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Abstract: With the surge in digital farming, real-time quality management of fresh produce
has become essential. For apples (Malus domestica Borkh.), consumer demand extends
beyond sweetness, texture, and appearance to internal quality factors such as moisture
content. Existing non-destructive methods, however, involve costly equipment, complex
calibration, and sensitivity to environmental conditions. This study hypothesizes that ther-
mal diffusivity indices derived from surface heating and cooling patterns can accurately
predict apple moisture content non-destructively. A total of 823 apples from seven varieties
were analyzed using a thermal imaging sensor in a 120-s process comprising 40 s of heating
and 80 s of cooling. Key thermal diffusivity indices—minimum, maximum, mean, and max—
min values—were extracted and correlated with actual moisture content measured via the
drying method. Multiple linear regression and leave-one-out cross-validation confirmed
that mean temperature-based models provided the most stable predictions (R%;, > 0.90
for some varieties). Frame optimization and artificial neural networks further improved
prediction accuracy for varieties exhibiting higher variability. The proposed method is
cost-effective, requires minimal calibration, and is less affected by surface reflectance, out-
performing conventional optical methods (e.g., NIR spectroscopy, hyperspectral imaging),
especially regarding robustness against surface reflectance variability and calibration com-
plexity. This offers a practical solution for monitoring apple freshness and quality during
sorting and distribution processes, with expanded research on sugar content and acidity
expected to accelerate commercialization.

Keywords: non-destructive estimation; thermal diffusion phenomics; moisture content
estimation; phenomics analysis

1. Introduction

With the onset of the Fourth Industrial Revolution, interest in digital farming has been
growing worldwide. The integration of digital technologies in agriculture has advanced
beyond precision agriculture, incorporating big data, the Internet of Things, and artificial
intelligence (Al), thereby transforming the entire production, distribution, and consumption
process [1,2]. In particular, the expansion of online purchases and direct delivery services
for fresh produce has made real-time quality management tailored to consumer demands
an essential component of digital farming [3,4].

Among fruits, apples (Malus domestica Borkh.) are a major commodity in both produc-
tion and consumption, marketed not only as fresh produce but also as a key ingredient
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in processed products such as juice, jam, and dried fruit [5,6]. In recent years, consumer
trends have increasingly shifted toward a comprehensive evaluation of apple quality, con-
sidering not only sweetness, texture, and appearance but also freshness [7], thereby driving
demand for internal quality information [8]. However, current packaging labels primarily
indicate attributes such as origin, grade, and weight, with limited provision of detailed
quality indicators such as sugar content, acidity, and moisture levels [9]. To address this
information asymmetry, various efforts to assess internal quality using non-destructive
technologies are gaining traction [10,11].

Non-destructive internal quality assessment techniques widely introduced in research
include near-infrared (NIR) spectroscopy, hyperspectral imaging (HSI), thermal imag-
ing, and electronic nose technologies [12,13]. However, these methods have limitations,
such as high equipment costs, sensitivity to measurement environments, and the need
for complex calibration models. For instance, NIR spectroscopy is highly influenced by
the sample surface’s reflectance properties and ambient light conditions [14], while HSI
requires extensive data processing and costly spectral equipment [15]. The electronic nose
technique primarily detects specific volatile organic compounds, making it less effective
for quantifying the overall physical and chemical quality of apples [10]. Recent studies
have also explicitly reported these limitations. Hyperspectral imaging combined with a
Back Propagation Neural Network (BPNN) has been applied to predict apple firmness [16].
However, this approach risks significant overfitting with complex datasets. Moreover, it
requires extensive computational time, limiting its practicality for large-scale, real-time
applications. Additionally, recent research on NIR-based sweetness prediction models
has identified increased prediction errors for samples with high variability, severely lim-
iting their practical applicability in industrial settings [17]. Therefore, research into new
non-destructive quality assessment techniques capable of overcoming these specific and
contemporary limitations of existing methods is essential.

Apple moisture content (%), a key quality factor, is closely related to freshness, texture,
and shelf life [11,17-20]. Traditionally, it has been measured accurately using destructive
methods such as the dry weight method. However, there is a growing need for non-
destructive technologies capable of real-time evaluation. Recently, research on thermal
diffusivity-based techniques has increased, highlighting the potential of thermal imaging
for fruit quality assessment [21,22]. Thermal imaging visualizes surface temperature distri-
bution and has evolved beyond simply detecting surface defects or external appearance to
examining correlations with internal properties such as moisture content and density [23].

Thermal diffusivity phenomics is a non-destructive approach that quantitatively an-
alyzes the temporal and spatial thermal changes observed when heat (through heating
and cooling) is applied to the apple surface to infer internal quality. Apples with a higher
moisture content exhibit greater heat capacity, requiring more time for temperature changes
and displaying different heat transfer characteristics, which can be captured through ther-
mal imaging data [24,25]. This study applies a thermal diffusivity phenomics approach to
predict apple moisture content by combining thermal imaging measurements with the dry
weight method across various apple varieties. The correlation between thermal diffusivity
data and actual moisture content was validated using multiple linear regression (MLR).
Through this validation, the feasibility and effectiveness of thermal diffusivity-based non-
destructive moisture assessment were examined. This study aims to provide an alternative
to existing non-destructive techniques by offering a more cost-effective and simplified
system for apple quality evaluation.
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2. Materials and Methods
2.1. Apple Samples and Experimental Design

This study, conducted in 2022, was carried out using seven apple varieties commonly
cultivated in South Korea: ‘Aori’, ‘Arisu’, ‘Hongro’, ‘Yanggwang’, ‘Myanmar’, ‘Fubrax’,
and ‘Fuji’. A total of 823 apple samples were commercially purchased from local markets,
representing typical storage apples available to general consumers. Therefore, specific
information about the growth conditions, harvest timing, and maturity levels of the pur-
chased apples was not available. To ensure freshness and uniform experimental conditions,
all apples were temporarily stored at 4 °C, then stabilized at room temperature (26 °C)
for at least one day before experiments. Subsequently, the apples underwent both ther-
mal imaging measurements and moisture content analysis using the dry weight method
(Figure 1) [26,27].
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Figure 1. Schematic diagram of experimental design.

2.2. Fabrication of the Thermal Imaging Measurement System

A custom-built measurement system was developed to collect thermal diffusivity
phenomics data. This system integrated a FLIR Lepton 3.0 thermal imaging sensor
(Teledyne FLIR, Wilsonville, OR, USA) with a Purethermal 2 board (GroupGets LLC,
Reno, NV, USA). The sensor has a 160 x 120 resolution and detects infrared radiation
within the 8-14 um wavelength range at a maximum frame rate of 9 Hz. The Purethermal
2 board facilitates real-time transmission of thermal image data to a PC via a USB interface.
Thermal images were acquired at 1 Hz, with frames captured every second throughout the
120-s experimental period.

2.3. Thermal Diffusivity Data Collection via Heating and Cooling

To observe the thermal properties of the apple surface, a dryer set to approximately
51 °C (with £1 °C temperature deviation confirmed through repeated preliminary tests)
and a wind speed of 8.5 m/s was positioned 5 cm away to heat each apple individually
for 40 s. To minimize temperature deviations and accidental measurement errors, only a
single measurement per apple was conducted, with at least a 5-min stabilization interval
between consecutive measurements. After heating, the dryer was removed, and apples
underwent natural cooling for 80 s. Thus, the total data acquisition time was 120 s (40 s
heating, 80 s cooling), with images captured at 1 Hz. The resultant thermal images were
used for thermal diffusivity phenomics analysis (Figure 2).
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Figure 2. Measurement method. (a) Thermal diffusion phenomics acquisition method. (b) Thermal
diffusion experiment.

For easier visual interpretation and quantitative analysis, the collected infrared (IR)
data were converted into an RGB color map. The IR data obtained from the FLIR Lepton 3.0
sensor were first represented as grayscale images. The pixel temperature values were then
normalized and mapped to a color scale to generate RGB images (Figure 3). This conversion
assigned high-, medium-, and low-temperature regions to red (R), green (G), and blue
(B) components, respectively. This approach enabled a more intuitive and quantitative
analysis of temperature variation patterns and thermal diffusivity, which were later utilized
in post-processing algorithms for moisture content.

(b) (©)

Figure 3. Color map conversion process in the infrared range. (a) Grayscale conversion. (b) Feature
detection. (¢) RGB color conversion.

The collected thermal imaging data reflect the temporal and spatial thermal response
characteristics of the apple surface during heating and cooling. Thermal diffusivity patterns
at each stage were quantified to capture variations in surface structure and heat transfer
behavior. These patterns are closely related to moisture content and other quality indi-
cators, serving as fundamental data for correlation analysis. Additionally, temperature
rise patterns during heating and heat diffusion behavior during cooling define the apples’
thermal properties, providing crucial data for quality evaluation and the development
of non-destructive moisture assessment models. This heating and cooling process was
designed to analyze thermal characteristics in detail and compare thermal responses across
different samples (Figure 4).
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Figure 4. Thermal level characteristics and visualization. (a) Thermal level at max segmented
label. (b) Temperature variations at center horizon. (c) Temporal variations of mean and maximum
temperature. (d) 50, 70, 90% higher area variations of temperature.

2.4. Masking and Effective Frame Selection

To minimize interference from surrounding environmental factors, such as the support
stand, background, and temperature, in the collected thermal images, pixel-based mask
images were generated [28-33]. Threshold-based filtering was applied to isolate the apple
region, and its corresponding RGB values were used for analysis (Figure 5). To determine
the mask, threshold-based filtering was applied to assign labels to pixel values exceeding
a predefined threshold. The threshold for mask generation was determined empirically
through preliminary tests, where segmentation performance at thresholds of 10-50% in 10%
increments was evaluated. Thresholds at 20% and 40% clearly introduced segmentation
errors (either excessive background noise or incomplete apple area), leading to the selection
of 30% as optimal for robust and consistent apple segmentation. A threshold set at 30%
of the RGB values was used to filter out regions exceeding this threshold, and cumulative
labeling was performed to generate the mask. In the initial frame, mask determination
was disrupted by high-temperature interference from surrounding objects, such as the
support stand, due to repeated experiments. To address this, the mask region in the
first frame was converted from 1 to 0. During the masking process from the 2nd to the
120th frame, unnecessary labels were removed to extract a valid mask region. From the
second frame onward, a temporary mask was created and accumulated for regions where
thermal variations exceeded the threshold. The final mask was generated by including all
overlapping labels within the threshold region. To reduce noise, small 0-valued regions
within the final mask were converted to 1, eliminating minor noise artifacts. Additionally,
the connected components of the final mask were analyzed. Large noise-affected regions
identified as 0 were also converted to 1, ensuring that missing regions within the mask
were filled, preserving complete image information (Figure 6).
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Figure 5. Flow chart of mask detection process.
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Figure 6. Mask label changes according to thermal changes. (a) Thermal image. (b) Mask per frame.
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Furthermore, due to manual initiation of heating and recording, slight synchroniza-
tion discrepancies occurred, causing inter-sample variability in the exact timing of peak
temperature. To compensate for this and standardize analytical conditions across samples,
frame optimization was empirically conducted, defining the “valid region” as a 69-frame
window centered on a uniform peak temperature frame (specifically adjusted to the 35th
frame), with 34 frames on each side. This adjustment compensated for minor variations in
experimental conditions and ensured that the thermal response region, centered around
peak heating, was uniformly captured across all samples.

2.5. Moisture Content Measurement

After thermal imaging, each apple was partially sliced for moisture content measure-
ment. The initial weight (fresh weight) of the sample was measured using a precision scale
before drying. The sample was then dried in a 105 °C oven for at least 24 h, after which the
dry weight was measured. Moisture content was calculated using Equation (1):

my —m
MC=—1""2 %100, 1)
my
where MC is moisture content, and m is the mass. The weight measurements before and
after drying were repeated at least twice per sample, and the average value was used. To
minimize measurement error, consistent slice thickness was maintained for each sample.

2.6. Thermal Diffusivity Data Analysis and Regression Model Development

The pixel values extracted from the masked thermal images were mapped along the
time axis for each frame during the heating and cooling phases of the thermal diffusivity
curve. To predict moisture content by analyzing thermal diffusivity variations within the
masked images, four key indices were calculated: minimum value (lowest temperature),
maximum value (highest temperature), mean value (average temperature), and max—min
value (temperature difference between the highest and lowest temperatures). These indices
were set as independent variables (predictors), and MLR was performed with moisture
content (%) as the dependent variable.

The model was trained using the entire dataset, and its generalization perfor-
mance was evaluated through leave-one-out cross-validation. The cross-validation re-
sults were assessed using the coefficient of determination and root mean square error
(Equations (2) and (3)).

n PRV
R%:V -1 Zn=1 (]/z ]il)z (2)
im(vi — )
1 .
RMSEcy = \/n Yo i — 9 3)

where y; is the actual moisture content, ; is the moisture content predicted using
cross-validation, ¥ is the mean actual moisture content, and n denotes the number of
validation samples.

2.7. Application of Al Models (Supplementary Analysis)

For certain apple varieties, the MLR model exhibited low goodness of fit, suggesting
the necessity for an expanded dataset or the incorporation of nonlinear characteristics.
To address this, an artificial neural network (ANN) was implemented. The ANN model
employed a single hidden layer consisting of 200 neurons with the ReLU activation function.
Model training utilized the L-BFGS-B solver, a regularization coefficient (cx) of 0.0001, and
a maximum of 2000 iterations. The input variables for the ANN model consisted of the
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previously defined thermal diffusivity indices, while the output variable was moisture
content (%). To assess model performance, leave-one-out cross-validation was employed.

3. Results
3.1. Distribution of Apple Moisture Content

The mean moisture content of the 823 apple samples was calculated at 85.21%, with
a standard deviation of 2.28 and a coefficient of variation (CV) of 2.67%. CV represents
relative variability, expressed as a percentage, calculated by comparing the standard devia-
tion to the mean. Since CV is independent of units, it is particularly useful for comparing
variability across different datasets. This result indicates that apple moisture content
remains consistently high, providing favorable conditions for identifying temperature
response variations associated with moisture content differences in thermal diffusivity
analysis (Table 1).

Table 1. Moisture content distribution for each apple type; “All” indicates the combined dataset of all
samples. Types 1 to 7 correspond to the following apple cultivars: Aori, Arisu, Hongro, Yanggwang,
Myanmar, Fubrax, and Fuji, respectively.

Type Average MC STD Ccv
All 85.17 2.28 2.67%
1 84.52 5.07 6.00%
2 84.87 1.44 1.69%
3 85.59 1.87 217%
4 86.15 1.01 1.17%
5 85.55 1.50 1.76%
6 84.42 1.76 2.09%
7 83.52 1.59 1.91%

3.2. MLR Model Results

Tables 2-5 summarize the cross-validation results of the MLR model for each apple
variety based on the thermal diffusivity indices (minimum, maximum, mean, and max—
min values). While the overall model across all varieties exhibited a low coefficient of
determination (R%,: 0.1-0.14) due to heterogeneity in thermal response, prediction accuracy
varied significantly when applied to each variety individually, depending on the selected
thermal diffusivity index, as follows:

e  The mean-value-based model consistently yielded the most stable and highest coeffi-
cient of determination. For example, the model for “Yanggwang’ (Type 4) demonstrated
high accuracy in non-destructive moisture content prediction, with RZ and RZ,, values
of 0.973 and 0.904, respectively.

e  The minimum-value-based analysis showed R%,, exceeding 0.9 for some varieties
(e.g., “Aori’) but dropped below 0.3 for varieties with high variability in density and
appearance (e.g., ‘Arisu’ and "Hongro’).

e  The maximum-value-based analysis exhibited underfitting in varieties with small
sample sizes (‘Yanggwang’ and ‘Fubrax’), with R%,, converging to 1.0. However, after
applying frame optimization, the results stabilized within the 0.7-0.9 range.

e The max-min-value-based analysis effectively captured moisture-related tempera-
ture fluctuations in certain varieties but generally exhibited a lower coefficient of
determination compared with that of the mean-value-based analysis.
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Table 2. Results of minimum value-based MLR analysis.

Type RZC Rz CV RMSEC RMSECV
All 0.135 0.120 2.115 2.134
1 0.986 0.915 0.597 1.467
2 0.292 0.300 1.205 1.199
3 0.307 0.314 1.550 1.550
4 1.000 1.000 0.000 0.000
5 0.696 0.694 0.924 0.828
6 1.000 1.000 0.000 0.000
7 0.828 0.585 0.657 1.021

RMSE, root mean square error

Table 3. Results of maximum value-based MLR analysis.

Type RZC Rz CV RMSEC RMSECV
All 0.136 0.119 2.114 2.135
1 0.976 0.594 0.782 3.207
2 0.297 0.317 1.442 1.184
3 0.337 0.273 1.516 1.588
4 1.000 1.000 0.000 0.000
5 0.737 0.595 0.767 0.952
6 1.000 1.000 0.000 0.000
7 0.847 0.682 0.620 0.894

RMSE, root mean square error.

Table 4. Results of mean value-based MLR analysis.

Type RZC Rz CV RMSEC RMSECV
All 0.101 0.072 2.157 2.192
1 0.997 0.927 0.260 1.358
2 0.307 0.269 1.192 1.225
3 0.263 0.211 1.598 1.654
4 1.000 1.000 0.000 0.000
5 0.701 0.604 0.818 0.942
6 1.000 1.000 0.000 0.000
7 0.900 0.781 0.502 0.742

RMSE, root mean square error.

Table 5. Results of max—min value-based MLR analysis.

Type RZC Rz CV RMSEC RMSECV
All 0.140 0.106 2.109 2.151
1 0.797 0.250 0.732 8.214
2 0.267 0.270 1.226 1.224
3 0.365 0.350 1.483 1.501
4 1.000 1.000 0.000 0.000
5 0.650 0.567 0.886 0.984
6 1.000 1.000 0.000 0.000
7 0.893 0.920 0.518 0.449

RMSE, root mean square error.

Overall, the mean-value-based model demonstrated the most stable predictive perfor-
mance. This is likely because mean temperature reflects the overall heat distribution across
the apple surface, providing a more holistic representation of thermal diffusivity charac-
teristics. In contrast, extreme values (e.g., minimum and maximum temperatures) may
reflect localized thermal anomalies, which can be influenced by slight variations in distance
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from the heat source or localized surface properties. By averaging thermal responses across
the entire apple surface, the mean-value-based model enhances robustness and improves
model reliability.

3.3. Frame Optimization and Underfitting Solution

In the initial analysis, “Yanggwang’ (Type 4) and ‘Fubrax’ (Type 6) had small sample
sizes (50 and 34 samples, respectively), resulting in unrealistic underfitting. To address
this, a frame optimization approach was applied by adjusting the number of frames in
the heating and cooling phases. The valid frame count was set to 47 for “Yanggwang’ and
33 for ‘Fubrax,” enhancing cross-validation stability. As shown in Figure 7, the prediction
accuracy for ‘Yanggwang’ improved significantly (RZ;, = 0.904) in the mean-value-based
analysis, as did that for ‘Fubrax’ (RZ,, = 0.982) in the maximum-value-based analysis.
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Figure 7. R?c and R%cy changes over observation length. (a) Type 4 (1 = 50). (b) Type 6 (n = 34).

3.4. Supplementary Analysis Using ANN

For “Arisu’ (Type 2) and ‘Hongro” (Type 3), the MLR model exhibited lower prediction
accuracy, presumably due to higher density and greater variability in external appearance,
both of which affect heat transfer properties. To address this, mean thermal diffusivity
values over observation length (in seconds) were used as input features for an ANN
model. As shown in Figure 8, after 21 s, R%, improved significantly to above 0.95. This
suggests that once the heat accumulation pattern in apples stabilizes below a certain
temperature, differences in thermal diffusivity due to moisture content become more
pronounced. Applying ANN increases model complexity, enabling it to learn nonlinear
relationships and improving the accuracy of moisture content predictions for varieties
where MLR alone struggles to perform reliably.
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Figure 8. R? change over observation length (s) in the artificial neural network model. (a) Type 2
(“Arisu’). (b) Type 3 (‘Hongro’). Red arrows indicate the point where R2 stabilizes.

4. Discussion

The development of non-destructive quality assessment techniques for apples has
been recognized as a key strategy to reduce waste in production and distribution stages
while enhancing consumer trust. Conventional optical-based techniques, such as NIR
spectroscopy and HSI, offer the advantage of directly measuring internal quality parameters
(e.g., sugar content, acidity, and moisture content). However, these methods require
expensive equipment and complex calibration procedures and are overly sensitive to
measurement conditions and surface properties [12]. In contrast, thermal diffusivity-based
techniques provide a more practical alternative, as they involve simplified equipment,
lower maintenance costs, and reduced sensitivity to surface color or reflectance [21].

The thermal diffusivity phenomics approach proposed in the current study analyzes
spatial and temporal temperature distribution changes as the apple surface is heated and
subsequently cools naturally, utilizing this information for moisture content prediction.
Since high-moisture samples with greater heat capacity absorb and release thermal en-
ergy at a slower rate, their thermal responses can be quantified using thermal imaging.
Experimental results indicated that the mean-value-based model achieved high prediction
accuracy, with R, exceeding 0.9 across varieties. This performance was comparable or
superior to previous NIR-based studies (RZ, &~ 0.9) [14,15].

Several limitations of this study and corresponding directions for future research have
been identified and summarized in the following three aspects:

e  Variability in sample density and external characteristics: The lower prediction ac-
curacy observed in certain varieties (e.g., ‘Hongro” and ‘Arisu’) may result from
differences in physical properties, including flesh density, heat capacity, and inter-
nal moisture distribution, all of which directly affect thermal diffusivity. Future
studies incorporating explicit measurements of these factors and statistical outlier
detection methods (e.g., Grubbs’ test) would further enhance model robustness and
predictive reliability.

e Integration with additional quality indicators: expanding the model to include sugar
content, acidity, and firmness would enhance its applicability.

e  Multisensor fusion: combining thermal diffusivity data with NIR spectroscopy, elec-
tronic nose technology, and other sensor-based approaches could enable a more com-
prehensive analysis of fruit quality in future studies.
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Despite these limitations, thermal diffusivity phenomics-based moisture content pre-
diction shows strong potential as a cost-effective, simple-to-implement, and relatively
robust analytical approach. Among the four thermal diffusivity indices, the mean-value-
based model proved to be the most stable across all varieties, while the max—min-value-
based model was the most effective for specific varieties. Additionally, incorporating
nonlinear models such as ANNs further improved prediction accuracy, highlighting the
potential of this approach for enhancing non-destructive apple quality assessment.

5. Conclusions

This study proposed a non-destructive moisture content prediction model for apples
using thermal diffusivity phenomics data, specifically thermal imaging recorded during
the heating and cooling phases. The actual moisture content of various apple varieties
was measured using the dry weight method, and MLR analysis was performed based on
thermal diffusivity indices (minimum, maximum, mean, and max-min values). The mean-
value-based model provided the most stable and accurate predictions overall. Additionally,
the maximum-value-based approach was effective for certain varieties, while incorporating
ANN:Ss as a supplementary method improved prediction accuracy by capturing nonlinear
thermal relationships.

Thermal diffusivity phenomics presents practical advantages, as it is less affected by
surface color and reflectance and requires lower equipment and operational costs. The
findings of this study highlight its potential as an alternative method for freshness monitor-
ing and quality enhancement in apple sorting and distribution processes. Future research
should integrate additional quality parameters, such as sugar content and firmness. Devel-
oping real-time online monitoring systems could also enhance the commercial feasibility of
this method. Nevertheless, practical challenges remain, including fruit size variability in-
fluencing heat uniformity, synchronization discrepancies due to manual operation. Future
research should address these challenges by developing automated measurement systems
and real-time environmental compensation techniques.
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