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Abstract: Ochratoxin A (OTA) contamination presents significant risks in viticulture, affect-
ing the safety and quality of wine and grape-derived products. This study introduces a
groundbreaking method for early detection and management of OTA, leveraging environ-
mental data such as temperature and humidity. A function derived from chemical analysis
was developed to estimate OTA concentrations and used to label a synthetic dataset, estab-
lishing safe thresholds. Two AI models were trained: one for the detecting of OTA presence
and the other for classifying the concentration range. These models were deployed on a
M5Stick C+, a microcontroller designed for real-time data processing. The inference process
is optimized for rapid response, requiring minimal time to deliver results. Additionally, the
low power consumption of the M5Stick C+ ensures that the device can operate throughout
the harvest period on a single charge. The system is able to transmit inference data via
MQTT for real-time analysis. This comprehensive approach offers a scalable, cost-effective,
on-site solution that is autonomous, eliminating the need for domain experts and extensive
resources. The robustness of the system was demonstrated through its consistent perfor-
mance across multiple test sets, providing an effective enhancement to food safety in grape
and wine production. The study also details the system architecture, describes the function
used for data labeling, outlines the training and deployment processes of the models, and
finally, assesses the testing of the overall system.

Keywords: ochratoxin; edge computing; Internet of Things; agrifood

1. Introduction
Mycotoxins are poisonous substances that are naturally created by some molds (fungi)

and are present in a variety of foods, including cereals, nuts, dried fruits, and spices.
Mycotoxin-producing molds can grow on a wide variety of food products, and this un-
wanted event can happen before and after the harvesting of food products, during storage,
and more frequently in warm, humid environments [1,2]. Mycotoxins can enter the cir-
culation and lymphatic system by ingestion, skin contact, inhalation, and other means,
and they can have both acute and long-term health impacts [3]. They impair macrophage
systems, prevent the lung from clearing particles, impede protein synthesis, and make
the body more susceptible to bacterial endotoxins [4]. Immunoaffinity columns can be
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used to test for mycotoxicosis. The kind of mycotoxin, the amount and duration of expo-
sure, the exposed person’s age, health, sex, and other factors all affect the mycotoxicosis
symptoms [5]. Ochratoxin A (OTA) and Fusarium toxins, like deoxynivalenol, are the most
frequent mycotoxins that are harmful to the health of people or animals. In addition to
the exposure time, there are two key factors that affect the growth of these mycotoxins:
temperature and humidity [6]. According to this fact, the continuous and smart monitoring
of the conditions that facilitate the growth of these compounds can play a fundamental
role in preventing contaminations and assuring health safety [7]. To this end, Internet of
Thing (IoT) devices could play a fundamental role due to the reduced size, the low-power
consumption, the availability of low-cost sensors, and the connectivity capabilities. This
makes IoT a preferable candidate to design on top a proper system to support agrifood
improvements related to the quality and safety of human-intended food products [8]. In
wines, OTA is the most studied mycotoxin, and the European Commission (by regula-
tion 1881/2006) [9] established, as the maximum tolerable level in grape juice, must, and
wines destined for human consumption, a concentration of 2 µg kg−1. Focusing on the
wine-production process, considering the stringent regulation, in this work, we propose a
suitable IoT system that is able to estimate the presence and to provide a level classification
of the growth probability of specific mycotoxins, using only low-cost sensors and exploiting
the use of edge computing to identify environmental-related behavior of the monitored
food environment. Mycotoxin contamination issues can be effectively addressed by inte-
grating Artificial Intelligence (AI) and IoT [10] solutions in the grape sector. Nowadays, AI
is becoming a key player in the digital revolution of the grape sector, offering insightful
data on measurable characteristics and other vineyard circumstances. Winegrowers can
now make data-driven decisions to increase grape yield thanks to AI, sensors, and visual
data [11]. Furthermore, precision agriculture is made possible by the combination of AI
with cultivation and vineyard management, giving vineyard managers unmatched control
over the plants’ growth environment [12]. Vineyards can monitor soil health, climate
conditions, and plant health in real-time by integrating AI with technology like drones
and IoT devices [13–16]. This allows for the cultivation of superior grapes [17]. In order to
guarantee ideal growing conditions, the integration of IoT sensors in vineyards also makes
it possible to monitor environmental parameters like temperature, light intensity, and
humidity in real-time. Grape producers can increase grape quality by making data-driven
decisions with the help of this real-time information [18,19]. Furthermore, Chee and al. [20]
present a solution that highlights the importance of IoT in tackling mycotoxin concerns
in the grape business, which is crucial in the early detection of fungal development and
OTA contamination.

We previously proposed in [21], with a specific focus on Machine Learning (ML) classi-
fication algorithm development, a method to classify the probability of OTA contamination.
In that work, we trained a model with the usage of a synthetic generated dataset exploiting
a custom labeling algorithm.

In this context, our work presents an innovative solution by integrating IoT technology
with AI to address the issue of OTA contamination in viticulture. Unlike traditional methods
that rely on laboratory-based testing or require expert intervention, our approach uses low-
cost environmental sensors, such as those measuring temperature and humidity, to monitor
conditions related to OTA growth. The data collected by these sensors are processed
through a neural network model deployed on a microcontroller designed for real-time
operation. This model classifies the likelihood and concentration of OTA contamination at
various stages of grape harvesting, enabling proactive intervention. Our work introduces
a novel end-to-end system that can classify OTA contamination levels based on real-time
environmental data, offering a scalable, cost-effective, and autonomous solution for grape
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farmers. This system eliminates the need for specialized equipment and domain expertise,
making it accessible on-site. The dataset used to train the model is derived from an
analytical feasibility study on grape samples, providing a solid analytical foundation for
understanding OTA growth dynamics. By focusing on real-time data processing, our system
can predict OTA contamination risks as they emerge, offering a preventive tool for ensuring
food safety. Furthermore, the implementation of this system on a resource-constrained
microcontroller demonstrates its feasibility for large-scale deployment in field conditions.
This work sets a new precedent in the application of AI and IoT in viticulture, providing an
affordable and efficient method to combat OTA contamination and improve food safety in
grape and wine production. Our paper is structured into three main sections. In Section 2
the state-of-the-art related to electronic-based solutions for mycotoxins identification is
presented. In Section 3, starting from the analytical feasibility study on grape samples,
the novel method is introduced, encompassing discussions on hardware and software
components, as well as the implementation of the predictive model within the hardware
framework. Moreover, in Section 4, we describe our experimentation process and present
the results obtained. Final remarks are presented in Section 5.

2. State of the Art
Mycotoxins, particularly OTA, pose significant health risks, necessitating compre-

hensive monitoring strategies to prevent their occurrence in food products. The presence
of mycotoxins in foodstuffs is heavily influenced by environmental conditions such as
humidity and temperature, which are critical for their growth. Traditional detection meth-
ods, although highly accurate, involve chemical analyses that are generally complex and
costly for continuous monitoring. For instance, High-Performance Liquid Chromatography
(HPLC) with fluorescence detection [22,23] offers precise quantification of mycotoxins like
OTA but requires skilled personnel and specialized lab equipment, limiting its accessibility
for on-site testing and rapid analysis in field settings. Liquid Chromatography-Mass Spec-
trometry (LC-MS) [24], particularly with electrospray ionization, provides high sensitivity
and accuracy, enabling the detection of OTA even at very low concentrations. However,
this technique demands advanced instrumentation and controlled laboratory conditions,
making it challenging to implement for routine on-site testing. Thin-Layer Chromatogra-
phy (TLC) [25] is a simpler and more cost-effective method for the preliminary screening of
OTA, suitable for use in coffee-producing countries. While effective for detecting OTA at
levels like 5 mg/kg, it does not offer the precision required for more detailed quantitative
analysis compared to advanced methods like HPLC. These conventional techniques offer
valuable accuracy but are often limited by high costs and the need for specialized settings,
making them impractical for continuous, field-based monitoring. In response to these limi-
tations, non-chemical approaches, particularly those integrating IoT and AI, are emerging
as practical alternatives for real-time, on-site monitoring. The authors in [26] used AI and
IoT technologies through the ISCA-MobileNetV3 model combined with an artificial olfac-
tory sensor (AOS) to achieve over 98.5% accuracy in detecting mycotoxin-contaminated
maize while reducing olfactory arrays from 16 to 6 with minimal accuracy loss. This system
demonstrated rapid online evaluations (<1 s) and offers a low-cost, high-precision solution
for real-time maize quality detection. Another paper [27] addresses the growing concern
over food quality and safety in the context of socio-economic development, highlighting the
limitations of traditional food analysis methods. It proposes a comprehensive approach in-
tegrating AI and biosensors for more effective food quality evaluation. The paper discusses
the potential prospects, challenges, and future research directions in this field. Noor et al.
[28] developed a portable electrochemical biosensor integrated with an IoT cloud system
for in situ detection of multi-mycotoxins, including aflatoxin B1 (AFB1) and OTA, both of
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which are harmful types of mycotoxins. The device successfully developed standard curves
for both toxins, demonstrating its capability for multi-mycotoxin detection, although field
testing focused on AFB1 in grain corn. While the device effectively detected AFB1, its
reliance on a stable internet connection for IoT functionalities may limit its use in remote
areas. Additionally, Akhtar et al. [29] developed an IoT system that utilizes environmental
sensors and an Arduino UNO microcontroller to detect conditions conducive to fungal
growth, which can lead to mycotoxin production. This system continuously monitors
environmental parameters, such as precipitation and CO2 levels, identifying any notable
patterns or variations that might be connected to fungal activity. With real-time monitoring
and analysis, the technology can quickly identify the presence of fungi and ensure the
security of stored food products. Similarly, the authors in the paper [30] propose a compact
convolutional transformer (CCT) model to classify wheat contamination by mycotoxins,
achieving an accuracy of 83.33%. The model effectively detects contaminated, incipient,
and healthy wheat based on CO2 respiration rates and mold formation. It highlights the
need for further improvement in distinguishing between healthy and incipient classes for
timely spoilage detection. As part of our research, we conducted a comparison between
the Random Forest (RF) model and fully Connected Neural Networks (CNNs). While the
training and validation results of RF were comparable to those of CNNs, the RF model, like
other relevant algorithms, such as Support Vector Machines (SVM), k-Nearest Neighbors
(k-NN), and Gradient Boosting Machines (GBM), generally exhibits a larger size after
conversion [31]. This makes such models less suitable for deployment on resource-limited
devices like the M5Stick C Plus (M5Stack Technology Co., Ltd., Shenzhen, China) (M5C+).
Additionally, CNNs offer significant advantages in terms of adaptability, particularly with
techniques like transfer learning, aligning with our goal of developing a generalized and
scalable solution. Our study builds upon these developments, specifically targeting the
critical factors of temperature, humidity, and harvest time duration, which are the main
determinants of OTA growth in grapes. We employ low-cost IoT sensors to monitor these
parameters continuously, providing a direct, feasible solution for detecting and managing
OTA risks in the field. By focusing on the environmental measurements that directly affect
OTA growth, our research fills a crucial gap in current mycotoxin detection strategies, offer-
ing a cost-effective, scalable solution adaptable to varying field conditions. This approach
not only complements existing technologies but also extends their capabilities to create a
more integrated and effective monitoring system. However, there are limitations that need
to be considered, such as the use of the M5C+ device in our system requires recharging
before each harvesting cycle, as its current battery life can support up to two harvest cycles
at most. Additionally, while our focus was on developing a proof of concept, the data
flow was not optimized, suggesting that there is plenty of room for optimization regarding
protocols and data transmission for more robust, efficient, or secure data transmission that
will be the focus in future implementations.

3. Methods
In this section, we will detail the proposed system architecture designed to estimate

the concentration level of OTA in harvested white grapes. In addition, the description
of implementation and the deployment of the models on a M5C+ device is provided.
We explain how the model was conceived, trained, and the expected working mode,
detail the device used, and outline the process of embedding the model into the device.
The organization of this section is as follows: The system shown in Figure 1 starts by
using synthetic data generated to simulate real-world environmental conditions, such as
temperature, humidity, and time. These synthetic data are used to train an ML model offline.
The training and deployment process shown in Figure 2 involves feeding the data into the
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ML model to enable it to learn patterns and relationships within the dataset, preparing it
for inference tasks. Once the model is trained, it is optimized and deployed onto the M5C+
microcontroller. Then, the trained ML model is integrated into the M5C+, which serves as
an edge device for real-time data processing, which is placed in or attached to a box. The
M5C+ collects live environmental data using its attached sensors, simulating the conditions
represented by the synthetic data. It processes these data locally on the device, performing
on-device inference to classify the collected data into the correct class based on the model
knowledge. Finally, the classified data are transmitted to a server using the MQTT protocol
for lightweight and efficient communication. The transmitted data are saved in a (.csv)
file format on the server, where they can be further analyzed or visualized. An analytical
feasibility study to explain the developed modelization that was conducted on white grape
samples is provided in Section 3.1. It is followed by a detailed description in Section 3.2
of the used hardware devices. Following this, the software implementation is introduced
in Section 3.3, providing a detailed description of the dataset creation from the analytical
feasibility study on grape samples, moving to model design and model optimization, and
concluding with a description of the implementation of the proposed model in hardware
in Section 3.4.

Figure 1. Overview of the proposed system’s architecture, detailing three main sections: (1) Model
training and deployment; (2) On-device inference and data processing; (3) Data transmission
and storage.

Figure 2. AI model flowchart showing the workflow from training to deployment for OTA prediction.
The model is trained and optimized in (2) on a synthetic dataset in (1), converted from .h5 to .cc in (3),
and deployed on an M5C+ device in (4). The M5C+ is setup with sensors in (5) for real-time data
collection in (6) and OTA concentration prediction in (7)
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3.1. Evaluation Function of Contamination by OTA in Grapes

An analytical feasibility study, based on a mycological survey, to explain the developed
predictive model was conducted on white grape samples. The extraction of OTA was
carried out according to the VICAM method developed by Rosa et al. in [32]. To 5 mL of
the sample (juice or pulp), 10 mL of a solution containing H3PO4–NaCl was added and
mixed for 1 min. The resulting sample was then supplemented with 5 mL of chloroform,
and the mixture was centrifuged at 2500× g for 15 min. The organic phase at the bottom
was transferred to a flask. The extraction was repeated a second time, and the two organic
phases were combined and dried. The dried extract was reconstituted in a PBS solution
containing 15% (v/v) methanol and transferred to the immunoaffinity column (Ochratest,
VICAM). The column was pre-washed with 20 mL of PBS. The sample was loaded into
the immunoaffinity column, and the operation was repeated three times with 5 mL of
PBS-methanol solution each time. The column was then washed with water and dried.
OTA was eluted with 1.5 mL of methanol (HPLC grade). The collected eluate was dried
under a nitrogen stream and reconstituted with 50 µL of the mobile phase.

3.1.1. HPLC-Determination

The analyzes were carried out with a Shimadzu Nexera UHPLC-RF system (Shimadzu,
Kyoto, Japan), composed of a controller (CBM-20A), a degasser (DGU-20A5R), dual-plunger
parallel-flow pumps (LC-30AD), an autosampler (SIL-30AC), a column oven (CTO-20AC),
and a fluorimetric detector (RF-20A). The column used was a Phenomenex Luna 5 µm C18
(150 × 4.60 mm). The mobile phase employed was a mixture of acetonitrile:water:acetic
acid in a ratio of 99:99:2, with a flow rate of 0.8 mL/min. The excitation wavelength was set
at 333 nm, and the emission wavelength at 477 nm. OTA was identified using the external
standard method. LC data processing was performed with LC solution software (Version
5.71, Shimadzu).

3.1.2. Optimization of Method

The calibration curve was constructed using the least squares method by obtaining the
equations of the regression lines. Mandel’s test confirmed the linearity of calibration curve
to be in the considered range (0.25–10 g/L). The limit of quantification (LoQ) and limit of
detection (LoD) were calculated by multiplying the standard deviation (SD) of the lowest
level of the calibration curve ten and three times, respectively, and dividing the result for
the slope of the calibration curve. The values were 0.08 µ/L for LOD and 0.12 µ/L for LOQ.
Instrumental recovery of 94% was also determined.

3.1.3. Results

In this part, which represents a feasibility study, a predictive model was built. Through
the building of the model, a method for correlating the OTA amount to different fungal
development variables was developed. In Figure 3, the graphical trend of OTA production
during the harvest time at different humidity and temperature conditions is reported.
Considering the average trend of temperature and relative humidity during the period
and within the grape harvesting area, the following pairs of variables were selected and
evaluated: 30 °C temperature and 60% of humidity, 34 °C and 45%, 35 °C and 35%, 28 °C
and 70%. These variables were selected to evaluate the increase in the OTA amount during
the time (6 h). As can be seen in the Figure 3, the OTA amount increased quickly at 28 °C
with the humidity of 70% corresponding to night hours (from 8 pm to 7 am). Instead,
harvesting when the temperature is up to 35 °C but humidity is at 35% [21] would lead to
an optimal product harvest with lower OTA content.
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Figure 3. Evaluation function over time for OTA A.

3.2. Hardware

The M5C+ device shown in Figure 4 was selected for the IoT implementation for its
effectiveness, portability, and versatility. We opted for the M5C+ due to its robust capa-
bilities, perfectly aligned with the requirements of the project. Its integrated architecture,
encompassing an ESP32 microcontroller, built-in display, and an array of sensors, stream-
lines development while offering ample room for expansion [33]. Moreover, the M5C+
proves to be an optimal choice for rapid prototyping and deployment, owing to its intuitive
user interface and extensive community support [34]. Leveraging tools such as VS Code,
Python, and Arduino, along with the M5C+ Core development environment, and equipped
with built-in Wi-Fi support and compatibility with emerging technologies like LoRaWAN,
our system seamlessly transmits data over MQTT, facilitating real-time communication
and remote monitoring [35]. Furthermore, we used the low-cost sensors provided by M5C+
that are easy to use and able to ensure precise data acquisition. In particular, the built-in
6-Axis IMU acts as a trigger to start data acquisition and the ENV-III Hat contains the
digital humidity and temperature sensor SHT30 (Sensirion AG, Staefa ZH, Switzerland)
from Sensirion. In the intended application, when the grapes are harvested, the M5C+
is firmly placed in or attached to a box containing the grapes. Subsequent to a box tilt,
precisely when the box is flipped upside down for more than five seconds according to the
accelerometer measurements, the data acquisition process starts. On-line measurement
and saving on the on-device memory of the temperature and humidity values through
the SHT30 sensors are then performed every 60 s. This time duration provides a good
balance between the need for acquiring enough measurements to model the process and
the requirements of reducing the dissipated energy for every acquisition, and the amount
of used memory. Additionally, the M5C+’s generous memory and clock speed ensure that
our classification model operates with proper efficiency and accuracy, facilitating effective
real-time data measurement, classification, and transmission.
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Figure 4. M5stick C plus [36].

Details of the M5C+

Table 1 lists some of the key characteristics of the M5C+:

Table 1. Characteristics of M5C+.

Feature Description

Microcontroller ESP32-PICO-D4 (240 MHz dual core, 600 DMIPS)

Flash Memory 16 MB

RAM 8 MB (520 KB SRAM)

Display 0.96-inch TFT color display (80 × 160 resolution)

Battery 95 mAh Li-Po battery

Connectivity Wi-Fi (802.11 b/g/n), Bluetooth 4.2 BLE

Expansion Grove compatible connector

Sensors Accelerometer (MPU6886), IR transmitter

Input/Output Built-in buttons (2), microphone, speaker

Interfaces USB-C for charging and programming

Dimensions 48 mm × 24 mm × 13.5 mm

Weight Approximately 14 g

3.3. Software

A proper dataset that contains the underlying connections among the measurable
harvesting conditions and the OTA contamination probability obtained from the analysis
presented in Section 3.1 is requested to train an ML model. Embedding an ML model on a
microcontroller offers significant advantages over deterministic functions, particularly for
complex and dynamic problems [10]. ML models excel in handling non-linear relationships,
adapt to new data, and efficiently process noisy sensor inputs, making them ideal for
resource-constrained environments where adaptability and efficiency are crucial.

3.3.1. Dataset Description

The dataset was designed to synthesize time-interval-based weather data for ap-
plications requiring temporal and environmental correlations. It simulates real-world
temperature and humidity measurements. The considered temperature range varies from
28 °C to 35 °C, and the humidity ranges from 35% to 70%, reflecting daily weather data of
the village of Bianco in Reggio Calabria gathered from [37]. The days considered [21] were
used for white grapes harvesting. The temperature and humidity range also coincides with
the limit of the environmental conditions considered in the quantitative measurements
performed in Section 3. By mapping weather data to randomly generated time periods
with realistic durations (30–360 min), the dataset mirrors operational scenarios, such as
agricultural planning.
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The synthetic dataset consists of the following features:

• TimeIn: Start time of the interval.
• TimeOut: End time of the interval.
• Tavg: Average temperature during the interval.
• Havg: Average humidity during the interval.
• Alpha: A derived parameter based on environmental and temporal factors.
• Label: Classification or evaluation value assigned to the interval.

This dataset ensures realistic variability by simulating weather data and aligning it
with typical operational constraints.

3.3.2. Dataset Labeling Function

The labeling of dataset samples in this study is based on a mathematical function that
estimates OTA concentration as a function of time, temperature, and humidity. The labeling
process involves two main steps: (1) Calculating the OTA concentration using a weighted
model and (2) assigning labels to the dataset based on predefined concentration ranges.

Concentration Estimation

The OTA concentration is calculated using an exponential growth model and a
weighted interpolation between different environmental conditions, extracted from the
OTA concentrations (in Figure 3) at different temperatures and humidity. The base model
for OTA concentration under a specific condition is given as:

Ccondition(t) = a · eb·t + c (1)

where:

• t: Time in minutes
• a, b, c: Curve-fitting parameters specific to the environmental condition
• T: Temperature
• H: Humidity.

To generalize this model across multiple environmental conditions, weights are in-
troduced based on the proximity of the sample’s temperature T and humidity H to the
reference temperature Tref and humidity Href of each condition. The weight for a condition
is calculated as:

wcondition(T, H) =
exp

(
− (T−Tref)

2

10 − (H−Href)
2

100

)
∑condition exp

(
− (T−Tref)2

10 − (H−Href)2

100

) (2)

The overall OTA concentration is then computed as a weighted sum:

C(t, T, H) = ∑
condition

wcondition(T, H) · Ccondition(t) (3)

Environmental Conditions

The dataset considers the following environmental conditions, each characterized by
a reference temperature and humidity:

• T28_H70: Tref = 28 ◦C, Href = 70%
• T30_H60: Tref = 30 ◦C, Href = 60%
• T35_H35: Tref = 35 ◦C, Href = 35%
• T34_H45: Tref = 34 ◦C, Href = 45%
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Binary Classification

In binary classification, samples are labeled based on whether the OTA concentration
is within acceptable production limits. Specifically, concentrations below or equal to 2
(C ≤ 2) are considered acceptable and labeled as class 0, while concentrations above 2
(C > 2) are labeled as class 1. The binary labeling function is defined as:

Labelbinary(C) =

0, if C ≤ 2

1, if C > 2
(4)

This binary labeling approach ensures that the dataset aligns with real-world produc-
tion criteria, distinguishing between acceptable and unacceptable OTA levels in wine and
grape juice production, according to Commission Regulation (EC) No. 1881/2006 [38].

Multi-Class Classification

For multi-class classification, samples are divided into five classes based on predefined
OTA concentration ranges. This allows for finer-grained labeling of the dataset. The
multi-class labeling function is defined as:

Labelmulti-class(C) =



0, if 0 ≤ C ≤ 1

1, if 1 < C ≤ 2

2, if 2 < C ≤ 3

3, if 3 < C ≤ 4

4, if C > 4

(5)

The multi-class labeling provides additional granularity for applications where the
precise level of OTA concentration is relevant.

Implementation

The dataset labeling function integrates the concentration estimation and label assign-
ment steps. The model calculates the OTA concentration for each sample and assigns a
corresponding label, enabling the generation of a robust labeled dataset suitable for training
and evaluating machine learning models.

3.3.3. Dataset Structure

• Anomaly Detection Dataset (ADD)
Firstly, by using the function described in Section 3.3.2, we generated a dataset with two
classes: class ’0’ encompasses below the threshold OTA concentrations, which are safe
for the production of wine and grapes juice [38], while class ’1’ comprises the above
threshold concentrations, which are not safe for production, as shown in Table 2.

Table 2. ADD Structure.

Concentration of OTA Concentration (mg/L) Class Production Safety

Below threshold 0.00 ≤ Concentration ≤ 2.00 0 Safe

Above threshold Concentration > 2.00 1 Unsafe

• Probability Classification Dataset (PCD)
Secondly, using the function described in Section 3.3.2, a novel dataset with five classes
was created. The concentrations of each class are described in Table 3.
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Table 3. PCD Structure.

Concentration of OTA Concentration (mg/L) Class Production Safety

Approaching zero 0.00 ≤ Concentration ≤ 1.00 0
Safe

Low 1.00 > Concentration ≤ 2.00 1

Moderate 2.00 > Concentration ≤ 3.00 2

UnsafeHigh 3.00 > Concentration ≤ 4.00 3

Critical Concentration > 4.00 4

3.3.4. Dataset Generation Process

The dataset generation process begins by defining N, the total number of samples
to generate. For each sample, random time intervals, TimeIn (Tin) and TimeOut (Tout), are
selected within the range of 3:00 AM to 8:00 PM. The duration of these intervals is computed
in minutes as:

TimeDifference = Tout − Tin (6)

During each time interval, temperature and humidity data are processed to compute
the following features:

• TimeDifference

• TAverage

• HAverage

Using these features, a concentration value is calculated using an evaluation function
Section 3.3.2:

C(TimeDifference, Taverage, Haverage). (7)

Based on the computed concentration, a label is assigned to each sample following
the dataset structure. Finally, each sample, containing TimeDifference, TAverage, HAverage, and
α, is added to the synthesized dataset. The algorithm used to initialize and generate the
dataset is shown in Algorithm 1.

Algorithm 1 Dataset generation algorithm

Input: None // No input data
Output: generatedDataset // Synthesized Dataset

1: Initialization: Set N // Number of samples to generate
2: Set α = 1 // The algorithm can be personalized based on different plant conditions
3: for i = 1 to N do
4: Pick Random TimeIn;
5: Pick Random TimeOut;
6: Calculate TimeDi f f erence: i[TimeDi f f erence] = (TimeOut − TimeIn) (in minutes);
7: Compute i[TemperatureAvg] for the duration from TimeIn to TimeOut;
8: Compute i[HumidityAvg] for the duration from TimeIn to TimeOut;
9: Calculate i[Concentration] using the function:

10: i[Concentration] = C(i[TimeDi f f erence], i[TemperatureAvg], i[HumidityAvg], α);
11: Assign i[label] based on i[Concentration] using the dataset structure;
12: Add i (containing TimeDi f f erence, TemperatureAvg, HumidityAvg, α, and Lable) to

generatedDataset;
13: end for

3.3.5. AI Model Design

Two fully connected neural networks with identical architectures were employed,
one for PCD shown in Figure 5, and the other for ADD. We began with the architec-
ture described in [21], and through iterative development, adapted it to improve the
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performance. This process led to our current architecture, which is detailed as follows:
Each network is composed of an input layer followed by three hidden layers, each with
100 neurons. These layers are fully connected. The input layer directly receives the features:
TimeDifference, Taverage, Haverage, and α, constrained to one plant type for simplicity. The
ADD model’s output layer uses a sigmoid activation function, suitable for binary classifica-
tion by providing an output that represents a probability between 0 and 1, with a total of
20,902 parameters. In contrast, the PCD model employs a softmax activation function in its
output layer, which converts network output into a probability distribution across 5 classes.
In the hidden layers, the ReLu activation function was selected to facilitate learning of
non-linear relationships without the complications of vanishing gradients. The PCD model
has a total of 21,205 parameters. Both models utilize sparse categorical cross-entropy for
the loss function and the Adam optimizer, reflecting the best practices in current neural
network training. For the training of these models, a number of epochs equal to 250 was
appropriate for both ADD and PCD, as shown in Table 4. This parameter was determined
after observing consistent improvements in training performance up to this point. As
shown in Tables 4 and 5, specifically, the ADD model reached its optimal training accuracy
of 99.29% with loss of 0.219 at epoch 215 and attained a validation accuracy of 99.71%
with a validation loss of 0.012, while the PCD model achieved a peak training accuracy
of 97.28% with a loss of 0.707 at epoch 229, and a validation accuracy of 98.55% with a
validation loss of 0.060. The validation set, being equal to 20% of the size of the training
set, presents a smaller and potentially less complex data distribution, making it easier for
the model to achieve higher accuracy and lower loss on the validation set compared to
the training set. To significantly enhance the validity of the training results, we performed
training using k-fold cross-validation with a rate of 5, as detailed in Table 6. This iterative
development from the initial architecture in [21] was crucial in tailoring a solution that
efficiently addresses both classification and detection challenges in our dataset. For the
given models, we calculate the Floating Point Operations (FLOPs) for each layer [39]. The
FLOPs for a fully connected layer are given by:

FLOPslayer = 2 × (Number of inputs × Number of outputs)

ADD Model Calculation:

• Input Layer: 4 inputs (since we have 4 features).
• Hidden Layers: 3 hidden layers, each with 100 neurons.
• Output Layer: 1 output (binary classification).

First Layer (Input → Hidden Layer 1):

FLOPs = 2 × 4 × 100 = 800

Second Layer (Hidden Layer 1 → Hidden Layer 2):

FLOPs = 2 × 100 × 100 = 20, 000

Third Layer (Hidden Layer 2 → Hidden Layer 3):

FLOPs = 2 × 100 × 100 = 20, 000

Fourth Layer (Hidden Layer 3 → Output Layer):

FLOPs = 2 × 100 × 1 = 200



Sensors 2025, 25, 784 13 of 22

Total FLOPs for ADD Model:

FLOPsADD = 800 + 20, 000 + 20, 000 + 200 = 41, 000 FLOPs

PCD Model Calculation:

• Input Layer: 4 inputs.
• Hidden Layers: 3 hidden layers, each with 100 neurons.
• Output Layer: 5 outputs (5-class classification).

First Layer (Input → Hidden Layer 1):

FLOPs = 2 × 4 × 100 = 800

Second Layer (Hidden Layer 1 → Hidden Layer 2):

FLOPs = 2 × 100 × 100 = 20, 000

Third Layer (Hidden Layer 2 → Hidden Layer 3):

FLOPs = 2 × 100 × 100 = 20, 000

Fourth Layer (Hidden Layer 3 → Output Layer):

FLOPs = 2 × 100 × 5 = 1, 000

Total FLOPs for PCD Model:

FLOPsPCD = 800 + 20, 000 + 20, 000 + 1000 = 41, 800 FLOPs

Figure 5. PCD model architecture.

Table 4. Training results table displaying performance metrics obtained on the train set.

Model Train Accuracy Loss Number of Samples Number of Samples per Class

ADD 99.29% 0.219 25,000 12,500

PCD 97.28% 0.707 25,000 5000

Table 5. Validation results table displaying performance metrics obtained on the validation set.

Model Validation Accuracy Validation Loss Number of Samples Number of Samples per Class

ADD 99.71% 0.012 5000 2500

PCD 98.55% 0.060 6250 1250

Table 6. Model performance using k-fold cross-validation.

K-Fold Rate
Accuracy (%) Loss

ADD PCD ADD PCD

5 98.93% ± 0.32 96.59 ± 1.04 0.033 0.081



Sensors 2025, 25, 784 14 of 22

3.3.6. Model Optimization

To optimize the model, we focused on the training process and the organization of
the data. The model was trained for 250 epochs to achieve high accuracy. A comparative
analysis showed that part of the features used in the first study [21] were not providing any
additional values; for this reason, we decided to apply a feature selection and to reduce
up to four input features, which were TimeDifference, Taverage, Haverage, and the α parameter.
From the beginning of the development activity, we were aware of the eventual deployment
on the M5C+ device. This foresight allowed us to tailor the architecture to fit precisely
within the device’s constraints, such as its limited memory and computational capabilities.
We carefully designed the structure of the layers to ensure the model’s efficient operation
within an edge computing environment [10]. By optimizing the model to fit the require-
ments of the M5C+, we facilitated the conversion process to C without compromising the
accuracy of the model’s outputs while maintaining essential features and representations.
These preemptive optimizations make this implementation uniquely suited for resource-
constrained environments, offering an advantage by harmoniously balancing model size
with predictive performance. This approach preserves the accuracy and integrity of our
model’s predictions while ensuring smooth integration into C-based frameworks.

3.4. End-to-End ML Model in Hardware

The implementation of our classification/detection models in M5C+ required a num-
ber of crucial actions to guarantee smooth operation and end-to-end integration within the
M5C+ device. A summary of the procedure is as follows:

• ML model conversion to C: the trained models were converted into a compatible
format for the programming environment of the M5C+. To enable effective execution
on microcontrollers, this usually entails translating the model into C code. In our
application, we exploited TensorFlow Lite for Microcontrollers [40] to integrate the
ML-model-to-C conversion into our M5C+ device. With the help of this library,
microcontrollers with limited memory and processing power may load and run ML
models [41].

• Library setup: TensorFlow Lite libraries, to enable model inference on the M5C+.
• ML model loading: upload of the ML model to the device’s flash memory.
• Firmware adaptation to integrate (i) the starting trigger from the built-in IMU, (ii) the

saving of humidity and temperature samples every 10 s, (iii) the on-board inference,
and (iv) the output and MQTT transmission of the result.

Moreover, the measurements and the model classification results are shown on the
M5C+’s built-in display.

Upon booting the code on the M5C+, it occupies 110,740 out of 327,680 bytes in the
RAM, which is 33.80% of the total available RAM. Additionally, regarding the FLASH
memory, the code occupies 511,153 out of 1,310,720 bytes, representing 39.00% of the total
available flash memory. Furthermore, the inference and detection time from the M5C+ was
measured using an oscilloscope, ranging from 11 millisecond (ms) to 12 ms, drawing only
approximately 2.75 millijoules (mJ) of energy.

4. Experimentation and Results
In this section, along with a comparison with previous findings, we describe our

experimental design and results. We highlight the advantages and disadvantages of our
methodology by contrasting our results with those of other studies on OTA contamination
in grape cultivation.
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4.1. Compliance Verification Using Grape Harvest Dataset from Reggio Calabria

In our study, we further evaluated the practical applicability of the OTA concentration
prediction function described in Section 3.3.2 by calculating the theoretical concentration
for actual grape harvesting operations for which we knew the referred temperature and
humidity distributions. The field operations refer to real-world farming activities operated
in the village of Bianco in Reggio Calabria [37]. The related weather data were specifically
gathered on the specific days when local farmers harvested white grapes [21], providing
a precise context for assessing the influence of environmental factors on OTA concentra-
tions. This dataset, used for illustrative purposes, was processed to demonstrate how
OTA concentration levels vary over time under actual field conditions, while consistently
respecting the defined concentration boundaries, as suggested from the practical experience
of the farmers. Figure 6 displays the distribution of the samples, showcasing the results
of the concentration prediction function described in Section 3.3.2 when applied to this
comprehensive real-world test set. This visualization not only highlights the potential
utility of our function as an analytical tool in the agrifood sector but also confirms that
the concentration levels consistently remain at or below the regulatory limit of 2 mg/L, a
critical threshold for the safe production of grape juice and wine. This real-world test set,
representing days when grapes are harvested and coupled with corresponding weather
data, was used exclusively to validate the effectiveness of the concentration function de-
scribed in Section 3.3.2, underscoring its accuracy and reliability in practical scenarios. For
comprehensive testing of the models, we generated two additional datasets that included
samples from all classes in both cases of ADD and PCD.

Figure 6. A test set (from real-world) distribution.

4.2. Test Set Generation

For the ADD model, we generated a test set where each class contained 2000 samples,
resulting in a total of 4000 samples. Similarly, for the PCD model, with 5 classes, the test set
contained 2000 samples per class, resulting in a total of 10,000 samples.

4.3. Test Set Distribution

Before testing our models on the two different test sets, we analyzed the distribution
of the test sets elements by plotting them on the graph presented earlier in Figure 3.
This visualization aimed to provide a clear understanding of how the test samples are
distributed relative to the function. Figure 7a illustrates the distribution of the ADD test
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set samples, labeled with their respective concentrations, overlaid on the function plot.
Similarly, Figure 7b presents the distribution of the PCD test set samples, also labeled with
their concentrations, on the corresponding function plot.

(a) ADD samples distribution (b) PCD samples distribution

Figure 7. Test set samples distribution: ADD and PCD.

4.4. Model Testing

By using the generated test sets, the ADD model demonstrated remarkable perfor-
mance in binary classification, accurately classifying 3963 out of 4000 samples, as reported in
the confusion matrix shown in Figure 8a. This corresponds to a test accuracy of 99.07%. Simi-
larly, the PCD model, evaluated on its testset, correctly classified 9653 out of 10,000 samples,
as shown in Figure 8b, achieving a test accuracy of 96.53%.

(a) ADD confusion matrix (b) PCD confusion matrix

Figure 8. Confusion matrixes.

4.5. Results

Based on environmental conditions, our proposed approach is able to provide a
real-time classification of OTA contamination into two classes for the AAD model and
five classes for the PCD model. Our approach accurately classifies samples by taking
into account time and variable environmental parameters as temperature and humidity.
This strategy makes it possible to implement focused intervention plans and improves
our capacity to reduce the hazards brought on by mycotoxin contamination in agrifood
products. The results of classification are shown in the built-in display of the device, to
easily prevent the supply of contaminated grapes, as shown in the Figure 9, where the
device inferences are classified according to the data collected.
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Figure 9. Classification results using M5C+. The screen shows the predicted class and the inference
time in milliseconds.

After the deployment of our classification models on the M5C+ device, we conducted
two tests to evaluate the battery consumption. Both tests were performed with the LCD
display turned off to minimize power consumption, and data transmission was performed
via MQTT after every inference. The first test involved the device performing inferences
every 30 min, which corresponds with the minimum time required for harvesting opera-
tions. Over the course of 6 h, the battery level decreased from 96.87% to 55%. In the second
experiment, the device was set to perform inferences every 60 min. This less frequent infer-
ence schedule aimed to observe the effects on battery longevity when reducing operational
demand. Over the same 6 h period, the battery level decreased from 97.23% to 63.32%.
These results demonstrate a significant reduction in battery life even with less frequent
inferences, highlighting the energy demands of real-time data processing and transmission
in field conditions.

Building on this, the results of our classification approach are detailed in Figures 10
and 11, showcasing the model’s performance in identifying mismatches in both binary
and multi-class setups. Figure 10 focuses on the binary classification results using the
ADD model. It visualizes the separation between two contamination levels based on
time and concentration, highlighting regions where the model misclassifies samples. The
accompanying confusion matrix quantifies these mismatches, emphasizing the model’s
strong performance, with minimal misclassifications. These results demonstrate the ADD
model’s effectiveness in discerning contamination levels while also identifying specific
areas for further improvement. Figure 11 presents the multi-class classification results using
the PCD model, where OTA contamination is categorized into five distinct classes based
on time and concentration. The visual representation shows the distribution of correctly
classified and misclassified samples across the feature space, while the confusion matrix
provides a detailed breakdown of these mismatches. Some mismatches are concentrated in
certain classes, indicating areas where the model encounters difficulty in differentiating
adjacent contamination levels. This is particularly evident in elements located on the
borders between classes, where classification becomes challenging due to their ambiguous
positioning. However, not all borders elements are mismatched, some generated elements
in the test set are inherently difficult to classify due to the nature of the dataset. Both
figures highlight the utility of the proposed approach in providing detailed insights into
the classification process, ensuring the supply of uncontaminated grapes and enhancing
food safety in the agrifood supply chain.
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Figure 10. Classification and measurement results using M5C+ for ADD.

Figure 11. Classification and measurement results using M5C+ for PCD.

The proposed approach shows several results that indicate potentiality for its on-field
implementation:

• In the end-to-end pipeline of the application building, the first step conceived a
thorough chemical study that is reflected in a modelization of the contamination
phenomena. This result was used to carefully label the datasets used to train the
embedded ML model, which guarantees accurate model building and validation right
away.

• A compact wearable system integrates M5C+ hardware with environmental sensors,
designed to measure and quantify various environmental conditions. This system
features a display on the M5C+ that shows the collected measurements. Additionally,
it includes a classification model specifically designed to evaluate these situations and
categorize samples appropriately. The model operates with an inference time ranging
between 11 and 12 ms and consumes only a few µW.

• The ML model on the M5C+ device can be updated remotely, which facilitates easy
and effective maintenance and upgrades and avoids model drift.

• AI is integrated into this system to guarantee consistent performance and continuous
improvement, enabling it to handle massive amounts of data and adapt to changing
environments, and requiring a limited bandwidth only to update the inference results.
ML models are used to enhance coordination and functioning so that every component
of the IoT ecosystem communicates in a cohesive manner.

• The position of the M5C+ (shown in the Figure 12) within the system is adaptable
and not strictly fixed, allowing it to be adjusted according to specific applications
or use cases. This flexibility ensures that the M5C+ location can be optimized based
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on environmental factors, ease of access, or data transmission needs, enhancing its
effectiveness across various deployment scenarios.

• The system is conceived to be easily deployed, guaranteeing user-friendliness. In
Figure 12, an example of integration of the device on a commercial box is presented.

• The analysis also underscores the capability of our OTA concentration prediction
function to enhance food safety and quality within agrifood practices. Displayed
through the application of data from a grape harvesting day in Bianco in Reggio
Calabria, the function effectively integrates into existing workflows. By providing
producers with crucial information on OTA concentrations, our approach supports
informed decision-making and proactive management of contamination risks. This
integration ensures adherence to safety standards, demonstrating the value of our
function in maintaining compliance with regulatory limits for OTA concentrations,
crucial for the safe production of juice and wine.

Figure 12. Commercial harvesting box with integration of the M5C+.

5. Conclusions
This study demonstrates a novel application of AI and IoT technologies for the early

assessment of OTA contamination risks in grape cultivation, offering a practical and
low-cost solution to enhance food safety and quality. The NN model, deployed on a
resource-constrained M5C+, leverages temperature, humidity measurements, and the time
of harvesting as primary inputs. We used this limited set of two sensors to maintain
affordability and accessibility, and our results indicate that this approach can achieve
performance similar to traditional OTA risk assessment techniques when considering the
limitations of those techniques, as discussed in Section 2. While this two-sensor setup
effectively monitors conditions favorable to OTA growth, the model is adaptable and can
be enhanced by incorporating additional sensors, such as those for light exposure, carbon
dioxide, oxygen levels, water activity, and environmental stressors. These added inputs
would provide a more comprehensive understanding of OTA risk factors, allowing for
improved accuracy and adaptability across diverse environmental scenarios. This study not
only demonstrates the effectiveness of our approach in comparison to traditional methods
but also highlights its efficiency. By utilizing a minimal set of resources, materials, and
expert interventions, we offer a swift and practical solution for on-field applications, with
inference times ranging from a negligible 11 ms to 12 ms. This rapid assessment capability
significantly enhances decision-making processes in the field. This study remains open
to other developments that aim to mimic different conditions and achieve similar results
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with traditional techniques while preserving the low-cost concept. By providing a solution
that improves monitoring in the agrifood sector, we contribute to consumer safety and
create an adaptable, scalable tool. Moreover, this approach can be expanded for broader
applications in the agrifood sector, allowing for the detection and management of various
contaminants or conditions affecting quality and safety across different crops and supply
chains. Future work will focus on extending the functional boundaries of the system
by broadening its range to cover a wider spectrum of environmental conditions, such as
temperatures beyond the current 28 °C to 35 °C range and humidity levels beyond 35% to
70%. Additionally, chemical analyses will be employed to refine and adapt the system for
enhanced functionality, ensuring its applicability to a more diverse set of environmental
scenarios and plant types. Future developments will also address the current limitation
of battery consumption by the M5C+ device, aiming to enhance its operational efficiency
and reduce the need for frequent recharging, ensuring uninterrupted field operations, by
exploiting sustainable and renewable solar powered sources.
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9. Čepo, D.V.; Pelajić, M.; Vrček, I.V.; Krivohlavek, A.; Žuntar, I.; Karoglan, M. Differences in the levels of pesticides, metals, sulphites
and ochratoxin A between organically and conventionally produced wines. Food Chem. 2017, 246, 11.

10. Merenda, M.; Porcaro, C.; Iero, D. Edge machine learning for AI-enabled IoT devices: A review. Sensors 2020, 20, 2533.

https://www.who.int/news-room/fact-sheets/detail/mycotoxins
https://en.wikipedia.org/wiki/Mycotoxin


Sensors 2025, 25, 784 21 of 22

11. Abedi-Firoozjah, R.; Ebdali, H.; Soltani, M.; Abdolahi-Fard, P.; Heydari, M.; Assadpour, E.; Azizi-Lalabadi, M.; Zhang, F.; Jafari,
S.M. Nanomaterial-based sensors for the detection of pathogens and microbial toxins in the food industry; a review on recent
progress. Coord. Chem. Rev. 2024, 500, 215545.

12. Mu, W.; Kleter, G.A.; Bouzembrak, Y.; Dupouy, E.; Frewer, L.J.; Radwan Al Natour, F.N.; Marvin, H.J.P. Making food systems more
resilient to food safety risks by including artificial intelligence, big data, and internet of things into food safety early warning and
emerging risk identification tools. Compr. Rev. Food Sci. Food Saf. 2024, 23, e13296.

13. Yeh, J.-F.; Lin, K.-M.; Lin, C.-Y.; Kang, J.-C. Intelligent mango fruit grade classification using AlexNet-SPP with Mask R-CNN-based
segmentation algorithm. IEEE Trans. Agrifood Electron. 2023, 1, 41–49.

14. Merenda, M.; Porcaro, C.; Della Corte, F.G. LED junction temperature prediction using machine learning techniques. In
Proceedings of the 2020 IEEE 20th Mediterranean Electrotechnical Conference (MELECON), Palermo, Italy, 16–18 June 2020; IEEE:
Piscataway, NJ, USA, 2020; pp. 207–211.

15. Merenda, M.; Cimino, G.; Carotenuto, R.; Della Corte, F.G.; Iero, D. Edge machine learning techniques applied to RFID for
device-free hand gesture recognition. IEEE J. Radio Freq. Identif. 2022, 6, 564–572.

16. Fotia, A.; Macheda, A.; Sebti, M.R.; Nunnari, C.; Merenda, M. Design of a portable water pollutants detector exploiting ML
techniques suitable for IoT devices integration. In Proceedings of the International Conference on Applications in Electronics
Pervading Industry, Environment and Society, Genova, Italy, 28–29 September 2023; Springer Nature: Cham, Switzerland, 2023;
pp. 358–363.

17. Chamoli, S.; Kumar, P. Current challenges and future prospects of next-generation microfluidics. In Next-Generation Smart
Biosensing; Elsevier: Amsterdam, The Netherlands, 2024; pp. 307–315.

18. Nagashri, N.; Archana, L.; Raghavan, R. Microbial volatile compounds (MVOCs) in food industries and food safety applications.
In Innovations, Securities, and Case Studies Across Healthcare, Business, and Technology; IGI Global: Hershey, PA, USA, 2024; pp. 75–96.

19. Talari, G.; Nag, R.; O’Brien, J.; McNamara, C.; Cummins, E. A data-driven approach for prioritizing microbial and chemical
hazards associated with dairy products using open-source databases. Sci. Total Environ. 2024, 908, 168456.

20. Yap, C.K.; Al-Mutairi, K.A. A conceptual model relationship between Industry 4.0—Food-agriculture nexus and agroecosystem:
A literature review and knowledge gaps. Foods 2024, 13, 150.

21. Sebti, M.R.; Carabetta, S.; Russo, M.; Merenda, M. Ochratoxin A growth probability estimation in wine production using
AI-powered IoT devices. In Proceedings of the 2023 IEEE Conference on AgriFood Electronics (CAFE), Torino, Italy, 25–27
September 2023; pp. 152–156.

22. Kong, W.-J.; Li, J.-Y.; Qiu, F.; Wei, J.-H.; Xiao, X.-H.; Zheng, Y.; Yang, M.-H. Development of a sensitive and reliable high
performance liquid chromatography method with fluorescence detection for high-throughput analysis of multi-class mycotoxins
in Coix seed. Anal. Chim. Acta 2013, 799, 68–76. https://doi.org/10.1016/j.aca.2013.08.042.

23. Skarkova, J.; Ostry, V.; Malir, F.; Roubal, T. Determination of Ochratoxin A in Food by High Performance Liquid Chromatography.
Anal. Lett. 2013, 46, 1495–1504.

24. Timperio, A. M.; Magro, P.; Chilosi, G.; Zolla, L. Assay of Ochratoxin A in Grape by High-Pressure Liquid Chromatography
Coupled On Line with an ESI–Mass Spectrometry. J. Chromatogr. B 2006, 832, 127–133.

25. Ventura, M.; Anaya, I.; Broto-Puig, F.; Agut, M.; Comellas, L. Two-Dimensional Thin-Layer Chromatographic Method for the
Analysis of Ochratoxin A in Green Coffee. J. Food Prot. 2005, 68, 1920–1922.

26. Qu, M.; He, Y.; Xu, W.; Liu, D.; An, C.; Liu, S.; Liu, G.; Cheng, F. Array-optimized artificial olfactory sensor enabling cost-effective
and non-destructive detection of mycotoxin-contaminated maize. Food Chem. 2024, 456, 139940. https://doi.org/10.1016/j.
foodchem.2024.139940.

27. Zhang, L.; Yang, Q.; Zhu, Z. The application of multi-parameter multi-modal technology integrating biological sensors and
artificial intelligence in the rapid detection of food contaminants. Foods 2024, 13, 1936. https://doi.org/10.3390/foods13121936.

28. Jusoh, N.S.; Mohd Said, N.A.; Salam, F.; Awaludin, N.; Abdul Kadir, A.A.; Ismail, M.R. An integrated handheld biosensing device
with IoT system for in-situ and rapid detection of multi-mycotoxins. In Proceedings of the 2022 4th International Conference on
Smart Sensors and Application (ICSSA), Kuala Lumpur, Malaysia, 26–28 July 2022; pp. 11–16.

29. Akhtar, M.; Feng, T. IoT-based detection of molded bread and expiry prediction using machine learning techniques. EAI Endorsed
Trans. Creat. Technol. 2018, 9, 173972.

30. Kim, Y.; Kang, S.; Ajani, O.S.; Mallipeddi, R.; Ha, Y. Predicting early mycotoxin contamination in stored wheat using machine
learning. J. Stored Prod. Res. 2024, 106, 102294. https://doi.org/10.1016/j.jspr.2024.102294.

31. Makhlouf, K.; Hmidi, Z.; Kahloul, L.; Benhrazallah, S.; Ababsa, T. On the forecasting of body temperature using IoT and machine
learning techniques. In Proceedings of the 2021 International Conference on Theoretical and Applicative Aspects of Computer
Science (ICTAACS), Skikda, Algeria, 15–16 December 2021; IEEE: Piscataway, NJ, USA, 2021; pp. 1–6.

32. Rocha Rosa, C.; Magnoli, C.; Fraga, M.E.; Dalcero, A.M.; Santana, D.M.N. Occurrence of ochratoxin A in wine and grape juice
marketed in Rio de Janeiro, Brazil. Food Addit. Contam. 2004, 21, 358–364.

https://doi.org/10.1016/j.aca.2013.08.042
https://doi.org/10.1016/j.foodchem.2024.139940
https://doi.org/10.1016/j.foodchem.2024.139940
https://doi.org/10.3390/foods13121936
https://doi.org/10.1016/j.jspr.2024.102294


Sensors 2025, 25, 784 22 of 22

33. Miranda, M.; Varela-Aldás, J.; Palacios-Navarro, G. Comparison of Blockly vs Arduino IDE for programming education using
M5Stack Core2 ESP32 IoT development kit. In Human Systems Engineering and Design (IHSED2021): Future Trends and 677
Applications; AHFE Open Access: USA, 2021; Volume 21.

34. Jonggo’man, Y.B. Automatic foldron t-shirt with proportional integral derivative method and M5Stack for IoT-server. Internet
Things Artif. Intell. J. 2021, 1, 81–99.

35. Prasetyo Adi, P.D.; Kitagawa, A.; Akita, J. Finger robotic control use M5Stack board and MQTT protocol based. In Proceedings of
the 2020 7th International Conference on Information Technology, Computer, and Electrical Engineering (ICITACEE), Semarang,
Indonesia, 24–25 September 2020.

36. M5Stack. M5StickC-Plus Firmware Documentation. Available online: https://sensiml.com/documentation/firmware/m5stack-
m5stickc-plus/m5stickc-plus.html (accessed on 6 December 2023).

37. Time and Date. Available online: https://www.timeanddate.com (accessed on 4 February 2024).
38. European Commission. Regulation (EU) 2022/1370 of 5 August 2022 amending Regulation (EC) No 1881/2006 as regards

maximum levels of ochratoxin A in certain foodstuffs. Off. J. Eur. Union 2022, L 206, 1–7.
39. Shaik, P. A Guide to Hand Calculating FLOPs and MACs. Medium. 2020. Available online: https://medium.com/@pashashaik/

a-guide-to-hand-calculating-flops-and-macs-fa5221ce5ccc (accessed on 17 January 2025).
40. Tipu, R.K.; Batra, V.; Suman; Panchal, V.R.; Pandya, K.S. Predictive modelling of surface chloride concentration in marine concrete

structures: A comparative analysis of machine learning approaches. Asian J. Civ. Eng. 2024, 25, 1443–1465.
41. Ficco, M.; Guerriero, A.; Milite, E.; Palmieri, F.; Pietrantuono, R.; Russo, S. Federated learning for IoT devices: Enhancing TinyML

with on-board training. Inf. Fusion 2024, 104, 102189.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://sensiml.com/documentation/firmware/m5stack-m5stickc-plus/m5stickc-plus.html
https://sensiml.com/documentation/firmware/m5stack-m5stickc-plus/m5stickc-plus.html
https://www.timeanddate.com
https://medium.com/@pashashaik/a-guide-to-hand-calculating-flops-and-macs-fa5221ce5ccc
https://medium.com/@pashashaik/a-guide-to-hand-calculating-flops-and-macs-fa5221ce5ccc

	Introduction 
	State of the Art
	Methods
	Evaluation Function of Contamination by OTA in Grapes
	HPLC-Determination
	Optimization of Method
	Results

	Hardware
	Software
	Dataset Description
	Dataset Labeling Function
	Dataset Structure
	Dataset Generation Process
	AI Model Design
	Model Optimization

	End-to-End ML Model in Hardware

	Experimentation and Results
	Compliance Verification Using Grape Harvest Dataset from Reggio Calabria 
	Test Set Generation
	Test Set Distribution
	Model Testing
	Results

	Conclusions
	References

