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Eggplant (Solanum melongena L.) is susceptible to significant postharvest losses primarily due to water loss during
storage, which affects market quality by causing texture and glossiness degradation. We investigated whether
UV-induced fluorescence imaging and EEM (Excitation-Emission Matrix) fluorescence spectroscopy can non-
destructively monitor WL under four storage regimes (10 °C/95 % RH, 20 °C/95 % RH, 20 °C/75 % RH,
10 °C/75 % RH). EEMs exhibited three regions; a 365/420 nm blue emission increased most under warm, low-
humidity storage and is consistent with phenolic/lignin-related fluorescence. Side-view fluorescence (FL) images
showed progressive blue-white emission and surface textural changes that tracked gravimetric water loss (WL). A
PLSR model using combined color and texture features from FL and reflectance (CL) images achieved R%V =0.88
(RMSECV = 3.47 %) with only six features. To test a minimal predictor, we fit an Analysis of Covariance
(ANCOVA) using Day-1 FL MeanBlue as a covariate and storage category as a factor with Leave One Out Cross-
validation (LOOCV); this forecasted cumulative WL with Roocy = 0.92 and MAE = 1.88 %. Importantly, this
ANCOVA model using Day-1 blue-band fluorescence as a covariate was predictive only under 20 °C/75 % RH;
under the other conditions, its contribution was weak. Linear Discriminant Analysis (LDA) and Support Vector
Machine (SVM) models achieved accuracies of 94.4 % and 85.2 %, respectively, in differentiating storage con-
ditions. These results support low-cost FL imaging as a practical tool to monitor WL and storage stress.

1. Introduction its environment, leading to changes in osmotic pressure (Ben-Yehoshua

& Rodov, 2002; Gidado et al., 2024). As a result, the decrease in peel

Eggplant (Solanum melongena L.), indigenous to tropical and sub-
tropical regions of Asia, is widely cultivated worldwide for its desirable
nutritional profile. While eggplants can be stored for extended periods,
especially with modified and controlled atmosphere storage, they
remain susceptible to postharvest losses like many other perishable
vegetables. This vulnerability is particularly pronounced due to exten-
sive global distribution and transport chains. Research indicates that
45-55 % of food loss occurs during the postharvest handling and storage
stages of the supply chain (Xue et al., 2021) A significant portion of these
losses is attributed to water loss through transpiration. Even a modest 5
% fresh weight loss in perishable commodities results in a noticeable
decline in freshness and marketability (Mahajan et al., 2008). This water
loss is driven by the water vapor pressure deficit between the fruit and
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turgor pressure leads to undesirable textural changes and a decrease in
peel gloss, which affects the market value and consumer acceptance
(Diaz-Pérez, 1998).

Several conditions, including temperature and humidity, affect the
rate of water loss in stored eggplant to a great extent. Studies have
shown that high temperatures accelerate water loss by increasing tran-
spiration rates. Low temperatures slow metabolic processes and reduce
water loss, but they also pose a risk of chilling injury (Paull, 1999). In
low humidity conditions, water loss through the skin occurs rapidly;
hence, dehydration occurs at a high rate, while in high humidity con-
ditions, water loss is low. Nevertheless, very high humidity leads to mold
growth and other pathogenic activities. These are the interactions that
take place, and therefore, the storage conditions must be optimal, a task
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that is not easy to achieve (Gidado et al., 2024). The storage of eggplants
is, therefore, undesirable under certain abiotic factors, and early
detection of the effects of these factors is essential to reducing post-
harvest losses.

The effect of water loss during storage can be monitored using both
external and internal quality evaluation techniques. Sensory evaluation
is a common technique used to assess organoleptic properties (Gajewski
& Arasimowicz, 2004). In their study (Jha et al., 2002), evaluated data
including weight, surface stiffness, and surface gloss indicators in egg-
plants during storage. Imaging and spectroscopy-based optical ap-
proaches have been used to assess eggplant quality. Commonly
employed techniques include NIR spectroscopy (Jha et al., 2002),
chlorophyll fluorescence (Calvo et al., 2017), and hyperspectral imaging
(Tsouvaltzis et al., 2020). These approaches offer non-destructive
techniques for evaluating quality indicators associated with water loss
in eggplants during storage.

Several studies have confirmed that fluorescence intensity increases
with water loss progression in perishable commodities. Additionally
(Wright et al., 2009), investigated the dependence of chlorophyll a
fluorescence on water status in grapes and determined that fluorescence
variables correlated with mass loss during dehydration. Also (Nurulhuda
et al., 2021), measured the fluorescence characteristics on tomato sur-
faces during the over-ripening stage, where fluorescence intensity
correlated with weight loss. Through fluorescence imaging, they were
able to classify fresh tomatoes and spoiled tomatoes accurately and
showed that the method could be used to measure freshness and water
loss. Moreover (Wulf et al., 2005), used laser-induced fluorescence
spectroscopy (LIFS) on apples and carrots undergoing storage and
attributed variation in fluorescence intensity to changes in fruit pig-
ments due to variations caused by storage conditions. Overall, these
studies show the capability of fluorescence techniques for monitoring
water loss and quality assessment in perishable produce.

These approaches operate on the idea that when a substance is
exposed to excitation light, it emits fluorescence at a longer wavelength
(Albrecht, 2008). Eggplants are ideal candidates for these approaches
owing to their high phytochemical content. They have numerous bio-
logically active compounds, such as antioxidant phenolic acids and
flavonoids in the pulp, and anthocyanins (primarily Nasunin) in the skin
(Condurache et al., 2021; Giirbiiz et al., 2018; Stommel & Whitaker,
2003). It also contains essential amino acids, including leucine, valine,
lysine, and isoleucine (Padmanabhan et al., 2016). These compounds
exhibit intrinsic fluorescence characteristics (Drabent et al., 1999;
Monago-Marana et al., 2016). EEM (Excitation-Emission Matrix) fluo-
rescence spectroscopy provides a detailed spectral fingerprint of the
fruit by capturing fluorescence at multiple excitation and emission
wavelengths (Nurulhuda et al., 2021). Additionally, UV-induced fluo-
rescence imaging helps detect changes not visible under normal lighting
conditions (Al Riza et al., 2023; Konagaya et al., 2020).

Although reflectance-based optical techniques such as VIS-NIR
spectroscopy and hyperspectral imaging have been used to evaluate
the quality of eggplant (Babellahi et al., 2020; Tsouvaltzis et al., 2020),
they measure bulk absorption and scattering properties, which target
internal attributes but are less sensitive to surface alterations (Lu et al.,
2020; Pandiselvam et al., 2022). They also need complicated pre-
processing pipelines. In comparison, the UV-excited fluorescence mainly
comes out of exocarp fluorophores since the UV-A is severely attenuated
in the epidermis (Bilger et al., 2001). As a result, the emission observed
is primarily due to near-surface layers and responsive to early cuticle
changes (Konagaya et al., 2020; Momin et al., 2013).

In this research, we designed and implemented a low-cost imaging
system to monitor the effects of postharvest environmental conditions in
eggplants by examining their fluorescence properties and suitable
excitation and emission wavelengths. The use of wavelength-specific
LEDs and optical filters in the system would enable the monitoring of
specific attributes of eggplants during the storage period. This research
aims to characterize eggplants’ fluorescence characteristics under
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Table 1
Treatment conditions for each category.

Temperature (°C) Relative Humidity (%) No. of samples

10 75 14
10 95 14
20 75 14
20 95 14

different storage conditions using EEM fluorescence spectroscopy and to
apply UV-induced fluorescence imaging to examine whether fluores-
cence images change depending on postharvest environmental condi-
tions. To estimate the influence of storage environments on eggplant
quality, we analyze the relationship between images of eggplant fluo-
rescence and eggplant water loss.

In the experiment, fruits were stored at two different temperatures:
10 °C and 20 °C. For each temperature, two humidity levels were set: 75
% and 95 %. The EEM measurements, reflectance, and UV-induced
fluorescence image data were then acquired. Weight loss was moni-
tored by measuring the weight of each eggplant at regular intervals. To
analyze the data collected, multivariate statistics were utilized to select
and evaluate important features correlating fluorescence characteristics
with water loss. This approach seeks to establish a non-destructive
method for early detection of water loss in stored eggplants. To the
best of our knowledge, no prior research has systematically character-
ized the fluorescence properties of eggplants during postharvest storage,
making this study the first to provide such insights.

2. Materials and methods
2.1. Eggplant samples

Eggplants (Solanum melongena L.), cv. Senryo 2 (F1; Takii Seed Co.),
graded as ‘Kaku’, which is the highest quality grade in the JA Binan,
Okayama prefecture, Japan, was used in this study. These ‘Kaku’ egg-
plants are valued for their dark purple color, glossy skin surface, and
characteristic purple calyx. This cultivar and grade were selected to
ensure sample uniformity and consistency in physical characteristics,
which is critical for establishing baseline fluorescence signatures and
minimizing biological variability in this study.

They are cultivated in greenhouses from late September to June,
with peak shipping between April and June. Due to the introduction of
natural enemies of insects, such as thrips, the use of pesticides and fre-
quency of spraying is minimal. Producers usually harvest eggplants
20-25 days after flowering. Harvesting is done in the morning and
transported to the grading facility after pre-sorting on the farm.

The eggplant samples, freshly harvested in the morning and graded
at the JA Binan grading facility, were packed in a box and transported to
Kyoto University for measurement at room temperature. All samples
were harvested at commercial maturity and graded within a 24-h period,
ensuring uniform initial developmental stage. Initial fruit measurements
showed length of 12-15 cm and weight ranging from 60.9 to 88.1 g
(mean: 75.6 + 6.3 g, n = 56), with the 56 defect-free samples exhibiting
similar distributions. Initial weight, EEM fluorescence spectroscopy,
color, and UV-fluorescence image measurements were conducted, and
then the samples were divided into four categories. The samples were
placed in 4 incubators (KMH-050, AS ONE Corporation, Japan) set at
different temperatures and humidity, as shown in Table 1. These con-
ditions were selected to separate the effects of temperature and hu-
midity. 10 °C represents the recommended cold storage while 20 °C
simulates ambient conditions (Gajewski et al., 2009). 95 % RH follows
recommendations for limiting transpiration, while 75 % RH creates a
higher vapor pressure deficit. Within each incubator, the ambient rela-
tive humidity was 75 %. For 95 % relative humidity, the eggplants in
categories B and D were placed in a tightly sealed stainless-steel
container. Each category chamber had temperature and humidity data
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Fig. 1. EEM preprocessing; a) EEM after spectral correction, b) EEM converted to Raman Units (R.U.), ¢) EEM with Rayleigh scattering removed.

loggers (RSW-21S, ESPEC MIC, Japan). The samples’ weight was
measured at three-day intervals using an electronic balance with a
readability of 0.01 g.

2.2. Excitation-Emission Matrix (EEM) measurement

A JASCO FP-8300 spectrofluorometer (Jasco Co., Japan) was used to
acquire fluorescence EEM data using a front-face measurement setup
with a sample holder (JASCO FDA-808 and FP-1061). For each category,
one sample was randomly selected on the 1st, 7th, and 14th days for
EEM measurement. Since sampling by EEM is destructive and spectro-
fluorometer measurements are time-consuming, only a single repre-
sentative sample per type of storage was analyzed at a given time.
Although this small sample size brings the possibility of variability, the
EEM measurements were used mainly to determine key fluorescence
regions and emission wavelengths, which could be studied non-
destructively in all samples using the imaging system as described in
Section 2.3. The measurement intervals (Days 1, 7, and 14) were
selected to capture early, mid, and late storage fluorescence changes
while balancing the destructive nature of sampling.

For each eggplant, a sample of 20 mm in diameter and 4 mm in
thickness was obtained from the top, center, and bottom longitudinal
regions of the fruit, sampled using a cylindrical punching tool. Samples
included the peel and the immediate subjacent pericarp, which was then
placed in the sample holder. Measurements were obtained at excitation
wavelengths (260-650 nm) and emission wavelengths (270-700 nm), at
5000 nm/min scan speed, 50 ms response, low sensitivity, 5 nm band-
width, and 5 nm data interval for both excitation and emission wave-
lengths. The EEM measurements were calibrated to account for light
source variations and detector response variations; this calibration
process utilized spectra obtained from a halogen light source and
Rhodamine B as reference standards. Following the method described by
(Tan et al., 2020), the Rayleigh scattering was removed from the EEM
data using a bandwidth-masking approach, where intensity values

within a 25 nm range around the first-order and second-order scattering
lines were set to zero, as shown in Fig. 1. The Raman peak intensity of
distilled water was measured at a 350 nm excitation and integrated in
the 371-428 nm range before the EEM measurement for calibrating
Raman units. Water Raman calibration is necessary as it gives a solid
point of reference to fluorescence measurements. This enables a direct
comparison to be made between samples and time points by accounting
for instrumental variations and standardizing intensity values.
Following the procedure outlined by (Lawaetz & Stedmon, 2009), the
EEM data were converted from Arbitrary units into Raman Units (R.U.)
to standardize time-series measurement data.

2.3. Image acquisition

UV-induced fluorescence images (FL images) and reflectance images
(CL images) were obtained from Day 1 under 365 nm UV light (LDL-
71X12UV2-365-N, CCS Inc., Japan) with a light-emitting surface
measuring 71 x 12 mm and using white light (LDL2-80X16SW2
(7800K), CCS Inc., Japan), respectively. A camera (DSLR, Kiss X10,
Canon Inc., Japan) equipped with a lens (18-55 mm, with Image Sta-
bilizer, Canon Inc., Japan), UV-cut filter (395 nm, Long Pass filter), and a
polarizing filter (MCPL55, Marumi, Japan) were assembled on a steel
frame as a machine vision system shown in Fig. 2. Kenko-Tokina
(M105), a polarizing filter, was mounted on each LED and rotated to
find a suitable angle that eliminates halation from the images (Cheng
et al., 2015). At each interval, we captured both CL and FL images of
each eggplant sample from two opposite sides. First, an image was taken
from one side of the sample; then, the sample was rotated 180° around
its longitudinal axis, and a second image was taken from the opposite
side. All images were captured at a focal length of 35 mm. Imaging both
sides of the sample allowed us to account for any asymmetrical features
or variations in texture and color that might affect the analysis.

The CL images were obtained at a shutter speed of 1/4 s, f/7.1, ISO
1600, and the FL images were obtained at a shutter speed of 2 s, f/7.1,
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Fig. 2. Image acquisition geometry (camera WD = 250 mm; LED height h = 100 mm; incidence angles: white LED = 55°, 365 nm LED = 50°).
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and ISO 6400. The resolution of each captured image had a height and
width of 6000 pixels and 4000 pixels, respectively. The working distance
from the front of the lens to the sample was 250 mm. Two white LEDs at
55° incidence (along-beam 170 mm; pair spacing 280 mm) and two 365
nm LEDs at 50° (along-beam 150 mm; spacing 230 mm) were mounted
100 mm above the sample plane. Both LED heights were 100 mm above
the sample plane. The white balance was adjusted each time before
measurement started using a white balance card.

2.4. Feature extraction algorithm

The image analysis used the OpenCV backend due to its extensive
library support for image processing (Bradski, 2000). The first operation
was to select the region of interest (ROI) by reducing the width to 1500
pixels and the height to 4000 pixels, as shown in Fig. 3. This was
important in making sure that the important aspect of the image was
highlighted while the other, less important part was eliminated. The
images were then cropped and transformed into the HSV color space.
The existing techniques utilize the HSV model that separates the image
into the color information (H and S) and the brightness component (V).
This color representation is closer to human perception and is more
suitable for many applications, such as object detection, segmentation,
and color analysis (Gonzalez & Woods, 2018).

After this conversion, each image was subject to Gaussian blurring to
smooth out the noise and enable thresholding. Gaussian blurring applies
a Gaussian function to the image defined as:

G(x,y)=

27162 262

2

exp< Xy ) &)
where x and y are the pixel coordinates, and ¢ is the standard deviation.
This process reduces high-frequency noise while preserving the edges of
objects.

Thresholding was then performed on the HSV images to create a
binary mask that separates the eggplant region from the surrounding
area. The thresholding operation can be represented as:

M(x,y) =1if Tiow < Insv(X,y) < Thign, otherwise O 2
where Iygy (x, y) is the intensity of the pixel at coordinates (x, y) in the
HSV image, Tiow and Thign are the lower and upper threshold values,
respectively, and M (x, y) is the resulting binary mask.

Morphological closing was then used to smooth the mask’s edges and
fill gaps in the segmented area. This process involved a sequence of
dilation operations followed by erosion operations using a kernel size of
5 x 5.

CI)=(I®K)oK 3

where I is the input image, K is the structuring element (kernel), @ de-
notes the dilation operation, and & denotes the erosion operation.
Dilation adds pixels to the boundaries of objects in the image, effectively
“growing” the object and filling small holes and gaps. Erosion removes
pixels from the object boundaries, “shrinking” the object slightly.
Combined, these operations smooth the object boundaries and fill small
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Table 2
Summary of features extracted.
Feature category Features Description Relevance
Color Features Mean Mean of Red, Green, Assess overall color
(Reflectance RGB and Blue channels distribution and
(CL) and variability; important
Fluorescence for detecting changes
(FL)) due to water loss or
spoilage
Mean Mean of Hue, Reflect changes in
HSV Saturation, and Value color perception and
channels brightness; useful for
analyzing storage
effects
MeanCIE ~ Means of L*, a*, and b*  Provide perceptual
L¥*a*b* channels uniformity; detect

subtle color
differences indicative
of quality changes
Quantify surface
texture changes due
to water loss and
degradation during
storage

Texture Features GLCM
Features

Contrast, Dissimilarity,
Homogeneity, ASM,
Entropy, and
Correlation derived
from GLCM analysis

holes without significantly altering the object’s shape.

Refining the binary mask by median filtering eliminated the
remaining “salt-and-pepper” noise. Median filtering replaces each
pixel’s value with the median value of the pixels in its neighborhood,
effectively removing outliers while preserving edges (Bhargava & Ban-
sal, 2021; Utku & Koksel, 1998). The eggplant region was extracted from
the original image using a bitwise AND operation:

Iseg(x,y):l(x,y)/\ﬂM(x,y) (4)

where I (x, ) is the segmented image, I (x, y) is the original image, M
(x, y) is the mask, and —-M (x, y) is the inverted mask. The operation
retains only the pixels corresponding to the eggplant region while
setting the background pixels to zero. The accuracy of the segmented
region was verified by overlaying contours on the original image to
confirm the precision of the segmentation process.

The whole body of the fruit, including the calyx, was used for image
analysis because the characteristic fluorescence properties might affect
the overall fluorescence as well as texture features. We extracted color,
fluorescence, and textural features from the RGB, HSV, and CIE 1976
L*a*b* color spaces. The RGB color space is widely applied in digital
imaging and hardware representation; HSV is closer to the human vision
by distinguishing the chromatic information and intensity; the CIE 1976
L*a*b* is a perceptual color model that is particularly suitable for color
comparison and discrimination by also separating the Intensity channel
(Gonzalez & Woods, 2018).

Since changes in eggplants during storage are multifaceted, a
comprehensive set of features is needed (as summarized in Table 2).
Color features from RGB, HSV, and CIE Lab color spaces detect subtle
pigmentation and brightness changes indicative of water loss, lignin
accumulation, and textural degradation. Physiological changes not
visible under normal lighting conditions, such as stress responses
correlated with lignin production, are revealed through fluorescence
features. Alterations in surface structure due to dehydration and
spoilage are quantified through texture features derived from GLCM
analysis. We try to increase the robustness of our predictive models and
to give a more accurate estimate of eggplant quality during postharvest
storage by utilizing a diverse set of features. Previous studies also show
the significance of multiple features in creating quality assessments (Al
Riza et al., 2023).

Texture analysis used a gray-level co-occurrence matrix (GLCM),
incorporating Haralick’s texture features. The GLCM for each grayscale
image was computed at four orientations: 0°, 45°, 90°, and 135°, using a
pixel distance of one. The mathematical representation for computing
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the GLCM is:
Py(i,j) = Zl(x,y) I(x+ Ax,y + Ay) )
xy

where 6 represents the angle (0°, 45°, 90°, and 135°), Ax and Ay are
displacements based on the pixel distance and orientation, and I (x, y) is
the intensity at pixel (x, y). To stabilize the texture description against
rotational variations, each texture feature was averaged across these
four orientations. Six commonly utilized texture features were extracted:

Contrast = ZP(iJ)'(i -j)? 6

ij

Dissimilarity = ZP(i,j)-\i =]l @)
ij

: P(i,j)
Homogeneity = Z—z (€©))
71+ (I—))

ASM = "P(i,j)* ©)

ij

Entropy = — Y P(i,j)log P(i,j)

ij

S0 ) (i — ) P(ES)
Correlation = 2 (10)
GiCj

where y;, 4; and o;, oj are the means and standard deviations of the row
and column sums of the matrix, respectively. These features were
calculated as the average of properties generated from all GLCM ori-
entations, as outlined in Haralick’s seminal paper (Haralick et al., 1973).
Their proven use influenced the selection of these six texture features in
prior studies on color texture analysis (Al Riza et al., 2023; Drimbarean
& Whelan, 2001; Humeau-Heurtier, 2022).

2.5. Statistical and multivariate analysis

The data was analyzed, and predictive models for eggplant quality
assessment during storage were developed using a variety of statistical
and multivariate techniques.

2.5.1. Partial Least Squares Regression (PLSR)

The relationship between the weight loss of eggplants during storage
and the extracted color and texture features was modeled using Partial
Least Squares Regression (PLSR). PLSR is especially convenient when
dealing with multiple predictor variables that may be highly collinear,
as is frequently the case with spectral and image data. Using 5-fold cross-
validation, the optimal number of latent variables was determined to
prevent overfitting. All samples were used for model calibration, with
performance evaluated through cross-validation.

2.5.2. Linear Discriminant Analysis (LDA)

Linear Discriminant Analysis (LDA) was used as a supervised clas-
sification method to differentiate between eggplants stored under
different temperature and humidity conditions. Linear Discriminant
Analysis (LDA) operates by identifying linear combinations of features
that optimize class separation and minimize intra-class variance. The
LDA model’s performance was evaluated with Leave-One-Group-Out
(LOGO) cross-validation to ensure that all observations from each
unique sample were kept together during model training and evaluation.

2.5.3. Support Vector Machines (SVMs)
Classification of the eggplants based on the storage conditions was
also done using Support Vector Machines (SVM). SVM is a powerful
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Days After Harvest (DAH)

Fig. 4. Water loss in eggplants stored under different temperature and humidity conditions.

machine learning algorithm that categorizes the features into separate
groups based on the best hyperplane in a multi-dimensional space. For
this study, we employed a support vector machine (SVM) with a radial
basis function (RBF) kernel, and the parameters C and gamma were set
at 1 and ‘scale’, respectively. The SVM model was evaluated using LOGO
cross-validation (Scholkopf & Smola, 2001). The classification perfor-
mance metrics, such as

TP
Precision = ——— 11
recision TP 1 TP an
TP
l=_——- 12
Recall = e a2

Precisi Recall
Fl-score = 2 x m 13)
Precision + Recall

were computed in each of the storage conditions, where TP, FP, and FN
are the true positives, false positives, and false negatives, respectively.

2.5.4. Model robustness analysis

To assess the robustness of the models, LDA and SVM classifiers were
trained with stratified random subsampling (10-40 samples, 30 repeti-
tions per sample) and with class imbalance conditions (balanced to 10:1
ratios) using the Leave One Group Out (LOGO) cross-validation on each
setup (He & Garcia, 2009; Kohavi, 1995).

2.5.5. Analysis of Covariance (ANCOVA)

To test whether an early fluorescence descriptor can predict cumu-
lative water loss (WL [%]) at day 10, we fitted an analysis of covariance
(ANCOVA) with storage treatment category as a four-level categorical
factor and a single Day-1 fluorescence feature as the covariate. Four
outlier samples were excluded per category, resulting in a balanced
dataset of 40 samples. WL (%) at Day 10 was computed per fruit as:

Whay-1 — Whay-10

WL(%) =100 x 14)

Day-1

The treatment categories correspond to the four temperature/RH
regimes (10 °C/95 % RH, 20 °C/95 % RH, 20 °C/75 % RH, 10 °C/75 %
RH). The model used ordinary least squares with category-specific in-
tercepts and slopes via interaction terms (Kutner et al., 2005):

WLi (OA)) = i) + ﬂc[i] ZXi + & (15)

where, c[i] is the treatment category of sample i; a. and f. are the

category-specific intercept and slope, while ¢; is the residual error. zX
denotes the Day-1 fluorescence feature standardized (zero mean, unit
variance) within each LOOCV training fold. The specific Day-1 index is
selected in Section 3.5. Validation used leave-one-out cross-validation
(LOOCV) (Hastie et al., 2009).

2.5.6. Data preprocessing

For each sample, features extracted from both sides were averaged to
obtain a single representative feature vector per time point. All the data
collected on the different measurement dates were combined into one
dataset. This led to having several data points for each sample, where
each data point was captured at a certain time. The data were also
preprocessed to have a zero mean and unit variance as estimated from
the features. This is done through Z-score normalization, where the data
is transformed such that the average of each attribute is zero and the
standard deviation is one. Normalization is important to both PLSR and
classification algorithms because large-scale features may dominate the
results and affect the model in a way that features with small but
important information may overshadow other features. (Aksoy & Har-
alick, 2001; Hastie et al., 2009). For all cross-validated models (PLSR,
LDA, SVM), scaling and any feature selection were refit within each
training fold.

2.5.7. Tools

All statistical analyses and classification models were implemented
using Python (3.12.4), OpenCV 4.10 for image processing, the scikit-
learn library 1.5.1 (Pedregosa et al., 2011) for model development
and evaluation, pandas 2.2.2 (McKinney, 2010) for data manipulation,
and matplotlib 3.10.7 (Hunter, 2007) for visualization. ANCOVA
implementation used statsmodels 0.14.4 for OLS (Seabold & Perktold,
2010).

3. Results and discussion
3.1. Water loss

The weight of eggplants was measured regularly to monitor water
loss under varying temperature and humidity conditions (10 °C and
20 °C, with 75 % and 95 % relative humidity). As seen in Fig. 4, egg-
plants exposed to a temperature of 20 °C and 75 % relative humidity lost
the most water, while those stored at 10 °C and 95 % RH lost the least. At
the end of the storage period, the eggplants stored at 20 °C and 75 % RH
lost nearly 30 % of their initial weight, whereas the ones at 10 °C and 95
% RH only reduced by 5 %. High temperatures (20 °C) increase the
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Fig. 5. Eggplant Excitation-Emission Matrix during storage, EEM plots use emission on the x-axis and excitation on the y-axis, intensity in Raman Units (R.U.).

kinetic energy of water molecules, which accelerates evaporation and
transpiration rates (Ben-Yehoshua & Rodov, 2002). Low humidity (75
%) also creates a higher vapor pressure deficit (VPD), which increases
the water vapor diffusion rates from the fruit (Paull, 1999). However, at
lower temperatures (10 °C) and higher relative humidity (95 %), the low
VPD decreases water evaporation as the environment around the
product is more humid, keeping eggplants compact (Diaz-Pérez, 1998).
This retention helps to reduce stress reactions associated with dehy-
dration, including the formation of lignin, which occurs under more
severe conditions. At 95 % relative humidity and even at relatively high
temperatures, the surrounding moisture alleviates the pressure on the
tissues of the eggplant due to transpiration. Thus, the water content in
the tissues is higher. This implies that the benefit of high humidity is
enough to suppress the dryness caused by high temperatures. However,
it is also important to note that a very high increase in humidity is
favorable for rotting and microbes, offsetting gains from reduced tran-
spiration (Gidado et al., 2024).

3.2. Fluorescence EEM

Fig. 5 shows the characteristic EEM for eggplants before and after
storage. Three distinct regions can be identified: Region 1 (Excitation

(Ex) wavelength 280 nm, Emission (Em) wavelength 330 nm), Region 2
(Ex/Em peak: 435 nm/680 nm), and Region 3 (Ex/Em peak: 365 nm/
420 nm). The peak in Region 1 was attributed to protein-like (trypto-
phan) compounds responsible for the nutrition derived from eggplants.
(Ladokhin, 2006; Stedmon et al., 2003). Region 2 is linked to the chlo-
rophyll pigment. (Nedbal & Whitmarsh, 2004; Nie et al., 2020). Region
3 (Ex/Em =~ 365/420 nm) corresponds to a blue-green phenolics/lignin
band; we therefore treat it as a stress-linked autofluorescence band that
includes lignin signatures rather than a lignin-only marker (Choong
et al., 2016; Donaldson, 2020; Lichtenthaler, 2021; Rai et al., 2017).
This research is interested in Region 3 due to its inherent potential for
quality monitoring of eggplants during storage. Lignin is a complex
organic polymer found in the plant cell walls, contributing to their ri-
gidity and structural integrity. Lignin’s fluorescence is typically
observed in the blue to green emission range when excited in the UV to
the visible range. Our analysis revealed that the fluorescence intensity in
Region 3 increased over the storage period, especially in eggplants
stored at 20 °C and 75 % RH.

3.3. Changes in region 3 fluorescence peak

Fig. 6 shows the changes in Region 3 (Excitation wavelength/
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Fig. 6. Region 3 (Ex/Em = 365/420 nm) fluorescence intensity (R.U.) versus time (baseline (Day 0), Day 7, Day 14) under each storage condition (mean + SD).
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Fig. 7. Color and FL image changes during storage. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of

this article.)

Emission wavelength peak: 365 nm/420 nm). The baseline represents
the first day of measurement obtained from the top, center, and bottom
parts of the eggplant fruit. Phenylpropanoid-pathway activity (including
lignification) may be stimulated during storage in response to damage or
stress. As illustrated in Fig. 6, eggplants kept at 20 °C and 75 % humidity
showed a notable rise in the lignin fluorescence peak compared to the
baseline (first day of measurement), suggesting that this environment
promotes lignin production. In contrast, eggplants stored at 10 °C and
95 % RH showed marginal change in Region 3 fluorescence, indicating
lower stress and lower lignin synthesis. Additionally, at 20 °C, higher
humidity (95 % RH) caused significantly lower lignin fluorescence than
lower humidity (75 % RH), suggesting that high humidity can offset
temperature-induced stress and reduce lignin production. For example,
at 10 °C, lower lignin fluorescence peaks were seen in eggplants stored
at 75 % RH relative to 20 °C storage, again indicating that lower tem-
peratures inhibit lignin synthesis. In line with the previous research,
time-dependent lignin deposition with an initial peak in phenylalanine
ammonia-lyase (PAL) activity and a continued rise in cinnamyl alcohol
dehydrogenase (CAD) and peroxidase (POD) activities observed in
loquat held at 20 °C (Cai et al., 2006a), with dehydration stimulating
lignin deposition in loquat pericarp (Zhu et al., 2021). Similarly, our
Region 3 increased during storage, but most at 20 °C/75 % RH and least
at 10 °C/95 % RH (Fig. 6).

3.4. Image changes over time

Fig. 7 shows color and UV-induced fluorescence images under
different temperature and humidity conditions. At first glance, eggplants
have a glossy texture and a vivid purple color. The FL images show an
increase in blue-white fluorescence at 20 °C, a noticeable loss of
brightness, and the beginning of shrinkage, mostly at 75 % humidity. It
originates from phenolic compounds and lignin precursors that emit at
420 nm. At 20 °C/75 % RH, respiration and the phenyl-propanoid
pathway run faster; phenolics oxidize and polymerize, so mean Blue
rises sharply even before WL reaches 20 %. In contrast, at 10 °C/75 %
RH, the fruit actually loses more water by Day-10, but enzymes such as
polyphenol oxidase and peroxidase are temperature-limited, the peel
stays intact, and fluorescence remains lower (Cai et al., 2006b; Dogan

et al., 2002). Thus, when dehydration is held constant, the fluorescence
evidence confirms that eggplants stored at 10 °C retain superior peel
quality compared with those at 20 °C.

This is primarily associated with the Region 3 fluorescence observed
in the EEM data, as shown in Figs. 5 and 6, which is linked to lignin
production. Reduced turgor pressure and water loss in the plant tissues
are linked to quicker moisture loss and quality degradation (Burdon &
Clark, 2001). Elevated temperatures can potentially hasten several
metabolic processes, such as pigment degradation. Dehydration from
low humidity makes the skin of the eggplants wrinkle and lose its
vibrancy (Moretti et al., 2010). The purple hue of eggplants is attributed
to anthocyanin pigments, which deteriorate with time and are suscep-
tible to environmental changes. It has been demonstrated that high
temperatures hasten the anthocyanins’ disintegration, making the egg-
plants’ appearance look less vibrant (Condurache et al., 2021).

On the other hand, eggplants kept at 10 °C and 95 % relative hu-
midity for an extended period keep their bright color and firmness.
Fruits and vegetables usually respire more slowly at lower temperatures,
which helps to preserve their quality and increase their shelf life and
marketability. However, keeping humidity levels high is bad since it
produces a damp atmosphere that promotes microbial development and
spoiling (Grierson & Wardowski, 1978). Fruit physiological states and
activities not visible on reflectance images are revealed by fluorescence
imaging. The blue-white fluorescence increases drastically at low hu-
midity (75 %) and high temperature (20 °C), suggesting stress reactions
and lignin buildup. Fruits fortify their cell walls by depositing lignin in
response to dehydration, which lowers water loss and improves struc-
tural integrity. This defensive mechanism can cause increased lignin
biosynthesis (Mulas et al., 1996).

3.5. PLSR modeling for water loss estimation

Partial Least Squares Regression (PLSR) was used to examine the
features that were obtained. By locating latent variables (LVs) that
capture the most pertinent variation associated with the response vari-
able, PLSR can decrease the complexity of the dataset and simplify the
analysis without compromising the accuracy of the data (Al Riza et al.,
2023). The retrieved features were normalized before being analyzed to
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Table 3
Performance metrics of different feature sets.
Feature set R?fain R¥cv RMSEC RMSECV  Features
Selected features (6) 0.890 0.884 3.306 3.470 6
Reflectance color + texture  0.832 0.818  4.075 4.254 15
All color features 0.837 0.814  4.013 4.296 18
FL color + texture 0.827 0.808 4.140 4.374 15
Only fluorescence texture 0.749 0.738  4.990 5.102 6
All texture features 0.757 0.737  4.916 5.116 12
Only fluorescence color 0.745 0.717  5.038 5.305 9
All features 0.725 0.710 5.220 5.364 30
Only reflectance texture 0.680 0.661  5.633 5.802 6
Only reflectance color 0.655 0.636  5.856 6.014 9

prevent scale differences from biasing the model. By establishing a
correlation between the target variable, weight loss, and the extracted
features, the first PLSR model was fitted using 5-fold cross-validation.
As shown in Fig. 8, the Root Mean Square Error (RMSE) and the
Explained Variance (R?) were a reference for choosing the number of
components. As more components were added, the RMSE gradually
dropped, indicating an improvement in the predicted accuracy of the
model. The RMSE increased after six components, indicating overfitting
in cases where more than six are utilized. Because of this, 6 PLS com-
ponents are the ideal amount for this model, where the RMSE is lowest
and the explained variance in the data is high enough. The features were

ranked according to their loading values to identify which features had
the most significant influence on the model’s weight loss prediction, as
shown in Fig. 9. The best 6 features with absolute loading values
(loading >0.238) were selected. Cross-validation indicated that this 6-
feature subset had greater predictive performance than the models
with full 30 features as illustrated in Table 3. The texture features ASM
for the fluorescence image, ASM for the reflectance image, and Homo-
geneity for the fluorescence image and reflectance image features, mean
blue value for the fluorescence image, mean V, HSV value for the fluo-
rescence image, and the mean green value for the fluorescence image
have the highest loading scores. The performance of the final PLSR
model based on these six features is shown in Fig. 10.

The changes in the uniformity of the eggplant surface during storage
due to water loss are indicated by the important ASM in the reflectance
and fluorescence images. The internal structure of the peel and its
bioactive chemicals, which respond to physiological stress and degra-
dation, are related to the homogeneity of the fluorescence image. As
fruits reinforce their cell walls to prevent water loss and boost structural
integrity, water loss causes an increase in the production of lignin
(Mulas et al., 1996; Paull, 1999; Vanholme et al., 2019).

Because of the noticeable rise in blue-white fluorescence in the im-
ages, two essential features are the average intensity of the blue color
(RGB) and brightness (value) in the HSV color space. This fluorescence is
a sign of storage-related alterations in the eggplants. Due to the strong
correlation between these characteristics and lignin production, the
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Fig. 11. (a) WL at Day 10 versus Day 1 FL_MeanBlue with per-category least-squares lines (Eq. (15)); (b) LOOCV predicted versus observed WL.

mean green value also considerably assesses eggplant quality. Since
lignin fluoresces in the blue and green regions, the eggplant peel’s mean
blue and green values are essential markers of lignin content
(Donaldson, 2020; Rai et al., 2017). By monitoring these fluorescence
characteristics, one can effectively assess eggplants’ stress levels and

Table 4
Eq. (15) coefficients by treatment category for WL at Day 10; full-sample OLS;

covariate z-standardized; values are estimates with 95 % Confidence Intervals
(CD.

Treatment category a B (per 1 SD) £ 95 % CI
10 °C/95 % RH 4.36 —0.12 —2.38-2.15
20 °C/95 % RH 6.37 0.54 —0.82-1.90
20 °C/75 % RH 18.39 5.38 3.75-7.01
10 °C/75 % RH 19.99 —0.32 —1.80-1.16

10

overall quality during storage non-invasively.

The performance of several feature sets utilized in result prediction
using PLSR models is shown in Table 3, evaluated through 5-fold cross-
validation. The “Selected Features (6)” subset stands out because it uses
only six features, as opposed to all 30 features. This subset yielded an R?
value of 0.884 in cross-validation (R? cv), with a Root Mean Square Error
of Cross-Validation (RMSECV) of 3.47 %. These are the first six features
shown in Fig. 9. Most of these features are textural and fluorescence
imaging features, indicating that they are the most important for
assessing the quality of eggplants while they are being stored.

3.6. Water loss prediction
We asked whether a single Day-1 fluorescence feature could forecast

cumulative water loss (WL) at Day 10. We fitted an ANCOVA with
treatment category (10 °C/95 % RH, 20 °C/95 % RH, 20 °C/75 % RH,
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Fig. 12. Classification of storage conditions using LDA and SVM; Models were evaluated using Leave-One-Group-Out cross-validation on 108 observations from 40
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10 °C/75 % RH) as a factor and the Day-1 mean blue intensity from
fluorescence images (FL_MeanBlue) as the sole covariate (ordinary least
squares; LOOCV with the covariate z-standardized within each training
fold). Fig. 11 (a) makes the key point at a glance: WL at Day 10 rises with
the Day-1 blue-band fluorescence index (FL_MeanBlue) only in some
environments, not all. The four fitted lines are not parallel and have
different intercepts, so a single global line would be biased. This pattern
mandates conditioning on environment via the interaction in Eq. (15)
(Treatment Category x Day-1 index). The fitted coefficients from Eq.
(15) (full-sample OLS, covariate z-standardized; 4 = 34.89, 0 = 6.00) are
reported in Table 4. The baselines (@) differ strongly by treatment
category (4-6 % at 10 °C/95 % RH vs 18-20 % at 20 °C/75 % RH), and,
critically, the response (f) is category-dependent; 20 °C/75 % RH shows
a clear positive slope (f = 5.38, 95 % CI = 3.75-7.01), whereas both
10 °C categories are flat and 20 °C/95 % RH is weak and non-significant.
In short, Day-1 blue fluorescence is a useful early predictor only under
warm, dry storage; elsewhere, it adds little signal, which is exactly what
Fig. 11(a) reveals.

The model achieved R%oocv = 0.92 and MAE = 1.88 % (Fig. 11 (b)).
When conditioned on the correct treatment category, the single-index
model generalizes well and provides precise early forecasts of Day-10
WL. In the warm/dry category (20 °C/75 % RH), where Vapor Pres-
sure Deficit (VPD) is highest, fruit with larger Day-1 blue fluorescence
lost more water by Day 10. At 20 °C/95 % RH, the slope remained
positive but weaker, consistent with lower evaporative demand (VPD).
At 10 °C/75 % RH, the slope was essentially flat, suggesting that vari-
ation in WL at low temperature is driven mainly by physical transport
under moderate VPD rather than by the Day-1 blue-fluorescence signal.

The predictive ability difference between Day-1 fluorescence under
different storage conditions can be explained by two factors. First, vapor
pressure deficit (VPD): at 95 % RH, little water loss is observed irre-
spective of initial fluorescence state, so it does not have predictive
power. Second, temperature-dependent metabolism: at 20 °C/75 % RH,
the phenyl-propanoid pathway remains active (Section 3.4), allowing
Day-1 fluorescence to reflect biochemical states that determine subse-
quent water loss rates among fruits. At 10 °C/75 % RH, although
moderate VPD creates transpiration pressure, enzyme activity is
temperature-limited (Cai et al., 2006a; Dogan et al., 2002). The varia-
tion in Day-10 water loss becomes driven by physical transport prop-
erties rather than the Day-1 fluorescence signal. Therefore, the covariate
is predictive only where both sufficient VPD and active metabolism
create condition-specific biological variation in water loss.

3.7. Classification of storage conditions

The LDA and SVM models provided mean cross-validation accuracies
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Table 5
Performance for Leave-One-Group-Out cross-validation Comparison of LDA and
SVM Models; (P/R/F1) is shorthand for (Precision/Recall/F1-score).

Metric LDA SVM

Mean CV score 0.944 0.852

Total observations 108 108

Unique samples 40 40

Category (P/R/F1) P R F1 P R F1
10°C/75 % 1.00 0.96 0.98 0.96 0.96 0.96
10 °C/95 % 0.96 1.00 0.98 1.00 1.00 1.00
20 °C/75 % 0.96 0.85 0.90 0.89 0.65 0.76
20 °C/95 % 0.89 0.97 0.93 0.78 0.94 0.85
Macro Avg (P/R/F1) 0.95 0.94 0.95 0.91 0.89 0.89
Weighted Avg (P/R/F1) 0.95 0.94 0.94 0.90 0.89 0.89

of 0.944 and 0.852, respectively. These high results suggest that both
classifiers have a high level of accuracy in distinguishing eggplants ac-
cording to their storage conditions, with LDA marginally outperforming
the other.

Fig. 12 illustrates the classification results using LDA and SVM. For
the LDA plot (left), the data is projected onto the first two Linear
Discriminant (LD) components. For the SVM plot (right), the dataset is
projected onto the first two Principal Components (PCs) for visualization
purposes. SVM does not inherently provide a low-dimensional repre-
sentation as LDA does (Munoz & Gonzalez, 2010). Tables 5 and 6 show
the classification performance and confusion matrices for each storage
condition. Both models showed good performance in classifying samples
stored at 10 °C with both humidity levels. The classification errors
occurred between the two 20 °C storage conditions. For LDA, four
samples of 20 °C/75 % RH were misclassified as 20 °C/95 % RH, and one
sample of 20 °C/95 % RH was misclassified as 20 °C/75 % RH. For SVM,
7 samples of 20 °C/75 % RH were misclassified as 20 °C/95 % RH, with
no errors in the opposite direction. The misclassification pattern be-
tween the two 20 °C storage conditions can be explained by the domi-
nance of fluorescence features in the LDA model. Both 20 °C/75 % RH
and 20 °C/95 % RH showed similar Region 3 fluorescence increases
through Day 7 (Fig. 6), indicating temperature-induced phenolic meta-
bolism, while differing in cumulative water loss (Fig. 4). Since the most
important LDA features were fluorescence-based, samples from these
two conditions with comparable fluorescence levels but different hy-
dration states overlap in the discriminant space. In contrast, 10 °C
conditions showed lower fluorescence responses and were separated
with higher accuracy. We tested the strength of the classifiers by eval-
uating their performance under different training sample sizes and
class-imbalance conditions (see Table 7a and 7b).
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Table 6
Confusion matrices for LDA and SVM models.
Actual/Predicted LDA SVM
10 °C/75 % 10 °C/95 % 20°C/75 % 20 °C/95 % 10 °C/75 % 10 °C/95 % 20°C/75 % 20 °C/95 %
10 °C/75 % 25 0 0 0 24 0 0 1
10 °C/95 % 0 24 0 0 0 24 0 0
20 °C/75 % 0 0 22 4 1 0 18 7
20 °C/95 % 0 0 1 32 0 0 7 26
predictive in 20 °C/75 % RH, weak in 10 °C storage. Thus, early fore-
Table 7a. . casting is achievable where dehydration dominates, while cooler chains
Sample size robustness analysis. benefit from multi-feature imaging. However, for these results to be fully
Number of Samples LDA SVM validated, future studies should employ chemical assays (phenolics,
10 0.603 + 0.178 0.524 + 0.198 anthocyanins, lignin markers) to apportion contributions to the blue
15 0.609 + 0.148 0.706 £ 0.122 band and to validate biomarkers. In order to test the generalizability and
20 0.769 + 0.102 0.804 + 0.060 robustness of the model to real-life applications, further studies must
25 0.823 4 0.071 0.830 + 0.047 incorporate external validation involving independent test sets of
30 0.858 + 0.055 0.849 + 0.035 ious h batch £ . hical 1
35 0.884 + 0.031 0.848 4+ 0.027 various harvest batches, different growing seasons, or geographical lo-
40 0.920 + 0.014 0.850 + 0.011 cations. This study also used constant temperature and humidity, which

Table 7b
Class Imbalance Robustness; Sample Distribution notation (a, b, ¢, d) represents
the relative number of samples from each of the four storage categories.

Sample Distribution Balance LDA SVM
1,1,1,1) Balanced 0.944 0.852
2,1,1,1) Moderate 0.783 0.817
3,1,1,1) High 0.935 0.957
4,2,1,1) Severe 0.614 0.864
(10,5,2,1) Extreme 0.614 0.864

Category 0 = 10 °C/75 % RH, Category 1 = 10 °C/95 % RH.
Category 2 = 20 °C/75 % RH, Category 3 = 20 °C/95 % RH.

3.8. Practical applications

The Ex/Em = 365/420 nm region, consistent with phenolic/lignin-
related autofluorescence, can anchor low-cost, UV imaging for real-
time WL monitoring during storage and distribution. A six-feature
PLSR provides WL estimates for inventory control (rank-ordering
batches; prioritizing dispatch), while the single-index ANCOVA enables
early forecasting in warm, low-RH chains. LDA/SVM classifiers can flag
mismatched storage regimes at intake. Selecting transport and storage
protocols that will provide optimal handling can minimize postharvest
losses and extend shelf life.

4. Conclusion

Fluorescence spectroscopy and combined color and UV-induced
fluorescence imaging were used in this work to identify and assess the
quality of eggplant subjected to different temperature and humidity
conditions during postharvest storage. We identified three distinct
fluorescence regions in eggplant EEM, with the lignin-associated peak
(Ex/Em: 365 nm/420 nm) serving as a potential stress indicator. The
increased blue-white fluorescence in UV-induced images, particularly at
20 °C and 75 % humidity, correlated with water loss and textural
degradation. A PLSR model (R2 = 0.884) was developed to estimate
water loss from combined color and texture features of fluorescence and
reflectance images. Moreover, the LDA and the SVM models were able to
distinguish between eggplants stored under different conditions with
accuracies of 94.4 % and 85.2 %, respectively. These non-destructive
methods show high potential for use in the real-time quality assess-
ment of eggplants and their shelf-life estimation. A single-index model
using Day-1 FL MeanBlue with category-specific slopes achieved LOOCV
R? = 0.920 (MAE = 1.88 %), but its utility was category-dependent:
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enabled systematic isolation of storage parameters. This is not a reflec-
tion of the dynamic environment experienced in commercial supply
chains. Thus, validation in realistic variable conditions is necessary in
the future. Additionally, since this experiment used one cultivar (cv.
Senryo 2), subsequent studies must confirm performance in cultivars
with varying peel anthocyanin and cuticular properties, which are
known to vary UV-excited fluorescence baselines and water loss
permeability, to ascertain if variety-specific calibration is required. This
would enable a more accurate description of the behavior of fluores-
cence signals in relation to eggplant physiological changes during
storage.
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