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Abstract

Water loss during storage is a major cause of postharvest quality deterioration in cucum-
ber, yet existing methods to monitor hydration are often destructive or require expensive
instrumentation. We developed a low-cost, non-destructive approach for estimating fruit
relative water content (RWC) using visible-light color imaging combined with an ensemble
machine-learning model (Random Forest). A total of 1200 fruits were greenhouse-grown,
harvested at market maturity, and equally divided between optimal and ambient storage
temperature (10 and 25 °C, respectively). Digital images were acquired at harvest and at
7 d intervals during storage, and color parameters from four standard color systems (RGB,
CMYK, CIELAB, HSV) were extracted separately for the neck, mid, and blossom regions
as well as for the whole fruit. During storage, fruit RWC decreased from 100% (fully hy-
drated condition) to 15.3%, providing a broad dynamic range for assessing color-hydration
relationships. Among the 16 color features evaluated, the mean cyan component (uC) of
the CMYK space showed the strongest relationship with measured RWC (R? up to 0.70 for
whole-fruit averages), reflecting the cyan region’s heightened sensitivity to dehydration-
induced changes in pigments, cuticle properties and surface scattering. The Random Forest
regression model trained on these features achieved a higher predictive accuracy (R? = 0.89).
Predictive accuracy was also consistently higher when uC was calculated over the entire
fruit surface rather than for individual anatomical regions, indicating that whole-fruit color
information provides a more robust hydration signal than region-specific measurements.
Our findings demonstrate that simple visible-range imaging coupled with ensemble learn-
ing can provide a cost-effective, non-invasive tool for monitoring postharvest hydration of
cucumber fruit, with direct applications in quality control, shelf-life prediction and waste
reduction across the fresh-produce supply chain.

Keywords: Cucumis sativus; machine learning; postharvest quality; relative water content;
visible-light imaging
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1. Introduction

Water loss during storage is a major determinant of postharvest quality deterioration
in fruits and vegetables [1,2]. Dehydration accelerates softening, shriveling and loss of
marketability, ultimately reducing shelf life and increasing food waste [1,3]. Conventional
quality control practices rely mainly on visual inspection or destructive sampling of a small
number of fruits, which provides only a coarse and often unreliable estimate of hydration
status at the batch level [4,5].

Non-destructive sensing of water content in plant tissues has been widely explored at
the leaf or canopy scale using hyperspectral, near-infrared (NIR) and magnetic resonance
techniques [6,7]. Although these approaches can achieve high prediction accuracies, they
are expensive, require specialized instrumentation and trained operators, and are therefore
largely confined to research environments rather than routine commercial use [6,8]. At
the individual fruit level, very few low-cost methods have been demonstrated for directly
estimating relative water content (RWC) during storage [9,10].

Visible-range color imaging offers a promising alternative. Standard digital cameras
are inexpensive, widely available and capable of capturing subtle spectral shifts in the
400-700 nm region that may reflect changes in tissue hydration, surface scattering and
pigment composition [11]. In addition to pigment changes, the fruit cuticle strongly influ-
ences both water loss and surface reflectance. Recent work shows that cuticle composition,
thickness and microstructure govern reflectance in the blue-green region as well as regulate
transpirational water loss [12,13]. Similarly, postharvest changes in cuticle biophysics
have been shown to correlate with both optical appearance and moisture retention [14].
These findings provide a mechanistic basis for expecting short-visible (especially cyan)
wavelengths to be sensitive to hydration status. However, the relationships between color
features and fruit RWC have not been systematically quantified, and no robust, low-cost
model currently exists for routine postharvest monitoring of cucumber hydration.

Fruits (e.g., cucumber, tomato and melon) exhibit longitudinal anatomical hetero-
geneity, with physiologically distinct zones, namely the stem-end, middle and blossom-
end, differing in traits such as firmness, sugar content, water distribution and respiration
rate [15,16]. These zones may experience distinct microclimatic conditions and vary in tissue
structure, resulting in spatial differences in water loss and associated surface color [16,17].
Such intra-fruit variability can confound hydration assessment when the fruit is analyzed as
a uniform entity, highlighting the need for localized, segment-specific evaluation methods.

Machine-learning algorithms can extract complex, non-linear relationships between
image features and physiological traits without requiring pre-defined indices [18,19]. En-
semble methods such as Random Forest (RF) are especially attractive because they handle
multicollinearity among predictors, are resistant to overfitting and yield straightforward
measures of variable importance [20,21]. Combining standard color imaging with such
models could therefore provide a practical pathway for objective, non-destructive assess-
ment of cucumber hydration status during storage.

The objective of this study was to develop and evaluate a low-cost method for esti-
mating fruit RWC using visible-light color features and an RF model. Cucumber (Cucumis
sativus L.) was selected as a model system due to its high water content (~95%) and suscep-
tibility to dehydration, short shelf life and strong commercial relevance, making it ideal
for studies on postharvest monitoring and quality improvement [22,23]. In this context,
inclusion of near-ambient storage temperatures, commonly encountered in the supply
chains of developing countries where refrigeration infrastructure may be limited [24,25],
enhances the practical relevance of the proposed approach for postharvest monitoring un-
der real-world, resource-constrained conditions. A further objective was to compare color
features extracted from defined anatomical regions (neck, mid, blossom) with whole-fruit
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averages to determine whether aggregating across the entire surface improves predictive
performance, and to identify the most informative features across multiple color spaces
(RGB, CMYK, CIELAB, HSV). In this study, we present a low-cost, visible-light imaging
approach combined with an RF regression model to estimate RWC of cucumber fruit
non-destructively during storage. Uniquely, we identify the mean cyan (uC) component
of the CMYK system as the most powerful single predictor and show that whole-fruit
color information yields higher predictive accuracy than region-specific measurements,
distinguishing our work from previous methods relying on costly instrumentation or
single-point measurements.

2. Materials and Methods
2.1. Plant Material and Growth Conditions

The experiment was carried out in a greenhouse (0.63 ha) located in Rethymno, Crete,
Greece (35.3647° N, 24.4822° E). Sampling was conducted in a commercial facility because
above- and below-ground conditions frequently differ markedly between experimental
and commercial environments, thereby constraining the extrapolation of research findings
to real-world contexts [26]. ‘Cretasun RZ’ (Rijk Zwaan, De Lier, The Netherlands), a
parthenocarpic hybrid, was selected because it produces seedless cucumbers of highly
uniform shape, size and color at harvest, thereby reducing background variability and
allowing a more reliable assessment of the relationship between external color traits and
fruit RWC after harvest. Transplanting took place on 10 November 2024 and harvest on
10 February 2025. Growing the plants in winter under well-watered conditions ensured
high plant turgor and full fruit hydration at harvest, creating a clear starting point for
monitoring postharvest water loss.

Plants were grown in single rows (3 plants m !, 1.6 m between rows), giving a density
of 1.5 plants m~2. Cultivation was performed on Crodan rockwool slabs placed on gutters.

Greenhouse climate was managed with active heating, maintaining a minimum tem-
perature of 14 °C, while no supplemental lighting was used. The average daily light integral
during the cultivation period ranged from 6 to 12 mol m~2 d~!, and relative air humid-
ity was maintained between 65 and 80%. Environmental parameters were continuously
recorded with an automated climate control and data-logging system.

Irrigation and fertigation were delivered through a closed hydroponic drip-irrigation
system, scheduled according to radiation sum and substrate moisture. The nutrient solution
composition was adjusted to the plant growth stage, with an electrical conductivity (EC) of
2.5-3.0 dS m~! and pH of 5.5-6.0.

Lateral shoots were pruned above the second leaf to limit vegetative overgrowth and
enhance fruit set. The first 7-8 fruits per plant were removed to maintain an adequate
source-sink balance. Fruits for analysis were harvested at the node corresponding to the
20th leaf (cross-harvest), as fruit set at this position represents a stable mid-season devel-
opmental stage in which plant growth and source-sink relationships have equilibrated,
thereby ensuring uniform size and maturity among experimental samples.

Fruits were harvested exactly 1 h prior to the onset of the photoperiod, a time chosen
to coincide with peak morning turgor and minimal transpirational water loss. At this stage,
fruits were considered fully hydrated (RWC = 100%). Although the fruit samples were not
rehydrated after collection to verify full saturation, the combination of well-watered plants,
low transpiring (winter) conditions and the timing of harvest support the assumption of
full hydration. All fruits were clipped from the plant using sterilized scissors, handled
only by the peduncle to avoid pressure on the pericarp, immediately placed into pre-
cooled, perforated polyethylene containers lined with moist paper to limit evaporative
loss, and the peduncle was then removed prior to further processing. The containers
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were kept inside an insulated box with ice packs, maintaining an internal temperature of
approximately 10 °C during transport. The transit from the cultivation site to the laboratory
did not exceed 2 h. All fruits were uncoated and unwaxed, and no surface treatments were
applied. Upon arrival at the laboratory, fruit surface moisture was gently blotted away,
sample labels were checked, and all subsequent analyses (weighing, imaging) commenced
immediately to minimize post-harvest changes. The average fruit length, diameter and
weight were 17.4 + 0.6 cm, 3.2 £ 0.1 cm and 120 & 5 g, respectively. Fruit length was
measured excluding the peduncle and blossom remnant, and diameter was taken at the
mid-equator with calipers. All fruits were straight (angle between the longitudinal axis of
the fruit and a horizontal reference line < 1°, determined from digital images), and diameter
variation between the equator and distal/proximal ends was lower than 5%.

Fruits were then stored either at optimal storage temperature (10 °C) or at ambient
room temperature (25 °C). At each storage temperature, fruits were weighed for RWC
estimation and imaged for colorimetric analysis at time 0 (immediately upon arrival at
the laboratory) and subsequently at 7 d intervals. Samples from the 10 °C storage were
evaluated and returned to the storage facility within 10 min to minimize temperature
fluctuations. Measurements were continued up to 49 d for fruit stored at 10 °C and up to
28 d for fruit stored at 25 °C. Fruits were carefully handled during all stages of handling,
storage, and assessment to avoid mechanical injury and bruising. In total, 1200 fruits were
analyzed, equally divided between the two temperature regimes.

2.2. Relative Water Content

In this study, hydration status is quantified as fruit RWC, while acknowledging
that other indicators (e.g., water potential, gravimetric water content/mass loss, dielec-
tric/impedance measures, low-field NMR metrics) reflect complementary aspects of the
same state. Because these measures are physically connected (e.g., pressure—volume theory
links RWC with water potential, and water loss decreases water content while altering di-
electric and LF-NMR signals), a monotonic relationship between RWC and these indicators
is expected, although each captures a different facet (amount vs. potential vs. mobility).
A hydration gradient was established by subjecting the harvested fruits to storage. Each
fruit was weighed at 7 d intervals at either storage temperature. Immediately after each
weighing, an image of the entire fruit was captured (see below). At the end of the storage
period, fruits were oven-dried for 96 h at 80 °C to determine dry weight. Fruit RWC (also
referred to as relative turgidity) was then calculated using the following equation [11]:

fresh weight — dry weight

RWC = saturated fresh weight — dry weight x 100 )

2.3. Colorimetric Analysis

Fruit was photographed using a custom-built imaging station (I X w x h =44 x 44 x 44 cm)
designed to provide a stable, enclosed environment for color acquisition [27]. To maintain
consistent and defined illumination conditions, an artificial lighting system consisting of a
4000 K white light-emitting diode (LED) strip (Philips, Eindhoven, The Netherlands) was
installed along the top (interior) side of the station. The LED was operated at constant
current to minimize flicker and spectral drift, and the enclosure was allowed to stabilize for
5 min before each imaging session to avoid warm-up effects. Spectral profile and photon
flux of the LED lighting were monitored throughout the experiment and remained stable
over time. To enhance light reflectivity and ensure an even light distribution, all interior
walls of the imaging station were painted matte white, and the fruit was placed on a
non-reflective white platform aligned with the optical axis. Images were captured through
a circular aperture (diameter 8 cm) positioned at the center of the top panel. The aperture
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was surrounded by a light baffle to prevent stray light and glare. The camera-to-sample
distance was kept constant at 36 cm by mounting the camera on a fixed bracket, and the
field of view was marked to ensure identical sample positioning. Samples were manually
inserted via a front access door. To avoid light contamination, the door was closed during
image acquisition, and all imaging was performed in a darkened room (<1 pmol m~2 s~!
ambient light).

Before each imaging session, a neutral white and a 24-patch color calibration card
(X-Rite ColorChecker, Grand Rapids, MI, USA) were photographed under the same condi-
tions to enable color standardization and white-balance correction during image processing.
These calibration images were used to compute a session-specific white-balance and color-
correction transform, which was then applied to all fruit images to ensure standardized
color values across sessions. Samples were imaged against a uniform white, non-glossy
background to facilitate segmentation. Two-dimensional (2D) images were recorded using
a charge-coupled device (CCD) digital camera (PowerShot G15, 12 megapixels; Canon,
Tokyo, Japan) mounted with a fixed focal length lens. Across all evaluations, image cap-
ture settings [resolution 12 megapixels, f-stop 2.8, shutter speed (exposure time) 1/100 s,
ISO 800 (ISO-800), no flash or digital zoom, daylight white-balance] were held constant.
Images were stored in the RGB color space and saved in JPEG format (4000 x 3000 pixels)
at maximum quality. Environmental conditions (air temperature 25 £ 0.1 °C, relative
air humidity 50 £ 5%) inside the laboratory were monitored to ensure stable conditions
throughout imaging. Under this setup, the manual workflow (i.e., placing the fruit, closing
the door, clicking capture and running the feature-extraction script) required approxi-
mately 1 min fruit~!, allowing the system to process roughly 60 fruits h~!. Automating
positioning, imaging and feature extraction would substantially reduce the required time
per fruit [28], thereby enabling true high-throughput operation and illustrating the system’s
scalability for commercial packhouse applications.

The captured images were digitally processed using Trigit (accessed September 2025)
[29] for the acquisition of colorimetric features in the following color systems (also referred
to as color spaces): RGB [red (R), green (G) and blue (B)], CMYK [cyan (C), magenta (M),
yellow (Y) and key (black; K)], CIELAB [lightness (L*), red/green (a*), and yellow /blue
(b*)], and HSV [hue (H), saturation (S), and value (V)] (Table 1). Trigit is a free web
application that segments user-defined regions of an image, applies white-balance and
color-correction transforms from calibration targets, and outputs mean pixel values for
multiple color spaces to facilitate rapid colorimetric analysis. Prior to analysis, each image
was white-balanced against a neutral reference card to standardize color across sessions.

Table 1. Colorimetric parameters assessed in cucumber fruit. For each parameter, the table reports
the name, description, calculation formula and value range/unit. Color features were extracted from
digital images using Trigit and obtained both for the whole fruit and separately for each longitudinal
region (neck, mid, blossom).

Color Parameter Formula Range (Unit)
red (R) ! amount of red
green (G) ! amount of green 0-255 (—)
blue (B) ! amount of blue
%R e % 100
%G raes X 100 0< <100 (%)

o, B
B el x 100
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Table 1. Cont.
Color Parameter Formula Range (Unit)
cyan (C) 2
magenta (M) 2
yellow (Y) 2 0-100 (%)
black (K) 2
lightness (L*) 3 0 specifies black, 100 specifies white
red/green (a*) 3 amount of red or green tones
—110-110 (-)
yellow /blue (b*) 3 amount of yellow or blue tones
hue (H) * location on the color wheel 0-360 (°)
saturation (S) 4 vividness or dullness
0-255 (—)
value (V) amount of white

1 RGB color system; 2 CMYK color system; 3 CIELAB color system; 4 HSV color system.

For each measurement, fruits were placed in a fixed orientation so that the same areas
of each fruit were always exposed to the imaging device. This ensured that differences
among anatomical regions could be assessed consistently (Figure 1). Color parameters
were extracted separately for three longitudinal regions of each fruit: the neck or stem end
(proximal ~ 0-6 cm from the stalk attachment point), the mid-region (central ~ 6-12 cm of
the fruit equator) and the blossom region or blossom end (distal ~ 12-17 cm surrounding
the flower end), as well as for the whole fruit.

Emdoyii apxciwv | AI05 ¥ 8 JPG

oes Selection Y
o & o
Fix area AOSWEIRG
(3 Color space ! § =
RGB P4 -
CMYK |’
CIELAB
e ®
HsV %
(ID Columns e ®
W RIG B

% R|c|B]|
o R|G|B
D px hex

Figure 1. Example of cucumber fruit segmentation into longitudinal regions for color analysis. In the
central panel, the neck or stem end (proximal), mid-region (central), and blossom end (distal) are
delineated on the fruit and highlighted with purple boxes. The three panels at the bottom show the
corresponding cropped image areas used for calculating color parameters in each region, while the
right-hand panel displays the software output with mean color metrics for each defined region. The
blue box at the top left indicates the currently selected image within the Trigit workspace. Columns
“px” (pixel count per region) and “hex” (mean RGB color code) were not included in the present
analysis. A scale ruler and identification tag are included for reference.

2.4. Imaging Deployment Standards: Lighting and Defect Pre-Screening

The procedures described below were not performed in this study. They are provided
as recommended practices for future deployment outside the laboratory, including lighting
standardization and a brief quality-control pre-screen to detect and mask surface defects or
early lesions before color extraction.
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In operational settings, images can be acquired under controlled illumination and
fixed camera settings to ensure color stability. A compact imaging hood or light tent can
be used to block ambient light, with illumination provided by high-CRI (>95), flicker-free
LED panels at fixed geometry and distance (CCT 5000-6500 K). Camera parameters should
be set to manual exposure and fixed white balance, and images should be captured in RAW
or the highest-quality JPEG. At the start of each imaging session, photograph a neutral
gray card and a multi-patch color reference to enable automated white balance and color
correction. Recapture the references whenever lighting conditions change. For mobile
use where a full enclosure is not feasible, use a portable shroud and a standardized matte
background, and lock exposure and white balance. Perform session-wise recalibration to
maintain consistency across sites.

In commercial grading, fruit with obvious defects or disease symptoms are typically
off-grade and removed prior to sale, so such cases fall outside the intended application
scope. Nonetheless, minor cosmetic defects and early lesions can alter optical signals (gloss,
saturation, local hue) and may bias color-based prediction. As guidance for deployment,
we recommend a brief quality-control pre-screen prior to color extraction (e.g., rule-based
thresholding or a lightweight classifier /segmenter) to mask or reject affected areas so that
features are computed from intact surface regions only.

2.5. Statistical Analysis and Model Development

Color features extracted from the digital images (Table 1) were used as predictors of
fruit RWC. All estimations, both linear and RF, were performed for each anatomical region
(neck, mid, blossom) as well as for the whole fruit.

For each color feature, we first fitted simple linear regression models. The bootstrap
percentile method was used to calculate 95% confidence intervals (Cls) of the intercept
and slope for each model [30]. Model accuracy was evaluated by random sampling
with replacement of 400 samples from the dataset for each estimate. The coefficient of
determination (R?) and the mean square error (MSE) were used to assess model fit.

RWC was then estimated from the full set of color features by using the Random Forest
Regression (RFR) algorithm originally proposed by Breiman (2001) [21]. RFR is a widely
adopted supervised-learning technique that builds an ensemble of decision trees, each
trained on a different bootstrap sample of the training data, and averages their outputs
to produce the final prediction. This procedure enhances model stability and markedly
reduces variance and overfitting relative to single-tree approaches. Each decision tree has a
hierarchical structure of binary decision nodes that split the data based on input-feature
values until reaching terminal nodes, or “leaves,” which contain the prediction outcomes.
To increase diversity among trees and improve generalization, both bootstrap sampling of
observations and random selection of predictor variables at each node split were used.

In our implementation, hyperparameters were selected empirically and refined
through iterative testing to balance computational efficiency with predictive accuracy.
Forests comprised 30 decision trees, each with a maximum of 10,000 leaves. This value
served as an upper bound, and in practice realized trees were much smaller because other
stopping criteria, including feature subsampling at splits, impurity reduction thresholds,
and minimum samples per split or per leaf, limited growth. Each tree was trained on a strat-
ified bootstrap sample corresponding to 10% of the full training dataset, with observations
drawn evenly from each decile of the predictor-variable range to ensure comprehensive
coverage of the solution space. Sensitivity analysis showed that varying the number of
trees or the maximum leaf limit by up to 50% had minimal effect on model performance,
indicating robustness of the chosen configuration [31]. In line with recommendations in
the literature [32], additional key hyperparameters known to influence RF performance,
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such as the number of features considered at each split (max_features) and the maximum
tree depth (max_depth), were also adjusted to achieve stable behavior under our specific
application constraints. Besides its predictive capability, the RFR algorithm enables assess-
ment of variable importance and inspection of decision pathways, which provides insight
into the relative influence of each input feature on RWC variability.

Model performance was evaluated using a comprehensive suite of statistical metrics:
Pearson’s correlation coefficient (R), R?, MSE, root mean squared error (RMSE) and mean
absolute error (MAE). These indices jointly characterize model fit by assessing both the
strength of association between predicted and observed values and the average magnitude
of prediction residuals.

Separate models were initially tested for each storage temperature (10 and 25 °C), but
both linear and RF approaches produced unstable parameter estimates and lower accuracy
(R? decreased by =~ 0.15-0.20; RMSE increased by ~ 30%) because of the reduced sample
size and narrower RWC range. Because the underlying mechanisms of dehydration and
color change are similar across these temperatures [33,34], and a stratified 70/30 split was
performed within each temperature so that fruits from both conditions were represented
in the training and testing sets, we therefore pooled the two datasets to increase statistical
power and hydration-range coverage. Pooling improved model stability and predictive
performance, while including temperature as an input variable enabled the unified model
to capture any temperature-specific effects and preserve generalization across storage
regimes. This approach therefore better reflects the real-world situation in which fruits
from different storage conditions may be mixed within supply chains [35].

3. Results
3.1. Performance of Linear Regression Models

RWC of cucumber fruit was estimated from colorimetric features extracted from digital
images (Table 2). Three longitudinal regions of each fruit (neck/stem end, mid-region and
blossom end) were analyzed separately, in addition to a whole-fruit assessment. In all
samples, the magenta (M) component of the CMYK color system was consistently zero
and therefore excluded from further analysis. Among the remaining 15 colorimetric traits
examined (Table 1), the mean cyan component (uC) of the CMYK system exhibited the
strongest relationship with measured RWC, with R? values higher or equal to 0.617. A more
modest estimation was obtained using proportions of red (%R; 0.485 < R?). In contrast, all
other color traits showed poor predictive performance (R? < 0.402).

Table 2. Fitted coefficient (b) and constant (a) values of the regression models used to estimate
cucumber fruit relative water content (RWC) based on color parameters (Table 1). For each model,
the constant (a), fitted coefficient (b), coefficient of determination (R%), mean square error (MSE)
and 95% bootstrap confidence limits (BC lower/upper) are provided. Color features were extracted
from digital images using Trigit and calculated for the whole fruit as well as separately for each
longitudinal region (neck, mid, blossom). A total of 1200 fruits (equally shared between the two
storage temperatures) were analyzed over time (up to 49 days for fruit stored at 10 °C and up to
28 days for fruit stored at 25 °C).

Region Model a (Constant) b (Fitted Coefficient) R? RMSE BClower BC Upper
1 RWC=a+buR -1.117 129.078 0.284 14.057 0.259 0.309
2 RWC=a+buG —0.498 119.912 0.099 15.764 0.081 0.123
Neck (stalk
region)- 3 RWC=a+buB —0.605 104.133 0.021 16442 0.013 0.028
stem end 4 RWC =a +b%R —693.185 272.421 0.485 11.923 0.464 0.504
5 RWC=a+b%G 340.053 —84.599 0.104 15.721 0.087 0.128
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Table 2. Cont.
Region Model a (Constant) b (Fitted Coefficient) R? RMSE BClower BC Upper
6 RWC=a+b%B 219.924 31.627 0087 15876  0.0725 0.105
7 RWC=a+buC 3.228 —61.675 0638  9.993 0.620 0.653
8 RWC=a+bpuY 0.021 105.526 0021 16438 0.013 0.032
9 RWC=a+buK 1.267 —6.879 0099 15766 0.081 0.120
Neck (stalk 10 RWC=a+buL —1.347 120.893 0115  15.631 0.095 0.136
region)- 11 RWC=a+b pa* —0.495 73.511 0.005 16,57 0.001 0.012
stemend T RWC = a + b bt ~1.194 105.978 0.099  15.769 0.081 0.120
13 RWC=a+buH 1.356 —68.146 0305  13.848 0.281 0.329
14 RWC=a+byS —0.467 107.569 0023 16420 0.014 0.034
15 RWC=a+bpV ~1.270 119.910 0099 15764 0.079 0.118
1 RWC=a+buR ~1.243 140.759 0373 13.159 0.350 0.391
2 RWC=a+buG —0.664 137.923 0177  15.065 0.157 0.199
3 RWC=a+buB —0.848 115.656 0042  16.259 0.031 0.053
4 RWC=a+b%R —752.269 290.521 0503  11.709 0.481 0.522
5 RWC=a+b%G 314.472 —72.086 0073 15.993 0.060 0.088
6 RWC=a+b%B 275.875 19.354 0121 15576 0.116 0.159
7 RWC=a+buC 3.438 —69.830 0649  9.846 0.633 0.664
Mid-region = o WC —a+ b Y —0.670 118.619 0044 16244 0.031 0.056
9 RWC=a+buK 1.684 ~30.723 0177 15.071 0.157 0.199
10 RWC=a+buL —1.784 139.169 0196  14.891 0.176 0.219
11 RWC=a+b ua* 0.259 88.488 0.001  16.603 0.001 0.004
12 RWC=a+b ub* ~1517 115.466 0159 15231 0.141 0.181
13 RWC=a+buH 1.541 —86.929 0340 13492 0.319 0.365
14 RWC=a+byS —0.696 120.006 0045 16232 0.032 0.057
15 RWC=a+bpV —1.692 137.921 0178  15.065 0.155 0.197
1 RWC=a+buR ~1.066 137.436 0402 12847 0379 0.421
2 RWC=a+buG —0.659 142.138 0235  14.534 0.216 0.258
3 RWC=a+buB —0.511 103.418 0017 16471 0.011 0.025
4 RWC=a+b%R —670.327 271373 0507  11.665 0.486 0.527
5 RWC=a+b%G 235.327 —33.799 0037  16.301 0.028 0.048
6 RWC=a+b%B 319.381 11.989 0189  14.959 0.169 0.209
i‘;ﬁﬁ‘ 7 RWC=a+buC 3.153 —55.113 0617  10.286 0.599 0.631
Blossom 8 RWC=a+bpuY —0.988 137.515 0102 15743 0.085 0.119
end 9 RWC=a+bpK 1.676 —25.555 0.234  14.535 0.213 0.255
10 RWC=a+buL —1.767 143.570 0252 14368 0.228 0.279
11 RWC=a+b ua* 0.810 101.164 0012 16511 0.007 0.019
12 RWC=a+b ub* —1.568 120.50 0233 14547 0211 0.255
13 RWC=a+buH 1.651 —94.873 0396 12907 0371 0423
14 RWC=a+byS ~1.004 138.380 0104 15731 0.086 0.122
15 RWC=a+bpV 142.138 ~1.679 0235  14.534 0.213 0.257
1 RWC=a+buR 141.329 —1.261 0392  12.961 0.369 0.410
Whole fruit = —a+ b uG 139.624 —0.689 0189  14.959 0.171 0.211
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Table 2. Cont.
Region Model a (Constant) b (Fitted Coefficient) R? RMSE BClower BC Upper
3 RWC=a+buB —0.793 112.964 0.031 16.355 0.022 0.039
4 RWC=a+b%R —777.716 298.199 0.551 11.134 0.533 0.571
5 RWC=a+b%G 385.268 —107.382 0.090 15.851 0.076 0.106
6 RWC=a+b%B 315.219 10.845 0.149 15.319 0.131 0.171
7 RWC=a+buC 3.597 -76.537 0.698 9.134 0.684 0.711
8 RWC=a+bpY —0.813 126.561 0.059 16.116 0.046 0.074
9 RWC=a+bpuK 1.755 —35.931 0.189 14.959 0.169 0.214
Whole fruit = ™ pwC —a + b il —1.842 140.698 0208  14.789 0.189 0.229
11 RWC=a+b pa* 0.219 87.604 0.001 16.606 0.001 0.004
12 RWC =a+b pb* —1.631 118.078 0.183 15.016 0.165 0.202
13 RWC=a+buH 1.648 —98.003 0.377 13.114 0.354 0.401
14 RWC=a+bpS —0.851 128.627 0.062 16.092 0.048 0.077
15 RWC=a+buV —1.756 139.623 0.189 14.959 0.167 0.209

When uC was calculated separately for the three longitudinal regions, its predictive
power was consistently lower than when derived from the entire fruit surface. This indicates
that, for RWC estimation, the mean cyan value integrated over the whole fruit provides a
more reliable and robust predictor than region-specific values.

3.2. Performance of the Random Forest Model

Figure 2 illustrates the structure of the Random Forest Regression (RFR) algorithm
applied in this study to predict fruit RWC. Multiple decision trees, each trained on a
bootstrap sample of the predictor variables, independently estimate RWC. Their outputs
are then averaged to generate the final prediction. This ensemble approach leverages the
diversity of individual trees to achieve high predictive accuracy and reduce model variance.

For the whole-fruit assessment, the performance of the RF model trained on these
features is illustrated in Figure 3. The close agreement between RF-predicted and exper-
imentally measured RWC values (concordance plot) indicates that the model provides
accurate and unbiased estimates of fruit hydration status. In the scatter plot of predicted
versus measured data, most points clustered tightly along the 45° reference line (y = x),
indicating a high level of predictive accuracy. The relative error across the testing dataset
indicates that prediction residuals were generally small and randomly distributed. The
error distribution was narrow and centered around zero, consistent with low bias and
high model precision. During the testing stage, the model achieved an RMSE of 5.76%
and a Pearson correlation coefficient (R) of 0.941, confirming strong agreement between
predictions and observations.

Figure 4 ranks the relative importance of the top 16 input features in the RF model.
Importance scores were computed as the mean decrease in impurity averaged across
all 30 decision trees. Temperature was the most influential predictor, followed by uC,
highlighting the dominance of cyan-channel information in explaining fruit water status.

Partial dependence plots in Figure 5 further elucidate how key input variables in-
fluence predicted RWC. Temperature, uR, %R, and pa* displayed a pronounced negative
effect. Instead, uG, %G, %B, uC, nY, and uH showed a strong positive association with
RWC. Partial dependence plots for uB, pK, puL, ub*, pS and pV exhibited complex, non-
linear patterns with multiple inflection points, indicating threshold effects. These patterns
indicate that both pigment-related reflectance metrics (CIELAB and hue features) and
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Random Forest

visible-range attributes reflecting surface/subsurface optical properties (saturation and
brightness) underpin fruit water status.

[ Temperature, pR, uG, uB, %R, %G, %B, uC, u¥, uK, pL, pa*, pb*, pH, uS, uv ]

)

-
=
=
=

=]

RWC RWC; RWC,

i
i=1 !

Estimated RWC

Figure 2. Schematic representation of the Random Forest Regression (RFR) algorithm used for
predicting cucumber fruit relative water content (RWC). Color features (provided in Table 1) extracted
from digital images with Trigit, either from the whole fruit or separately from each longitudinal
region (neck, mid, blossom), served as input variables. These inputs were processed by an ensemble
of decision trees, each trained on a bootstrap sample of the data and producing its own prediction.
The individual tree predictions were then averaged to generate the final output, which is the predicted
RWC of cucumber fruit.
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Figure 3. Performance of the Random Forest (RF) model in predicting the relative water content (RWC)
of cucumber fruit using the testing dataset. Upper left: Plot of measured (black) and RF-predicted
(red) RWC values across the dataset. Upper right: Scatter plot of RF-predicted versus measured
RWC values; circles represent individual data points and the blue line represents the 1:1 (perfect-
agreement) line. The coefficient of correlation (R) is also shown. Lower left: Plot of prediction errors
(predicted-measured) across the dataset. Lower right: Histogram of prediction errors; bars represent
the frequency of the errors and the red curve represents the fitted normal (Gaussian) distribution.

Results correspond to the whole-fruit assessment.
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Figure 4. Relative importance of input features for predicting fruit relative water content (RWC) with
the Random Forest (RF) model. The RF model comprised 30 decision trees trained to predict RWC.
Feature importance was computed as the mean decrease in impurity averaged across all trees. The

plot displays the 16 most influential input features. Color features are provided in Table 1. Results

correspond to the whole-fruit assessment.
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Figure 5. Partial dependence plots showing the effect of the most influential predictors on fruit

relative water content (RWC) as estimated by the Random Forest (RF) model. Each curve depicts

the marginal change in predicted RWC as a function of a single input feature, holding all other

variables constant at their mean values. These plots illustrate the direction and strength of each key

predictor’s relationship with RWC. Color features are provided in Table 1. Results correspond to the

whole-fruit assessment.
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Finally, Figure 6 presents the residual plot of the RF model, plotting residuals (pre-
dicted minus measured RWC) against observed values. The random dispersion of points
around zero indicates that model errors were unbiased and homoscedastic, further con-
firming the robustness of the developed approach.

a0 Residuals vs True Values
T T

Residuals

-40 | | | | |
10 20 30 40 50 60 70 80 90 100

True Values

Figure 6. Residual plot of the Random Forest (RF) model for fruit relative water content (RWC).
Residuals (predicted minus measured RWC) are plotted against the corresponding predicted RWC
values to assess model fit and identify any systematic bias or heteroscedasticity. The red dashed
line indicates the zero-residual reference (perfect prediction) line. Results correspond to the whole-
fruit assessment.

For the three fruit longitudinal regions (neck/stem end, mid-region and blossom end),
the performance of the RF model trained on RWC estimation is illustrated in Supplementary
Figures S1-S3. Table 3 summarizes the statistical performance of the RF model for predicting
fruit RWC across the different anatomical regions and for the whole fruit. The model
achieved high predictive accuracy in all cases, with R? values ranging from 0.855 to 0.886
and RMSE values between 6.33 and 5.76%, confirming that even region-specific color data
provide robust RWC estimates. As expected, the whole-fruit average yielded the strongest
performance (R?> = 0.886, RMSE = 5.76%), underscoring the advantage of integrating
information over the entire fruit surface rather than restricting analysis to a single region.

Table 3. Performance metrics of the Random Forest model for predicting relative water content (RWC)
of cucumber fruit in the testing dataset across different fruit regions and whole-fruit averages. Metrics
reported include the Pearson’s correlation coefficient (R), coefficient of determination (R%), mean
square error (MSE), root mean square error (RMSE) and mean absolute error (MAE). Confidence
intervals (CI) were estimated via the bootstrap percentile method based on the distribution of test
set predictions.

- Neck (Stalk . . Blossom Whole
Statistical Index Region)-Stem End Mid-Region Region-Blossom End Fruit Average
R 0.929 0.927 0.925 0.941
0.859
2 0, | | —|
R= (95% CI) 0.863 (0.851-0.874) (0.846-0.871) 0.855 (0.842-0.868) 0.886 (0.875-0.897)
MSE 39.597 39.074 40.084 33.13
6.251

RMSE (95% CI)

6.293 (6.201-6.385)

(6.159-6.343)

6.331 (6.239-6.423)

5.756 (5.664-5.848)

MAE

4.385

4321

4.212

3.996
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4. Discussion

This study demonstrates that simple color features extracted from conventional digital
images can be used, in combination with machine-learning algorithms, to non-destructively
estimate postharvest hydration status in cucumber fruit. Although previous work has
emphasized hyperspectral, near-infrared or magnetic resonance techniques for assessing
plant water status, these methods are costly, require specialized operators and are often
limited to research settings [36,37]. By contrast, our approach employs low-cost, visible-
light imaging and an easily implemented RF model, offering a practical pathway for routine
monitoring of fresh produce.

A key finding is the dominance of the mean cyan (uC) component of the CMYK
space as a predictor of fruit RWC (Table 2). All other individual color traits examined,
including RGB, HSV and CIELAB parameters, showed weak or negligible predictive power
(R% < 0.5), whereas uC consistently achieved the highest R? values across anatomical re-
gions (~0.62-0.65) and especially when integrated over the whole fruit surface (R? ~ 0.70).
This indicates that the cyan channel captures subtle spectral shifts linked to water sta-
tus more effectively than red, green, blue or derived indices. Cyan reflectance is likely
sensitive to dehydration-induced changes in surface and pigment properties, making it
a robust proxy for fruit hydration. These effects primarily involve cuticle water loss that
increases surface scattering, partial chlorophyll degradation, and corresponding shifts in
light absorption across the blue-green spectrum.

Although explicit demonstrations that a narrow cyan band outperforms other visi-
ble bands for fruit hydration are lacking, several lines of evidence support this premise.
Cyan-inclusive vegetation indices (e.g., Cyan-Orange-NIR) have improved crop-status
tracking relative to conventional visible-light indices, indicating additive sensitivity in
the ~490-520 nm region [38]. Moreover, drought-related changes captured by blue-green
features such as the Photochemical Reflectance Index (PRI, 531/570 nm) are well estab-
lished as water-stress indicators, arising from xanthophyll-cycle and chlorophyll changes
during water deficit [39,40]. These findings provide a mechanistic precedent for expecting
cyan-band reflectance to respond strongly to fruit hydration status.

In addition to pigment and photochemistry effects, the fruit cuticle strongly influences
both water loss and surface reflectance. Recent work shows that cuticle composition,
thickness and microstructure govern reflectance in the blue-green region as well as regulate
transpirational water loss [12,13]. Similarly, Lara et al. [13] demonstrated that postharvest
changes in cuticle biophysics (e.g., hydrophobicity, thickness) correlate with both optical
appearance and moisture retention. These findings provide a complementary mechanistic
basis for the strong association observed here between cyan-band reflectance and RWC in
cucumber fruit.

Another important result is that using uC averaged over the entire fruit produced
better predictions than region-specific uC values from the neck, mid-region or blossom end
(Tables 2 and 3). Cucumber fruits are known to be anatomically heterogeneous, with differ-
ences in tissue structure, vascularization and respiration rates along their length [41,42].
Such differences can translate into spatially variable water loss and thus color change. How-
ever, our results suggest that for practical purposes, integrating the whole surface reduces
local variability and yields a more stable hydration signal for both simple correlations and
model-based predictions. This has practical implications: image acquisition and analysis
can be simplified by treating the fruit as a single unit rather than segmenting it, reducing
data-processing time without sacrificing accuracy.

The RF model further improved prediction accuracy relative to simple linear regres-
sions, achieving R? of 0.886 and RMSE of 5.8% for the whole-fruit dataset (Tables 2 and 3).
This corresponds to an increase of about 0.19 in R? (~27% more variance explained) and
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a ~230% reduction in RMSE compared with the best-performing linear model (R? ~ 0.70,
RMSE = 8.2%), clearly demonstrating the added value of the ensemble approach. These
values compare favorably with other non-destructive approaches reported in the literature
for leaves and fruits, where R? values typically range from 0.80 to 0.95 depending on the
species and sensor used (e.g., hyperspectral or NIR studies) [43-45]. The narrow, centered
error histogram and the random distribution of residuals around zero indicate that the RF
model generalizes well and is not biased across the tested range of RWC values (Figure 3).
The partial dependence plots reveal both monotonic and non-linear relationships between
spectral features and predicted RWC (Figure 5), highlighting the ability of RF to capture
complex, non-linear effects that would be missed by conventional regression.

From a practical perspective, the ability to estimate RWC non-destructively at both
optimal (10 °C) and ambient (25 °C) storage conditions is valuable. Cucumber fruits are
highly perishable, with shelf life dropping from 7-14 d under refrigeration to 3-5 d at
near-ambient temperatures [34]. Early detection of hydration loss could allow producers
and retailers to identify lots approaching critical dehydration, optimize storage conditions
and adjust distribution to minimize waste. Because our imaging setup used only a standard
camera and LED illumination in a simple enclosure [27], it could be scaled or adapted for
packhouses, distribution centers or even retail settings without prohibitive cost.

Limitations and Future Prospects

While the Random Forest model achieved high predictive accuracy (R* = 0.89,
RMSE =~ 5.8%) using a 70/30 stratified hold-out split, this represents internal rather than
external validation. To minimize overfitting, model complexity was controlled through
hyperparameter tuning (e.g., tree depth), and stratified sampling ensured balanced repre-
sentation of storage conditions and hydration levels. The broader aspects of generalizability
and external validation across cultivars, seasons, and commercial environments are dis-
cussed in the following paragraphs.

A primary limitation is that the dataset comprised a single cultivar (‘Cretasun RZ’)
grown under controlled greenhouse conditions. Although this cultivar is commercially
important, differences among cultivars in cuticle thickness, stomatal density (influencing
transpiration pathways and surface microtexture), and surface glossiness [46,47] may alter
color-hydration relationships, suggesting that future research should extend the approach
to additional cucumber cultivars and other fruit types to test the generality of the uC—-RWC
relationship. Within cucumber, this could include slicing versus pickling types or smooth
versus spiny surfaces, which may influence reflectance and dehydration patterns. Beyond
cucumber, the method could be validated in other fruit crops (e.g., zucchini and bell
pepper), where color and hydration are closely linked.

Commercial grading standards impose strict requirements for fruit shape (e.g., absence
of curvature) and size, with the latter depending on the cultivar, and these were rigorously
followed in the lot under investigation. Consequently, the dataset consisted of highly
uniform fruits grown under controlled greenhouse conditions. Therefore, the current
model has not yet been validated for fruit exhibiting greater heterogeneity in shape, size,
or surface characteristics, as may occur in local markets not governed by international
grading standards. Such variability can arise from differences in fruit position within the
canopy and associated microclimatic factors (e.g., light exposure). Furthermore, while the
model successfully estimates fruit hydration status, it does not directly predict visual or
textural quality attributes affected by dehydration, including glossiness, firmness, and
color uniformity, which are critical to consumer acceptance. Future work should therefore
aim to test the model’s robustness under a wider range of cultivation regimes to confirm its
applicability beyond controlled environments, while simultaneously coupling hydration
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assessment with externally perceivable quality parameters to develop more comprehensive,
consumer-oriented prediction frameworks.

Commercial waxing, which is commonly applied to reduce postharvest water loss,
can alter surface optics and consequently influence color-based reflectance signals. Future
deployments should therefore verify model performance on waxed fruit to ensure pre-
dictive robustness under commercial handling conditions. In addition, minor cosmetic
defects (e.g., abrasions, scars, or localized discoloration), typically absent under commercial
grading standards but occasionally observed in local markets, may further bias color feature
extraction. Deployments should thus include a brief pre-screening step to detect and mask
affected surface areas prior to analysis (see Section 2.4), minimizing noise and preserving
model accuracy.

All images were acquired under tightly controlled illumination in a custom-built
enclosure. In real-world packhouse or warehouse environments, variable lighting and back-
grounds could introduce bias. To mitigate these effects, routine per-session color calibration
with reference targets and fixed camera settings should be used (see Section 2.4). Such pro-
cedures are standard in digital photography and can be implemented in packhouses with
minimal disruption, ensuring that color features remain comparable despite differences in
ambient light or lamp type [48]. Developing and validating calibration or normalization
procedures (e.g., reference targets or color-constancy algorithms) under field or commercial
conditions will be essential to demonstrate robustness beyond the laboratory.

Although the RF model performed well in this study, other machine-learning methods
such as gradient boosting or deep neural networks might further improve accuracy or
enable transfer learning across commodities. Future work should compare alternative
algorithms and explore adaptive or commodity-specific models trained on larger, more
diverse datasets to enhance predictive power and minimize recalibration needs.

Finally, while data from both storage temperatures were pooled here, performance
under a wider range of temperature—relative air humidity scenarios remains untested.
Expanding the training dataset to include a broader range of postharvest conditions,
while quantifying throughput and hardware costs in commercial settings, will facilitate
integration with automated sorting lines and real-time decision support.

Despite these limitations, our results demonstrate that visible-light imaging combined
with an ensemble learning model can reliably and non-destructively estimate fruit hydra-
tion status. The identification of uC as a strong single predictor simplifies feature selection
and model training, lowering the barrier to adoption. Building on this foundation, future
work should focus on real-time deployment of such models, integration with automated
sorting lines and validation under commercial supply chain conditions. Because the imag-
ing setup uses only standard cameras and LED lighting, it can be readily incorporated
into existing grading or packaging lines [27], for example, as overhead cameras above con-
veyor belts linked to edge-computing software, allowing continuous, real-time hydration
assessment at commercial scale.

At present, there are no routine procedures for grading fresh cucumbers by hydration
status, making it difficult to identify batches with reduced water content and shortened
shelf life potential. The approach presented here offers a practical decision-support tool
for such discrimination and can be implemented under real-world conditions using de-
fined illumination, which is readily achievable with simple light sources in packhouses
or storage facilities. Because only standard visible-range imaging equipment is required,
considerably less expensive than hyperspectral or extended-NIR sensors [49], the tech-
nique has clear commercial potential. Although initial investment and calibration will
be needed for each commodity [50], grading fruit by hydration level (and thus shelf life
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potential) could increase returns by improving quality consistency and enabling entry into
premium markets.

5. Conclusions

This study demonstrates that simple visible-light color imaging combined with a
Random Forest (RF) model can reliably and non-destructively estimate the postharvest
hydration status of cucumber fruit. Among the 16 colorimetric traits examined, the mean
cyan component (1C) of the CMYK system emerged as the most powerful single predictor
of relative water content (RWC), consistent with the mechanistic expectation that reflectance
in the cyan region of the visible spectrum is especially sensitive to dehydration-induced
changes in pigments, cuticle properties and surface scattering. The RF model trained
on these features achieved high accuracy (R? = 0.89, RMSE ~ 5.8% on the testing set)
and produced residuals that were narrowly distributed and unbiased, indicating strong
generalization. Predictive ability was maximized when uC was calculated over the entire
fruit surface rather than for individual anatomical regions, indicating that whole-fruit color
information provides a more robust hydration signal than region-specific measurements
for both simple correlations and model-based predictions.

These findings highlight the feasibility of using low-cost imaging and machine-
learning tools for rapid, non-destructive postharvest monitoring of cucumber hydration
status under both refrigerated and ambient storage conditions. By enabling early detection
of water loss, this approach can support better quality control, shelf-life prediction and
waste reduction across the fresh-produce supply chain. Future research should validate
the method across multiple cultivars, lighting conditions and fruit types, and develop
deep-learning approaches for end-to-end image analysis without manual feature extraction,
as well as integrate the system with automated grading and sorting lines for large-scale
deployment. Even a modest reduction of 5-10% in dehydration-related shrinkage could
translate into substantial savings for packhouses and retailers, improving profit margins
while reducing food waste and environmental impact.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/horticulturae11111283/s1. Supplementary Figure S1: Performance
of the Random Forest (RF) model in predicting the relative water content (RWC) of cucumber fruit
using the testing dataset. (A) Plot of measured (black) and RF-predicted (red) RWC values across the
dataset. (B) Scatter plot of RF-predicted versus measured RWC values; circles represent individual
data points and the blue line represents the 1:1 (perfect-agreement) line. The coefficient of correlation
(R) is also shown. (C) Plot of prediction errors (predicted—measured) across the dataset. (D) Histogram
of prediction errors; bars represent the frequency of the errors and the red curve represents the fitted
normal (Gaussian) distribution of those errors. Results correspond to the neck (stalk region)-stem end.
Supplementary Figure S2; Performance of the Random Forest (RF) model in predicting the relative
water content (RWC) of cucumber fruit using the testing dataset. (A) Plot of measured (black) and RE-
predicted (red) RWC values across the dataset. (B) Scatter plot of RF-predicted versus measured RWC
values; circles represent individual data points and the blue line represents the 1:1 (perfect-agreement)
line. The coefficient of correlation (R) is also shown. (C) Plot of prediction errors (predicted-measured)
across the dataset. (D) Histogram of prediction errors; bars represent the frequency of the errors and
the red curve represents the fitted normal (Gaussian) distribution of those errors. Results correspond
to the mid-region. Supplementary Figure S3: Performance of the Random Forest (RF) model in
predicting the relative water content (RWC) of cucumber fruit using the testing dataset. (A) Plot
of measured (black) and RE-predicted (red) RWC values across the dataset. (B) Scatter plot of RF-
predicted versus measured RWC values; circles represent individual data points and the blue line
represents the 1:1 (perfect-agreement) line. The coefficient of correlation (R) is also shown. (C) Plot
of prediction errors (predicted—measured) across the dataset. (D) Histogram of prediction errors;
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bars represent the frequency of the errors and the red curve represents the fitted normal (Gaussian)
distribution of those errors. Results correspond to the blossom region-blossom end.
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Abbreviations

a*, red/green; B, blue; b*, yellow /blue; C, cyan; CCT, correlated color temperature; CI, con-
fidence intervals; CRI, Color Rendering Index; G, green; H, hue; K, black; L*, lightness; LED,
light-emitting diode; M, magenta; MAE, mean absolute error; MSE, mean square error; NIR, near-
infrared; PRI, Photochemical Reflectance Index; R, red; R, correlation coefficient; R?, coefficient of
determination; RF, Random Forest; RFR, Random Forest Regression; RMSE, root mean square error;

RWC, relative water content; S, saturation; V, value; Y, yellow.
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