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Highlights

The nnU-Net model yielded the best midbrain segmentation agreement, achieving the top-ranked
averaged scores compared U-Net and U-Net+++ on original TCS Images.

The nnU-Net demonstrated the best-performing performance in aspects of segmentation
agreement, model stability, and time efficiency.

The segmentation power of the nnU-Net network remained robust against ultrasound imaging
noise.

This large cohort study is the first of its kind to benchmark the best-performing state-of-the-art
deep neural network for TCS-based midbrain auto-segmentation in a wide spectrum of application
perspectives.
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Abstract

Background and Objective: Transcranial sonography-based grading of Parkinson’s Disease has
gained increasing attention in recent years, and it is currently used for assistive differential diagnosis
in some specialized centers. To this end, accurate midbrain segmentation is considered an important
initial step. However, current practice is manual, time-consuming, and bias-prone due to the subjective
nature. Relevant studies in the literature are scarce and lacks comprehensive model evaluations from
application perspectives. Herein, we aimed to benchmark the best-performing U-Net model for
objective, stable and robust midbrain auto-segmentation using transcranial sonography images.

Methods: A total of 584 patients who were suspected of Parkinson's Disease were retrospectively
enrolled from Beijing Tiantan Hospital. The dataset was divided into training (n=416), validation
(n=104), and testing (n=64) sets. Three state-of-the-art deep-learning networks (U-Net, U-Net+++, and
nnU-Net) were utilized to develop segmentation models, under 5-fold cross-validation and three
randomization seeds for safeguarding model validity and stability. Model evaluation was conducted in
testing set in three key aspects: (i) segmentation agreement using DICE coefficients (DICE),
Intersection over Union (loU), and Hausdorff Distance (HD); (ii) model stability using standard
deviations of segmentation agreement metrics; (iii) prediction time efficiency, and (iv) model
robustness against various degrees of ultrasound imaging noise produced by the salt-and-pepper noise
and Gaussian noise.

Results: The nnU-Net achieved the best segmentation agreement (averaged DICE: 0.910, loU: 0.836,
HD: 2.793-mm) and time efficiency (1.456-s). Under mild noise corruption, the nnU-Net outperformed
others with averaged scores of DICE (0.904), loU (0.827), HD (2.941 mm) in the salt-and-pepper noise
(signal-to-noise ratio, SNR = 0.95), and DICE (0.906), loU (0.830), HD (2.967 mm) in the Gaussian
noise (sigma value, o = 0.1); by contrast, intriguingly, performance of the U-Net and U-Net+++ models
were remarkably degraded. Under increasing levels of simulated noise corruption (SNR decreased
from 0.95 to 0.75; o increased from 0.1 to 0.5), the nnU-Net network exhibited marginal decline in
segmentation agreement meanwhile yielding decent performance as if there were absence of noise
corruption.

Conclusions: The nnU-Net model was the best-performing midbrain segmentation model in terms of
segmentation agreement, stability, time efficiency and robustness, providing the community with an
objective, effective and automated alternative. Moving forward, a multi-center multi-vendor study is
warranted when it comes to clinical implementation.

Keywords: Parkinson's Disease, Midbrain, Transcranial Sonography, Auto-segmentation, Deep
Learning.
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1 Introduction

Parkinson’s Disease (PD) is a chronic, progressive and devastating neurodegenerative disorder,
accounting for over 9.4 million of sufferers across the globe in 2020 [1] and it has been considered as
the fastest-growing neurological illness [2, 3]. Early diagnosis and frequent surveillance are the key
antidote to this crippling disease. Among various imaging approaches, transcranial sonography (TCS)
possesses unique particularities of being non-invasive, radiation-free, rapid, low cost, highly
accessible, high patient compliance, easy-to-operate, as well as proven to offer the correlations of its
hyper echoic pattern in brain substantia nigra with incidence and severity of PD [4-8]. In light of this,
several international guidelines on TCS-based PD assessment and grading have been well-documented
to aid neurologists in offering enhanced healthcare delivery to PD sufferers in aspects of early diagnosis
and treatment outcome assessment [9-11]. Its popularity is on a rapid rise around the world [12, 13].

In clinical practice, an accurate segmentation of the midbrain structure is considered a crucial
initial task. [14, 15] in TCS-based PD grading and severity assessment [16, 17]. However, traditional
practice of midbrain segmentation is entirely a manual process, which suffers from two major
drawbacks. First, the time-consuming nature of the practice has not only posed significant clinical
burdens, especially in busy clinics, but also called for experienced clinicians for accurate midbrain
segmentation which may not be easily overcome in resource-demanding regions, such as developing
and under-developed countries. Second, the issue of subjectiveness is intrinsically embedded in the
nature of the manual segmentation process, which may in turn incur bias in subsequent PD grading and
assessment. In the contemporary era of Al in medicine, there is a pressing demand for an automated,
efficient, and objective technique for midbrain segmentation in order to lay a solid foundation toward
revolutionizing the clinical practice of TCS-based PD assessment in the long run.

With this regard, the U-Net deep-neural network and its variants, including the U-Net+++ and
the nnU-Net, have been gaining increasing popularity in the community for medical image
segmentation. In 2015, the U-Net neural network was first introduced; its design presents a U-shaped
architecture and it utilizes an encoder-decoder structure with skip connections to capture contextual
information for achieving precise localization [18]. In 2020, an extension of the U-Net network called
U-Net +++ was introduced. It is coupled with nested pathways and deeply supervised full-scale skip
connections, enabling multi-scale contextual information [19]. In 2021, the nnU-Net model, an
adaptive, unified extensible training framework, was introduced for segmenting medical images.
Instead of altering the network architecture, the authors proposed a comprehensive training workflow
structure. [20]. The segmentation capabilities of these three neural networks on various imaging
modalities have been well-documented, including computed tomography [21-23], magnetic resonance
imaging (MRI) [24-26] and ultrasound [27-30]. In spite of their promising segmentation power, the
application of Al in midbrain segmentation is scare in the literature.

TCS-based midbrain segmentation can be broadly classified into two categories according to
the current body of literature: traditional and Al-based approaches. For traditional method, Sakalauskas
et al. revealed a modified shape-based active contour segmentation algorithm for midbrain using a
dataset of 40 TCS images in 2013, which achieved a DICE of 73.1+7.5% [17]. Later in 2016,
Sakalauskas et al. integrated an experience-based statistical shape model with an intensity-amplitude
invariant edge detector, for extracting the fuzzy boundaries of the midbrain on TCS images using a
dataset of 130 TCS images, which achieved a mean DICE and Hausdorff Distance (HD) between 87.6-
89.6% and 3.60-6.09 mm, respectively [31]. For Al-based strategies, the only relevant research work
found in the literature was conducted by Milletari et al. (2017), they enrolled 34 subjects and developed
a Hough-CNN network for midbrain segmentation, which achieved a DICE between 0.77-0.85,
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depending on different configurations of the convolutional layers [32]. These abovementioned studies
have reflected the importance and laid a foundation of TCS-based automated midbrain segmentation
over the past decade.

Nevertheless, the contemporary era of Al has placed a growing emphasis on the sample size and
a boarder scope of model evaluations from application perspectives, including and beyond the
segmentation accuracy. The only relevant research in the literature by Milletari et al. may not be
capable of providing sufficient values of their developed models from clinical implementation
perspectives, on top of the inadequacy of sample size [32]. To address these challenges, this study
aimed to conduct a large-cohort study and benchmark a U-Net based network from U-Net, U-Net+++,
and nnU-Net for midbrain auto-segmentation on TCS images. Efficacy of the developed models were
comprehensively evaluated in multiple application facets, including segmentation agreements, model
stability, time efficiency, as well as model robustness against noise-corrupted TCS images. Findings
of this study are anticipated to provide the community with enhanced understanding regarding the
clinical usefulness of the developed auto-segmentation models, and to pave the way for further
investigations on substantia nigra auto-segmentation towards objective, effective and fully automated
PD assessment using TCS images in the long run.

2 Methods

2.1 Data Acquisition, Annotation and Image Pre-processing

TCS images of 584 patients, who were suspected or diagnosed with PD, were retrospectively enrolled
from Beijing Tiantan Hospital between 2021 and 2023. Patient consent was waived because of the
retrospective nature of this study. Ethical approval for this study was obtained from the Human Subject
Ethics Sub-committee (HSESC) of the Hong Kong Polytechnic University (HSEARS20231102004).
All the original TCS images were acquired by a Canon Aplio i900 i-series ultrasound system (Canon
Medical Systems Corporation, Otawara, Tochigi, Japan) with i8CX1 convex array (center frequency =
2.6 MHz). An experienced physician maneuvered the ultrasound probe over the temporal region,
followed by capturing the ultrasound imaging frames that display the butterfly-shaped midbrain
structure.

The ground-truth midbrain annotation was manually delineated on the captured imaging frames using
the Canon Aplio 1900 i-series ultrasound system by experienced physicians with over 10 years of
experience.

In this study, several pre-processing procedures were performed on the original TCS images prior to
downstream analyses. First, all the TCS images together with the corresponding ground-truth midbrain
annotations were cropped from a resolution of 1280x960 to 400x320, in order to effectively localize
the midbrain region within the region-of-interest (ROI) meanwhile minimizing irrelevant information
from other structures for achieving effective learning during subsequent model development. Second,
a binary mask was generated by extracting the region within the ground-truth midbrain annotations for
each patient; this procedure enabled an accurate representation of the segmentation target for
downstream model development and evaluation.

2.2 Deep-learning Neural Networks
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In the present study, three U-Net based neural networks, including U-Net, U-Net+++, and nnU-Net,
were deployed for developing auto-segmentation models. Architectures of these three networks are
illustrated in Supplementary Figure 1A-1D. Details on settings of each of these networks were
presented as follows:

2.2.1 U-Net

The U-Net model is a state-of-the-art architecture designed dedicatedly for medical image
segmentation [18]. It is one of the most widely adopted segmentation network within the medical
imaging community. The U-Net network exhibits a U-shaped architecture, it strategically combines
encoders and decoders, enabling information fusion throughout the network, for achieving precise
segmentation outcomes. In this present experiment, the U-Net model contains four layers with 64, 128,
256 and 512 feature channels, respectively. In the encoder path, the input undergoes four layers
convolution blocks for feature extraction, followed by four max pooling operations; each layer contains
two 3x3 convolutions and same padding, followed by a 2x2 max pooling with strides of two in each
dimension. In the decoder path, the extracted features are subsequently processed through four layers
of convolution blocks and undergo four rounds of deconvolutions; each layer includes a 2x2 up-
convolution with strides of two in each dimension, followed by two 3x3 convolutions and the same
padding. For model development, a maximum of 100 epochs was specified, starting with an initial
learning rate of 1e-4. The momentum was set to 0.9 to aid in faster convergence and stability, while
the batch size of 4 was chosen to determine the number of samples processed before updating the model
parameters.

2.2.2 U-Net+++

The U-Net+++ model is a full-scale skip connection and deep supervision based on the U-Net
architecture [19]. The Unet+++ introduces a novel full-size skip connection, which strengthens the
interconnections between the encoder and decoder, as well as the intra-connections among decoder
subnetworks, allowing each decoder layer to effectively incorporate both small-scale and same-scale
feature maps from the encoder. UNet+++ is designed to aggregate features across all scales,
incorporating skip connections between the top and bottom layers of both the encoder and decoder. In
this study, the U-Net+++ network contains four layers with 64, 128, 256 and 512 feature channels,
respectively. In the encoder path, each layer comprises two 3x3 convolutions and the same padding,
followed by a 2x2 max pooling operation with strides of two in each dimension. In the decoder path,
each layer of the U-Net+++ model comprises a 2x2 up-convolution with strides of two in each
dimension, followed by two 3x3 convolutions and the same padding. The model includes skip
connections at the same feature map level within the encoder, skip connections from higher to lower
feature map levels, and decoder skip connections. The parameters of the U-Net+++ model remained
the same as those of the U-Net network, including a maximum of 100 epochs, an initial learning rate
of 0.0001, a momentum value of 0.9, and a batch size of 4.

2.2.3 nnU-Net

The nnU-Net model, an adaptive and unified extensible training framework, was introduced for the
segmentation of medical images. [20]. It is an automatic deep learning-based segmentation method that
configures itself for new tasks, encompassing preprocessing, network architecture, training, and post-
processing. It is built on an adaptive framework based on 2D and 3D U-Net, and automatically tunes
hyperparameters based on the specific properties of the given dataset, such as the exact patch size,
batch size, and inference settings based on the size and characteristics of the input images. In this
research work, the 2D version of nnU-Net was utilized. The model consists of an encoder path and a
decoder path. Within the nnU-Net architecture used in this study, there are seven layers, each with 32,
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64, 128, 256, 512, 512 and 512 feature channels, respectively. In the encoder path, each layer employs
two 3x3 convolutions to extract hierarchical features from the input data. This process allows for
progressive capture of intricate details and patterns presented in the midbrain of the TCS images.
Conversely, in the decoder path, each layer consists of a 2x2 up-convolution with strides of two in each
dimension, followed by two 3x3 convolutions. The nnU-Net model was trained with a maximum of
100 epochs. Several other parameters were set to their initial values in the experiment. The learning
rate was set to 0.0001. A momentum value of 0.9 was used to enhance the stability of the training
process. The training was performed using a batch size of 4.

2.3 Model Development and Evaluation

To comprehensively compare the performance of the three models, the model Development involves
dataset partitioning, image pre-processing, and training with 5-fold cross-validation using 3 random
seeds. The evaluation of the models includes two essential aspects: assessing model segmentation
performance and evaluating model robustness under various noise conditions.

2.3.1 Model Development

Figure 1 showcases a schematic diagram of the entire experimental workflow. First, the entire dataset
(n=584) into was randomly into training, validation, and testing sets via a randomization seed, at an
approximate ratio of 70% (n=416), 20% (n=104), 10% (n=64), respectively, taking reference from
previous literature [33]. All the analyzed images at this stage were processed according to the image
pre-processing procedures depicted in Section 2.1.3.

Dataset
(Total: n = 584)

Image Pre-processing

Train Dataset
Seed 1/ Seed 2/ Seed 3

1

White: Ground-truth

Training Cohort Validation Cohort
o= —
I Training I e Fold1 | b1 | b2 | D3 [ D4 Fold1
| Cohort(n=416) b
Soaoo = [ IZD Fold2 | b1 | D2 | D3 | D4 Fold2
Validation Size: 400'320
Cohort(n=104) Fold3 | p1 | D2 | D3 | D4 Fold3
S [ cropping Extacton ( Fold4 | b1 (b2 | D3 | D4 Fold4
| Testing | —
= Ci d il Extract Ground-truth
| Conortin=64) | T PR Foias| o1 [ o2 [ o3 o || Fotas 05|
Compared Results Model
Performance Evaluation U-net pU_neﬁ..H. nnU-net fsibatasat
i Network N Dice: 0.9454 Dice: 0.9417 Dice: 0.9551 ) Testing
Dice loU HD E;ici::my Model Stability ‘ ‘ ‘ Predict Cohort
i Il ' ' * -
\ /| Prediction [s0=
0mm =

Ground-truth

Robustness Analysis

White:

Nosie Addition

Predict

Salt and Pepper Noise

Gaussian Noise

Fig. 1. Overall study workflow from dataset randomization, image pre-processing, to model training, robustness analysis after noise

addition on the original images, and model performance evaluation

In the training set, three deep-learning networks (U-Net, U-Net+++, and nnU-Net) were
separately utilized to develop three segmentation models under 5-fold cross-validation. In this
experiment, three independent randomization seeds were deployed to obtain three sets of results for



227
228
229
230
231

232

233
234
235
236

237

238
239
240
241
242

243
244
245

246

247
248
249
250

251

252
253
254
255

256
257

258
259

260
261

the sake of harvesting a fair model performance across different patient sub-populations. The approach
of multiple randomized stratification was commonly adopted [16, 34, 35]. An averaged performance
of each model was reported in this study to assess model stability and to improve validity of the findings.
The training process was carried out on an in-house service machine equipped with an Nvidia RTX
A6000 GPU card. Training time for each model was recorded.

2.3.2 Model Evaluation

The developed models were evaluated in the testing set in two scenarios: (a) Model segmentation
performance on original images; and (b) Model robustness assessment on images corrupted by two
types of typical ultrasound imaging noise (after implementing noise addition on the original images).
Details of the model evaluation procedures are described below:

(a) Model Segmentation Performance on Original TCS Images

All the developed models were evaluated in the testing set in aspects of model segmentation agreement,
model stability and prediction time efficiency. For model segmentation agreement, DICE coefficient
(DICE), Intersection over Union (loU), and Hausdorff Distance (HD), were calculated for evaluation.
These evaluating metrics have been widely adopted in the field of medical image segmentation [36,
37]. Relevant equations and definitions are shown below:

DICE is a measure of similarity between two segmentations. It provides a value between 0 and 1,
where a higher value indicates better, X and Y represent the area of predict image and ground truth
respectively:

C2|XNY|

DICE =
| X 1+]Y]

(Eq. 1)

loU is a metric that measures the overlap between two regions. It is calculated by dividing the
intersection area of the predicted and ground truth by their union area. The loU value ranges from 0 to
1, where a higher value indicates better, X and Y represent the area of predict image and ground truth
respectively:

| XAY]

loU =
| XUY|

(Eq. 2)

HD measures the maximum dissimilarity between two regions. A smaller HD indicates better
agreement between segmentations, quantifying the maximum discrepancy between predicted and
ground truth boundaries, A and B are point sets, a and b are points in A and B respectively, and d (a,
b) represents the distance between point a and point b:

HD(A,B) =max(max(min(d(a,b))), max(min(d (b, a)))) (Eq.3)

For model stability, standard deviations (SD) of each of the above segmentation evaluating
metrics (DICE, loU, HD) under 5-fold cross-validation across the three randomization seeds were
adopted for evaluation.
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(Eq. 4)

For prediction time efficiency, the time (in second) required for the_developed models to execute
prediction on the testing set was calculated for assessment.

(b) Model Robustness Assessment on Noise-corrupted TCS Images

In addition to segmentation agreement, model stability and time efficiency, the developed models were
evaluated in aspects of their robustness under a varying degree of noise-corrupted ultrasound images.
Salt-and-pepper noise and Gaussian noise are two common types of ultrasound imaging noise [38],
and they have been adopted in Al studies of ultrasound-based auto-segmentation [39]. Salt-and-pepper
noise is a random impulse noise where certain pixels have different intensities compared to their
neighbors. Gaussian noise, on the other hand, is a statistical noise caused by random signal fluctuations
and follows a Gaussian distribution. In this study, the quality of the images in the testing set of 64
testing images was corrupted by addition of the salt-and-pepper noise and the Gaussian noise.

For the salt-and-pepper noise, three noise levels reflected by the signal-to-noise ratio (SNR) of
0.95, 0.85, and 0.75 were introduced and analyzed. For the Gaussian noise, three noise levels in terms
of the sigma values (o) of 0.1, 0.3, and 0.5, representing the standard deviation of a Gaussian
distribution, were employed and analyzed.

To analyze model robustness, segmentation agreements of the three comparing networks (U-Net,
U-Net+++, and nnU-Net) were first assessed in terms of DICE, loU, and HD, under a mild level of
noise corruption on the salt-and-pepper noise corrupted images (SNR=0.95) and the Gaussian noise
corrupted images (0=0.1). Following the above analysis, the best-performing network was
benchmarked. Finally, robustness of the benchmarked model was subsequently further analyzed on
images with increasing degrees of noise corruption on the salt-and-pepper noise corrupted images
(SNR=0.95, 0.85, 0.75) and the Gaussian noise corrupted images (6=0.1, 0.3, 0.5).

3 Results

After completing the comprehensive experiments mentioned above, this study primarily presents
results in two parts: the model segmentation performance, and the robustness of the model under noise-
corrupted conditions.

3.1 Model Segmentation Performance on Original TCS Images

The section mainly discusses the model segmentation agreement, model stability, and prediction time
efficiency. Furthermore, extensive quantitative comparisons were conducted.

Model Segmentation Agreement and Model Stability

From quantitative perspectives, Table 1A summarizes the quantitative comparisons among the U-Net,
U-Net+++, and nnU-Net networks for midbrain segmentation agreement (in terms of averaged DICE,
loU, and HD) and model stability (in terms of SD) on the testing dataset (relevant results for the
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validation set can be found in Supplementary Table 1A). It showcases the detailed results of the 3
randomization seeds under 5-fold cross validation. It is worth noting that the nnU-Net model yielded
the best segmentation agreement, achieving the top-ranked averaged scores of DICE (0.910, 0.907,
0.910 in randomization seed 1 to 3, respectively), loU (0.838, 0.832, 0.837 in randomization seed 1 to
3, respectively), HD (2.727 mm, 2.801 mm, 2.852 mm in randomization seed 1 to 3, respectively).
With respect to model stability, the nnU-Net model outperformed the other two comparing networks,
achieving the top-ranked values of SD in DICE (0.001 in all the three randomization seeds), loU (0.002,
0.001, 0.002 in randomization seed 1 to 3, respectively), and HD (0.095 mm, 0.065 mm, 0206 mm in
randomization seed 1 to 3, respectively).

Table 1A. Results of segmentation agreement and stability of the three comparing neural networks in each of the three randomization
seeds under 5 cross-validation on the testing dataset. Averaged (AVG) scores of the segmentation agreement metrics in DICE, loU,
and HD are presented for each model in each randomization seed. Standard deviation (SD) was calculated to illuminate the underlying
model stability. The top-ranked scores are bolded.

Randomization Seed 1 Randomization Seed 2 Randomization Seed 3

Network  Fold DICE loU HD(mm)| DICE loU HD (mm) | DICE loU HD(mm)

Foldl 0.905 0.829 3.375 0.899 0.820 3.394 0.903 0.825 3.359

Fold2 0.901 0.823 3.321 0.901 0.823 3.207 0.904 0.826 3.194

Fold3 0.904 0.828 3.223 0.892 0.808 3.504 0.899 0.818 3.541

U-Net Fold4 0.900 0.822 3.337 0.899 0.820 3.271 0.903 0.824 3.556

Fold5 0.903 0.826 3.704 0.894 0.811 3.566 0.898 0.817 3.830

AVG 0.903 0.826 3.392 0.897 0.816 3.389 0.901 0.822 3.496

SD 0.002 0.003 0.184 0.004 0.006 0.152 0.003  0.004 0.239

Foldl 0.889 0.806 4.385 0.898 0.817 3.680 0.898 0.817 3.452

Fold2 0.888 0.806 3.889 0.898 0.817 3.899 0.893 0.811 3.417

Fold3 0.894 0.813 3.520 0.892 0.808 4.571 0.894 0.811 3.887

U-Net+++ Fold4 0.893 0.811 3.776 0.893 0.810 3.987 0.894 0.810 3.637

Fold5 0.886 0.802 3.804 0.895 0.813 4.034 0.893 0.810 3.734

AVG 0.890 0.807 3.875 0.895 0.813 4.034 0.894 0.812 3.626

SD 0.003 0.004 0.317 0.003 0.004 0.329 0.002 0.003 0.197

Foldl 0.909 0.836 2.882 0.908 0.833 2.791 0.910 0.837 2.723

Fold2 0.912 0.841 2.646 0.907 0.831 2.743 0.910 0.836 2.723

Fold3 0.911 0.838 2.654 0.908 0.833 2.832 0.913 0.841 2.669

nnU-Net Fold4 | 0.909 0.836 2.731 0.908 0.832 2.896 0.910 0.837 3.026

Fold5 0.911 0.839 2.721 0.906 0.830 2.743 0.909  0.835 3.120

AVG 0.910 0.838 2.727 0.907 0.832 2.801 0.910 0.837 2.852

SD 0.001 0.002 0.095 0.001 0.001 0.065 0.001 0.002 0.206

Table 1B. Results of segmentation agreement (in terms of DICE, loU, and HD) and stability (in terms of SD) of the three deep-
learning networks across all the three randomization seeds under 5-fold cross validation on the testing dataset. The top-ranked scores
are bolded.

Network DICE (SD) loU (SD) HD (mm) (SD)

U-Net 0.900 (0.004) 0.821(0.006)  3.425(0.187)
U-Net+++ 0.893 (0.003) 0.811(0.004) 3.845(0.318)
nnU-Net 0.910 (0.002) 0.836(0.003) 2.793(0.137)

Table 1B presents the averaged results of the three comparing networks across all the
randomization seeds under 5-fold cross-validation on the testing dataset (relevant results for the
validation set can be found in Supplementary Table 1B). The nnU-Net network outperformed U-Net
and U-Net+++ networks, achieving the best segmentation agreement in terms of DICE (0.910), loU
(0.836), and HD (2.793 mm), and model stability in terms of SD in DICE (0.002), loU (0.003), and
HD (0.137 mm).

10
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From qualitative aspects, Figure 2 shows the segmentation agreement in terms of the DICE
score in 4 representative patients, with the red regions representing the predicted segments and the
white regions indicating the ground-truth annotation. Notably, the nnU-Net network consistently
outperformed the other two networks in these 4 patients. By contrast, the U-Net and U-Net+++
networks were only capable of performing comparable segmentation agreements compared to the nnU-
Net model in Patient 1 and 2; while their capabilities were considerably under-performed in Patient 3
and 4.

U-Net U-Net+++ nnU-Net
Dice: 0.9454 Dice: 0.9417 Dice: 0.9551

£ XL | £

Dice: 0.9522

3

o

Original image

Patient 1

Dice: 0.9489 Dice: 0.9335

Patient 2

Dice: 0.8204 Dice: 0.7620 Dice: 0.8667

Dice: 0.8637 \? Dice: 0.9160

Patient 3

\)

Patient 4

Fig 2. Qualitative visualization of the segmentation agreement in terms of the averaged DICE score in four representative patients, with the red region
representing the predicted segments and the white region indicating the ground-truth annotation.

Prediction Time Efficiency

Table 2 presents the time efficiency of the three studied networks, in terms of training and prediction
time in the training and testing sets, respectively. It is worth noting that the nnU-Net network was
determined to be the most efficient model, requiring the least amount of time (1.456 second) in
generating the predictions in the testing set, despite that it took the longest duration of time during
model training (114 minute).

Table 2. Results of the training time and prediction time of the three studied networks. The shortest time are bolded.

Network Training Time Prediction Time
U-Net 34 minutes 2.427 second

U-Net+++ 36 minutes 3.083 second

nnU-Net 114 minutes 1.456 second

Based on the above evaluations, the nnU-Net demonstrated the best-performing performance
among the three neural networks in aspects of segmentation agreement, model stability, and time
efficiency. Details of the segmentation agreement of the three comparing networks for each testing
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case under randomization seed-1 are presented in DICE and visualized in Supplementary Figure 2A-
2C.

3.2 Model Robustness Assessment on Noise-corrupted TCS Images

The section primarily discusses the impact of noise addition on the performance of the benchmarked
model and the impact of incremental noise addition on the performance of the nnU-Net Model.

Impact of Noise Addition on Performance of the Benchmarked Model

Table 3 summarizes the segmentation agreement of the three studied networks in both original and
noise-corrupted ultrasound images under mild degree of noise (i.e., noise level of SNR=0.95 for the
salt-and-pepper noise, and 6=0.1 for the Gaussian noise). The nnU-Net was the best-performing model,
demonstrating a dramatically greater capacity of midbrain segmentation in both noise-corrupted
images compared to the other two comparing networks, and the underlying segmentation agreements
were approximate to that on the original images. By contrast, the U-Net+++ network was the most
underperforming model in the salt-and-pepper noise corrupted images (SNR=0.95: DICE=0.032,
loU=0.017, HD=37.827-mm) and in the Gaussian noise corrupted images (0=0.1: DICE=0.157,
loU=0.089, HD=41.802-mm); and the underlying segmentation agreements on the noise-corrupted
images were far lower than those of the nnU-Net model, incurring up to 28 times degradation in DICE,
48 folds in loU and 14 times in HD.

Of note, it is intriguing to point out that both the U-Net and U-Net+++ segmentation models
were highly sensitive to the two studied types of ultrasound imaging noise, even at a low intensity level
of noise corruption, resulting in tremendous drops in the segmentation agreements. On the contrary,
the segmentation power of the nnUNet network remained robust in the same noise addition setting.

Figure 3 and Figure 4 visualize the segmentation capacity of the three neural networks in three
representative patients when the images were corrupted with the salt-and-pepper noise (SNR=0.95)
and the Gaussian noise (6=0.1), respectively. The results were found consistent with those illustrated
in Table 3.

Table 3. Segmentation agreement of the three studied networks (in terms of averaged DICE, loU and HD) in both original and noise-
corrupted ultrasound images (noise level of SNR=0.95 for the salt-and-pepper noise, and 6=0.1 for the Gaussian noise), across the
three randomization seeds under 5-fold cross validation on the testing set.

Salt-and-pepper noise Gaussian noise
Network Original image corrupted image corrupted image
(SNR = 0.95) (c0=0.1)
DICE loU HD(mm)| DICE loU HD(mm)| DICE loU HD(mm)
nnU-Net 0.909 0.836 2.793 0.904 0.827 2.941 0.906 0.830 2.967
U-Net 0.900 0.821 3.425 0.389 0.268 41.946 | 0.535 0.389  38.241
U-Net+++ 0.893 0.811 3.845 0.032 0.017 37.837 | 0.157 0.089  41.802

The nnU-Net network illuminated the greatest segmentation agreement and robustness both
qualitatively in terms of the matching between the red region (i.e., the predicted segment) and the white
region (i.e., the ground-truth annotation), and quantitatively in aspects of averaged DICE ranging from
0.900 to 0.955 (Figure 3 and Figure 4). Consistent with the findings in Table 3, the UNet+++
exhibited the worst segmentation agreement and robustness on the noise-corrupted images in both
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qualitative and quantitative perspectives (Figure 3 and Figure 4), with averaged DICE scores ranging
from 0.010 to 0.338. It may also be worth noting that the predicted segments in the U-Net and U-
Net+++ models were of small size and were sparsely distributed inside and outside the midbrain region
on the noise-corrupted images.

Original image

SNR = 0.95 U-Net U-Net+++ nnU-Net

Patient 2 Patient 1

Patient 3

Fig. 3. Qualitative visualization of the segmentation agreement in terms of the averaged DICE score in three representative patients, on the salt-and-
pepper noise corrupted images (SNR=0.95). The red region representing the predicted segments and the white region indicating the
ground-truth annotation.

U-Net U-Net+++ nnU-Net
Dice: 0.7369 Dice: 0.1795 Dice: 0.9536

4

Original image c=0.1

Patient 1

Patient 2

Dice: 0.7648 _Dice: 0.1394 Dice: 0.9002

¢ € | S

Patient 3

Fig. 4. Qualitative visualization of the segmentation agreement in terms of the averaged DICE score in three representative patients, on

the Gaussian noise corrupted images (6=0.1). The red region representing the predicted segments and the white region indicating the
ground-truth annotation.
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Impact of Incremental Noise Addition on Performance of nnU-Net Model

Table 4 summarizes the segmentation power of the benchmarked nnU-Net model on the original
images and corrupted-images of varying degrees of noise intensity (SNR ranged from 0.75 to 0.95 for
the salt-and-pepper noise; o values ranged from 0.10 to 0.50 for the Gaussian noise); the results were
averaged across the three randomization seeds under 5-fold cross validation on the testing set.

Table 4 summarizes the segmentation power of the benchmarked nnU-Net model on the original images and corrupted-images of
varying degree of noise intensity; the results were averaged across the three randomization seeds under 5-fold cross validation on the

testing set.
. Segmentation Agreement
Noise level
DICE loU HD (mm)

Original Image 0.909 0.836 2.793

SNR =0.95 0.904 0.827 2.941

SNR =0.85 0.888 0.805 3.552

SNR =0.75 0.882 0.796 4.040

¢=0.10 0.906 0.830 2.967

¢=0.30 0.891 0.809 3.501

¢ =0.50 0.874 0.784 4.183

Figure 5 and Figure 6 demonstrate a representative case for visually illuminating the impact
of varying intensity levels of the salt-and-pepper noise and Gaussian noise, respectively, on both the
image appearance and the segmentation agreement of the nnU-Net network; additionally, histograms
are presented for each of the studied noise intensity levels.

Original image SNR =0.95

SNR =0.85

Number of pixels

Gray label

Dice: 0.9073

F

SNR =0.75

Fig. 5. demonstrate a representative case for visually illuminating the impact of varying intensity levels of the salt-and-pepper noise
(SNR=0.75, 0.85, and 0.95), on both the image appearance (first row), the underlying histograms (middle row), and the segmentation
agreement of the nnU-Net network (bottom row), where the red regions and white regions representing the predicted and ground-truth

annotation, respectively.
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Two important findings were noted. Firstly, additions of imaging noise and increasing degree
of noise corruption to the original ultrasound images rendered a gradual drop of the segmentation
power of the nnU-Net network in aspects of DICE, loU and HD, irrespective of the types of imaging
noise studied (Table 4, Figure 5 and Figure 6). Secondly, in spite of the reduction in segmentation
agreement under the increasing intensity of imaging noise, the nnU-Net network was still capable of
producing satisfactory segmentation power, even at the highest level of noise intensity (Table4, Figure
5 and Figure 6). For instance, in the setting SNR of 0.75 resulting from the addition of the salt-and-
pepper noise, the averaged scores of DICE, loU and HD were 0.882, 0.796, and 4.040-mm respectively,
corresponding to approximately 2%, 4.5%, and 45% reductions compared to those on the original
images (Table 4).

Original image . =03

-~ =

Fig. 6. demonstrate a representative case for visually illuminating the impact of varying intensity levels of the salt-and-pepper noise (o
=0.1, 0.3, and 0.5), on both the image appearance (first row), the underlying histograms (middle row), and the segmentation agreement
of the nnU-Net network (bottom row), where the red regions and white regions representing the predicted and ground-truth annotation,
respectively.

4 Discussion

Midbrain segmentation is a key initial step in TCS-based PD grading for purposes of diagnosis, severity
assessment, and treatment response surveillance. Yet, the current practice of midbrain segmentation is
a manual, time-consuming and subjective procedure, putting a huge demand for automated, effective
and objective alternatives in the contemporary paradigm of Al. Despite the superiority of TCS in
offering a non-invasive, radiation-free, rapid, low cost, highly accessible, high patient compliance,
easy-to-operate tool in a stark contrast to other imaging modalities [8], relevant studies on Al for
midbrain segmentation are desperately wanting. The only relevant research in the literature by Milletari
et al. was deficient in providing sufficient value of their developed models from clinical
implementation perspectives, on top of the inadequacy of sample size of 34 subjects [32]. Given the
challenges outlined above, our objective was to develop deep learning methods and benchmark best-
performing state-of-the-art U-Net based neural networks using a substantial cohort of 584 subjects.
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The evaluation focused on segmentation agreement, model stability, time efficiency, and model
robustness. Results indicated that the nnU-Net model outperformed the other two networks in all these
evaluating aspects, potentially providing the community with a favorable and automated alternative for
midbrain segmentation towards TCS-based PD assessment in the future.

Aligned with the present study, all the abovementioned studies reflected the importance of
TCS-based automated midbrain segmentation over the past decade, which are all valuable to the
research community. However, there exists a growing demand on auto-segmentation works for an
adoption of large sample size and comprehensive model evaluation beyond segmentation accuracy. In
contrast to these previous works, the present study benchmarked the state-of-the-art nnU-Net network
as the best-performing midbrain segmentation model in aspects of segmentation agreement (in DICE,
loU, HD, and AD) (Table 1A-1B, Figure 2), model stability (Table 1A-1B), time efficiency (Table
2), as well as model robustness against noise-corrupted TCS images (Table 3-4, Figure 5-6), when
compared to the U-Net and U-Net+++ models; these findings were obtained using a larger cohort of
584 subjects. For segmentation agreement, the present nnU-Net model yielded a higher averaged scores
of DICE (91.0%), loU (83.6%), HD (2.793 mm), and AD (79%) as shown in Table 1A-1B, which
were superior over the abovementioned previous works [32]. For model stability, the nnU-Net model
also achieved the top-ranked values of SD in DICE, loU, HD, and AD, compared to the U-Net and U-
Net+++ models (Table 1A-1B). For time efficiency, the nnU-Net network required the least amount
of time (1.456 second) in generating the predictions in the testing set (Table 2). For model robustness,
the nnU-Net demonstrated a dramatically greater capacity of midbrain segmentation in images
corrupted by the salt-and-pepper noise (SNR=0.95) and the Gaussian noise (6=0.10), and the
underlying segmentation agreements were approximate to that on the original images (Table 3).
Notably, such assessments of model robustness against noise corruption have not been previously
revealed in the current body of literature. The overall performance of the benchmarked nnU-Net
network outperformed the traditional and Al-based approached reported in previous studies [16, 20,
40, 41]. Based on the findings in the present study, it is believed that the above superiorities of the
nnU-Net network would further bring added values to the community for midbrain segmentation, as
well as TCS-based PD assessment, in the future.

For our clinical objectives, we have meticulously selected these three models (U-Net, U-
Net+++ and nnU-Net) to conduct a thorough and comprehensive benchmarking study [18-20, 42, 43].
First, for our specific clinical task, we selected the U-Net model for its classic, well-established, and
effective performance in supervised segmentation tasks, as acknowledged in literature. Given our fully
supervised segmentation task and the meticulous annotation by experienced clinicians with over a
decade of practice, we possess a valuable dataset. Furthermore, the U-Net+++ model was chosen for
its extensive skip connections and deep supervision, enhancing supervision quality. Additionally, the
nnU-Net integrates the complete training pipeline, from pre-processing to post-processing, based on
the U-Net architecture. This choice optimizes the training process for our benchmark tasks. Secondly,
the three selected networks are relatively more mature and readily applicable in clinics than some
emerging networks, considering the length of time they have been developed, evaluated, and applied
for a wide spectrum of segmentation tasks over the past decade. We believe that performing a deeper
and more comprehensive analysis of their performance via the submitted work, from the perspectives
of segmentation agreement, model stability and robustness analysis etc, would provide enlightening
insights for their applications when it comes to clinical implementation.

Intriguingly, results of this study indicated that although both the U-Net and U-Net+++ models
achieved good segmentation agreements even they were inferior to the nnU-Net model (Table 1A-1B),
their segmentation capabilities dramatically degraded when it comes to the images corrupted by the

16



482
483
484
485
486
487
488
489
490
491
492

493
494
495
496
497
498
499
500
501
502
503

504
505
506
507
508
509
510
511
512
513
514

515
516
517
518
519
520
521
522
523
524
525
526
527

salt-and-pepper noise (SNR=0.95) and the Gaussian noise (c=0.1) even at a low intensity level of noise
addition (Table 3). Conversely, the nnU-Net network not only outperformed on TCS images at the
same level of noise corruption (Table 3), its segmentation power remained even at greater degree of
noise corruption (SNR=0.85, 0.75; 6=0.30, 0.50), as illustrated in Table 4. We speculated that the
exceptional performance of the nnU-Net model in midbrain segmentation may be attributed to its
unique and comprehensive training architecture, distinguishing it from the U-Net and U-Net+++
models. Although the network structure of the nnU-Net was not modified, its adaptive nature enables
nnU-Net to automatically adjust the underlying hyper-parameters, such as the exact patch size, batch
size, and inference settings, to adapt to the input dataset, while integrating image preprocessing
strategies and image augmentation techniques seamlessly into the training workflow, crucially
contribute to nnU-Net's superior performance.

In addition, it is worth noting that the present work contained multiple layers of strengths. First,
we enrolled a remarkably larger cohort of data (n=584) compared to the previous studies (n=34-130).
The inclusion of a larger sample size enhanced the validity of the findings from this study. Second, the
findings were presented in a wide spectrum of application scopes beyond segmentation agreement.
Particularly, the noise-corruption test was applied for the first time on TCS-based midbrain auto-
segmentation for securing model robustness; this would hopefully provide the community with more
valuable insights into clinical contextualization of the benchmarked model from application point-of-
view. Third, three independent randomization seeds for train-test splits and 5-fold cross-validation
were applied in this study in the hope of generating more reliable findings of the developed networks;
these techniques have been proven to be effective in previous studies [34, 35, 44], and is believed to
enhance the validity of the findings in this study.

From a public health standpoint, TCS exhibits a great application potential for cost-effective
population-wide screening and frequent surveillance for timely PD management owing to its
advantages of being radiation-free, high accessibility and high affordability [9, 45]. Several research
groups have also explored the utility of methods based on other imaging modalities as valuable tools
for early diagnosis of PD [46, 47]. However, such as MRI due to their low accessibility and
affordability to the general public, particularly in developing or under-developed countries [48-50], as
well as Positron Emission Tomography and Single-Photon Emission Computed Tomography due to
their low accessibility, low affordability, and the potential radiation hazards [51, 52]. As such, we hope
that results of this study would provide enlightening insights and stimulate researchers in the field to
steer more focuses on Al-assisted TCS-based PD assessment in the long run, providing a cost-effective
alternative to both the sufferers and medical practitioners in PD management in the smart-ageing era.

In spite of the encouraging results, the study presents several shortcomings that worth further
investigations in the future. First, results of this study were generated with the dataset collected from a
single institution and the same scanner vendor, which may limit the generalizability of the
benchmarked model in real-world clinical settings. A multi-center study would improve and validate
model generalizability, so a multi-center study with TCS data acquired from different vendors are
warranted in the future in order to further validate findings of this work. Second, although the sample
size of 584 in this study was considerably larger than previous studies where the sample sizes ranged
from 40 to 130, further investigations using a larger cohort are preferred in the context of deep learning
to improve and validate model generalizability. Third, for the robustness analysis, we chose salt-and-
pepper noise and Gaussian noise in the study, the two most common types of noise in medical imaging,
effectively simulating the majority of ultrasound noise scenarios. Additionally, other speckle noise and
poisson noise are two types of noises that medical professionals may encounter. We anticipate further
detailed discussions on noise impact in future research. Finally, due to the retrospective nature of this
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study, although this study recruited highly experienced physicians (>10 years) in ultrasound imaging
for ground-truth annotation generation, there may exist intra- or inter-rater variabilities in the dataset.
Therefore, addressing this issue in a prospective study is warranted in the future to further facilitate
widespread adoption of the developed model in clinical practice.

5 Conclusions

The nnU-Net model was benchmarked to be the best-performing model for midbrain segmentation in
terms of segmentation agreement, model stability, prediction time efficiency, and model robustness,
compared to the U-Net and U-Net+++ models. Despite the discussed limitations, results of this study
presented multiple layers of superiorities in comparison to previous works, in terms of sample size,
comprehensive scope of model evaluation, as well as the enhanced reliability owing to the adoption of
multiple independent randomization seeds together with 5-fold cross-validation. Results of this study
would provide enlightening insights and stimulate researchers in the field to steer more focuses on
cost-effective Al-assisted TCS-based PD assessment in the long run, potentially benefiting millions of
sufferers as well as medical practitioners worldwide for PD management in the smart-ageing era.
Moving forward, a multi-center multi-vendor study is warranted in the future when it comes to clinical
implementation.
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731
732
733 Table 1A. Results of segmentation agreement and stability of the three comparing neural networks in each of the three randomization
734 seeds under 5 cross-validation on validation dataset. Averaged (AVG) scores of the segmentation agreement metrics in DICE, loU, and
735 HD are presented for each model in each randomization seed. Standard deviation (SD) was calculated to illuminate the underlying
736 model stability. The top-ranked scores are bolded.
Randomization Seed 1 Randomization Seed 2 Randomization Seed 3
Network  Fold DICE loU HD(mm) DICE loU HD (mm) | DICE loU HD(mm)

Foldl | 0915 0.848 2710 | 0912  0.840  2.804 | 0.919 0.850  2.499
Fold2 | 0.905 0.828 2567 | 0.899  0.818 2921 | 0.900 0.819  2.854
Fold3 | 0914 0.842 2775 | 0909 0.834 2766 | 0913 0.845  2.834
U-Net Foldd | 0918 0849 2719 | 0920 0854 2515 | 0918 0.850  2.555
Folds | 0922 0.855 2534 | 0926 0.862 2407 | 0915 0.845  2.783
AVG | 0915 0.845 2661 | 0913  0.842 2683 | 0913 0842  2.705
sD | 0006 0011 0105 | 0010 0017 0214 | 0.008 0013 0.166
Foldl | 0909 0.835 3.126 | 0908 0.832  3.198 | 0.909 0.836  2.898
Fold2 | 0.892 0.807 3.069 | 0.893  0.810  3.097 | 0.893 0.810 3.189
Fold3 | 0910 0.836 2906 | 0901 0.824  3.419 | 0906 0.831 3.016
U-Net+++ Foldd | 0914 0843 3.084 | 0913 0840 2961 | 0914 0.842  2.958
Folds | 0915 0.845 2.890 | 0918  0.848 2859 | 0918 0.849  2.881
AVG | 0908 0.833 3.015 | 0906 0.831  3.107 | 0.908 0.834  2.988
sD | 0010 0015 0109 | 0010 0015 0217 | 0.009 0015 0.124
Foldl | 0967 0939 1158 | 0963 0934 1308 | 0972 0.949  0.932
Fold2 | 0975 0954 0887 | 0965 0936 1051 | 0969 0.943  1.121
nnU-Net Fold3 | 0969 0943 1053 | 0963 0934 1124 | 0968 0.941  1.151
Fold4 | 0.975 0954 0940 | 0966 0939  1.092 | 0970 0946  1.130
Folds | 0.966 0939 1123 | 0961 0931 1727 | 0964 0935  1.287
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737

738
739
740

741

AVG 0.970 0.946 1.032 0.964 0.935 1.261 0.969  0.943 1.124
SD 0.004 0.007 0.116 0.002 0.003 0.279 0.003  0.005 0.127

Table 1B. Results of segmentation agreement (in terms of DICE, loU, and HD) and stability (in terms of SD) of the three deep-
learning networks across all the three randomization seeds under 5-fold cross validation on validation dataset. The top-ranked scores
are bolded.

Network DICE (SD) loU (SD) HD (mm) (SD)

U-Net 0.914 (0.008) 0.843(0.013) 2.683(0.156)
U-Net+++ 0.908 (0.009) 0.833(0.014) 3.037(0.155)
nnU-Net 0.968 (0.004) 0.941(0.007) 1.139 (0.200)

27





