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ARTICLE INFO ABSTRACT
Article history: In this study, it is aimed to simulate infant suction vacuums by replicating infant suction vacuum
pressures with the Wasserstein Generative Adversarial Network (WGAN) model. To understand
Received the physiology of infants' feeding behaviour, it is very important to understand the physiology of
08.11.2024 sucking. One of the most important elements of feeding physiology is the infant suction vacuum.
Accepted In this context, the infant suction vacuum pressure produced by the WGAN model was
18.11.2024 successfully simulated. Data preprocessing and hyperparameter optimization were performed to
Published ensure the most accurate simulation of the WGAN model used in the study. As a result, the low
31.12.2024 RMSE and high R2 value between the real data and the generated data show that the model
works successfully. This method is promising in terms of better understanding the sucking
Keywords: behaviour of infants and contributing to solving problems in the field of infant feeding. In the
future, infant sucking simulation will be more successful if the model is supported with larger
Infant Sucking Vacuum data and other elements of infant sucking physiology such as swallowing and respiration are
WGAN considered. This kind of simulation will pave the way for new applications in the fields of infant
Simulation feeding and breastfeeding.

Sucking Physiology

WGAN ile bebek emme vakum basincinin simiilasyonu

MAKALE BIiLGIiSI OZET
Makale Tarihleri: Bu c¢alismada, bebeklerin emme vakum basinglarinin Wasserstein Generative Adversarial
Network (WGAN) modeli ile ¢ogaltilarak bebek emme vakumlarimin benzetiminin yapilmast
Gelis tarihi amaglannugtir. Bebeklerin beslenme davranislarini fizyolojisini anlamak igin emme fizyolojisini
08.11.2024 kavramak olduk¢a énemlidir. Beslenme fizyolojisinin en énemli unsurlarindan bir tanesi bebek
Kabul tarihi emme vakumudur. Bu baglamda, WGAN modelinin ile iiretilen bebek emme vakum basinci
18.11.2024 basariyla taklit edilmistir. Calismada kullanilan WGAN modelinin en dogru benzetimi
Yaym tarihi yapabilmesi igin veri on isleme yapilmis ve hiperparametre optimizasyonu yapimistir. Sonug
31.12.2024 olarak, gercek verilerle iiretilen veriler arasindaki diisiik RMSE ve yiiksek R2 degeri modelin
basarily ¢calistigini gostermektedir. Bu yontem ile bebeklerin emme davranislarimin daha iyi
Anahtar Kelimeler: anlasilmasi ve bebek beslenmesi alamindaki sorunlarin ¢éziilmesine katkr saglamasi agisindan
umut vadetmektedir. Gelecekte, modelin daha genis verilerle desteklenmesi ve bebek emme
Bebek Emme Vakumu fizyolojisinin diger unsurlart olan yutma ve solunum gibi unsurlarinda ele alimmasiyla bebek
WGAN emme benzetim daha basarili bir sekilde yapilabilecektir. Bu tiir bir benzetim ile bebek
Benzetim beslenmesi ve anne siitii sagimi alanlarinda yeni uygulamalara zemin hazirlayacaktir.

Emme Fizyolojisi

1. INTRODUCTION

The feeding behaviour exhibited by infants constitutes a multifaceted activity that needs various aspects of physiologic functions,
such as sucking, swallowing, and breathing, to be harmonized [1]. In this regard, a better understanding of the stretch and patterns
of infant sucking behaviour is critical in the identification and management of feeding problems and also in the designing of
appropriate feeding dynamics [2]. This subject has been the focus of several previous works. For instance, one such study analysed
the suction pressure, milk expression, and the period of lactation deprivation in infants [3]. Similar to this study, the pattern of
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tongue movement during sucking was assessed using an ultrasound, and it was correlated to the flow of milk and the pressure inside
the mouth [4]. Similarly, this study emphasizes the importance of coordination of sucking, swallowing and breathing during the
breastfeeding process and argues for more research by pointing out the gaps in existing research and the limitations of clinical
management strategies. It also provides an important source of information for care providers by describing the sucking and
breathing abilities of infants[5]. Another study analysed normal feeder sucking behaviour in detail, demonstrating how sucking
frequency, pressure and consumption rate vary according to the age of the infants. Thanks to the objective measurement devices
used in the study, the data obtained provide a basis for the clinical evaluation of abnormal sucking behaviour in preterm infants and
other infants at risk of neuromuscular disorders or swallowing difficulties[6]. Newborn sucking patterns have been studied using
various techniques using devices that allow for the analysis of sucking in terms of complete and partial closure of the suction system
[7]. Another study seeks to analyse and detail the sucking dynamics in preterm breastfeeding infants through the use of advanced
techniques, including synchronized ultrasound imaging and intra-oral vacuum measurements. This method aims to offer a more
comprehensive understanding of the sucking patterns in preterm infants, and it shows how they may differ from those of term
infants[8].

With the objective of ascertaining feeding abilities and evaluating infant health, new devices have been designed to assess non-
nutritive sucking by measuring intra-oral and lip expression pressures of infants [9]. Likewise, the sucking-feeding coupling of the
infant’s non-nutritive sucking response has also been done using specific described devices, which take into account the supply of
nutrients as per the performance of the components [9][10]. Similarly, another article introduces a non-nutritive suckling (NNS)
system that measures intraoral vacuum profiles in real time in newborns, providing an analysis of objective sucking characteristics.
By presenting quantitative data of sucking behaviors, the study provides a framework for future research that will contribute to the
assessment of oromotor dysfunctions[11]. Ultrasound imaging was also employed to assess the dynamics of sucking of infants
during breastfeeding, showing the presence of nutrition and non-nutrition sucking [12]. In another study, he developed an innovative
tool that simulates breastfeeding mechanics in a laboratory setting, providing reliable data and contributing to the understanding of
breastfeeding dynamics with measurements consistent with clinical data. This study has elucidated breastfeeding biomechanics with
advanced measurement techniques and laid the foundation for the development of future breastfeeding devices[13].

. Data Collection . Preprocess
I 1 I 1

i

A

N
>[Time Series 7 EE—
/ Digitization | Data I Normalization
[;] Collection Image Normalized
Previous Time Series
Studies Data
RMSE
R Squared
madAE
Evaluation
Metrics
Generated | ~ WGAN Y
— Time Series| > Model ~
S Data
@ |
Y | S
& i
w i & P
a | ~ Critic Loss
| <
T Generator Loss
Plotting Graphs
f { I |
Results Training Process

79



Arslan and Dincel Bozok J of Eng Arch, 2024; 3(2) 78-86

Figure 1. Flow chart of the process.

Our goal is to make the mechanical baby sucking simulation mentioned above with artificial intelligence a more natural and realistic
milking process for the mother. To achieve this a novel approach to mimicking the suction derived from an infant's mouth using a
Wasserstein Generative Adversarial Network (WGAN). In generative modelling techniques, the WGAN is viewed as a sophisticated
one since it can comprehend and internalize the data characteristics of suction vacuum pressure samples obtained from infants. In
contrast to traditional GAN frameworks, the WGAN paradigm incorporates the Wasserstein distance as a cost, allowing for more
consistent output and broader usability [14][15].

To this end, the accrual of data on infant suction vacuum pressure from existing literature and data washing will be discussed first.
Next, we present the WGAN model and its implementation, the training process, and the model evaluation metrics. Eventually, the
findings of the simulation are presented along with the generated suction vacuum pressure data, the performance of the model with
regard to generated data and actual data, and the trends of generator and critic loss over the training iterations, as illustrated in Figure
(3). The flowchart of the whole process is given in Figure (1).

2. MATERIALS and METHODS

2.1. Data Collection and Preprocessing

This study utilized data stemming from the lactational practice of nutritional sucking. This included time series data on the suction
vacuum pressure of babies during suckling. The data is a mean vacuum pressure plot concerning time for six mother-infant pairs
[7]. The following measures were taken during data processing;

e OpenCV transforms the image from a graphics form to a greyscale [16].

e The plot data points are then extracted from the greyscale image after binarization is performed using a threshold value
[16].

e The subsequent step involves digitizing the obtained data points to numerically represent the suction vacuum pressure and
the related time intervals.

e In addition, the data is further adjusted for use in the WGAN training purpose.

2.2. WGAN

According to [17], two neural networks make up Generative Adversarial Networks (GANs) — Generator (G) and Discriminator (D).
The generator, G, accepts an input of random noise, which enables it to learn the features of actual data samples. Conversely, the
discriminator, D, takes as an input a mixture of actual data as well as generated data and attempts to tell the difference between the
two and to indicate what data is actual and what is generated out of G. The loss functions that enable G and D to operate within the
framework of GANs are given in the Equation (1) below:

Lossg = Echz[D(G(Z))]

1
{LossD = By D] + Eyep, [D(6(D)] M)

In this setting, it is the case that Loss; and Lossy refer to the loss function in turns for the Generator and the Discriminator,
respectively. The purpose of the generator is to generate samples G (z) that when z is in the latent space, closely approximates the
image data x. On the contrary, the task of the discriminator is to tell the difference between the actual data x and the generated image
data G(z).

In the case of WGAN, the similarity between two distributions is quantified using the concept of Wasserstein distance. According
to [15], in contrast with Jensen-Shannon and Kullback-Leibler divergence measurements, the Wasserstein distance has a continuous
and valuable gradient. This property helps to alleviate the mode collapse problem that is usually associated with GAN training
relying on JS divergence. The Wasserstein distance is represented in the Equation (2) below:

W (P, B,) = supp<; (Excp,[D(x)] — E,cp,[D(G(2))]) 2)
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In this context, the notation W (P, , F,) is reserved for the Wasserstein distance between two probability distributions. The first
distribution P, refers to the true data distribution while the second distribution P, denotes the distribution of the data generated in
the model. The constant L (where L < 1) acts as a bound on the difference in expectation that can be achieved under the 1-Lipschitz
assumption to guarantee safe gradient optimization in the network.

2.3. Model Components

Two networks make up the WGAN maodel, which competes in two components — the generator and the critic:

The Generator tries to produce samples that correspond closely with the actual ones from a given random vector. During training,
the generator, which is built as a stack of fully connected layers, receives not only a latent vector (random noise) but also an extra
Gaussian-distributed noise, as temporal information. As a result, the model is capable of generating data samples that are reasonably
and temporally dynamic in nature, changing with time. The first layer inputs the latent dimension. The following layers consist of
512, 1024, and 2048 neurons, thus endowing the model with the ability to comprehend and produce intricate patterns. The last layer
presents the sequence length as an output, the same as the arrangement of the target data. Each layer uses the Leaky ReL U activation
function [18], which assists in avoiding information loss in negative ranges, leading to a more realistic distribution. The output layer
employs Tanh [19] which constricts the output values to the range of [-1, 1]. Furthermore, the layers employ dropout regularization
to mitigate overfitting, with a dropout rate corresponding to the fixed value named dropout rate, enhancing generalization and
performance [20].

The Critic is a model that is capable of telling the difference between actual data and fake data. In contrast to a Discriminator in the
classical sense, the function of the loss for the Critic is more straightforward and, therefore, leads to more equal and stable training
of the model. The Critic network includes four layers of fully connected networks: the first one has 1024 neurons, the second 512,
the third 256, and the last one produces a single scalar output with one neuron. Input data is sequential. Therefore, input tensors are
unrolled in a manner of a view, preferably before the Critic. The first three layers are composed of ReLU activation [21]and a wok
returns a single scalar. ReLU function is utilized due to its positive range linearity, which minimizes information loss and fastens
training. As illustrated in Figure (2), the model architecture is presented in detail.
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Figure 2. Block diagram of the model.
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2.4. Training Process and Hyperparameters

The process of training the WGAN model was methodically structured so that learning could proceed in a stable manner, and the
quality of the generated data was good. By emphasizing the adjustment of hyperparameters and the use of special training regimes,
the model managed to perform well and precisely reproduced realistic patterns of baby-sucking vacuum.

The design of the model and the settings of the hyperparameters were customized to suit the baby-sucking vacuum data. Some of
the primary hyperparameters were as follows:

e Latent Dimension: The latent dimension, which is fixed at 200, indicates the length of the noise vector fed into the
Generator. This dimension was chosen in order to strike a balance on the degree of complexity required to model variations
in the data while ensuring the computational costs are kept at a reasonable level.

e Sequence Length: Set to 992, the sequence length is half the length of the complete data set. This technique helps the
model’s ability to create plausible incomplete sequences, which, when put together, form a coherent whole of sucking
vacuum data.

e Batch Size: The batch size of 128 was employed as it enhances the stability of the gradients and helps in faster convergence.
The application of multiple samples at once allowed for effective parameter updates.

e Critic Training Frequency: The Critic was subjected to 10 training sessions for every Generator update, which was more
effective in learning the nuanced textures of the real and fake samples. This update frequency allows for better feedback
from the generator and, therefore, improves the quality and convincement of the generated data.

e  Weight Clipping: A clipping threshold of 0.01 was imposed on the weights of the Critic, which is useful in restraining the
excessive growth of weights as well as stabilizing the Wasserstein loss, which is important for training purposes.

o Weight Decay: Given a value of 0.0001, weight decay is one of the techniques used to prevent overfitting by discouraging
large weights in the Generator and Critic networks, thereby encouraging less complex and more general learning.

e Patience for Early Stopping: We found it suitable to apply a patience setting of 15 epochs in early stopping in order to
cease the training whenever no improvement was recorded in the loss of the Generator in order to prevent overfitting.

o Rate of Dropout: In both models, a dropout rate of 0.3 was used, reducing overfitting through random shutdown of a certain
percentage of neurons during each training step.

e  MSE Threshold: An MSE threshold of 25 was established as the acceptable level for the fidelity of generated data. Training
would be stopped if this level was achieved or surpassed. They were indicating that the model was able to reproduce the
real data closely.

To enhance both the efficiency and stability of the training, early stopping and an adaptive learning rate scheduler were also
incorporated into the training regime. Early stopping was applied, considering there is no improvement in the Generator’s loss for
15 epochs, thus minimizing the unnecessary computational burden and overfitting windows. Furthermore, since the performance
was observed to have plateaued, the learning rate was tailored down by a ReduceLROnPlateau. In cases of aggressive training, when
performance did not improve, the learning rate was decreased by a factor of 0.5. This ensured that the model avoided retraining in
the local minima, enabling optimally updating parameters during the model's convergence.

The training regime was implemented to provide progressive and focused updates to both the generator and the critic. The Critic
received ten updates for each update of the Generator, allowing enough training to learn the difference between actual samples and
generated samples. In every Practicum update, real and generated samples were tested and paired to measure the Wasserstein loss
metric, corresponding to the difference between actual and generated samples in mean scores the Practicum gave. This way, the
Critic learned to approximate the Wasserstein distance between two distributions, producing better gradients for optimizing the
generator.

The generator was then updated by decreasing the Critic’s score for the artificial samples. This enhanced the Generator's ability to
produce realistic-looking data by shrinking the Wasserstein distance between the actual images and their generated counterparts.
This sort of feedback loop enabled the model to create more and more realistic pictures over time.

2.5. Evaluation Metrics

The Critic and Generator losses were supervised throughout the training process. These losses also illuminated the convergence and
balance of the model. Moreover, extreme differences between the Critique and Generator losses were considered signs of instability,
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and thus, such parameters and training strategies were adjusted accordingly, as depicted in Figure (4). Furthermore, evaluation of
the quality of data generated through the network against the original data also took place at the end of every epoch, focusing on
metrics such as the mean squared error (MSE), the coefficient of determination (R?), and mean absolute deviation (madAE). The
value of MSE, which was set at the threshold of 25, was considered the target objective. When this cue was reached, training was
stopped, and indicating that the model had produced realistic data. Through this approach and with the appropriate selection of the
hyperparameters, the WGAN model was able to create realistic sequential data relevant to the simulation of baby-sucking pressure
patterns.

3. RESULTS and DISCUSSION

Figure (3) shows the infant sucking vacuum pressure data in both raw and filtered forms for a duration of 120 seconds. The red line
illustrates the original pressure data, while the data after filtering is presented as a green line. A close observation of the image
shows that the filtered line is very close to the initial one while preserving the significant shifts and minimizing the noise; thus, it
proves the adequacy of the filtering method employed.

Throughout the period, the pressure exhibits oscillation-like behavior, with sharp increases and decreases in values, typical of an
infant sucking. This compatibility of the initial pressure vacuum signal with the filtered one illustrates the efficiency of the filtered
data in replicating the pressure vacuum profile. Such precision is essential in ensuring that accurate models are developed as well
as analyzing infant sucking patterns, which is one of the objectives of this research concerning the representation of data.
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Figure 3. Original and generated sucking vacuum pressure.

Figure (4) presents the losses for both the generator and the critic throughout 30 epochs. In this context, the generator loss is
illustrated with a green line, while the critical loss is shown in gray. In the first few epochs, both losses are exceptionally high and
vary greatly, suggesting that the model is still in the process of ‘fine-tuning’ itself to the data.

With increased training, these fluctuations also decrease, and the losses begin to steady out, indicating that the training is reaching
its airport. The trends of the loss curve for the generator in the later epochs show relatively smoother trends than in the earlier cycles,
meaning that the device is progressively learning how to generate target data. On the other hand, the losses of the critic show the
same trend; hence, the output of his network is adequate enough for the generator. This relationship between the generator and the
critic plays a vital role in the WGAN replicating the infant-sucking vacuum pattern.
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Figure 4. Generated and critic loss per epoch.

The evaluation metrics for the model’s performance in simulating infant sucking vacuum pressure are illustrated in Table 1:

e Root Mean Squared Error (RMSE): 4.86. This is the model's mean square error for pressure values. The low MSE
suggests that the model accurately captures the pressure variations without significant error.

e R -—Squared Score (R?): 0.93, which implies that the application of the model accounts for 93% of the variability in the
data. This very high value of R? indicates that the predicted values from the model are closely aligned with the observed
values from the experiment.

e Mean Absolute Deviation of Absolute Error (madAE):3.92, which provides an average absolute error deviation close to
4. This low madAE value is advantageous because it shows how close the model's predictions are to the actual values,
proving its credibility.

Based on these parameters, the model delivers high accuracy in reproducing beating patterns of specific vacuum pressures relevant
to infant-sucking simulations.

Table 1. Performance Metrics

RMSE R? madAE

4.86 0.93 3.92

4. CONCLUSIONS

In this research, we illustrated how a Wasserstein Generative Adversarial Network (WGAN) was successfully employed in
synthesizing infant suction vacuum pressure, a multi-dimensional complex behaviour associated with an infant’s feeding ability.
The WGAN paradigm provides a novel means of creating consistent time series data on the weights of physiologically relevant
images by searching for the rhythm and oscillations seen during the pressure changes in sucking. The beauty of this model is not
just limited to how well the real data features are reproduced but also includes the ability to create realistic-looking samples of the
infant sucking that is evidenced by low MSE and high R2 values.

In this case, the main benefit of using the WGAN model comes from the fact that it does not suffer from the weaknesses of ordinary
GANs, especially mode collapse, because of employing the Wasserstein metric as a loss. This is very important for generating
physiological data as there is a lot of variation that should be preserved within each generated sequence. The stable and consistent
performance of the model is evidenced by the convergence behaviours of the generator and critic loss trends, which suggests that
training was successful and there was meaningful interaction between the generator and critic networks. Therefore, the WGAN
model is useful for appropriately simulating physiology processes that change over time, such as the infant sucking vacuum pressure.

The ability of the model to produce pressure data corresponding to infant feeding could offer considerable advantages in clinical
and developmental studies. This method, for example, could be useful in designing devices for non-invasive observation of a
subject’s feeding activity and diagnosing abnormalities in this activity. As the model continues to be perfected, this data could
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become the gold standard for what normal sucking looks like versus deviations from this normality, which is helpful in diagnosing
feeding problems and is useful for clinicians.

Even so, it is important to highlight some areas for improvement in this research. The corpus of data employed for the model's
training had a relatively low sample size, which may affect the ability to generalize the findings to a bigger sample of infants.
Furthermore, the model considers only the suction pressure and neglects to assess vital parameters of feeding behaviour, such as
swallowing or breathing, which all take place during the process of feeding. Future work seeking to build on this analysis should
focus on improving the model by enriching its database and using different types of data.

To sum up, the current research highlights the efficacy of WGAN in creating artificial time-sequenced data for various physiological
simulations focusing on infant feeding. This method provides a basis for reliable and cost-effective modelling of vacuum suction
pressure, which positively impacts neonatal healthcare by introducing new ways of understanding and treating infant-feeding
dynamics. In the long run, such a WGAN model could embody significant advancements in the knowledge of heightened interest
in the feeding capabilities of infants and the improvement of the health systems for children.

LIMITATION

The availability of infant suction data for this study is perhaps the most limiting factor. This is primarily because the process of
feeding a mother and her child is highly sensitive therefore data collecting becomes difficult. In addition to this, the field has little
interest in the past research, which means there are fewer datasets that have been made available to the public or recorded
scientifically. Generalizability of the findings is hindered by insufficient data and present simulation has limited realism. To
overcome this problem, it will be necessary for the current research to find new, and responsible ways of gathering fuller information
on how infants feed, possibly by observing but not disturbing those being studied.
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