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Abstract

In this study, we propose a nondestructive method for estimating kernel mass in walnuts using X-ray
inspection. X-ray radiographs of 350 walnuts were used to develop four attenuation and intensity-based features
derived from segmented kernel regions. Three regression approaches namely linear, second-order polynomial, and
exponential were fitted to relate these features to total walnut mass and kernel mass, using an 80/20 fit—test split
(n=280/70). The second-order polynomial (quadratic) model consistently outperformed the linear and exponential
alternatives for both response variables. For total mass, the quadratic model achieved a test-set R?= 0.87, RMSE
of 0.75 g, MAE of 0.59 g, and a relative error of 6.15%. For kernel mass, the same model type achieved R?2=0.72,
RMSE of 0.73 g, MAE of 0.58 g, and a relative error of 17.13%. These results indicate that X-ray attenuation-
based features, combined with a nonlinear regression framework, can provide a reliable estimate of total walnut
mass and a moderately accurate estimate of kernel mass. This approach offers a nondestructive, image-based
alternative to manual cracking and weighing, with potential applications in automated sorting and quality-control

systems for walnut processing.
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Introduction

Walnuts are among the most valuable nut
crops worldwide due to their high nutritional
value and economic importance. The
commercial value of walnuts is strongly
affected by the mass of the edible kernel
obtained after shell removal. Therefore, the
kernel mass is considered an important quality
parameter for grading, pricing, processing
optimisation, and consumer acceptance.
Accurate estimation of kernel mass before
shelling can provide valuable information for
producers, processors, and exporters by
enabling improved quality assessment and
more efficient sorting strategies (Laxman
Kumar et al., 2025; Zhang, Ning, Pu, & Ji,
2024; Zhang et al., 2025).

Conventional evaluation of walnut kernel mass
is mainly performed through destructive
procedures, where walnuts are manually
cracked, and the separated kernels are weighed.
Although this approach provides direct and
accurate measurements, it is labour-intensive,
time-consuming, and unsuitable for evaluating

large numbers of individual walnuts in
industrial ~ environments. In  addition,
destructive sampling methods generally
provide information at the batch level and may
not adequately represent the variability among
individual walnuts, resulting in uncertainty
during quality grading and processing
decisions. These limitations have encouraged
the development of nondestructive techniques
capable of rapidly evaluating internal walnut
characteristics without damaging the product
(Amna et al., 2025; Kumar, Rahul, Arora, &
Gupta, 2026).

Several nondestructive imaging techniques
have been investigated for agricultural quality
evaluation, including visible  imaging,
hyperspectral imaging, magnetic resonance
imaging, and X-ray imaging (Ahmed, Yasmin,
Lee, Mo, & Cho 2017; Li, Jia, & Fan, 2025; Wu
& Sun, 2013). Among these methods, X-ray
radiography has received considerable attention
because of its ability to penetrate opaque
materials and provide information about
internal structures based on differences in X-ray
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attenuation. In agricultural products, X-ray
imaging has been successfully applied for
detecting internal defects, insect damage, voids,
foreign materials, and incomplete kernel
development (Kotwaliwale et al., 2014). In
particular, the contrast between shell and kernel
regions in nut radiographs provides an
opportunity ~ for  extracting  structural
information that cannot be obtained through
external inspection.

Despite these advantages, most previous X-
ray-based studies on nuts have focused
primarily on qualitative evaluation and
classification tasks, such as identifying
defective products, estimating filling levels, or
separating acceptable and unacceptable
samples. For example, several studies have
applied X-ray imaging combined with image
processing or machine learning methods for
defect detection and quality classification in
nuts and seeds (Fan & Zhou, 2025; Goa, Zhang,
Sun, & Ren, 2022; Maet al., 2025; Zhang et al.,
2024). However, quantitative estimation of
economically important parameters, such as
total mass or kernel mass, remains relatively
underexplored. Such quantitative information is
particularly valuable for automated sorting
systems, where decisions must be made for
individual walnuts rather than average
properties of a batch.

The conversion of X-ray radiographs into
quantitative estimates of kernel mass involves
several technical challenges. The measured X-
ray intensity is influenced not only by material
composition and density but also by object
thickness, geometrical configuration, radiation
energy, and detector response. Furthermore,
walnuts have complex and irregular shapes, and
the shell introduces additional attenuation
variations that affect the relationship between
image intensity and the amount of internal
kernel material. Therefore, direct interpretation
of radiographic intensity is not sufficient for
reliable kernel mass estimation, and appropriate
approaches are required to identify kernel
regions, reduce the influence of shell
attenuation, and extract image features
correlated with actual kernel mass (Kastner &
Heinzl, 2015; Mendoza, Dejmek, & Aguilera,

2006).

Recent developments in digital image
processing and artificial intelligence have
provided new opportunities for extracting
meaningful  information from  complex
biological images. Image segmentation,
morphological analysis, attenuation-based
mapping, and feature extraction techniques
have been successfully employed for
identifying internal structures and improving
nondestructive  evaluation  accuracy in
agricultural products (Liu, Zhang, & Gui, 2021;
Lotufo, Rittner, Audigier, Machado, & Salde,
2011; Tian, Wang, Liu, Qiao, & Li, 2020;
Zhang, Ji, Shao, Pu, & Zhang, 2023).
Moreover, deep learning approaches have
demonstrated strong capabilities in
automatically learning complex image features
without requiring extensive manual feature
engineering. These advances suggest that
combining X-ray imaging with advanced image
analysis methods may provide an effective
solution for predicting internal quality
parameters of individual walnuts at an
industrial scale (Du & Sun, 2006).

However, there is a lack of reliable
nondestructive methods for directly estimating
walnut kernel mass from planar X-ray
radiographs. Previous studies have rarely
addressed the quantitative relationship between
radiographic characteristics and measured
kernel mass while considering the effects of
walnut geometry and shell attenuation.
Developing such a method requires accurate
identification of walnut boundaries, extraction
of relevant internal features, and establishment
of predictive relationships between X-ray
measurements and experimentally determined
kernel mass. Therefore, the objective of this
study is to develop a nondestructive method for
estimating walnut kernel mass using planar X-
ray radiographs. The proposed approach
combines automatic walnut segmentation,
identification of kernel-related regions, and
extraction of quantitative image features
associated with X-ray attenuation. These
features are subsequently used to establish a
relationship between radiographic information
and experimentally measured kernel mass,
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providing a potential framework for rapid
quality evaluation and automated sorting of
walnuts without shell removal.

Materials and Methods

X-ray Imaging

A total of 350 walnut samples were used in
this study. All samples were intact, with no
visible cracks or defects on the shells, were
commercially obtained from local markets, and
were identified as Iranian walnuts based on
supplier information. However, detailed
cultivar information was not available. The

main objective of this work was to evaluate the
feasibility of estimating kernel mass ratio from
a single-view X-ray radiograph using
attenuation-based features. Further studies
involving larger datasets with multiple
cultivars, geographical origins, and broader
physical variations are required for developing
a generalised industrial sorting system.

Table 1 reports the physical characteristics of
the walnut samples used in this study, including
the measured ranges and statistical distributions
of walnut dimensions and mass-related
parameters.

Table 1- Summary of the physical characteristics of the walnut samples, including walnut dimensions, total mass, and

kernel mass
Parameter Max Mean + SD
Walnut length (mm) 29.28 4340 3478+ 2.76
Walnut width (mm) 24.47 3840 32.28+2.38

Total mass (9)
Kernel mass (g)

17.23 9.83+221
10.81 4,78 +1.47

The walnuts were scanned using an X-ray
imaging system that included an industrial X-
ray generator (TRACKIS-GE300) and a flat
panel detector (Whale 3025 FPI-S). The active
area of the detector was equal to 430 x 430
mm?, with a pixel pitch of 140 pum, which
produced 16-bit images with a resolution of
3072 x 3072 pixels. The acquired images were
then resized to 400 x 400 pixels for easier
processing with a personal PC. The source-to-
detector distance was fixed at 1.5 m. Walnuts
were placed directly on the detector’s surface
using a thin A3 paper and imaged. Prior to
image acquisition, standard flat-field and dark-
field corrections were applied for detector
calibration. The X-ray setup used a 50 kVp and
1 mA beam to ensure sufficient penetration for
visualising the internal structure of the walnuts.
The exposure time for each scan was about 1 s.
The short-duration X-ray exposure used for
image acquisition was performed only for
inspection purposes and does not alter the food

product through radioactivation or irradiation
effects. Also, the X-ray exposure parameters
were optimised for walnut imaging based on
preliminary tests to balance image quality and
prevent overexposure.

For each walnut, a single X-ray radiograph

was captured from a lateral view. The walnut
was positioned directly on the flat panel to
ensure uniform exposure. The images were
saved in the TIFF format with 16-bit depth,
providing a wide dynamic range of intensity
values for detailed analysis. The images were
then processed using MATLAB (Version
2024a) for further analysis.
For each walnut, the kernel mass was
determined after shelling, and the shell mass
was recorded separately. These mass
measurements served as the ground truth for
evaluating the accuracy of the kernel mass
estimation method. Figure 1 shows a schematic
view of the X-ray imaging method.
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Fig. 1. Schematic representation of the X-ray imaging method used for walnut scanning. The setup includes an
industrial X-ray generator (TRACKIS-GE300) and a flat panel detector (Whale 3025 FPI-S). The walnut is scanned
with X-ray parameters of 50 kVp and 1 mA to capture high-resolution 16-bit grayscale images at a resolution of 400 x
400 pixels. The diagram also highlights the image acquisition and processing stages, including feature extraction for
further analysis (designed with the help of ChatGPT)

Processing of X-ray Images

The acquired X-ray radiographs were first
converted from 16-bit to a floating-point
format, preserving the full intensity range. The
images were then normalised by mapping the
intensity values to the [0, 1] range. This
normalisation was followed by contrast
enhancement using adaptive histogram
equalisation, which improved the contrast of
walnut features, particularly the boundary
between the shell and kernel. The walnut
boundary was initially identified using Otsu’s
thresholding method (Sezgin & Sankur, 2004)
applied to the normalised image. This technique
divides the image into two classes: background
and object. A binary mask was then generated

to distinguish the walnut from the background.
If the walnut appeared darker than the
background, the binary mask was inverted to
correct the segmentation. To remove noise and
small irrelevant objects, the binary mask was
filled to close any gaps in the walnut region and
subjected to a morphological opening process
with a minimum object size threshold of 1000
pixels. This ensured that only the largest
connected component, representing a single
walnut, was retained for further analysis. The
largest connected component was then used as
the final walnut mask. The kernel region inside
the walnut was identified using a morphological
erosion technique. A disk-shaped structuring
element with a radius of 15 pixels was used to



Taheri & Askari, Estimation of Total and Kernel Mass in Walnuts Using X-ray ...

¢

erode the walnut mask and create a kernel
region mask. The morphological erosion was
used to generate an internal region of interest
(ROI) rather than a precise kernel
segmentation. The selected erosion radius was
intended to reduce the influence of shell
attenuation while retaining the central region
containing most of the kernel material. This
method effectively excluded the shell from the
analysis, leaving the region corresponding to
the kernel. However, since walnut shell
thickness and kernel morphology may vary
among samples, this approach represents an
approximation and should be further validated
using manually annotated kernel regions or
adaptive segmentation methods in future
studies.

The mean intensity of the background region
(i.e., outside the walnut) was computed as the
reference intensity, lo, which represents the X-
ray attenuation of the air (background). This
value was used to calculate the attenuation map
(In(lo/1) for the walnut region. The intensity
values within the kernel region were then
normalised by computing the ratio 1/lo, where |
is the measured X-ray intensity for each pixel
inside the kernel region, and lo is the mean
intensity of the background region. Kernel
edges were detected using the gradient
magnitude of the attenuation map. The image
gradients in both horizontal and vertical
directions were computed, and the magnitude
of the gradient (Gmag) was obtained by
combining the horizontal (Gx) and vertical (Gy)
gradients based on Eq. (1):

Gmag = /G + GZ 1)

The resulting gradient magnitude image was
then smoothed using a Gaussian filter with a
sigma value of 2 to reduce noise. A threshold
was applied to the smoothed gradient image,
and regions with strong gradients, indicating
the kernel boundary, were selected as potential
kernel edges. These edges were refined by
ensuring they were contained within the kernel
region mask and removing small isolated
objects. The following features were extracted
for each walnut using the mentioned procedure:
(1) Ak which is the area of the kernel (internal

ROI) was calculated based on the pixel count
and the pixel size; (2) H and W which are the
major and minor axis lengths, respectively,
were derived from the walnut’s bounding box
and converted to physical units; (3) Ivean is the
mean X-ray intensity of the kernel region; (4)
LogAttmean is defined as In(lo/l) the mean
attenuation inside the kernel region; and (5)
Irmean IS the mean intensity ratio I/lo in the
narrow ring region. More details about the
processing procedure are shown for an example
radiograph in Figure 2.

This dataset was used to develop statistical
models to estimate total mass (Miot) and kernel
mass (Mker) based on X-ray features. Variations
of different proportions of these features were
tested as a function of walnut and kernel
masses. These proportions included x; =
IMean XAk, X2 = (eXp(LogAttMean))-leK, X3 =
IMean/AK, and X4 = LOgAttMean XAK.

It should be noted that the attenuation values
calculated in this study represent relative
attenuation features rather than absolute linear
attenuation coefficients. The measured X-ray
intensity depends on several factors, including
material composition, projected thickness,
beam spectrum, detector response, scattering
effects, and imaging geometry. Since the
objective of this study was to establish
empirical relationships between X-ray-derived
features and walnut kernel mass, absolute
attenuation calibration was not performed.
Therefore, the extracted attenuation parameters
were considered image-based predictors rather
than direct measurements of kernel density.

To develop predictive models for estimating
the two response variables (Mot and Myer) from
the four explanatory variables (xi—xs), three
regression functions with different levels of
complexity were investigated: multiple linear
regression, second-order polynomial
regression, and exponential regression. In all
cases, the four x-variables were considered as
predictors, whereas Mot and Mier Were treated
as independent response variables. Thus, the
modelling framework was explicitly designed
to predict the M-variables from the measured x-
variables.
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Fig. 2. lllustration of the walnut image processing workflow: (a) the original 16-bit X-ray radiograph of a walnut, (b)

the segmented walnut mask, (c) the internal ROI obtained by eroding the walnut mask to remove the shell region, and

(d) the green region corresponding to the kernel detected using the radial gradient method. This workflow enables the
extraction of geometric and attenuation features for kernel mass estimation

The available observations were randomly
divided into a fitting set (80%, n = 280) and an
independent test set (20%, n = 70). The fitting
data were used for parameter estimation and
model selection, whereas the test data were kept
completely independent and were used only for
the final evaluation of predictive performance.
To reduce the possibility of selecting a model
based on a single favourable data split,
validation was performed within the fitting
dataset. The model showing the most consistent
predictive performance during cross-validation
was selected as the final model for each
response variable.

The linear model was expressed as:

Y = Bo + Xiz1 i x; (2)
where y represents the Mass values. Also, the
second-order polynomial model included both
quadratic and pairwise interaction terms:

4 4
y = PBo +Z,8ixi +Zﬁiixi2
=1 =1

+ Z 'BU xixj
i<j

(3)

The exponential model was formulated as:
y = exp(Bo + Xizq Bi xi) 4)

Model performance was evaluated using the
coefficient of determination (R?), root mean
square error (RMSE), mean absolute error
(MAE), bias, and relative error. These
complementary metrics were used because R?
alone does not provide sufficient information
about the magnitude or direction of prediction
errors. RMSE was used to quantify the overall
prediction error while giving greater weight to
large deviations, whereas MAE represented the
average absolute deviation between measured
and predicted values. Bias was calculated to
identify systematic over- or under-prediction,
and relative error was used to express the
prediction error relative to the measured
response.

For the independent test set, the metrics were
calculated as:

1 A~
RMSE = J; > (vi—9)° (5)
1 A~
MAE =31, 1y = 9| ©)
. 1 A
Bias =~ 3" (9 =y (7)
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and
1N Py
RE(%) = ~ [#=24 x 100 (8)
Mlmij=q ' Vi
where y; and y; denote the measured and
predicted values, respectively. The final model
was then refitted using the complete fitting

dataset and evaluated on the independent test
dataset.

Results

In the first step, the X-ray radiographs of all
350 walnuts were captured and stored for the
next analyses. Figure 3 shows a part of the
walnuts alongside their acquired X-ray
radiographs.

The comparison of the three regression
approaches indicated that the second-order
polynomial model provided the most
favourable predictive performance for both
response variables. The obtained metrics are
reported in Table 2.

For Mo, the quadratic model achieved an R?
of 0.8745 on the independent test set, with an
RMSE of 0.7460, MAE of 0.5859, bias of -
0.0784, and a relative error of 6.15%. The
corresponding validation R? obtained using the
fitting data was 0.8311, indicating that the

Fig. 3. A part of the selected walnuts and corresponding X-ray radiographs

superior performance of the quadratic model
was not limited to the particular Fit—test split.
Also, for Myer, the quadratic model also
outperformed the linear and exponential
alternatives, although its predictive
performance was lower than that obtained for
Meot. The independent test set resulted in an R?
of 0.7225, RMSE of 0.7328, MAE of 0.5782,
bias of -0.0418, and relative error of 17.13%.
The validation R? was 0.6591. The relatively
small negative bias for both responses indicate
a slight tendency of the selected model to
underestimate the measured values on average.
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Table 2- Predictive performance of linear, second-order polynomial, and exponential regression models for estimating
Mot and Mier from the four explanatory variables (xi—x4) using the fitting and independent test datasets.

Target Model Dataset N R? RMSE MAE Bias  Relative Error (%)
Mot Linear Fit 280 0.8356 0.9054 0.7252 0.0000 7.6658

Mot Linear Test 70 0.8621 0.7819 0.6069 -0.0784 6.4496

Mot Quadratic Fit 280 0.8608 0.8331 0.6730 0.0000 7.1558

Mot Quadratic Test 70 0.8745 0.7460 0.5859 -0.0784 6.1533

Miw:  Exponential Fit 280 0.8307 0.9188 0.7332 -0.0409 7.7024

Miw:  Exponential Test 70 0.8606 0.7863 0.6128 -0.1023 6.4590

Mier Linear Fit 280 0.6480 0.8797 0.6538 0.0000 22.0515

Mier Linear Test 70 0.6816 0.7849 0.5702 -0.0523 20.5043

Mier Quadratic Fit 280 0.7298 0.7706 0.5991 0.0000 16.3705

Muer Quadratic Test 70 0.7225 0.7328 0.5782 -0.0418 17.1342

Mier  Exponential Fit 280 0.5575 0.9862 0.7398 -0.0904 21.7930

Mier  Exponential Test 70 0.5954 0.8848 0.6419 -0.0759 20.3664

Overall, the results demonstrate that preventing the independent test observations

incorporating nonlinear and interaction effects
second-order

through
formulation

the

substantially

improved

polynomial

the

from influencing the fitted equations.

These equations can be directly used to
calculate the predicted values of Mot and Myer

predictive capability compared with a purely
linear relationship. However, the difference in
performance between Mt and Mier should be
considered when interpreting the predictive
reliability of the proposed approach. In
particular, the relative error of 17.13% for Myer
indicates that its prediction remains associated
with a considerably higher uncertainty than that
of M. Therefore, the quadratic model can be
considered a relatively reliable predictor for
Miot, Whereas predictions of Myer should be
interpreted with greater caution.

The best-fitted regression  equations
obtained from the fitting dataset are presented
in Table 3. For each response variable, the
equation corresponding to the selected
predictor combination and functional form is
reported together with the estimated regression
coefficients. The equations provide the explicit
mathematical  relationship  between the
predictor variables (xi, X2, X3, and x4) and the
predicted response variables (Mot and Mier).

The final models for Mot and Mer were both
second-order polynomial models based on xi,
X2, X3, and x4. The polynomial equations include
the linear terms, squared terms, and pairwise
interaction terms associated with the selected
predictors. The estimated coefficients were
obtained using only the fitting dataset, thereby

from new measurements of the corresponding
x-variables within the range of the experimental
data. The fitted equations therefore provide not
only a quantitative description of the observed
relationships but also a practical predictive
model for estimating the response variables.

Figure 4 compares the predictive
performance of the three regression functions
(linear,  second-order  polynomial, and
exponential) for estimating the response
variable Mt using the independent test dataset.
Each point represents one test sample, with the
measured and predicted values plotted on the
horizontal axis and the test sample number on
the vertical axis.

Among the evaluated models, the second-
order  polynomial regression  produced
predictions indicating the highest prediction
accuracy and the smallest systematic deviation.
The linear regression model showed a wider
dispersion, particularly for samples with
relatively high values of M, Suggesting that a
purely linear relationship could not fully
describe the nonlinear behaviour of the data.
The exponential regression model exhibited the
largest deviations, indicating inferior predictive
capability compared with the polynomial
model.

These observations are consistent with the
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statistical evaluation, where the quadratic
model achieved the highest coefficient of
determination and the lowest prediction errors
on the independent test dataset. The improved

performance demonstrates that incorporating
quadratic and interaction terms provides a more
accurate representation of the relationship
between the predictor variables and Mot.

Table 3- the best-fitted regression equations and estimated coefficients of the selected predictive models for My and
Mier. The models were developed using the fitting dataset, with x;—x4 as candidate predictor variables. All coefficients
were rounded to two decimal places

Target  Model

Equation

105.81 — 4387.56x; + 123739.26x, — 3.61x; + 0.05%,
+21455.25x% + 285013.53x,x, + le — 4x,x3

Mw:  Quadratic

+6.27x,x, + 3749.67x2 — 1251.24x,%5

—219.86x,x, + 0.03x% + 4e — 3x3x,

—3e — 4x2

273.81 — 4921.96x, + 258766.42x, — 7.13%; — 0.08%,
—2797.53x2 — 5782887x,x, — 3e — 3x, X3

Mier  Quadratic

+9.78x,x, — 76677.14x2 — 2115.14x,x5

—141.78x,x, + 0.05x% + 4e — 3x3x,

—3e — 4x2
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Fig. 4. Comparison of measured and predicted M values obtained using linear, second-order polynomial, and
exponential regression models on the independent test dataset. The second-order polynomial model produced the closest
agreement with the experimental measurements and the smallest prediction error among the evaluated regression
functions

Figure 5 compares the predictive
performance of the linear, second-order
polynomial, and exponential regression models

for estimating the response variable Mger using
the independent test dataset. Similar to Figure
4, each point corresponds to one test sample.
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The second-order polynomial regression
again provided the best overall agreement with
the measured values compared to those
obtained from the linear and exponential
models. However, the dispersion of the data
was larger than that observed for My,
indicating a lower prediction accuracy for Mer.

The linear regression model underestimated
several high-value samples and showed greater
variability across the prediction range, whereas
the exponential model produced the largest
prediction errors and the weakest agreement

with the measured observations. The larger
scatter observed for all models suggests that the
relationship between the predictor variables and
Mier IS more complex and contains greater
variability than the relationship for M.

Overall, the quadratic model provided the
most reliable predictions for Mier, although its
prediction uncertainty remained higher than
that obtained for M, as reflected by the lower
test-set R2 value and the higher relative
prediction error.

o |
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Fig. 5. Comparison of measured and predicted Mer values obtained using linear, second-order polynomial, and
exponential regression models on the independent test dataset. The second-order polynomial model provided the best
overall predictive performance, although a larger dispersion indicates greater prediction uncertainty than that observed

for Mtot

Discussion

The present study investigated the capability
of empirical regression models to predict
walnut and kernel masses (Mot and Mger) from
four measured predictor variables (X1—Xa)
obtained from X-ray radiographs of the
walnuts. Unlike approaches based on a
predefined regression equation, both the

functional form and the combination of
predictor  variables were systematically
evaluated. Linear, second-order polynomial,
and exponential models were compared using
all possible combinations of the four predictors,
while an independent test dataset was used to
assess model robustness and predictive
performance.
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The results showed that the second-order
polynomial model provided the most consistent
performance for both response variables. For
the complete four-variable configuration, the
cross-validation R? increased from 0.8175 for
the linear model to 0.8311 for the quadratic
model for yi, while a more pronounced
improvement was observed for Myer, from
0.5942 to 0.6591. This improvement indicates
that the relationships between the predictors
and the responses are not adequately described
by simple linear relationships. The inclusion of
quadratic terms (x?) and pairwise interaction
terms (x;x;) allowed the models to account for

nonlinear effects and interactions among the
predictors. In contrast, the exponential model
did not provide a consistent improvement and
showed substantially poorer performance for
Mier. Thus, the results suggest that a polynomial
representation was more appropriate for the
present dataset than either a purely linear or
exponential formulation.

For Mut, the quadratic model using x1 to Xa
provided the highest validation performance R?
of 0.8311 and a test R? of 0.8745. For Mier, the
best configuration was the quadratic model,
which achieved cross- validation R? of 0.6591
and a test R? of 0.7225, with an RMSE of
0.7328 and a relative error of approximately
17.1%. The lower predictive performance
compared with Mot suggests that the variability
in Mger is more difficult to explain using the
available predictors. Although the selected
model captured a substantial proportion of the
variation, the relatively high relative error
indicates that individual predictions may still
contain considerable uncertainty. Therefore,
the model should be regarded as a useful
empirical predictor rather than a highly precise
estimator of Mier.

The close agreement between validation and
independent  test performance provides
evidence that the selected models were not
simply fitting the observations. In addition, the
relatively small bias values indicate that
systematic overprediction or underprediction
was limited, while the dispersion of the
measured-versus-predicted observations
provides a visual confirmation of the

differences in predictive performance between
Mwt and Mier. These findings emphasise the
importance of using an independent test dataset
and multiple error metrics rather than relying
solely on the fitting R2.

Overall, the results demonstrate that
systematic optimisation of both predictor
selection and functional form can improve the
development of interpretable predictive
equations. The second-order polynomial
models provided the best overall performance
for both Mot and Myer. However, the developed
equations are empirical models and should be
applied primarily within the experimental range
used for model development. Further validation
using independent datasets collected under
different experimental conditions would be
necessary to confirm their generalisability and
practical applicability. In addition, the extracted
attenuation parameters are influenced by the
walnut projection geometry. Since only a single
lateral X-ray image was acquired for each
sample, variations in walnut orientation,
projected thickness, kernel distribution, shell
thickness, and internal voids may affect the
measured intensity values. Therefore, the
extracted features should be considered as
orientation-dependent image descriptors rather
than intrinsic material properties. Future studies
should investigate multi-view X-ray imaging,
orientation correction methods, or larger
datasets containing diverse walnut poses to
improve model generalisation for industrial
sorting applications.

Conclusion

This study evaluated the feasibility of
estimating walnut total mass and kernel mass
from single-view X-ray radiographs using four
attenuation- and intensity-derived features
together with three regression frameworks of
increasing complexity. Among the tested
approaches, the second-order polynomial
(quadratic) model consistently provided the
most accurate and stable predictions for both
response variables, outperforming the linear
and exponential models across fitting, cross-
validation, and independent test evaluations.

For total walnut mass, the quadratic model
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achieved a test-set R? of ~0.87 with a relative
error of approximately 6%, indicating a strong
and reliable predictive relationship. For kernel
mass, the same modelling approach achieved a
lower but still meaningful test-set R? of 0.72,
with a relative error of approximately 17%,
reflecting the greater difficulty of isolating
kernel-specific attenuation signals through the
shell. The slight negative bias observed for both
targets indicate a consistent tendency toward
underestimation rather than random error, a
pattern that could be addressed through
additional calibration.

These findings support X-ray attenuation
mapping as a viable nondestructive alternative
to manual, destructive kernel-mass assessment,
and highlight the value of comparing multiple
functional forms rather than assuming a fixed
linear relationship. Future work should focus on
multi-view imaging, larger and more cultivar-
diverse datasets, and refined kernel-boundary
segmentation to reduce the prediction
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