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ABSTRACT

Traditional data augmentation methods, which employ static hyperpa-
rameters, often lead to model overfitting. To address this limitation, a
novel hyperparameter-driven data augmentation approach (HDAug) is
introduced in this study. Training images that simulate a plethora of
lighting and exposure conditions are synthesized by HDAug through
the stochastic sampling of augmentation hyperparameters, within pre-
defined ranges. Additionally, HDAug does not rely on prior knowledge
of specific datasets, endowing it with superior generalization capabili-
ties. The Dice coefficient was utilized as the primary evaluation metric.
Experimental results demonstrate that HDAug achieves significant per-
formance improvements in two challenging cross-modality medical image
segmentation datasets, with average Dice coefficients of 86.77%, 88.08%,
and 84.11%, respectively. The superiority of HDAug lies in its ability to
substantially enhance model robustness across diverse imaging conditions
while circumventing the overfitting issues inherent in conventional meth-
ods. Furthermore, HDAug is computationally efficient and is integrated
into existing medical image segmentation workflows.
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1 Introduction

In the domain of medical image segmentation [1–3], high-capacity models are prone to overfitting
during training, particularly in scenarios where data is scarce [4]. To efficaciously develop deep neural
networks (DNNs) with robust generalization capabilities, substantial temporal, fiscal, and human
resources are demanded for the acquisition of high-quality reference standards [5]. Furthermore, man-
ually annotated datasets often suffer class imbalance issues [6]. This insufficiency is disproportionately
impactful on particular medical image types or lesion categories, thereby impeding the model’s learning
capacity and overall efficacy [7].

Data augmentation techniques serve as an effective solution to this problem [8,9], enhancing
model robustness and precision in organ segmentation through techniques like deformation [10],
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blurring [11], and noise [12]. Notably, certain augmentation techniques may engender information loss
or distortion [13], thereby impinging upon the accuracy of the ensuing segmentation outcomes. In this
study, data augmentation techniques for medical image segmentation are focused on. While existing
data augmentation technologies can alleviate the limitations of image segmentation models to some
extent, fixed enhancement strategies are often employed, which fail to fully capture the complexity
and diversity of medical images. These limitations lead to suboptimal model performance on data
outside the training distribution. Particularly when dealing with specific types of medical images or
lesion categories, class imbalance and information loss may not be adequately addressed by current
data augmentation methods. Furthermore, the specific characteristics of medical images, such as the
complexity of tissue structures and the subtlety of pathological changes, are typically not considered by
existing data augmentation methods. Therefore, there is a need to develop more refined and adaptable
data augmentation techniques to better simulate the variability and uncertainty of medical images.

The goal of this research is to enhance precision and mitigate the overfitting phenomena in the
domain of medical image segmentation by refining data augmentation strategies. This endeavor aims
to bolster the clinical viability of the models, thereby facilitating their extensive deployment in real-
world medical contexts.

In this study, accordingly, improvements have been innovatively made based on the Saliency-
balancing Location-scale Augmentation (SLAug) framework proposed by Su et al. [14]. The diversity
of images was increased through Bézier transformations by the original global enhancement method.
However, it was found in our application to specific medical image segmentation tasks that further
adjusting the brightness and contrast of the enhanced images can better simulate images obtained
under different devices and conditions. Therefore, a random enhancement adjustment module was
introduced into the global enhancement step, which can dynamically adjust the brightness and contrast
levels of the images to more accurately match the image characteristics of the target domain. In
summary, contributions are made by this study in the following aspects:

1). To enhance model robustness and circumvent dataset-specific overfitting, a novel image quality
enhancement strategy for random data augmentation (HDAug) is introduced, which simulates various
lighting and exposure conditions through hyperparameter tuning for medical image segmentation.

2). Innovative refinement of critical hyperparameters fine-tuning, along with meticulous investi-
gation into their segmentation impact and the design of a rigorous hyperparameter adjustment system.
This system facilitates precise manipulation of image visual properties, enhancing diversity, realism,
and adaptability across varied clinical scenarios, thereby augmenting model generalization capabilities.

3). Within the context of medical image segmentation, an evaluation of the method’s performance
has been conducted on two tasks that span different domains in the medical imaging field. Notably,
its versatility extends to datasets of diverse modalities such as MRI (Magnetic Resonance Imaging)
and CT (Computed Tomography) scans.

The remaining structure of this article is as follows:

The pertinent literature on data augmentation in the field of medical imaging is reviewed in
the second section of the manuscript. The Methodological Framework for Hyperparameter-driven
Data Augmentation is presented in the third section, providing a detailed exposition of the proposed
approach. The datasets relevant to the study are discussed in the fourth section of the manuscript,
while the fifth section delves into the training configuration and experimental details. The results of
comparative experiments are introduced and analyzed in the sixth section of the manuscript. Ablation
studies are conducted and visualizations of the experimental outcomes are provided in the seventh
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section of the manuscript. Finally, the eighth section of the manuscript is dedicated to discussing and
summarizing the experimental findings.

2 Related Work

In supervised learning tasks such as image recognition and classification [15,16], the application
of data augmentation techniques has become a key strategy for enhancing model performance [17,18].
The conventional approach involves the use of simple parametric transformation techniques, such as
rotation, scaling and flipping, to expand the content of images in the training dataset. The fundus
images were enhanced in the study by Kaushik et al. [19] through the use of flipping and filling.
Similarly, in the study by Cangöz et al. [20], the impact of five most commonly used data augmentation
techniques—random rotation, horizontal flip, vertical flip, random crop and translation—on the
need for precise anatomical division in the diagnosis and treatment of diseases was individually
assessed. Furthermore, Isensee et al. [21] designed a data augmentation pipeline that includes a series
of operations such as rotation, scaling, Gaussian noise injection and Gaussian blurring. Although
these traditional data augmentation methods are straightforward and effective, their process design
often relies on experience and may not achieve the optimal diversity enhancement effect [22,23].

New horizons have been opened up by the application of Generative Adversarial Networks
(GANs) [24] in the field of medical image data augmentation. Chen et al. [25] proposed a novel
end-to-end primary-auxiliary dual generative adversarial network (PadGAN) for enhancing macaque
brain diffusion magnetic resonance imaging (dMRI) data. Through the collaborative operation of
the primary and auxiliary generators, the quality of low b-value image generation was effectively
enhanced. A novel framework was designed by Motamed et al. [26] for enhancing chest X-ray
images. Golhar et al. [27] proposed a data augmentation model based on Generative Adversarial
Network (GAN) inversion to address the issue of limited annotated data in the classification task of
polyps during colonoscopy examinations. Moreover, the Data Pair Generative Adversarial Network
(DPGAN) [28] utilizes pairs of data to train the generative model, producing new and balanced
pairs of images and segmentation masks. However, they face challenges such as instability and mode
collapse [29]. Addressing these, diffusion models are proving to be competitive with GANs as an
alternative for medical image data augmentation [30]. Pioneering works introduced the Diffusion
Probabilistic Model (DPDM) by Ho et al. [31], while Moghadam et al. [32] focused on morphology
with their Diffusion Probabilistic Model (DPM), successfully generating histopathological images.
Pinaya et al. [33] leveraged latent diffusion models for data augmentation and the synthesis of
high-resolution 3D brain imaging images. Furthermore, Shao et al. [34] introduced a novel feature
enhancement framework, AugDiff, which integrates a diffusion model (DM) into multiple instance
learning (MIL) to efficiently enhance features of whole-slide images. Although diffusion models may
confront challenges such as relatively slower sampling speeds and higher computational overheads,
comprehensive distribution coverage, ease of training and scalability are excelled in by diffusion
models.

In light of the previously mentioned shortcomings, learning-based methods have emerged as
a complementary approach, introducing an innovative approach to learning data augmentation
transformation strategies directly from the data. Two labeled images were combined by Zhang et al. [35]
to generate new synthetic training samples, specifically targeting the segmentation of brain lesions
based on convolutional neural networks. The Sinkhorn distance was utilized by Lyu et al. [36] to
maximize diversity among different data augmentation strategies. Dabouei et al. [37] optimized the
combination of samples through a supervised mixed data augmentation process by calculating salient
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regions and performing data augmentation based on these areas. The learning of polyp features
by the YOLOv4 model was enhanced by Chou et al. [38] by integrating a module that combines
discrete wavelet transform (DWT) to extract polyp texture features, and employs a style-based GAN2
generative adversarial network to augment image data.

3 Methodological Framework for Hyperparameter-Driven Data Augmentation (HDAug)

As depicted in Fig. 1, the HDAug framework is composed of two stages. The Random Data
Augmentation component functions by stochastically generating enhancement hyperparameters,
specifically gain (α) and bias (β), within pre-defined parameter intervals, thereby instilling variability
into the dataset. In contrast, the Location-Scale Augmentation component is designed to meticulously
augment specific regions or features within the imagery, highlighting critical information that pro-
motes refined model discernment and acquisition of local nuances.

Figure 1: Workflow of the proposed data augmentation approach: Given a segmentation net-
work fθ, an input image x and two lists of random hyperparameters α : α1, α2 . . . αm (m ≥ 1) and
β : β1, β2 . . . βn (n ≥ 1), firstly in we randomly select hyperparameters α and β are randomly selected
based on the given hyperparameter list and then linearly transform them with the pixel values of the
input data to get the processed new data

3.1 Random Data Augmentation
3.1.1 Setting Enhancement Parameters

Initially, let α and β be two sets comprising multiple potential factors, one representing gains and
the other biases. Subsequently, randomly select the i factor from the set α, denoted as αi, where i is an
index uniformly and randomly drawn from the set {1, 2, . . . , length (α)}. Similarly, randomly select the
j factor from the set β, denoted as βj, where j is an index uniformly and randomly drawn from the set
{1, 2, . . . , length (β)}. These coefficients will be used as adjustment parameters in the subsequent data
augmentation process.
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3.1.2 Linear Transformation Enhancement

For each pixel in the image X, the following steps are performed, utilizing the two hyperparameters
previously extracted:

F (x) = αi ∗ G (x) + βj (1)

where α is coefficient that is randomly selected to amplify disparities between light and dark areas
within the image, and β is a randomly selected brightness adjustment coefficient that elevates image
luminance levels. G (x) is the input original image data and F (x) is the obtained enhanced image. The
original images and the images after enhancement are depicted in Fig. 2.

(a)

(b)

(c)

(d)

Figure 2: Examples of original and adjusted images: (a) Original images from the cross-sequence
cardiac dataset, (b) Generated adjusted samples from the cardiac dataset, (c) Original images from the
cross-modality abdominal dataset and (d) Generated adjusted samples from the abdominal dataset

By virtue of the randomized selection of hyperparameters, distinct image variations are introduced
by each data augmentation iteration, effectively preventing the model from succumbing to overfitting
on any singular dataset. This attribute enables robust generalization across disparate datasets, fostering
enhanced adaptability and performance across varied domains. The data generation process is
illustrated in Fig. 3.
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Figure 3: Data generation process of medical images. In this study, image is modeled as being
influenced by two independent factors: B, which represents the control factor for image gain; and
A, which governs the image bias factor. S is the gradient information derived from X and the ground
truth Y , processed through a network fθ (X). Our method simulates different acquisition processes for
A and B, yielding the predicted outcome Z

3.2 Location-Scale Augmentation Image Fusion
In this study, a cubic Bezier curve was employed for data augmentation, leveraging its smoothness

and monotonicity for precise, non-disruptive image enhancement through adjustable control points.
The curve is determined by the control points P0, P1, P2 and P3, where P0 and P3 are the start and end
points of the Bézier curve. P1 and P2 are the control points that govern the shape of the curve.

Global Location-scale Augmentation enhances the data by offsetting the global distribution of
the entire image, which can be expressed as:

G (x) = (μH0 (x) + σ) (2)

where H0 (x) is the nonlinear transformation function, μ∼TN (1, ω1) and σ∼TN (0, ω2) are the position-
scaling factors, respectively, where ω1 and ω2 represent the standard deviations of their respective
truncated normal distributions.

The core of global scale transformation lies in the application of specific transformation function
H0 to adjust the pixel intensity values of images, thereby covering a variety of intensity range variations
that may occur in the actual application target scenarios. Subsequently, our images undergo further
secondary transformations based on stochastically selected hyperparameters. In this way, the model
learns how to accurately recognize and segment images with varying intensity distributions.

Due to the fact that the high-frequency components of an image, such as edges and details, typi-
cally exhibit greater contrast than the low-frequency components, such as smooth areas, enhancing the
high-frequency parts can elevate the local contrast of an image, making the details more pronounced.
The core of Local Location-scale Augmentation is to perform localized enhancement on various
components of an image. Distinct from global enhancement, Local Location-scale Augmentation
utilizes semantic masks to identify regions of interest (ROIs), segments the image into its constituting
categories using binary masks, and then processes each category-specific area individually.
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Local Location-scale Augmentation, which is designed to model the distributional offsets specific
to different categories within an image. For a given image x and its corresponding mask m, the image
is decomposed into multiple class regions xc:

xc = mc � x (3)

where mc is the binary mask for class c, and � denotes element-wise multiplication. For each class c
region xc, it undergoes a monotonic nonlinear transformation represented by a Bézier curve Hpc . The
enhancement process to be represented as:

L (x, y) =
(

c∑
c=1

γcHpc (xc) + δc

)
(4)

where xc is the image region belonging to category c, γc and δc are the scaling factor and position factor
of category c, respectively. Hpc (xc) is the nonlinear transformation function of category C, which is
defined using cubic Bezier curves.

This meticulous adjustment yields an enhanced image wherein the visual characteristics are
tailored to the specific features of interest. Following these tailored transformations, the fusion of
the two sets of images is facilitated by integrating gradient information to enrich the informativeness
of the augmented samples.

By computing the gradient map of the image, the model can identify key areas within the image,
such as edges and textured regions, preserving or emphasizing these areas during the enhancement
process. Initially, the gradient is derived by calculating the gradient of the loss function of a pre-trained
model with respect to the input image, denoted as xg.

Grad = ∇x
′
g
Loss

(
fθ

(
x

′
g

)
, y′) (5)

The computed gradient is processed by taking the squared sum across the input channels to
determine the magnitude of the gradient through the l2 norm. The gradient map is then down-sampled
to a smaller grid size and interpolated using a quadratic spline kernel to obtain a smoothed gradient
map λ. Utilizing this gradient map, sensitive areas in the globally enhanced image (i.e., regions with
higher gradients) are identified and preserved.

Subsequently, the gradient is smoothed through adaptive average pooling and transposed convo-
lution with a B-spline kernel, generating a preliminary saliency map. The saliency map is constructed
by summing the squares of the gradients and applying a smoothing filter.

λ = normalize (smooth (|Grad|)) (6)

In the saliency map, areas with higher values (close to 1) are considered bright segments, indicating
regions that are more sensitive to model predictions. In the fused image, these areas will primarily
retain the characteristics of the global-enhanced image. Conversely, areas in the saliency map with
lower values (close to 0) are considered dark segments, representing regions that are more stable in
model predictions, and the information in these areas has a lesser impact on the model’s final decision-
making. In the fused image, these areas will primarily adopt the characteristics of the local-enhanced
image to introduce new visual effects.

Then, information from the gradient map is employed to integrate the global Location-scale
image with the Local Location-scale Augmentation image. In regions where the gradient is minimal,
the portions enhanced by Local Location-scale Augmentation are substituted, thereby introducing
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greater variability while maintaining essential information. This fusion generates a composite image
that seamlessly integrates the optimal visual attributes and informative characteristics. This process
can be represented as follows:

M (x, y) = λ · F (x) + (1 − λ) · L (x, y)) (7)

where M (x, y) is the pixel value of the hybrid image, λ is the weight determined by the normalized
value of the gradient map, Through this approach, we aim for the model to simultaneously learn
the ability to accurately segment objects at various scales and to robustly recognize the model under
adverse conditions. We present the algorithm of HDAug in Algorithm 1.

Algorithm 1: Process for applying a data augmentation policy
Input : Training images and annotations I (x, y), Enhanced hyperparameter list α (gain),
β (bias), network fθ , loss function Loss,
global location − scale augmentation G (x), local location − scale augmentation L (x, y),
common augmentation F .
Output : Augmented training data I

(
x′

fused, y
)

if (len (α) > 0&&len (β) > 0) then
i ← random.randrange (len (α))

αi ← α [i]
j ← random.randrange (len (β))

βj ← β [j]
xg ← clip

(
αi ∗ G (x) + βj, 0, 255

)
else :

xg = x
xl ← L (x, y)

x′
g, x′

l , y′ ← F
(
xg, xl, y

)
Calculate gradient Grad = ∇x

′
g
Loss

(
fθ

(
x′

g

)
, y′)

S ← normalize (smooth (|Grad|))
x′

fused ← s ⊗ x′
g + (1 − s) ⊗ x′

l

return x′
fused

end

4 Datasets

The dataset partitioning and preprocessing were conducted in accordance with the protocols
specified in [14]. Each 3D volume is reformatted into 2D slices, and each slice is cropped and resized
to a size of 192 × 192 pixels.

Cross-sequence Cardiac Dataset: The dataset is composed of Balanced Steady-State Free Pre-
cession (bSSFP) and Late Gadolinium Enhanced (LGE) MRI images, totaling 45 volumes for each
modality.

Cross-modality Abdominal Dataset: This dataset, comprising 30 volumes of CT (Computed
Tomography) scans and 20 volumes of T2-SPIR MRI (Magnetic Resonance Imaging) images.
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5 Training Configuration and Experimental Details

In the experimental configuration, a U-Net architecture that uses EfficientNet-b2 as the backbone
network. This network utilizes a series of convolutional layers to extract features, with each convolu-
tional layer employing a 3 × 3 kernel to capture local features [39].

The training of the segmentation network employed the Adam optimizer with a default learning
rate of 3 × 10−4. The weight decay is set to 3 × 10−5. The learning rate remains constant for the first 50
epochs and then decays linearly over the next 1950 epochs until it reaches zero.

The loss function was based on cross-entropy, and all models were trained for 2000 epochs with a
batch size of 16. The training and testing processes were executed on a Nvidia GeForce GTX 2080Ti
GPU with 11 GB of memory.

6 Quantitative and Qualitative Results

To substantiate the superiority of our proposed HDAug, its performance was compared with
a series of state-of-the-art methods, including Empirical Risk Minimization (ERM), Cutout [40],
Random Sampling of Complement (RSC) [41], MixStyle Neural Networks (Mixstyle) [42], Adver-
sarial Bias (AdvBias) [12], Random Convolution (RandConv) [43], Consistency-Sensitive Domain
Generalization (CSDG) [44], Saliency-Balancing Location-Scale Augmentation (SlAug) [14] and
Semi-Supervised Learning for Domain Generalization (SSL-DG) [45]. Tables 1 to 4 represent the
quantitative performance of different methods on the two segmentation tasks, respectively. The best
results are indicated in bold with red font for the second best. The Dice metric being utilized for
evaluation.

The efficacy of diverse data augmentation methodologies, when applied to the cardiac dataset,
is meticulously delineated in Tables 1 and 2. Specifically, Table 1 illustrates dice scores of 90.15%,
82.13%, 81.57% and 82.60% for the myocardium, left ventricle, and right ventricle, respectively, an
average Dice score of 86.77%. Significant enhancements were observed in the segmentation of the
myocardium and right ventricle, outperforming the previously superior SLAug method by 0.29%
and 0.05%, respectively. Moreover, Table 2 illustrates Dice scores of 81.85%, 92.02%, and 90.36%
for the myocardium, left ventricle, and right ventricle, respectively. These scores surpass those of the
top-performing SLAug method by 0.36%, 0.04%, and 0.75%, respectively. The overall segmentation
efficacy reached an impressive 88.08%, particularly notable for improvements in myocardium and
right ventricle segmentation, highlighting the method’s adeptness in augmenting cardiac MRI image
data and bolstering model precision in delineating critical anatomical structures. This underscores
the method’s exceptional domain generalization capabilities when applied to varied medical image
distributions that exhibit divergent inter-domain characteristics.

Table 1: Segmentation results on the cross-sequence cardiac dataset, where the model was trained on
the source domain bSSFP and tested on the target domain LGE

Method Myocardium L-ventricle R-ventricle Average

ERM 66.98 86.06 74.94 75.99
Cutout [40] 69.06 88.35 79.19 78.87

(Continued)
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Table 1 (continued)

Method Myocardium L-ventricle R-ventricle Average

RSC [41] 69.77 87.06 75.69 77.51
Mixstyle [42] 64.23 85.78 75.61 75.21
AdvBias [12] 70.29 88.23 80.32 79.62
RandConv [43] 75.60 89.88 85.70 83.73
CSDG [44] 77.82 90.35 86.87 85.01
SlAug [14] 80.65 91.53 87.90 86.69
SSL-DG [45] 80.11 91.18 86.33 85.87
Proposed 80.94 91.48 87.95 86.77

Transitioning to the abdominal cross-modality experiments, the comparative performance of
various data augmentation methods across different organs is presented in Tables 3 and 4. In the cross-
modality medical image segmentation task from the MRI to the CT dataset, the proposed method
exhibited exemplary performance, achieving Dice values of 90.15%, 82.13%, 81.57%, and 82.60% for
the liver, right kidney, left kidney, and spleen, respectively, culminating in an average segmentation
efficacy of 84.11%. Notably, the method surpassed the best-performing SLAug method by 0.89%
and 1.15% in the segmentation of the liver, and right kidney, respectively, further corroborating the
robustness and generalization capabilities of the approach across heterogeneous datasets. While the
performance in the segmentation tasks of the left kidney and spleen did not surpass that of the
state-of-the-art method, the approach presented in this study ranked third and second in these tasks,
respectively, demonstrating a strong competitive edge. Furthermore, in the cross-modality medical
image segmentation task from the CT dataset to the MRI dataset, the method achieved an average
Dice score of 88.44% for all organs, yet did not surpass previous studies. This observation suggests
that the features of our method may significantly augment effectiveness for certain tasks but may not
be universally applicable, underscoring the complexities encountered when addressing dataset-specific
peculiarities.

Table 2: Segmentation results on the cross-sequence cardiac dataset, where the model was trained on
the source domain LGE and tested on the target domain bSSFP

Method Myocardium L-ventricle R-ventricle Average

ERM 78.59 90.16 87.04 85.26
Cutout [40] 79.14 90.88 87.74 85.92
RSC [41] 78.63 90.21 87.96 85.60
Mixstyle [42] 79.64 91.22 88.16 86.34
AdvBias [12] 79.50 91.20 88.10 86.27
RandConv [43] 80.92 91.98 88.83 87.24
CSDG [44] 80.43 91.37 89.16 86.99
SlAug [14] 81.49 91.92 89.61 87.67

(Continued)
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Table 2 (continued)

Method Myocardium L-ventricle R-ventricle Average

SSL-DG [45] 80.02 90.92 85.05 85.33
Proposed 81.85 92.02 90.36 88.08

Table 3: Segmentation results on the Cross-modality Abdominal Dataset, where the model was trained
on the source domain MRI and tested on the target domain CT

Method Liver R-Kidney L-Kidney Spleen Average

ERM 87.90 40.44 65.17 55.90 62.35
Cutout [40] 86.99 63.66 73.74 57.60 70.50
RSC [41] 88.10 46.60 75.94 53.61 66.07
Mixstyle [42] 86.66 48.26 65.20 55.68 63.95
AdvBias [12] 87.63 52.48 68.28 50.95 64.84
RandConv [43] 84.14 76.81 77.99 67.32 76.56
CSDG [44] 85.62 80.02 80.42 75.56 80.40
SlAug [14] 89.26 80.98 82.05 79.93 83.05
SSL-DG [45] 88.28 80.41 85.92 85.27 84.97
Proposed 90.15 82.13 81.57 82.60 84.11

Table 4: Segmentation results on the Cross-modality Abdominal Dataset, where the model was trained
on the source domain CT and tested on the target domain MRI

Method Liver R-Kidney L-Kidney Spleen Average

ERM 78.03 78.11 78.45 74.65 77.31
Cutout [40] 79.80 82.32 82.14 76.24 80.12
RSC [41] 76.40 75.79 76.60 67.56 74.09
Mixstyle [42] 77.63 78.41 78.03 77.12 77.80
AdvBias [12] 78.54 81.70 80.69 79.73 80.17
RandConv [43] 73.63 79.69 85.89 83.43 80.66
CSDG [44] 86.62 87.48 86.88 84.27 86.31
SlAug [14] 90.08 89.23 87.54 87.67 88.63
SSL-DG [45] 87.59 85.75 85.69 84.93 85.99
Proposed 90.83 88.98 87.02 86.91 88.44

In this study, the model ceases training at the 2000th epoch. The convergence curve of the model’s
loss function is depicted in Fig. 4. The loss function of the model exhibits a significant decline within
the first 800 epochs on both datasets, after which it plateaus. This phenomenon indicates that the model
rapidly learns the primary features of the datasets during the initial phase and begins to stabilize after
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800 epochs. Although training continues until the 2000th epoch, further reduction in the loss function
is minimal, suggesting that the model has converged. This rate of convergence is acceptable as it allows
the model to achieve high performance within a reasonable timeframe. However, it is acknowledged
that faster convergence might be achievable tuning and optimization of training strategies, which will
be a focus of future work.

0 500 1000 1500 2000

0.02

0.04

0.08

0.06

0.1
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ss

epoch

Figure 4: Model convergence curve. The vertical axis represents the loss function (loss), and the
horizontal axis represents the epoch

Fig. 5 illustrates the performance of various data augmentation methods on segmentation tasks
using a radar chart. The radial position of each data point corresponds to the score or efficacy within a
particular evaluative dimension, while the connecting lines delineate the overarching trend. Each spoke
on the radar chart symbolizes a distinct data augmentation technique (e.g., ERM, Cutout, etc.).

Figure 5: (Continued)

https://www.scipedia.com/public/Yang_et_al_2024 12

https://www.scipedia.com/public/Yang_et_al_2024


Y. Yang, H. Shao, X. Deng and Y. Jiang,

HDAug: Optimizing medical image segmentation through hyperparameter-driven

brightness and contrast augmentation for deep learning models,

Rev. int. métodos numér. cálc. diseño ing. (2025). Vol.41, (1), 4

Figure 5: The comprehensive performance of different data augmentation methods across various
modality dataset segmentation tasks. (a) illustrates the performance comparison of several data
augmentation methods on the task of mapping from balanced steady-state free precession (bSSFP) to
late gadolinium enhancement (LGE) images. (b) depicts the performance comparison of the same data
augmentation methods when applied to the reverse task, i.e., mapping from LGE to bSSFP images.
(c) represents the performance comparisons of several data augmentation methods on the magnetic
resonance (MR) to computed tomography (CT) segmentation task. (d) represents the performance
comparisons of several data augmentation methods on the computed tomography (CT) to magnetic
resonance (MR) segmentation task

(a) and (b) present a compilation of the Dice coefficients from preceding methodologies for
disparate cardiac tissues (myocardium, left ventricle, right ventricle), as well as the mean Dice
coefficient for each cardiac tissue type. Subfigure (a) illustrates the performance comparison of
several data augmentation methods on the task of mapping from balanced steady-state free precession
(bSSFP) to late gadolinium enhancement (LGE) images. Subfigure (b), on the other hand, depicts
the performance comparison of the same data augmentation methods when applied to the reverse
task, i.e., mapping from LGE to bSSFP images. Our method consistently achieves higher Dice scores,
demonstrating better consistency and precision across all cardiac tissues, including the challenging left
atrium.

(c) and (d) show the Dice coefficients for segmenting various abdominal tissues (Liver, R-Kidney,
L-Kidney, Spleen) using different methodologies. Subfigures (c) and (d) represent the performance
comparisons of several data augmentation methods on the magnetic resonance (MR) to computed
tomography (CT) segmentation task and the CT to MR segmentation task, respectively. Compara-
tively, our method showed the most significant improvement, indicating superior segmentation quality
and robustness in abdominal image segmentation.
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7 Ablation Studies on the Impact of Hyperparameters α and β

7.1 Hyperparametric Evaluation
To demonstrate our approach’s effectiveness, the influence of the hyperparameters α and β on two

datasets is scrutinized. These studies assessed the performance metrics of models trained with individ-
ual hyperparameters, ensuring equitable comparison with the pre-existing U-Net model. Tables 5 to 8
showcase the ablation analysis of HDAug in the context of the cross-sequence segmentation challenge
for the cardiac dataset and the cross-modality abdominal segmentation task.

Table 5: Ablation study on bSSFP to LGE

α β Myocardium L-ventricle R-ventricle Average

SLAug 80.65 91.53 87.90 86.69
Variant 1 Yes 80.92 91.03 86.80 86.25
Variant 2 Yes 79.10 90.74 85.55 85.13
HDAug Yes Yes 80.94 91.48 87.95 86.77

Notably, a marked decline was observed in model performance when either α and β was individu-
ally omitted, indicating the adverse impact on efficiency and accuracy in the absence of these factors.
Crucially, when α and β were combined and allowed to interact within the model, not only a significant
improvement in performance but also an enhancement surpassing the original model’s capabilities was
noted. Ultimately, HDAug demonstrated the best performance, highlighting the indispensable role of
both α and β components in achieving advanced domain generalization and their synergistic effect,
wherein their combined action complements each other, fortifying the model’s performance.

Table 6: Ablation study on LGE to bSSFP

α β Myocardium L-ventricle R-ventricle Average

SLAug 81.49 91.92 89.61 87.67
Variant 1 Yes 75.32 83.28 84.53 81.04
Variant 2 Yes 77.11 86.46 84.65 82.74
HDAug Yes Yes 81.85 92.02 90.36 88.08

Table 7: Ablation study on CT to MRI

α β Liver R-Kidney L-Kidney Spleen Average

SLAug 89.26 80.98 82.05 79.93 83.05
Variant 1 Yes 87.63 79.41 80.73 80.07 81.96
Variant 2 Yes 87.26 80.05 87.25 77.98 81.63
HDAug Yes Yes 90.15 82.13 81.57 82.60 84.11

https://www.scipedia.com/public/Yang_et_al_2024 14

https://www.scipedia.com/public/Yang_et_al_2024


Y. Yang, H. Shao, X. Deng and Y. Jiang,

HDAug: Optimizing medical image segmentation through hyperparameter-driven

brightness and contrast augmentation for deep learning models,

Rev. int. métodos numér. cálc. diseño ing. (2025). Vol.41, (1), 4

Table 8: Ablation study on MRI to CT

α β Liver R-idney L-idney Spleen Average

SLAug 90.08 89.23 87.54 87.67 88.63
Variant 1 Yes 90.42 88.40 88.14 85.08 88.01
Variant 2 Yes 90.33 89.23 86.44 85.62 87.90
HDAug Yes Yes 90.83 88.98 87.02 86.91 88.44

7.2 Visual Evaluation
To emphasize the efficacy of our proposed data augmentation methodology, Fig. 6 prominently

features the comparative findings of our visual analysis, with boxed areas highlighting intricate details
within the images. Fig. 7 presents a visual assessment that exclusively focuses on the extreme parameter
settings from these two datasets, aligning with the image names in Fig. 6. This selection is made
to meticulously examine the distinctions between various parameter configurations. Through this
unequivocal visual comparison, it became evident that our enhancement technique substantially
improved the overall quality of the images. This improvement was evident not only in the amplification
of image details but also in the refinement of contrast and the minimization of noise.

Figure 6: (Continued)
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Figure 6: Visual evaluation of cross-sequence cardiac datasets. The initial column showcased the
original image, while the succeeding columns illustrated the effects of distinct values of α and β on
image quality. The first and fourth rows displayed globally enhanced images; the second and fifth rows
depicted locally enhanced images; and the third and sixth rows presented composite images, derived
from both global and local enhancements

Figure 7: (Continued)
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Figure 7: (Continued)
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Figure 7: Visual evaluation of cross-modality abdominal datasets. The first and fourth rows displayed
globally enhanced images; the second and fifth rows depicted locally enhanced images; and the third
and sixth rows presented composite images, derived from both global and local enhancements

8 Conclusion

Our research introduces a novel stochastic data augmentation technique for medical image
segmentation, dynamically generating enhancement hyperparameters to overcome the limitations of
static settings and reduce overfitting. Compared to the traditional static hyperparameter configura-
tion, our dynamic approach significantly enhances the model’s generalization capability on unseen
data, effectively mitigating the overfitting phenomenon. The study employed the widely recognized
performance metric, Dice, to comprehensively evaluate our model. This research conducted training
and experimental validation on two cross-modality datasets to compare and analyze the effectiveness
and performance of the proposed HDAug framework. The experimental results demonstrate that our
model has achieved significant improvements over the state-of-the-art techniques. Our method not
only enhances image quality and segmentation accuracy in both qualitative and quantitative metrics
but also validates the effectiveness of the proposed approach in improving segmentation quality
through visual segmentation results. By visualizing the convergence curves, the increased stability of
the model can be intuitively observed. Furthermore, ablation studies were conducted to verify the
contribution of each component within the model. It is believed that these objective experimental
results not only substantiate the effectiveness of the model but also provide valuable references for
future research.
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