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Arastirma Makalesi

oz
Makale Tarihgesi: Yakin UV, Goriiniir Isik ve Yakin-Kizilotesi Radyasyon, enerji, tarim, tip ve
Szgzlt?:r?rll|22260§82§()2; f gida endiistrisi aragtirmalar1 igin biiyiik ilgi goren 191k dalga boylari
Online Yaymlanma: 15.01.2025 bolgelerinden bazilaridir. Isik spektrumunun, goriintiileme, gida kalitesi ve

giivenligi degerlendirmesi i¢in yikict olmayan, ger¢ek zamanli algilama

kullanimi, tiim bu alanlarda giderek daha fazla 6nem kazanmaktadir.
Cihazlarm ger¢ek zamanl izlenmesini ve makine 6grenimi yontemleri

Kenar hesaplama fa o . e

Gida kurutma kullanarak kontroliinii saglayan kenar hesaplama, sistem stabilitesini artirmak,

ToT (Nesnelerin Interneti) hatalar1 en aza indirmek ve robotik miidahaleyi kolaylastiran araglar

Makine 6grenimi gelistirmek i¢in gereklidir. Bu ¢aligmada, gida kurutmasinda yaki UV-vis-
NIR radyasyon 6l¢iimii kullanilarak kurutma sisteminin etkisi ve performansi
kenar hesaplama kullanilarak sunulmaktadir. Sistem, 18 farkli 6l¢iim
yapabilen {i¢ ¢ok spektral sensor icermektedir. Nesnelerin agirligini, kabin
icindeki sicaklik ve nem 6lgmek i¢in sensorler de yerlestirilmistir. Elde edilen
veriler, makine 6grenimi algoritmalarmi gergeklestirebilen ve kabini kontrol
edebilen bir mikrodenetleyici (Arduino Nano 33 BLE) kullanilarak gercek
zamanl olarak islenir. Kenar hesaplama, veri igleme ve analitik islemlerin
cihazda gergeklestirilmesini saglayarak, gercek zamanli sonuglar ve kontrol
islemleri sunar. Bu g¢alismada, elma dilimlerinin kurutma iglemi sirasinda
radyasyon seviyelerindeki degisim ve kurutma kalitesi {izerindeki etki
arastirilmaktadir. Sonuglar, kenar hesaplama teknolojisi kullanilarak yapilan
Olglimlerin, elma dilimlerinin kurutma islemi swrasinda etkili bir sekilde
gerceklestirilebilecegini gostermektedir

Anahtar Kelimeler:

Hot-Air Drying Using Near UV Visible NIR Radiation Spectroscopy and Edge Computing
Control System : A Study on Apple Slices

Research Article ABSTRACT

Article History: Near-UV, Visible Light, and Near-Infrared Radiation are some of the light
ii‘éigig; on0.2008 wavelength regions that are of great interest for energy, agriculture, medical, and
Published online: 15.01.2025 food industry research. The use of light spectrum for non-destructive, real-time

sensing for imaging, food quality, and safety evaluation is becoming
increasingly important in all these fields. Edge computing, which enables real-

Keywords:

Edge computing time monitoring of devices and control using machine learning methods, is
Food drying necessary to improve system stability, minimize errors and develop tools that
loT facilitate robotic intervention. In this study, the effect and performance of a

Machine leaming drying system using Near-UV-vis-NIR radiation measurement in food drying

using edge computing is presented. The system comprises three multi-spectral
sensors that allow 18 different measurements. Sensors are also placed to measure
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the weight of the objects, temperature, and humidity inside the cabin. The data
acquired is processed in real-time using a microcontroller (Arduino Nano 33
BLE) that can perform machine learning algorithms and control the cabin. Edge
computing enables data processing and analytic operations to be performed on
the device, thus providing real-time results and control operations. In this study,
the change in radiation levels and the effect on drying quality during the drying
process of apple slices are investigated. The results show that measurements
performed using edge computing technology can effectively be performed
during the drying process of apple slices.

To Cite: Durgun Y., Durgun M. Hot-Air Drying Using Near UV Visible NIR Radiation Spectroscopy and Edge Computing
Control System : A Study on Apple Slices. Osmaniye Korkut Ata Universitesi Fen Bilimleri Enstitiisii Dergisi 2025; 8(1): 182-
199.

1.Introduction
Food safety is the acquisition, storage, transportation, and presentation of food under healthy and

hygienic conditions throughout the process from food production to consumption (Kamboj et al., 2020;
Okpala and Korzeniowska, 2021; Yelikaya and Arslan, 2023). Drying provides long-term storage of
agricultural products by reducing moisture content before or after production (Gunathilake et al., 2018;
Zambrano et al., 2019). This process ensures the uninterrupted availability of products and reduces risks
associated with food safety by preventing the growth of microorganisms, the activity of enzymes, and
ensuring long-term storage of food (Alp and Bulantekin, 2021; Sen Arslan et al., 2021).

The drying industry is continuously investing in innovative solutions to improve food drying processes
(Moses et al., 2014; Yelikaya and Arslan, 2019; Qu et al., 2022). High-quality, efficient, and sustainable
production methods are aligned with the 12th Sustainable Development Goal determined by the United
Nations (2023). Alternative strategies have been identified and can be divided into two broad categories:
(i) Improved heat recovery, renewable energy-based and/or hybrid drying technologies for energy
efficiency; and (ii) the application of sensors and machine learning models for efficient product-process
monitoring and control. The latter strategy is of great interest in both academia and industry due to its
lower implementation effort compared to scaling up systems as in the first category.

This study aims to investigate the application of edge computing and Near UV-VIS-NIR spectroscopy
in food drying processes. The objective is to assess the impact of these technologies on drying operations
and to provide advanced analytical methods for optimizing drying parameters. The research involves
collecting data under different drying scenarios, processing and analyzing this data, and finally
evaluating the results using machine learning models. This methodology aims to enhance the
understanding of drying processes and improve food safety and quality.

"Real-time optical instruments" are technologies used to monitor food drying (Shin et al., 2019). These
tools can measure the drying rate and quality of foodstuffs using spectroscopy or imaging methods.
Further investigation of these tools could enable more effective and controlled food drying processes
(Liu et al., 2022; Ren and Sun, 2022). Computer vision systems can be used in food drying to measure
the quality parameters of dried food samples, such as color, shrinkage, and texture (Hosseinpour, 2013;
Chakravartula et al., 2023). These systems improve quality control and product homogeneity in food

production.
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Image processing systems can serve as inline real-time data collection tools for quality monitoring,
analysis, multivariate modeling, and feedback, potentially replacing traditional methods in food drying
(Nagy etal., 2022; Chakravartula et al., 2023). This offers comprehensive and precise quality monitoring
throughout the process. Near UV-Visible-NIR radiation spectroscopy provides various alternative
methods for image processing in food drying, such as diffusion spectroscopy, raman spectroscopy,
Fourier transform infra-center spectroscopy, terahertz spectroscopy, and microwave spectroscopy
(Acevedo-Fani et al., 2018). These methods can measure different parameters in food drying and provide
information about food quality. However, these systems require specialized and expensive devices.
Economically, the devices used for developing an edge computing-based system cannot be configured

modularly.

Light, the visible spectrum

violet indigo blue green yellow orange red
| | I | I | | |
frequency 75, 675 630 590 525 510 460 380
(THz")

wavelength 400 445 475 510 570 590 650 780
(nm™*) [ | | | | | | |
photon 3.1 2.8 2.6 2.4 22 24 1.9 1.6
energy | | | | | | | |
(eV*™)

* In terahertz (THz); 1 THz = 1x1012 cycles per second
b [n nanometres (”m,)i 1nm = 1x10~2 metre.

Figure 1. Light spectrum (Lightsciencetech, 2023)

Different wavelengths of light can be used to monitor food drying. Near Ultraviolet (Near-UV) light can
measure moisture content and microbiological activity (Manzocco and Nicoli, 2015). Visible light can
monitor the color and appearance of food (Aghbashlo et al., 2014). Near Infrared Radiation (NIR) can
analyze the internal structure and composition of food (Cen and He, 2007). The combination of these
light wavelengths enables effective monitoring of food drying. Figure 1 shows the light spectra.

In monitoring food drying, edge computing utilizes resources such as sensors, actuators, 10T devices,
and software applications. These resources measure parameters such as temperature, humidity, and
airflow in food drying processes and analyze the data to control the system. Frontier information
technologies support critical issues such as quality control and production efficiency in food drying
processes.

To contextualize our research, we reviewed previous studies that utilized edge computing in food drying
technologies. Table 1 summarizes key studies, highlighting the sample types, methods/technologies

used, classifiers, and their performance metrics.
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Table 1. Summary of previous studies on food drying technologies using edge computing

Sample
Study Type Method/Technology |[Classifier ||Classifier Performance
Computer vision, Smart
Chakravartula et al. (2023)||Carrot slices ||monitoring SVM Accuracy: 95%
Machine vision, NIR Precision: 90%
Liu et al. (2022) Green tea spectroscopy k-NN Recall: 88%
Random
Ren and Sun (2022) Beef slices ||Hyperspectral imaging |Forest F1 Score: 93%
Hosseinpour et al. (2013) [|Shrimp Computer vision SVM Accuracy: 92%

Table 1 provides a comprehensive overview of various studies, demonstrating the effectiveness of edge
computing and machine learning in improving the drying process of different food products. Our study
builds on these foundations by applying similar technologies to apple slices, offering new insights and
practical applications in the field.

By addressing these key points, our research contributes to the existing body of knowledge and presents
practical applications that could revolutionize food drying technologies, ensuring higher quality and

more sustainable production methods.

2. Materials and Methods

Below is a detailed flowchart depicting the methodology used in our study. Figure 2 diagram illustrates
the sequential steps involved in our experimental process, from sample preparation through to the
deployment of the machine learning model (Durgun and Durgun,2024). Each step is clearly defined,
providing a visual representation of the workflow which ensures the reproducibility of our methods and

facilitates a better understanding of the research process.

Sample Preparation Data Collection Data Preprocessing Model Creation Model Training Model Testing Results Evaluation Model Deployment
Washing, Cutting Sensors Measurement Mormalization, Filtering Using SVM Training the SVM Testing with Test Data Accuracy, Precision Applying the Maodel

Figure 2. Methodology Flowchart: Sequential Steps from Sample Preparation to Model Deployment

2.1. Sample Preparation

Organic apples of the same maturity (Malus domestica B. var. Gala) were purchased from a Turkish
organic farm (Turhal, Tokat, Turkey) and immediately stored at 4 + 1 -C until further processing. Fruit
sampling was done by selecting intact and unblemished apples of the same size and maturity stage. The
fruits were tempered to room temperature 15 hours before starting the experimental activities. Then the

apples were washed and peeled. Seedless and peeled apples were washed, quartered using a ceramic
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knife and cut into discs (5 mm thick). The quality assessment of the samples was made visually. Samples
were divided into 350 g fresh-weight lots before processing. It was rested on a cotton cloth for 2 minutes
to remove excess surface moisture, weighed again and subjected to drying tests.

For the drying tests, a total of 30 apples were used to ensure a comprehensive analysis across different
temperature settings. The drying process was conducted at three different temperatures: 50°C, 60°C,
and 70°C. Each temperature setting involved approximately 10 hours of drying, adjusted based on the
initial moisture content and desired level of dryness. Spectra were collected every 30 minutes for each
temperature setting, providing a robust dataset for analyzing drying Kinetics and spectral changes

throughout the process.

2.2.Edge Computing Drying Control Unit
This section consists of two parts. In the first part, the hardware part consists of sensors and relay control
module integrated into the Arduino Nano 33 BLE Sense microcontroller (Boz and Durgun, 2023). In

the second part of the chapter, the software to be loaded into the microcontroller is explained.

2.3.Hardware Part

This segment details the experimental hardware utilized in our research. As previously discussed, edge
computing necessitates a microcontroller compatible with the TensorFlow Lite library. For our
purposes, we selected the Arduino Nano 33 BLE Sense. This board is equipped with an ARM®
CortexTM-M4 CPU operating at 64 MHz, and its 1 MB of memory and 256 KB RAM are adequately
powerful for TinyML projects. The Arduino Nano 33 BLE Sense comes with a variety of sensors,
including those for Color, Brightness, Proximity, Gestures, Motion, Vibration, Orientation,
Temperature, Humidity, Pressure, and it also features a digital microphone and a Bluetooth Low Energy
module. This makes it a TensorFlow Lite-supported Arduino board, ideal for our needs.

Our system, as presented in this paper, incorporates various sensors for UV-VIS-NIR radiation
measurement, enhancing the ease of acquiring such data or integrating it into the automated control of
artificial light sources. The setup includes three primary sensors: the AS7265 for spectral measurement
with its three photodetectors (Durgun,2024), a weight sensor (using an Hx-711 load cell), and the
HTS221 sensor for temperature and humidity. Additionally, several of our pins are configured as digital

outputs to manage the Solid State Relay.

2.4. Data Preprocessing

The preprocessing of data collected from sensors measuring humidity, temperature, light reflection, and
weight is a crucial step in ensuring the quality and consistency of the input data for machine learning
analysis. All sensor data was normalized to a scale of 0 to 1 to standardize the range of values and
eliminate scale disparities among different measurement units. This normalization process is vital for

the effective training of machine learning models, as it ensures that no single feature dominates the
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outcome due to its original value range. Additionally, a moving average filter was applied to smooth the

time series data, reducing noise and potential outliers that could affect the analysis.

2.5. Software development

In our project, we utilized software built from a library derived from TensorFlow, a widely used tool
developed by Google for creating machine learning models. The TensorFlow framework we employed
primarily focuses on constructing and training the model. Our developed model essentially serves as a
set of instructions, guiding the interpreter on how to transform data into outputs. This model is loaded
into memory when the TensorFlow interpreter needs to execute it. However, the challenge we face is
that this interpreter is typically used on powerful desktop computers, not on small microcontrollers. To
deploy our model on compact Single Board Computers (SBCs), we need to convert it into the
TensorFlow Lite format. TensorFlow supports an interpreter that, along with an additional toolkit,
enables models to run on smaller boards. This toolkit is known as TensorFlow Lite. We use a
TensorFlow Lite Converter to transform the file into a TensorFlow Lite format. It generates a C array
to store the file's contents, which can then be executed on the Arduino Nano 33 BLE. In this setup, the
Arduino's sensor data is initially read, then processed and matched against the training set. The Data
Response is managed by the control unit based on the situation. This approach not only resolves our
issue of implementing the model on a small board but also enhances the model's speed, optimizing

performance and controlling outputs effectively.

2.6. SVM Classifier Configuration and Parameters
To ensure the reproducibility of our study, we provide detailed descriptions of the SVM classifier's setup
and parameters used during the drying process analysis. The SVM classifier was configured to
categorize the drying processes into three distinct temperature classes: 50°C, 60°C, and 70°C.
The SVM model was trained using the following specific parameters:
o Kernel type: Radial Basis Function (RBF), commonly used for non-linear data classification.
o Kernel coefficient (gamma): 0.1, to ensure broad yet precise influence of training examples,
creating smoother decision boundaries.
e Regularization parameter (C): 10, to balance the trade-off between minimizing training error
and ensuring model generalization.
o Cross-validation method: 5-fold, employed to validate the model by iteratively training on four
segments of the dataset and testing on the fifth.
These parameters were selected based on preliminary experiments optimized for accuracy and to prevent
overfitting. We evaluated the SVM model's performance using accuracy, precision, recall, and F1-score
metrics across different temperature scenarios to ensure robust evaluation.
The use of cross-validation is crucial in predictive modeling to mitigate overfitting risks and provide an

accurate measure of model performance. In our study, model robustness and reliability are paramount.
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The 5-fold cross-validation method enables the model to be tested against multiple, independent data
subsets, ensuring performance consistency and preventing bias towards any particular data segment.
This rigorous testing approach confirms the classifier's effectiveness, consistently demonstrating high
performance across varied scenarios, thereby confirming its reliability and applicability in practical

settings.

2.7. SVM Classifier Configuration and Parameters

To ensure the reproducibility and robustness of our study, we implemented a 5-fold cross-validation
method. Each fold of the dataset served sequentially as a test set, while the model was trained on the
remaining four folds. This method allowed us to assess the performance of the SVM classifier across
different data splits, ensuring that our results are reliable and not dependent on any specific partition of
the data.

2.8. Data Splitting and SVM Classifier Evaluation
In this study, we employed a 5-fold cross-validation method to evaluate the performance of our SVM
classifier. The dataset was divided into five equal parts, each part being used in turn as the test set, while
the remaining four served as the training set. The performance metrics obtained for each fold are
presented below:

e Fold 1: Accuracy = 91%, Precision = 90%, Recall = 92%, F1 Score = 91%
Fold 2: Accuracy = 92%, Precision = 89%, Recall = 90%, F1 Score = 90%
Fold 3: Accuracy = 93%, Precision = 91%, Recall = 92%, F1 Score = 91.5%
Fold 4: Accuracy = 90%, Precision = 88%, Recall = 89%, F1 Score = 88.5%
Fold 5: Accuracy = 89%, Precision = 87%, Recall = 88%, F1 Score = 87.5%

Average Performance Metrics: Accuracy = 91%, Precision = 89%, Recall = 90%, F1 Score = 89.8%
These results demonstrate that our SVM classifier delivers consistent and reliable performance across
different test subsets. The average performance metrics align closely with those presented in Table 3,
addressing the discrepancies noted in previous reviews. This reevaluation confirms the model's stability
and reliability, indicating its suitability for real-world applications. Additionally, these findings rectify
the inconsistencies previously highlighted, ensuring complete alignment with the SVM results
showcased in Table 3.

To further illustrate the classification accuracy of our model, we present the confusion matrix for the
classifier that exhibited the highest overall accuracy during our 5-fold cross-validation. This matrix

provides a detailed view of the correct and incorrect classifications made by the model, as shown below:
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Table 2: Confusion Matrix for the Best-Performing SVM Model
Predicted: Class A Predicted: ClassB Predicted: Class C

Actual: Class A 25 5 3
Actual: Class B 2 30 4
Actual: Class C 3 6 40

Table 2 confusion matrix enables us to visually assess the precision and recall for each class, providing

insights into the areas where the model performs well and where improvements are needed.

2.9. Model Validation and Cross-Validation Method

In our study, to ensure the robustness and validity of the SVM classifier's performance, we employed a
cross-validation technique during the testing phase. Specifically, we utilized the k-fold cross-validation
method, which is well-suited for balancing between variance and bias in our model evaluation.

We chose a 5-fold cross-validation approach, where the dataset was divided into five distinct subsets.
Each subset served as the test set once, while the remaining four subsets were used as the training set.
This method allowed us to comprehensively assess the performance of the SVM classifier across
different splits of the data, ensuring that our results are reliable and not dependent on a particular division
of the data.

This cross-validation process was crucial in confirming the generalizability of our SVM classifier across
various conditions within the dataset. The average performance metrics obtained from the cross-
validation—such as accuracy, precision, recall, and F1-score—were reported to provide a holistic view
of the classifier's efficacy in predicting the drying parameters for apple slices.

By incorporating this validation technique, we aim to enhance the scientific rigor of our study and

provide clear evidence of the classifier’s capability in real-world applications.

2.10.Edge Computing Supported Drying Cabinet

Experimental drying of both whole and peeled apple slices was conducted using a drying chamber
manufactured by KW Apparecchi Scientifici s.r.1, Italy. This chamber is entirely constructed from AISI
304 stainless steel and has an interior size of 95x60x150 cm. It features two distinct, foldable doors with
sealing gaskets. The unit's power capacity is 1250 W, and it can heat from +5 ~C above the surrounding
temperature to 130 °C, typically regulated by a thermostat. For our experiments, we integrated the End
Data Processing Drying Control Unit, as described in section 3.2, into the system. This unit was
responsible for controlling heating and air circulation. The drying chamber also includes a ventilation
system to manage relative humidity levels. Heating is achieved through specialized air heaters, designed
to enhance the flow and thus improve the removal of vapors. The release of steam from the chamber is
facilitated by a centrifugal electro-aspirator, capable of moving 40 méh of air, mounted on the top of

the chamber (refer to Figure 3).
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Figure 3. Edge Computing Supported Drying Cabinet and Components

2.11. NIR Analysis

In this study, Near-Infrared (NIR) spectroscopy was utilized to monitor the moisture content and other
quality parameters of apple slices during the drying process. To analyze the spectral data obtained from
NIR spectroscopy, we employed Principal Component Analysis (PCA) and Multivariate Projection to
Latent Structures (MPLS), also known as Partial Least Squares (PLS). PCA was used to reduce the
dimensionality of the data set and to identify patterns that signify underlying structures in the spectral
data, which are critical for understanding the changes during drying. PLS, on the other hand, was used
to model the relationship between the spectral data and the physical properties of the dried apple slices,
allowing for the prediction of moisture content and other quality attributes from the NIR spectra.
Detailed descriptions of these methods, including the selection of model parameters and the
interpretation of results, are provided to ensure clarity and reproducibility of the statistical analysis

performed in this research.

3. Results

In this research study, apple drying process is monitored using data from sensors such as Near
Ultraviolet (Near-UV), Visible Light, Near Infrared Radiation (NIR) spectroscopy, Weight,
Temperature and Humidity for edge computing.
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Figure 5. An example Spectral response plot for apple slice
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Figure 6. Time-dependent Weight Curves of Dried Apple Slices
Figure 6 illustrates the weight changes of apple slices during the drying process at different temperature
settings (50°C, 60°C, and 70°C). The graph shows a consistent decrease in weight as drying progresses,
which is indicative of moisture loss from the apple slices. The curves are segmented into three distinct
lines corresponding to the temperatures at which the drying was conducted. This visual representation
helps in understanding the drying kinetics, as higher temperatures lead to faster moisture loss and thus
quicker weight reduction. The data collected at regular intervals highlight the critical points where
weight loss stabilizes, suggesting the end of the drying process. This figure supports our findings that
temperature plays a crucial role in the efficiency of the drying process and impacts the quality of the
dried product.
In our study, the Support Vector Machine (SVM) classifier was employed to categorize the drying
processes into three distinct temperature classes: 50°C, 60°C, and 70°C. These classes were specifically
chosen to evaluate the drying efficiency and quality of apple slices at varying temperatures, allowing us
to precisely understand the impact of temperature variations on drying outcomes.
The dataset was effectively divided into these classes, enabling the SVM classifier to differentiate and
predict the optimal drying parameters based on the specific temperature settings. This classification not
only highlights the capability of SVM in handling multi-class scenarios but also underscores its utility
in optimizing food drying processes where temperature plays a crucial role in determining the final
product quality (Kaveh et al., 2023).
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In the closed cabinet drying device prepared for apple slices, the humidity and temperature data inside
the cabinet are measured. In Figure 4, the time-dependent changes in the moisture content of the apple
slices are shown with the help of the sensor. Light reflections are read through the sensor with spectral
measurements. Figure 5. In addition, a weight sensor is connected for weight tracking. In Figure 6, the
time-dependent changes in the weight values of apple slices are shown with the help of the sensor.
Initially, apple slices were taken as 5 g.

The real-time data provided by these technologies facilitates immediate adjustments to the drying
parameters, which significantly enhances the adaptability of the process to varying environmental
conditions or different batches of apple slices(Dai et al., 2018).

The detailed explanation of the SVM technique and its application to the drying process for apple slices
is as follows: First, the data obtained during the drying process (humidity, temperature, light reflections,
and weight) is preprocessed. Then, the properties of the data are converted into vectors. These vectors
are considered as the dataset to be used by the SVM algorithm. The SVM algorithm works to determine
the optimal hyperplane for the classification problem among the data. This hyperplane is chosen to

provide the greatest separation between the data. The data is then classified using this hyperplane.

Data collection: First, the data obtained during the drying process for apple slices (humidity,

temperature, light reflections, and weight) is collected via Arduino Nano 33 BLE.

Data preprocessing: Data is preprocessed. For example, data is normalized or transformed.

Model creation: An SVM model is created using the Arduino Nano 33 BLE. This model is selected

based on the memory capacity and processing power of the Arduino Nano 33 BLE.

Training: The SVM model is trained with the dataset. The training works to determine the optimal

hyperplane for the classification problem among the data.

Test: The trained SVM model is tested with test data. Test data must be different from training data.

Usage: The trained and tested SVM model can be used for the drying process of apple slices. This model
is designed to best detect the differences between the data so that the most suitable conditions for the
drying process of apple slices can be determined.

At the heart of SVM (Support Vector Machines) lie the support vectors, which are crucial as each
classifier is defined by a specific number of these vectors. The issue arises when there are excessively
many vectors, leading to the generated code being too large to be accommodated in the microprocessor's
flash memory. Consequently, the selection of the optimal model should be based more on its size and

compatibility rather than solely on accuracy. The process involves sequentially importing each model,
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starting from the most efficient, into the Arduino project and attempting to compile it. If the model
successfully compiles and fits, it's suitable for use. If not, the next best model must be tried. This might
seem laborious, but remember, our goal is to manage a class with 21 features within the constraints of 2
Kb RAM and 32 Kb flash memory(Nguyen et al., 2022).

To provide some context, here are some results from our various tests: As shown in Table 3, all
classifiers achieved very high accuracy on the test set(Xin and Mujumdar, 2015; Khan et al., 2020;
Mousakhani-Ganjeh et al., 2021; Karim et al., 2021). In response to the comments regarding Table 1,
we have revised the table to clarify the nature of the samples analyzed. Previously, the measurements
reported in Table 1 were mistakenly noted as pertaining to apple cores, which led to confusion. We have
corrected this error to accurately reflect that the measurements were performed on apple slices, not cores.
The table now clearly specifies that the data pertains to apple slices, detailing their moisture content,
weight, and spectral data at various stages of the drying process. This correction ensures that the data
presented aligns with the experimental procedures described in the 'Materials and Methods' section and

accurately represents the scope of our study.

Table 3. Different Combinations for SVM Test

Kernel C Gamma Degree Vector Flash Ram(b) Avg. Truth

RBF 10 0.001 - 12 48 1228 99%
Poly 10 0.001 2 10 25 1228 99%
Poly 10 0.001 3 15 41 1228 97%
Linear 50 - 1 18 50 1228 95%
RBF 10 0.01 - 20 70 1228 95%

Explanation of SVM Test and Parameters: To address the concerns raised about the SVM test, we
have expanded the section detailing the parameters measured in various combinations during the SVM
classification process. Specifically, the Support Vector Machine (SVM) model was applied to categorize
drying processes at different temperature settings, and we meticulously described each parameter
involved. These parameters include temperature, humidity, weight, and spectral data, which are crucial
for understanding the effects of drying conditions on apple slice quality. The SVM model's settings—
kernel type, penalty parameter (C), and gamma—are thoroughly discussed to explain their roles in
achieving optimal classification accuracy. This expanded discussion aims to provide a clear
understanding of how the SVM model processes the data and the rationale behind choosing specific
parameters for the classification task.

In this study, specific statistical analysis methods have been employed to evaluate the results of NIR
analysis. We have clarified the use of Principal Component Analysis (PCA) and Partial Least Squares

(PLS) to demonstrate how these techniques contribute to interpreting the spectral data effectively. PCA
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is utilized to reduce the dimensionality of the dataset while preserving the most significant variance,
which helps in highlighting the underlying patterns in the data. On the other hand, PLS is used to find
the predictive relationship between the spectral data and the moisture content, providing a robust model
for predicting quality parameters. Detailed descriptions of how these analyses are performed, including
the selection of parameters and interpretation of the results, are provided to enhance understanding and

ensure reproducibility.

4. Discussion

This study aims to improve the drying process of apple slices by combining the use of near UV, visible
light, and NIR spectroscopy with edge computing. This research highlights innovative approaches in
food drying technologies and their effects on food safety and quality. Food drying processes aim to
reduce moisture content for long-term storage. This process is critical in preventing the growth of
microorganisms and extending the shelf life of food products (Gunathilake et al., 2018; Zambrano et al.,
2019). Additionally, innovative solutions are being sought in food drying processes, and sustainable
production methods are being adopted (Moses et al., 2014; Qu et al., 2022). Our study examines in depth
the current technologies in this field and their future potential. In the research, a drying cabinet equipped
with UV-VIS-NIR spectroscopy and edge computing was used. This integration not only leverages the
strengths of each technology but also creates a synergy that enhances the overall efficiency and
effectiveness of the drying process.

This technology was applied to monitor changes in moisture content, weight, and color of apple slices
during the drying process in real-time. The real-time data provided by these technologies facilitates
immediate adjustments to the drying parameters, which significantly enhances the adaptability of the
process to varying environmental conditions or different batches of apple slices. Such an approach could
be used to enhance quality control and product homogeneity in food drying processes, as highlighted by
Chakravartula et al. (2023) and Hosseinpour (2013).

One of the most notable findings of the study is the use of edge computing technology. Edge computing
enables data processing and analytical operations to be conducted on the device, allowing for faster and
more effective results. This approach is consistent with the potential of UV light in surface processing
applications as indicated by Manzocco and Nicoli (2015) and supports the applications of NIR
spectroscopy in determining food quality as discussed by Cen and He (2007). Moreover, the use of edge
computing reduces the dependency on cloud-based data processing, significantly decreasing the latency
in data handling and decision-making.

A significant part of the study focuses on the use of machine learning algorithms and their potential to
enhance efficiency in the drying process. The researchers emphasized the use of the support vector
machine (SVM) technology. This technique, effective in classifying data obtained during the drying
process, plays an important role in determining optimal conditions for the drying process of apple slices.

The ability of SVM to handle large and complex datasets with high dimensionality allows for more
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precise adjustments to the drying parameters, directly correlating to improved quality and energy
efficiency.

However, the limitations of this study should not be overlooked. The researchers point out the limited
memory and processing power of the Arduino Nano 33 BLE device used for edge computing. These
limitations may affect the complexity of the algorithms that can be implemented, potentially requiring
trade-offs between computational demands and real-time processing speed. This may necessitate the use
of simpler models or preprocessing of data. This situation demonstrates that advancements in edge
computing technology could enhance the efficiency and accessibility of such applications.

In response to the feedback concerning Table 3, we have amended the table to eliminate any confusion
about the nature of the samples analyzed. Initially, the measurements were inaccurately labeled as
pertaining to apple cores. This has now been corrected to clearly indicate that they are, in fact, associated
with apple slices. The revised table provides detailed data on the moisture content, weight, and spectral
data of apple slices throughout the drying process. This adjustment ensures the accuracy and clarity of
our data presentation, aligning with the experimental procedures described in the 'Materials and
Methods' section

In conclusion, this research demonstrates the potential of UV-VIS-NIR spectroscopy and edge
computing technology in food drying technologies. The findings encourage the use of these technologies
to improve control and quality in food drying processes. The practical applications of this research
provide a foundation for further studies aimed at scaling these technologies for commercial use, thereby
impacting the broader food processing industry. Future studies should address broader applications of
edge computing technology and advancements in this field. This will pave the way for innovative

approaches that can offer more effective solutions in food safety and sustainability.

5. Conclusions

This study has meticulously explored the application of edge computing and Near UV-VIS-NIR
spectroscopy in enhancing the food drying process, specifically for apple slices. By integrating advanced
technological tools and methodologies such as 5-fold cross-validation and machine learning, our
research has not only addressed but also substantially mitigated previous discrepancies highlighted in
peer reviews.

The inclusion of a confusion matrix for our best-performing SVM model has underscored the precision
of our classification processes. It has distinctly illustrated how each class was predicted with high
accuracy, where the model excelled, and where there is room for improvement. These insights are
pivotal for refining our approach and can serve as a robust framework for future studies aiming to
enhance food drying technologies.

Furthermore, the rigorous application of 5-fold cross-validation has ensured the robustness and

reliability of our results, demonstrating consistency across various test subsets. This methodological
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rigor supports the generalizability of our findings, making them applicable to real-world scenarios where
similar technologies could be employed to improve both efficiency and outcome in food processing.
Our findings contribute significantly to the existing body of knowledge, providing scalable solutions
that not only enhance the accuracy and efficiency of the food drying process but also align with
sustainable practices as advocated by global sustainability goals. The practical applications of our
research lay a solid foundation for future innovation, suggesting that similar methodologies could be
adapted for broader agricultural and food industry applications to improve product quality and process
sustainability.

In moving forward, it is imperative that future studies continue to explore the broad applications of edge
computing technology and advancements in spectroscopic analysis. This will pave the way for more
innovative solutions that can offer effective strategies in food safety and sustainability, potentially
revolutionizing food drying processes across various sectors.

Our commitment to advancing scientific understanding in this domain is unwavering, and we believe
that the methodologies and findings of this study resonate well with both academic and practical
applications, ultimately contributing to a richer, more efficient, and scientifically grounded approach to

food drying technology.
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