Probability) | 0.34

Mosaic (Probability) 0.856

Table 1. Model parameters used in the spleen segmentation model training. These hyperparameters were
fine-tuned over 300 training iterations, each consisting of 100 epochs, to optimize the model’s performance.
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Fig. 4. Scatter plots illustrate the fine-tuning of hyperparameters for the spleen segmentation model using
the Spleenex dataset. Each plot shows the relationship between the selected hyperparameter and the model
performance over 300 training sessions, each consisting of 100 epochs. The cross markers indicate the final
selected values for each hyperparameter: initial learning rate (Ir0), final learning rate (Irf), momentum, weight
decay, warmup momentum, HSV hue (hsv_h), translation fraction, scaling factor, HSV saturation (hsv_s),
HSV value (hsv_v), flip left to right probability (fliplr), and mosaic augmentation probability.

t0 93.15% as shown in Table 4. The precision and recall metrics indicated a high level of accuracy and sensitivity,
showcasing the model’s ability to identify and segment the spleen from ultrasound images correctly.

During training, the loss curves for various segmentation models were plotted to analyze the convergence
behavior and stability. Our proposed model showed a steady convergence with minimal oscillations, indicating
a stable training process as shown in Fig. 5. The comparison of training loss curves highlighted that our model
not only converged faster but also achieved lower final loss values compared to other models. This demonstrates
the efficiency and effectiveness of integrating SegFormer and Pix2Pix networks, leveraging the strengths of both
transformer-based feature extraction and generative adversarial refinement.

Furthermore, the training curves for the mean Intersection over Union (mloU) across iterations were
analyzed for different models as shown in Fig. 6. The plot illustrated the progression and convergence of each
model’s performance over time. Our proposed method consistently achieved higher mIoU values, indicating its
robustness and efficiency in learning the segmentation task.

Additionally, we conducted a qualitative analysis by visually comparing the segmentation results on various
test samples. The results included the original ultrasound image, the ground truth segmentation by a human
expert, and the segmentation results from DeepLabV3, SeaFormer, U-Net++, SegFormer, and our proposed
method as shown in Fig. 7. Our method consistently produced segmentation maps that closely matched the
ground truth annotations, demonstrating clear and accurate delineation of the spleen boundaries. This visual
comparison highlighted the effectiveness and robustness of our approach in challenging scenarios, minimizing
noise and improving boundary adherence. The presence of high noise in the spleen ultrasound image makes some
areas of the spleen difficult to see. The proposed method helps to improve the masks produced by segformer.
The proposed method trains the network with the help of the Pix2Pix method in such a way that the production
mask becomes similar to the original mask.

Scientific Reports |

(2025) 15:1670 | https://doi.org/10.1038/s41598-025-85632-9 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Model Class Precision | Recall | IoU Kappa | mDice | Params (M) | FLOPs (B)
All 99.032 98.322 | 93.421

HrNet-48%° Background | 99.8 99.915 |99.197 |93.013 | 96.506 | 70.08 161.5
Spleen 98.263 96.729 | 87.65
All 97.37 94.539 | 91.447

Attention-U-Net’ Background | 99.348 99.86 |98.974 |90.741 | 95371 | 34.89 266.29
Spleen 95.392 89.218 | 83.92
All 97.812 95.331 | 91.44

DeepLab-V3 (ResNet-101)” Background | 99.443 99.84 | 98.956 |90.734 | 95.367 | 58.16 240.48
Spleen 96.18 90.821 |83.923
All 97.548 95.336 | 90.559

DeepLab-V3 (ResNet-50)7 Background | 99.445 99.807 | 98.848 | 89.694 | 94.847 |39.12 162.69
Spleen 95.651 90.865 | 82.27
All 96.528 96.311 | 91.012

LSPNet (Large)*’ Background | 99.571 99.634 | 98.895 |90.232 | 95.116 |9.17 5.48
Spleen 93.485 92.988 |83.129
All 96.649 97.085 | 91.845

LSPNet (Medium)?’ Background | 99.667 99.636 | 99.017 | 91.208 | 95.604 | 3.38 222
Spleen 93.631 94.534 | 84.694
All 95.918 96.237 | 90.367

LSPNet (Small)? Background | 99.561 99.67 | 98.792 | 89.467 |94.734 | 3.38 1.31
Spleen 92.276 92.804 | 81.942
All 97.833 98.218 |92.228

OCRNet(HrFormer-Small)!! | Background | 99.793 99.795 |99.062 |91.65 |95.825 |70.08 161.5
Spleen 95.874 96.641 | 85.404
All 98.139 96.354 | 92.157

OCRNet (HrNetW18)!° Background | 99.56 99.945 | 99.048 | 91.569 | 95.785 | 12.11 52.97
Spleen 96.717 92.763 | 85.267
All 98.118 95.654 | 91.84

OCRNet (HrNetW48)!° Background | 99.477 99.909 |99.018 |91.2 95.6 70.44 161.98
Spleen 96.76 91.399 | 84.661
All 98.334 96.489 | 93.265

RtFormer (Base)?® Background | 99.581 99.87 199.192 |92.836 |96.418 | 16.87 16.89
Spleen 97.086 93.107 | 87.345
All 97.791 97.313 | 93.036

RtFormer (Slim)?® Background | 99.686 99.789 |99.159 | 92.576 | 96.288 |5.15 4.54
Spleen 95.896 94.838 | 86.914
All 96.804 95.395 | 91.488

SeaFormer (Tiny)*? Background | 99.46 99.687 |98.965 |90.79 |95.395 | 1.68 0.54
Spleen 94.148 91.103 | 84.01
All 98.396 96.152 | 91.846

SegFormer-B0!2 Background | 99.541 99.867 |99.002 | 91.209 | 95.605 | 3.72 6.74
Spleen 97.252 92.437 | 84.7
All 97.49 96.299 | 92.454

SegFormer-B1!2 Background | 99.566 99.751 |99.09 |91.911 |95.955 | 13.68 13.2
Spleen 95.414 92.847 | 85.819
All 97.65 96.414 | 92.729

SegFormer-B2!2 Background | 99.579 99.765 | 99.127 |92.226 |96.113 | 27.35 56.64
Spleen 95.722 93.063 | 86.334
All 97.454 96.381 | 93.276

SegFormer-B3!2 Background | 99.577 99.739 199.192 |92.849 | 96.424 | 47.23 71.27
Spleen 95.332 93.023 | 87.361

Table 2. Performance comparison of various segmentation models on spleen segmentation in ultrasound
images. The best result in each metric is bolded.
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Model Class Precision | Recall | IoU Kappa | mDice | Params (M) | FLOPs (B)
All 96.972 95.811 |92.278

SexNeXt (mscan_b)*® | Background | 99.501 99.854 | 99.067 | 91.709 | 95.854 |26.74 28.62
Spleen 94.443 91.767 | 85.49
All 97.131 96.919 | 92.884

SexNeXt (mscan_1)** | Background | 99.625 99.996 | 99.137 | 92.403 | 96.202 | 45.11 49.49
Spleen 94.636 93.841 | 86.632
All 96.908 96.275 | 92.687

SexNeXt (mscan_s)** | Background | 99.547 99.997 | 99.117 | 92.179 |96.089 | 13.9 15.34
Spleen 94.27 92.552 | 86.258
All 97.698 97.739 | 93.364

SexNeXt (mscan_t)*® | Background | 99.726 99.974 |99.2 92.948 | 96.474 | 4.23 6.05
Spleen 95.669 95.504 | 87.532
All 97.907 96.379 | 92.812

Yolov8 (Small)® Background | 99.572 99.799 199.136 |92.321 | 96.16 11.2 28.6
Spleen 96.243 92,96 | 86.489
All 96.187 92.949 | 89.247

TopFormer (Small)®! Background | 99.168 99.652 | 98.69 88.109 | 94.054 | 3.04 1.03
Spleen 93.205 86.246 | 79.805
All 95.502 92.454 | 88.146

TopFormer (Tiny)3] Background | 99.113 99.571 | 98.54 | 86.749 |93.374 | 1.39 0.49
Spleen 91.89 85.337 | 77.751
All 96.517 95.771 | 91.575

U2Net?*? Background | 99.502 99.745 | 98.966 | 90.893 | 95.446 | 44.05 150.69
Spleen 93.533 91.797 | 84.183
All 96.752 93.964 | 89.1

U-Net® Background | 99.282 99.772 | 98.665 | 87.933 | 93.966 | 13.4 124.3
Spleen 94.221 88.157 | 79.564
All 96.668 93.062 | 87.521

U-Net++8 Background | 99.164 99.748 | 98.462 | 85.962 | 92.981 | 8.37 119.67
Spleen 94.173 86.375 | 76.579

Table 3. Performance comparison of various segmentation models on spleen segmentation in ultrasound
images. The best result in each metric is bolded.

Method Precision | Recall | IoU | Kappa | mDice | Params (M) | FLOPs (B)
Yuan et al. (U-Net Based)? 93.12 91.87 |89.26 |88.47 |94.05 |22.5 250.8
Yuan et al. (VAE Based)?! 93.85 9245 |90.26 | 89.23 | 9459 |258 280.4
SSNet!$ 94.90 93.82 9296 |91.34 |95.88 30.6 300.7
C-Net'® 95.20 94.10 |92.85 [91.15 |95.76 |45.47 519.46
EKS-Net!' 95.05 9395 |92.73 | 91.08 | 95.68 44.57 491.94
Our Proposed Method (SegFormer-B0) | 96.60 95.89 |94.17 |93.12 |96.82 3.72 6.74

Table 4. Comparison of different methods for spleen segmentation in ultrasound images. The table includes
metrics such as Precision, Recall, IoU (mIoU), Kappa (as percentage), mDice, Params (M), and FLOPs (B). The
proposed method (SegFormer-B0) demonstrates superior performance across most metrics, with significantly
lower Params and FLOPs.

Table 5 presents the Mean Percentage Length Error (MPLE) for different models, including the proposed
method, when compared to the ground truth for major axis length using the Spleenex dataset. The proposed
method achieves the lowest MPLE of 3.64%, outperforming Yuan et al. (VAE Based) (4.21%) and SSNet (4.03%).
Yuan et al. (U-Net Based) shows the highest error with an MPLE of 6.40%. These results suggest that the proposed
method offers the most accurate performance for spleen segmentation within this dataset.

This improved accuracy in spleen size estimation directly enhances the ability to diagnose spleen-related
conditions, such as splenomegaly, by providing precise measurements critical for clinical evaluation and
decision-making.

Overall, our experiments demonstrated that the proposed hybrid model significantly enhances spleen
segmentation performance in ultrasound images. It outperforms several state-of-the-art models across various
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--------- DeeplLab-V3 (ResNet-50)
_____ LSPNet (Medium)

......... OCRNet(HrFormer-Small)
—— OCRNet (HrNetW18)
----- OCRNet (HrNetwW48)

Fig. 5. Training loss curves for various segmentation models over iterations. The y-axis represents the loss
value, while the x-axis represents the number of iterations. The plot demonstrates the convergence behavior
and stability of each model during training, highlighting the differences in performance and training efficiency
across various architectures.

quantitative metrics and provides clear and accurate visual results. These findings indicate the potential of our
method for practical application in medical diagnostics, offering a robust and efficient tool for clinical use.

Conclusion

Our study introduced a novel approach to ultrasound image segmentation of the spleen by employing a two-
phase training process involving SegFormerB0 and Pix2Pix networks. This method has demonstrated a high IoU
score, achieving 94.17% on the Spleenex dataset. This performance surpasses existing state-of-the-art methods,
such as SSNet and SegFormerB3, which achieved IoU scores of 92.96% and 93.27%, respectively. Additionally,
our model is notably more efficient, requiring only 4 million parameters compared to the substantially higher
counts in SegFormerB3 (47.23 million) and HrNet-48 (70.08 million). This significant reduction in model
complexity not only facilitates quicker training times but also enhances the feasibility of deploying this model in

Iterations

Model

RtFormer (Base)
RtFormer (Slim)
Yolov8 (Small)

SexNeXt (mscan_b)
SexNeXt (mscan_l)
—— SexNeXt (mscan_s)

SeaFormer (Tiny)  ----- SexNeXt (mscan_t)
SegFormer-BO ——- TopFormer (Small)
SegFormer-B1 . TopFormer (Tiny)
SegFormer-B2 U-Net
SegFormer-B3 U-Net ++

clinical settings where computational resources may be limited.
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——- DeeplLab-V3 (ResNet-101) - RtFormer (Slim) SexNeXt (mscan_s)
--------- DeepLab-V3 (ResNet-50) —— Yolov8 (Small) SexNeXt (mscan_t)
—— LSPNet (Large) - SeaFormer (Tiny) ——- TopFormer (Small)
----- LSPNet (Medium) ——- SegFormer-BO - TopFormer (Tiny)
——- LSPNet (Small) SegFormer-B1 —— U2Net
--------- OCRNet(HrFormer-Small) —— SegFormer-B2 ----- U-Net
—— OCRNet (HrNetW18) SegFormer-B3 ——- U-Net ++

Fig. 6. Training curves showing the Mean Intersection over Union (mIoU) across iterations for various
segmentation models. The y-axis indicates the mIoU value, and the x-axis represents the number of iterations.
This plot illustrates the progression and convergence of each model’s performance over time, allowing for a
comparative analysis of their training stability and efficiency.

The dataset gathered during this research, comprising 450 ultrasound images of the spleen, constitutes a
valuable resource for future studies. Spleenex dataset is the first dataset in spleen image segmentation. This
dataset not only enriches the available data for training segmentation models but also serves as a benchmark for
evaluating the efficacy of novel segmentation techniques. By providing open access for non-commercial use of
this dataset, we aim to foster further research and collaboration in the field, encouraging advancements in both
methodology and clinical applications.

Furthermore, the implications of this research extend beyond mere technical superiority. By achieving
higher accuracy with a less complex model, our approach demonstrates the potential for practical application
in medical diagnostics, where robustness and efficiency are paramount. The successful application of our model
in segmenting spleen ultrasound images can lead to more precise and timely medical interventions, ultimately
improving patient outcomes. However, our study has certain limitations that we aim to address in future work.
One such limitation is the relatively small size of the Spleenex dataset, which, although unique, consists of only
450 images. Expanding the dataset with more diverse samples from additional sources would improve the model’s
generalizability. Another limitation is that the dataset was collected using only two specific ultrasound devices,
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DeepLabV3 U-Net++ SegFormer Our Method

Mask Attention-Unet

Fig. 7. Qualitative comparison of spleen segmentation results on ultrasound images using various
segmentation methods. From left to right, the columns show the original ultrasound image, the ground truth
segmentation by a human expert, and the results from DeepLabV3, SeaFormer, U-Net++, SegFormer, and
our proposed method. The rows represent different test samples, showcasing the performance of each method
across a variety of ultrasound images. The red overlay indicates the segmented spleen area. Our proposed
method consistently demonstrates more accurate and precise segmentation, closely matching the human
expert’s annotations, and outperforms other methods in challenging scenarios with less noise and better
boundary adherence. This visual comparison highlights the effectiveness and robustness of our approach in
spleen segmentation tasks.

Method MPLE (%)
Yuan et al. (U-Net Based) | 6.40%
Yuan et al. (VAE Based) 421%
SSNet'® 4.03%
Proposed Method 3.64%

Table 5. MPLE values comparing various networks and the proposed method against the ground truth for
major axis length in spleen segmentation on the Spleenex dataset. The proposed method achieves the lowest
error, demonstrating the highest accuracy.

which might restrict the model’s performance on data from other devices. Including data from a broader variety
of ultrasound machines could enhance the model’s robustness. Future work will focus on refining this model
further, exploring its adaptability to other types of medical imaging, and enhancing its real-world applicability
to support healthcare professionals in their diagnostic and therapeutic tasks.

Data Availability

The Spleenex dataset is available from the corresponding author on reasonable request. Interested researchers
are invited to submit an application through the designated request form available at https://www.ariameditech
.com/datasets/spleenex/. It should be noted that these datasets are provided solely for academic and non-com-
mercial research purposes. Prior to access, requestors are required to agree to the terms and conditions specified
in the request form, ensuring the data will be used in accordance with ethical standards and regulations.
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