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Abstract: Wheat is a globally cultivated cereal crop with substantial protein content pre-
sent in its seeds. This research aimed to develop robust methods for predicting seed pro-
tein concentration in wheat seeds using bench-top hyperspectral imaging in the visible,
near-infrared (VNIR), and shortwave infrared (SWIR) regions. To fully utilize the spectral
and texture features of the full VNIR and SWIR spectral domains, a computer-vision-
aided image co-registration methodology was implemented to seamlessly align the VNIR
and SWIR bands. Sensitivity analyses were also conducted to identify the most sensitive
bands for seed protein estimation. Convolutional neural networks (CNNs) with attention
mechanisms were proposed along with traditional machine learning models based on
feature engineering including Random Forest (RF) and Support Vector Machine (SVM)
regression for comparative analysis. Additionally, the CNN classification approach was
used to estimate low, medium, and high protein concentrations because this type of clas-
sification is more applicable for breeding efforts. Our results showed that the proposed
CNN with attention mechanisms predicted wheat protein content with R? values of 0.70
and 0.65 for ventral and dorsal seed orientations, respectively. Although, the R? of the
CNN approach was lower than of the best performing feature-based method, RF (R2 of
0.77), end-to-end prediction capabilities with CNN hold great promise for the automation
of wheat protein estimation for breeding. The CNN model achieved better classification
of protein concentrations between low, medium, and high protein contents, with an R? of
0.82. This study’s findings highlight the significant potential of hyperspectral imaging and
machine learning techniques for advancing precision breeding practices, optimizing seed
sorting processes, and enabling targeted agricultural input applications.

Keywords: hyperspectral imaging; seed composition estimation; machine learning; 3D
CNN modeling; attentive models
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1. Introduction

Wheat (Triticum aestivum L.) is a cereal which is cultivated extensively across the
world, with millions of tons of grains being harvested annually, and serves as a staple for
many communities worldwide [1]. A significant portion of the total mass of wheat seeds
consists of proteins, which serve several different functions. Proteins in durum wheat are
not sufficient as a primary provider of essential amino acids [2], mostly due to the less
anabolic nature of wheat proteins compared to animal proteins due to their lower com-
parative digestibility [3]. This low digestibility is compounded further by cooking pro-
cesses such as baking [4]. However, when consumed alongside [3] or infused with other
non-plant-based proteins [2], wheat products have been found to complement these pri-
mary protein sources well. Additionally, processes which have been introduced to solve
their lower digestibility have made wheat proteins a great source of protein for senior
consumers [5]. The proteins in wheat seeds also serve another crucial role: structural. In
particular, the gluten proteins, which make up 70-80% of total grain proteins, form a mesh
in which starch granules are deposited [6] and are foundational to the distinctive physical
properties of dough and the bread-making quality of wheat. This invariably means that
the gluten proteins have an influence on the technological performance of different wheat
varieties in food production and on the final price of wheat [7]. This calls for the initiation
and encouragement of processes that allow analysis and documentation of the qualitative
and quantitative characteristics of protein in wheat seed kernels. Furthermore, these pro-
cesses need to be non-destructive and efficient to accelerate selection processes in breed-
ing programs, while also preserving valuable genetic material for subsequent breeding
cycles.

Hyperspectral imaging (HSI) plays an important role in estimating seed composition
to automate the process, as the distinct chemical composition of the sample contributes to
the relative intensity in absorption, reflection, and transmission of incident radiation [8,9].
This can accelerate seed inspection and breeding efforts as chemical analysis methods of-
ten require large, ground samples and involve destructive analysis procedures that can
be costly and time-consuming. HSI entails the use of specialized sensors to scan subjects
across specific continuous wavelengths of the electromagnetic spectrum, creating three-
dimensional datasets composed of two spatial dimensions, and a spectral dimension rep-
resenting different reflectance values for each pixel of the image [10,11].

HSI has been used to predict seed composition traits of individual kernels, including
fatty acids [12], oil [13], moisture [14], and proteins [15,16], enabling the rapid screening
of large numbers of samples for the selection of seeds with desirable composition traits
[11,13]. Protein content prediction using NIR and HSI for wheat seeds has been reported
by several publications with spectral features extracted from imagery [11,17-19]. To the
best of our knowledge, there have been no studies that (1) utilized both VNIR and SWIR
images as direct input for end-to-end seed composition estimation and (2) investigated
the contribution of ventral and dorsal seed orientations for wheat seed protein determi-
nation.

This can be attributed to previous studies showing that the NIR region contains the
most informative wavelengths for protein content determination, with one study estab-
lishing a high vs. low protein content discriminatory technique based on NIR [20],
whereas [21] applied PLSR on NIR data with different scatter correction techniques to
predict protein content in wheat seeds. Among these studies, Caporaso et al. [11,15] found
the wavelength of 1918 nm to be most informative, followed by 2008 nm, 2062 nm, and
2272 nm. Delwiche et al. [22] found wavelengths 1100 nm and 1398 nm to produce the
lowest overall model error, while Liu et al. [23] identified five wavelengths between 1980
nm and 2350 nm that correlate strongest with gluten proteins. This region covers numer-
ous overtones and combination bands of molecular vibrations, particularly those in the
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amide functional groups (N-H and C=O bonds), the chemical components that form the
building blocks of proteins and which absorb more NIR light [8,24]. The first overtone of
N-H stretching modes typically occur in the 1400-1600 nm range, while the combination
bands involving N-H and C=0 groups typically occur within the 2000-2300 nm range [25].

In this paper, we present a new approach to protein content estimation that combines
attentive vision models and hyperspectral images of wheat seed scans. We also present
the calibration and data preprocessing methods necessary to make this kind of modeling
possible.

The objectives of this paper are as follows:

1. Investigating the potential of hyperspectral imaging to predict protein content values
for wheat seeds;

2. Classifying wheat seeds according to protein content;

3.  Determining optimal wavelengths that are the most informative to the prediction of
protein content in seeds;

4. Determining the effect of the orientation of wheat kernels on the predictive ability of
machine learning models.

2. Materials and Methods
2.1. Wheat Seed Sample Description

The wheat seed samples were provided in two batches by the Crop Science division
of Bayer (Creve Coeur, MO, USA). The first batch consisted of individual seeds sorted
according to shared genotypical traits. In total, we had 9 genotype classes, whose frequen-
cies are listed in Table 1. To allow for a parallel comparison of ventral and dorsal scans of
each seed sample, they were retained separately in a tray with fixed labels before and after
scanning.

Table 1. Number of instances for each genotype class.

Class B1 B9 M MT N NT A4 WB WBT
Frequency 384 94 207 422 373 118 304 239 257

The second batch of seeds was grouped in samples based on their protein content
obtained through NIR spectroscopy scans. These were later divided into smaller subsam-
ples for a total of 188 subsamples, with at least 60 seeds per subsample, which were
scanned separately, and then protein content values for each subsample were obtained
separately.

2.2. HySpex Hyperspectral Imaging System

The scans for the seeds were acquired using two hyperspectral imaging sensors of
the HySpex brand manufactured by Norsk Elektro Optikk (Oslo, Norway), mounted on
an indoor scanning stage as illustrated in Figure 1. The first system, the HySpex VNIR-
3000 N [26], has a pixel size of 3.45 um, which ensures that even narrow band features are
resolved with great precision. It also features 3000 spatial pixels and 300 bands covering
wavelengths from 400 nm to 1000 nm. The second imaging system, the HySpex SWIR-640
[27], consists of a Mercury Cadmium Telluride (MCT) sensor, which offers a spatial reso-
lution of 32 um and features a cryogenic cooler that cools the focal plane array to 150 K to
minimize background noise and offer exceptional signal-to-noise ratio levels. The SWIR
sensor has 362 bands from wavelengths of 960 nm to 2500 nm. The spectral resolutions of
the VNIR and SWIR regions are 1.2 nm and 1.7 nm, respectively.

For both systems, the source of illumination of the samples consisted of two custom-
made lamps which were manually adjusted to focus the illumination to a line overlapping
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with each camera’s field of view [28]. They cover a broad spectral range from 400 nm to
2500 nm, which sufficiently covers the spectral range of both cameras, and are powered
by a 12 V DC supply. The scanners capture the image line by line (line-scanning) while
the specimen on the stage is passed across their fields of view in a technique known as
pushbroom scanning. A 50% spectralon reflectance panel was employed for calibration.
The combination of mechanisms on the imaging system to reduce signal-to-noise ra-
tio levels ensures that less time is spent in calibrating the images during the post-pro-
cessing stage. The high spatial resolutions of the scanners ensures that we capture as much
textural detail as possible, while the precise spectral resolution and broad wavelength
coverage allow for the accurate detection of spectral signatures associated with protein
and other seed components, enabling more comprehensive chemical and physical anal-

yses.

Figure 1. HySpex bench-top scanning machine used in this study. Components as labeled in order:
(1) lamp serving as illumination source for VNIR scanner, (2) HySpex VNIR-3000N sensor, (3)
HySpex SWIR-640 sensor, (4) SWIR lamp, (5) scanning stage, (6) wheat seed sample, (7) tray holding
the seed samples, (8) reflectance panel, (9) VNIR power source, and (10) SWIR power source.

2.3. Hyperspectral Scanning

The seeds were scanned in two batches. The first batch was scanned over a period of
two months, between May and June of 2023, and involved around 2398 samples. Single
seeds were placed on circular troughs on the scanning plate, spanning 4 wide and 6
lengthwise to make a total of 24 seeds scanned at a time. The seeds were all scanned with
the crease facing upwards (ventral view) and then a second time with the crease facing
downwards (dorsal view). The seeds were then immediately replaced in their storage
trays and the lamps were turned off once the scanning was completed to prevent excessive
moisture loss. The second batch of seeds was scanned in November 2023 over a period of
three weeks and involved around 11,000 samples. This time, the seeds were placed ran-
domly on the scanning stage, with heterogeneous orientations of the seeds available with
each scan.

Given that there is no commercially available software to co-register VNIR and SWIR
spectral datasets, we implemented a novel approach by introducing fiducial markers
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within the cameras’ field of view. These tie pointswere placed on a specialized paper sub-
strate and served as invariant reference points across both spectral ranges. Our team de-
veloped a proprietary co-registration algorithm that leverages these fiducial markers to
achieve high-precision spatial alignment between the VNIR and SWIR hyperspectral data
cubes.

2.4. Reference Data Collection

The protein content of the seeds was obtained after scanning of the images via Dumas
combustion chemical analysis. Dumas has been used in previous studies to obtain nitro-
gen [29] and protein content [30,31] in cereals and other foodstuffs and has been docu-
mented as outperforming other chemical analysis methods for most applications [32,33].

The process is based on the concept of the extraction of nitrogen oxides from the ma-
terials of study through rapid combustion of the material in a high-heat chamber, followed
by a reduction of the nitrogen oxides to nitrogen gas (N2). The final step involves the
quantification of N2 using thermal conductivity.

From the chemical analysis, we were able to obtain percentages of protein mass
against total seed mass with a range of 11.96%, with a minimum of 7.69% and a maximum
value of 19.65%. The rest of the statistics for each orientation are summarized in Table 2.

Table 2. Ground-truth statistics.

Central Tendency Spread Position Shape

Orientation

Median Mode Range Variance

Standard

Deviation IOR Q1 Q3 Skewness Kurtosis

Bottom 13.22978
Top 13.48322

12.81 10.44 1196 9.586461 3.094586 5.36 10.63 15.99 0.200924 -0.95656
13.06 1044 1196 8.773358 2.961986 5.12 10.99 16.11 0.212506 -0.95651

We defined protein content classification labels for each of the seeds according to the
amount of protein content, with anything below 10% labeled as low, 10-14% as medium,
and above 14% as high.

2.5. Workflow

An overview of the methods applied within our study is presented in this section
and summarized in Figure 2. The three main stages of the processes include the data col-
lection and processing step, followed by the feature extraction and image preprocessing
stage, which is further divided into feature-based approaches and image-based ap-
proaches, and finally the modeling and feature evaluation stage.
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Figure 2. Overview of the workflow for our pipelines from data collection all the way to model

validation.

2.6. Radiometric Calibration

Wheat seeds have intrinsically anisotropic reflection properties caused by their une-
ven surfaces and variable color depth characteristics, which can significantly influence the
spectral information captured by hyperspectral imaging systems by causing drastic vari-
ability in the data, depending on incident light and sensor viewing angles. The size of a
single wheat kernel (about 3 mm along/1.25 mm across) is often smaller than the irradi-
ated diameter (spot size) of the sensor, causing a significant presence of scattering of the
reflected signal from the edges of the kernel [34] which contributes to the overall deterio-
ration of signal quality as demonstrated in the pre-calibration spectral profile of the seed
in Figure 3. This presents a challenge for fidelity of the data and necessitates the applica-
tion of reflectance correction methodologies to normalize the hyperspectral data and
therefore ensure that it accurately represents the seeds’ true spectral properties across dif-
ferent samples and scanning sessions. For hyperspectral analysis of wheat seeds, the fi-
delity of the data has a direct influence on the reliable estimation of biophysical properties
and can prevent inconsistencies in comparative studies across different datasets.

Previous studies have successfully managed to address the reflectance correction
challenge of hyperspectral imagery through various methods, including absolute
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radiometric correction [35], the empirical line method [36], flat field correction [37,38], and
Bidirectional Reflectance Distribution Function (BRDF) correction [39,40], among others.
Our methodology adopts a reflectance correction approach tailored to bench-top hyper-
spectral scanning systems and is facilitated by the standard calibration procedure pro-
vided by the instrument manufacturer, Norsk Elektro Optikk (NEO). This calibration
workflow consisted of the following steps [41]:

1.

Background signal subtraction: The sensor’s dark current response (Sbg), measured
when no light is supplied to the sensor, is subtracted from the raw signal (Sraw) to
correct for background electronic noise. For pixel (i,j) this is summarized as

Si,j = Sraw,i,j - Sbg,i,j 1)

Radiometric response: A bright scan using the reflectance panel referenced above,
with a known reflectance value L,.r, is used to obtain a signal Sp,;gne;; which is
then used to calculate the radiometric response R; ; using the following formula:
Sbright,i,j - Sbg,i,j

s )

R
Lref

Radiometric calibration: The background-subtracted signal is converted to spectral
radiance L in units (W/sr-m?-nm) incident at the sensor’s entrance pupil using
the radiometric response matrix R, calculated above, and the integration time ¢;,,,
as per the following equation:

1
bojap) =8 g ®
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Figure 3. A comparison of the imagery and spectral profiles of the scan scenes (confined to SWIR

scans) to highlight the effect of radiometric calibration.

2.7. Co-Registration of Images

To take advantage of both spectral and textural features of our subjects, the VNIR
and SWIR images need to be combined/stacked correctly and efficiently. To do so, we
need to map coordinates of our fine-resolution VNIR (with spatial resolution of 32 pum)
scans to our coarse-resolution SWIR (spatial resolution of 3.45 um) scans. A common ap-
proach to achieving this involves resampling the VNIR image by scaling the dimensions
of the VNIR (target) using an interpolation function interp like INTER_AREA [42]. If we
assume that hyy;z and wyy;p represent the height and width of VNIR image, respec-
tively, and hgyr and wsyr represent the height and width of the SWIR image, respec-
tively, scale, and scale, represent the scaling factors height and width, respectively,
which can be calculated as follows:

WynNIR
, scale,, = —— 4)
hswir Wswir

hVNIR

scaley, =

However, this method demonstrates invariance to both horizontal and vertical trans-
lations, as shown in Figure 4. Furthermore, the differences in sensor height resulted in a
noticeable horizontal shift in the VNIR images relative to the SWIR images. In this case,
differences in scale, rotation, and translation between the source and target images neces-
sitate the use of co-registration [43,44]. In our study, we needed to address two of these
three: scale and translation.

0_

500

h_newy g

400 600 0 1000 2000 3000 0 200 400 600

Figure 4. Validation of the need for co-registration. The image on the right shows the result of stack-
ing SWIR and VNIR images after resampling of the VNIR image. Here, the new dimensions of

WYNIR hyniR
scale,, scalep,

VNIR, w_newyy;r = round( ) and h_newyygr = round( ), exactly match the dimensions of

the corresponding SWIR image, wsy z and hgy g, respectively. However, the invariance of the
method to the horizontal and vertical translations of the image reveals a significant shift between

the pixels of the stacked images and will result in more errors.
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3000

VNIR

Solutions from the public domains that we tested did not produce results within ac-
ceptable margins of errors for various reasons—for instance, applying traditional co-reg-
istration methods using feature detection and matching, such as Scale-Invariant Feature
Transformation or (SIFT) [45] and Speeded-Up Robust Features (or SURF) [46] —and op-
tical flow was hampered by (a) differences in vertical positioning of the scanners, resulting
in differences in amounts of detail captured by the different sensors; (b) the differences in
spectral ranges captured by the two sensors (400-1000 nm for VNIR and 960-2500 nm for
SWIR), which caused the reflectance characteristics of the imaged scene elements to differ
significantly; (c) differences in intensity values for the same spectral bands overlapping
across the two sensors; and (d) the presence of numerous visually similar artifacts within
the imaged scene (in this case, the seeds), causing ambiguity due to the repetitive nature
of seed edges and creases.

A customized approach to co-registration of our images was therefore necessary. For
the first batch of images, fiducial tie point markers were identified manually, illustrated
in Figure 5a, using ENVI software. Meanwhile, for the second batch, fiducial markers were
placed during the scanning process as mentioned earlier in the text as shown in Figure 5b.

SWIR VNIR . SWIR

4000

15001 (T[T

8000

3000

o 1000 2000 o 250 500

Figure 5. Tie points used to calculate homography for each batch of seed scans. (a) The red dots
indicate tie points identified manually on the seeds and the background. These were meticulously
picked and curated until the lowest error was achieved. (b) The second batch of seeds was scanned

with tie points placed alongside the samples to ensure minimal manual identification of tie points.

Corresponding coordinates of the tie points from both images were then used for
calculation of a homography matrix which maps the rest of the target image’s pixels to
their corresponding positions in the reference image. Homography describes the transfor-
mation of one point from an image to its corresponding point in another image with the
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assumption that the scene is flat, and the transformation can be estimated by a planar
projective transformation. It can be represented in formula as

hyy hiz hyz
H = h21 h22 h23

h31 h32 h33

®)

where H is our projective transformation 3 x 3 matrix with the elements of the matrix, i.e.,
(h11,h12,. h33), being determined by the correspondence between several matched points
in the two images, typically at least four of these. In our case, we obtained a minimum of
10 points and at most 17 matched points for our first scan batch and 32 for the second
batch of scanned seeds, mapping original points x and y onto their corresponding coor-
dinates x’ and y’ on the second image, as shown in the formula below:

xl
yl
Wl

Here, (x',y',w') are the homogeneous coordinates. To convert these back to Carte-

X
=H [y] (6)
1

sian coordinates, the homogenous coordinates are divided by w'.
’ hi1x+hizy+ hy3 ’ ha1x+ho2y+ hos

x! = AETuVE I g AaXiizedd iz )

h31X+hzpy+ has’ hz1x+h3zy+ h33

The transformation is not merely linear but projective as well, meaning it accounts
for the perspective changes due to the angle of view. The fact that our sensors capture
images from different heights and slightly different angles therefore makes the choice of
using homography transformation the most viable one.

To calculate the homography matrices for the images, we used the robust RANSAC
(Random Sampling Consensus) algorithm provided by the open-source library OpenCV
[47] with a threshold of 7.0. The resulting transformation matrix was then applied to the
target image using the warpPerspective [42] function from the same library, which warps
the dimensions of the target image along the projective transformation matrix provided.
To quantitatively assess the precision of our alignment method, we employed the mean
squared error (MSE) and root mean squared error (RMSE) as metrics.

2.8. Background Segmentation, Cropping, and Labeling

Spurious signals from the pixels of the background tray and the reflectance panel will
affect the overall mean reflectance spectra of our seed scans and therefore need to be re-
moved. This will allow the predictive models to focus attention purely on the signals from
the seed scans. Similar studies have removed spurious signals caused by background ma-
terial in hyperspectral scans of vegetation using a rule-based approach [39,48], as well as
removing soil background from maize [49] using vegetation indices, and also in a different
study has been applied to distinguish Petri dish salmon samples using Otsu thresholding
[50]. Specifically for bench-top scans, other researchers applied a combination of Otsu
thresholding and morphological approaches to segment rice granules from a dark back-
ground [51,52].

For the first step of segmentation, a rule-based masking algorithm was applied, tak-
ing advantage of the intrinsic differences in reflectance properties between our wheat
samples and the background materials, combined with morphological operations to retain
seed pixels and remove noise. This approach is based on the distinct spectral signatures
exhibited by the seeds, background tray, and reflectance panel, as evident from the spec-
tral profiles shown in Figure 6. The algorithm utilizes reflectance values at specific wave-
lengths—410 nm, 456 nm, 553 nm, 654 nm, and 852 nm bands—which capture the most
significant variations between the seeds and the background materials, abbreviated as B1,
B2, G, R, and N, respectively, in the formula below:
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Data Value

052
0.48]

0.44;

_ { 1, for conditionl and condition2 and condition3 and condition4 and condition5
bi = 0, for condition6 and condition7 and condition8 and condition9 and condition10

8)

conditionl = p;p; < Pipa
condition2 = 0.7 *p;py <Pigp = 12.5*p;pq
condition3 = 1.2 *p;p; < piy = 15* p;py
condition4d = p;p, < Dig
condition5 = 1.2 *p;p; < Dig
condition6 = p; g1 > Pip2
condition7 = 0.7 *p;p; > pigp < 12.5*p;py
condition8 = 1.2 *p;p > iy <15%* p;pg
condition9 = p;p, > Dig
condition10 = 1.2 x p; g, > pig
The rule defines the expected ratio of values of a seed pixel between pairs of bands
that distinguishes it from non-seed pixels and was determined experimentally by com-
paring initial spectral profiles of regions of interest on seed pixels against those of the
background pixels. If a pixel satisfies all the defined conditions, then the pixel is consid-

ered a seed pixel and retained (assigned a value of 1). Otherwise, the pixel is considered
part of the background or shadow and discarded (assigned a value of 0).

hww o

M o2 I" E _— é‘""‘“{‘m‘,‘M\V{.‘F\'\‘{,q‘\m “ o I y ' "‘.“‘1‘" f"A‘ ’j‘l; [:

7] 4 E I TH

0.00 F . . E

0

1500

Wavelength (nm)

1500 500 1500

Wavelength (nm)

Wavelength (nm)

Figure 6. Differences in spectral profiles of the seeds from those of the tray and reflectance panel
allow for creation of a rules-based segmentation mechanism to allow separation of seeds from the
background. As per earlier explanation, the first batch of seeds were aligned in rows 4-seed-wide
labeled A-D and 6-seed-long labeled 1-6.

For the second step, morphological operations, a technique widely used in image
processing for noise removal and boundary smoothing [53], were employed to address
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persisting background pixels and missed seed pixels, as illustrated in the second and third
images of the provided sequence in Figure 7a. A morphological opening operation was
performed using a 3 x 3 structuring element kernel using OpenCV’s provided method,
morphologyEx [54].

Since the full seed images would be used to train a predictive vision model, all the
pixels within the established boundary of the seed mask needed to be retained. As such,
for the third step, a flood-fill algorithm was implemented, a region-based approach com-
monly used for image segmentation [55-57]. Starting from the top-left corner (0, 0) of the
image, the flood-fill operation provided by OpenCV [58] effectively filled the background
region with a new value (2), while preserving the seed pixels (value 1) and any remaining
noise pixels (value 0).

(b)

Lo e
6 68 B
N0 80
LR B
[TERLE R\
oYy

Figure 7. Image segmentation process, showing the process of obtaining and applying masks to
segment the seeds from the background. This was achievable due to the spectral differences and
color differences between the seeds and background material. (a) A zoomed-in single image high-
lighting the refinement of criteria for the rule-based segmentation approach which, results in the
formation of ‘holes” within the seed pixel regions and the subsequent result of using flood fill to

help fill the ‘holes’. (b) The application of the generated mask to extract seeds from the background.

In the post-processing stage, any remaining “noise” pixels which were not filled by
the flood-fill operation were addressed by assigning them to the seed class (value 1), as
we can safely assume these to be “holes” within the seed pixel regions, as shown in Figure
7a. The filled background region was relabeled as class 0. Finally, the border added during
the flood-fill operation was removed to obtain the final segmented image, containing only
the seed pixels and the background.
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To crop individual seeds from the image, an OpenCV-provided methodology was
used, which specified three main steps. The first involves retrieving a three-band image
consisting of the red, green, and blue channels. In our study, a single band from each
section of the visual range of wavelengths was retrieved, including red (642 nm), green
(546 nm), and blue (460 nm) bands, to compose our three-channel image. This image then
had to be converted to grayscale, and the result was transformed into a binary format to
distinguish the seeds from the background.

Following this, a connected-component analysis using OpenCV’s connected Compo-
nentsWithStats method [59] was applied to identify and isolate discrete seed regions,
achieved by filtering for regions with areas that satisfied the following threshold: 250 <
area < 1500. The isolated-component areas were then labeled according to a scheme facil-
itated by the spatial ordering of the identified seeds based on their original positions in a
grid-like structure. The decision to take this systematic approach to labeling of the seeds
was to enable us to correlate each seed scan to its correct protein content labels. This ap-
proach would also enable a comparative analysis against and potential fusion with other
modes of data captured of the same seeds. A sample of the final single seed images is
illustrated in Figure 8.

40

50
[ 10 20 0 10 20

20 [ 10 20

Figure 8. Sample of final cropped single-seed images, with the top row showing the seeds with the

crease down (top view) and the bottom row showing the seeds with the crease up (bottom view).

In summary, for the segmentation portion of the workflow, we applied a combina-
tion of a rule-based masking algorithm, morphological operations, a flood-fill algorithm,
and post-processing steps to isolate seed pixels from the background. For the subsequent
cropping phase, we extracted a three-band image, converted it to grayscale and binary
format, performed connected-component analysis, and applied area-based filtering to iso-
late individual seeds.

2.9. Comparison of Average Spectra per Protein Content

We were able to delineate a correlation between the amount of protein content in the
seeds and the intensity of their reflectivity, as demonstrated in the graph in Figure 9, with
seeds of higher protein content demonstrating lower reflectivity properties across all the
bands, while lower-protein-content seeds indicated the highest intensity but also showed
the largest dips at wavelengths 1400-1500 nm and 1900-2000 nm, which could suggest a
relatively higher moisture content in the seeds with the lowest protein content, as these
bands are the most affected by moisture [60].
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Figure 9. Comparison of average spectra of wheat seed based on the protein content.

2.10. Feature-Based Machine Learning for Protein Content Estimation

The average spectra of each seed scan were calculated and stored for further analysis.
In HSI applications, signal smoothing is often necessitated by the presence of noise caused
by the scanning instruments [61,62]. We discovered that the signal was mostly free of
noise except for the last few bands. We therefore applied minimally intrusive smoothing
on the spectra using the Savitzky—Golay [63] method provided by the SciPy library [64],
with a window of 7 and polyorder of 3.

Spectral indices have been used previously in HSI studies to successfully predict dif-
ferent properties of numerous study subjects, including soil properties [65,66] and crop
yield [67,68]. While there are currently no spectral indices developed specifically for
bench-top scans of seeds, we attempted a simple band ratio approach in attempt to im-
prove the predictive capabilities of our models. Given a sample i and for each unique
pair of bands j and k (where j < k), this approach can be summarized as

—_— 9
Xik ©)

Rijk =
where R;j, represents the ratio of the spectral values between bands j and k for sample
i, j iterates from 1 to the total number of bands, and k iterates from j + 1 to the total
number of bands.

These data were then normalized to ensure that all features contributed proportion-
ately to the objective function, preventing those with larger scales from dominating the
optimization process of our predictive models [69]. Furthermore, by scaling our features
to a common scale, normalization mitigates the issues of convergences in algorithms sen-
sitive to the scale of the input data, such as logistic regression and Support Vector Ma-
chines [70].

We processed 5057 samples for the top orientation and 4746 for the bottom orienta-
tion. These samples were then split into train, test, and validation, with a test to train ratio
of 3:1 and a validation to train ratio of 4:1. This yielded train, test, and validation datasets
of 3034, 1264, and 759, respectively, for top orientation and 2847, 1187, and 712, respec-
tively, for bottom orientation.

To extract the most informative bands for the regression modeling, we performed
permutation feature importance analysis on each model and extracted the top 100



Sensors 2025, 25, 303

15 of 31

wavelengths. We then calculated the ratios of these bands, combined them with the orig-
inal 100 bands, and trained a fresh set of models from scratch. This essentially yielded
three different datasets, as summarized in Table 3.

Table 3. Summary of datasets generated.

Dataset Number 1 2 3
Top 100 spectral
Dataset Type All spectral bands ~ bands + band ratios ofAll spectral bands +

top 100 bands ratios of all bands

2.10.1. Random Forest Regression

Random Forest is an ensemble learning method which operates by constructing mul-
tiple decision trees and harmonizes the outputs of the individual trees to produce the final
result [71]. At the individual tree level, random splitting of the features occurs at each
node, resulting in increased variation among the trees and thus improving the robustness
of the final model [71]. This is supplemented by a technique called bagging or bootstrap
aggregating, a technique that involves building each tree on a bootstrap sample of the
data, which helps reduce overfitting [72]. Random Forest can handle high-dimension
spaces as well as large sample sets very effectively too, making it a good choice for our
regression task.

2.10.2. Support Vector Regression

Support vector regression is a type of Support Vector Machine used for regression
tasks but based on the same principles used for SVM classification, which is to find a best-
fit line within a threshold value € where distances from the actual targets y; to the line
are minimized and at as many as possible points lie within the &-tube without penalty
[73]. To determine this line, a combination of the points closest to the fit (support vectors)
and a regularization parameter, C, are used to balance between minimizing model com-
plexity and achieving a lower error on the training data. To solve nonlinear regression
tasks, SVR uses kernel functions to map input data into higher-dimensional space where
a linear regression can be fitted [74]. SVR is known for its strong performance in smaller
datasets and its capability to manage high-dimensional spaces and has shown promising
results in previous similar research [75,76].

2.11. Image-Based CNN Approaches
2.11.1. Data Preprocessing Methods

Data need to be scaled and normalized for CNN training pipelines as they facilitate
faster convergence of the model [77] and improve the stability of the neural network [78].
Meanwhile, other research shows that normalizing within the neural network architecture
itself through batch normalization can facilitate a more stable gradient flow and accelera-
tion of the training process [78], is instrumental in preventing vanishing and exploding
gradients [79], and in some cases has been shown to have a regularization effect that can
prevent overfitting in neural networks [80]. For our study, we applied minmax normali-
zation.

The final co-registered images consist of 662 contiguous bands over a wavelength
range between 412 and 2500 nm. While this high dimensionality facilitates capturing in-
tricate spectral profiles, it unfortunately suffers from a few intractable limitations, includ-
ing the ‘curse of dimensionality’ phenomenon, where the complexity of data analysis
tasks grows exponentially with increases in dimensionality [81]; data sparsity in higher
dimensional spaces [82]; and increasing the effects of noise and irrelevant features [83].
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We therefore applied dimensionality reduction to our data using PCA (Principal Compo-
nent Analysis), a commonly used dimensionality reduction method for HSI applications
[62,84,85].

Starting with our four-dimensional tensor with shape (H, W, C), where H and W are
our spatial dimensions for each seed scan and C is the number of channels or spectral
bands, we transform individual seed scans into a 2D vector of shape (H x W, C), thus
presenting each pixel as a distinct observation within the channel space. Applying PCA
to our reshaped array reduces our channel dimension C to our predetermined number of
principal components K followed by a reshaping of our data into (H, W, K), which pre-
serves our spatial dimensions. The number of principals K was determined via empirical
performance in our specific application with the aim of balancing between achieving
higher performance metrics while keeping computational complexity low.

The final step is to convert each three-dimensional tensor into a four-dimensional
tensor. Here, it is necessary to apply 3D CNNs as they typically deal with volumetric data
as they expect the input shape to be (N, H, W, D, C) [86], where N is the batch size and D
is the new depth dimension that represents the number of channels in our image. In this
case, this will correspond to K, specified above.

2.11.2. Model Architecture

The protein content estimation task consisted of two phases. The first was based on
regression modeling using acquired truth labels representing the percentage of seed mass
which was taken up by proteins. The second was classification using the three classes
mentioned earlier in this paper as either low, medium, or high depending on the criteria
specified.

For image-based protein content estimation, we used a modified version of Hy-
bridSN [87], a hybrid convolutional neural network (CNN) that combines the capabilities
of 3D convolution layers which have typically seen use with 3D imagery such as 3D lidar
(Voxel R-CNN) and the 2D convolutional layers used for machine learning with the stand-
ard 2D imagery for classification, segmentation, and regression tasks. This architecture is
summarized in Figure 10a. The nature of this structure allows the model to leverage the
depth of spectral analysis provided by the 3D convolution layers and the spatial detail
recognition capabilities of the 2D convolution layers.

Assuming that our individual HSI data cubes can be denoted by Xi € RUXW)*D yyith
D as the number of bands, then for each input X;, a corresponding real-valued number
¥; € R represents the target variable, which is represented as the percentage of the protein
content’s contribution to the overall mass of a seed.

The 3D convolution layer applies a 3D filter across the spatial and spectral dimen-
sions of our input image, obtaining a dot product of kernel weights and local regions of
the input volume covered and producing a 3D feature map in an operation that can be
summarized by the following expression:

a-1 b-1 c-1
F(x,y,2) = Z OZ_ D VEHLyHiz k) K@)k (10)
i= j= =

assuming a kernel of size a X b X ¢ moving over input volume V at position (x,y,z)
on the output feature map.

This approach ensures that we capture both spatial and spectral feature information
of our input hypercube, and by stacking multiple 3D convolution layers, the model can
learn a hierarchy of features, from the simplest patterns in the earlier layers to more com-
plex features in the deeper layers.

This can be further condensed into
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F,=0o(B + Z ,kXi,j,k * Kp) (11)
i,

where F), B;, and K, represent the feature map, bias term, and the 3D kernel, respec-
tively, at the I-th layer, and o is the activation function.

The 3D convolutions are subsequently followed by a 2D convolution operation as
shown below:

Fp = o(Bn+ Z Flij* Kn) (12)
L]

with F;; being the output feature map from the previous 3D convolution layers. Finally,
we flatten the feature map into a vector and pass through a vector Ve R™, which is passed
through a series of dense layers, with the final output being

D, = a(W,Dp_y + by) (13)

where D,, W, and b, are the output, weight, and bias, respectively, of the p-th layer,
and D,_, is the output from the previous dense layer or the flattened vector Ve R™ in the
case of the first dense layer. The final regression output thus becomes

Y = Wk * Dk—l + bk (14)

With Y being the predicted continuous values corresponding to our regression tar-
gets. To train the regression model, we used the mean squared error (MSE) loss function,
which minimizes the average squared difference between the predicted and true protein
content values, ensuring accurate predictions of the continuous target variable.

As for the classification task, where if we assume the same notations for our input
vectors as before, for each Xi, there exists a corresponding y; = [yi_l,yi‘z, ---'Yi,c]: such
that y;; € {0,1}, ZJC'=1 yij = 1,and C = 3, which corresponds to our number of protein con-
tent classes.

Consequently, our final output becomes

Y = softmax(W, - Dy_1 + by) (15)

where Y is the probability distribution over classes. To train this classification model, we
used the categorical cross-entropy loss function, which measures the divergence between
the predicted class probabilities and the true one-hot encoded labels.

In the HybridSN documentation [87], the authors noted that 25 x 25 spatial dimen-
sions worked best for their application. For our case, we also experimented with spatial
dimensions of 32 x 32 and found that they produced the best results for our dataset. This
resulted in an input size of n x 32 x 32 x 662 for our model. We also experimented with
different kernel sizes for the different 3D layers and documented the results. The first set
of kernel sizes was the original kernel size specified from layer 1 to layer 3as3 x3 x 7, 3 x
3 x5,and 3 x 3 x 3. The second set was 3 x3 x 11,3 x3 x 9, and 3 x 3 x 7 and the third set
was5x5x15,5x5x11, and 5 x 5 x 9. We also experimented with different combinations
of batch sizes and learning rates. The empirical performances of each combination set
were then documented.

For validation of the models, we calculated the errors and accuracies based on several
metrics. The first was the coefficient of determination, calculated as

L0 -9
2 (i — ¥i)?

where y; is the observed values, ¥ is the predicted values, y is the mean of the observed

R?=1 (16)

values, and n is the number of observations.
We also evaluated the model using mean absolute error, which calculates the average
prediction error in the units of variable being predicted and is denoted as
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1 n
MAE==3"" |y~ 3 (17)
n i=1

Mean squared error is more useful for detecting outliers, as it penalizes larger errors
more severely than it does smaller ones, and is calculated as

1 n
MSE=—-" (=9’ (18)
i=1

Meanwhile, root mean square provides the standard deviation of the residuals (pre-
diction errors), where lower values indicate a better fit, and is calculated simply as the
square root of the MSE:

RMSE = VMSE (19)

For the classification task, we used four different metrics: accuracy, precision, recall,
and F1 score. Accuracy measures the overall correctness of the model and works well
when the classes are balanced. It is defined as

True Positives (TP) + True Negatives (TN)
Total Number of Samples

Accuracy = (20
Precision is a measure of accuracy of positive predictions and is useful when the cost
of a false positive is high. It is defined as

Procision — True Positives (TP) 1)
recision = True Positives (TP) + False Positives (FP)

Recall measures the model’s ability to detect all relevant cases within a dataset and
is used then the cost of a false negative is high. It is defined as

Recall = True Positives (TP) ”
¢4 = True Positives (TP) + False Negatives (FN) (22)

Finally, F1 score is the harmonic mean of precision and recall and can be expressed
as

Fl—2 x Precision X Recall (23)
B Precision + Recall

The HybridSN model was modified through the addition of an attention mechanism
to process the feature map output of the 3D convolution block. The global attention block
[88] calculates the importance weights of each channel in the feature map. These weights
are then used to scale the original channel values, effectively amplifying important chan-
nels and attenuating the less relevant ones.

A Global Average Pooling layer takes input tensor I with dimensions H X W x D x
C,with H,W,D,and C as the height, width, spectral depth, and number of channels from
the immediately preceding 3D convolution layer, reducing I to a 1D tensor with an equal
number of elements to the number of channels, C. A dense layer applies a reduction in
dimensionality followed by ReLU activation, and a second layer projects back to the orig-
inal number of channels with a sigmoid activation to create attention map A:

A = o(W,- (ReLUW; - G + b)) + by) (24)

C C
where W, € R“*z and b, € Rz are the weight matrix and bias of the first layer, W, €

Rgxc, and b, € R¢ are the weight matrix and bias of the second layer, and our attention
map has dimensionsof 1 X 1Xx 1x C.

The final operation involves scaling each channel of the input feature by its corre-
sponding attention weight:
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0=10A (25)

Here, O retains the dimensions H X W x D x C.

In essence, the attention mechanism works by learning a set of weights from the input
tensor itself, which is then applied to modulate the input tensor’s channels, allowing the
network to prioritize some channels over others. The final architecture is summarized in
Figure 10b.

An additional architectural modification was implemented on the HybridSN net-
work through the addition of a Squeeze-and-Excitation network after the 2D convolution
layer to recalibrate channel-wise feature importances. First introduced by Jie [89], the
Squeeze-And-Excitation block involves initially compressing each feature map into a sin-
gle number by averaging over all the spatial dimensions, producing a vector of size equal
to the number of channels. Given dimensions H X W x C of our feature map, this can

1 H w
% T Hx Wz ZF”C (26)
i=1j=1

This is followed by a bottleneck layer which reduces the dimensionality of the output

be expressed as

from GPA, compressing channel-wise features to a lower-dimensional representation,
and an expansion layer which reverses the representation back to its original channel-wise
representation, going through a sigmoid transformation first. The two can be expressed
as follows:

v = ReLUW, -z + by) 27)

s = Sigmoid(W, v + b,) (28)

Finally, channel-wise multiplication is applied and used to scale the original feature
map F:

FF=sQF (29)
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Figure 10. Visualization of the architectures of the different variations of HybridSN used in this
study, including (a) the original architecture, (b) the modified architecture with global attention,
and (c) the final modified model architecture with an additional attention mechanism of the

Squeeze-and-Excitation network.

3. Results and Discussion
3.1. Co-Registration Results

As explained in our methodology, co-registration was a necessary and crucial step in
the pipeline that made it possible to combine the full range of bands from VNIR and SWIR
together and thus create a new method to determine protein content in wheat seeds. As
such, the goal was to minimize errors as much as possible to ensure we had correctly
aligned multi-sensor seed scans. We compared the errors of stacking the images using a
simple resampling approach against the errors after using our method. The results are
summarized in Table 4 and illustrated in Figure 11.



Sensors 2025, 25, 303 21 of 31

200

400

600

800

1000

1200

1400

1600

Table 4. Comparison of errors of co-registration when using simple resampling methodology vs.

using our custom methodology.

Average RMSE Max RMSE Min RMSE Median RMSE
Resampling 0.1246 0.8846 0.0804 0.1211
Our method 0.0487 0.1381 0.0094 0.0205

Overall, our method produced significantly less errors compared to the more simpli-

fied resampling method.
Original Co-registered Original Co-registered
0 o 0
200|IIIIIIIIIIIIIIIIIII|
500 500
400
1000 1000
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800
1500 1500
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0o 300 600 0

Figure 11. Analysis of the visual differences between simple resampling strategy and our semi-au-
tomated method to co-register VNIR and SWIR scans for (a) the first batch of scans and (b) the
second batch of scans.

3.2. Protein Content Estimation
3.2.1. Feature-Based Machine Learning for Protein Content Estimation

The best overall model was Random Forest, with an R?of 0.77, comparable to when
Caporaso et al. [11,15] used a standard normal variate and first derivatives as features. In
our case, we found that the model trained on ratios of all the bands fared better than the
ones trained on ratios of the most informative bands alone, with a coefficient of determi-
nation score of 0.77 and 0.75 for Random Forest for bottom and top orientations, respec-
tively, and 0.66 and 0.67 with SVR for bottom and top orientations, respectively. This
could be an indication that even though some wavelengths, individually, are not as dis-
criminative for seed protein estimation as those in the NIR region, they still contribute to
the model training if their information is extracted and processed in a different way, rather
than used directly. The results of these experiments are summarized in Supplementary
Table S1.
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Feature permutation analysis indicated that the wavelengths 2456 nm, 426 nm, 564
nm, 1399 nm, and 1409 nm appeared to be the most important input features for Random
Forest modeling for the bottom side of the wheat scans and that 426 nm, 1399 nm, 2456
nm, 2501 nm, and 1409 nm were most important for top orientation, as seen in Figure 12.
Meanwhile, the best wavelengths for SVR were 2203 nm, 2206 nm, 2212 nm, 2200 nm, and
986 nm for the bottom orientation and 1678 nm, 1681 nm, 1684 nm, 1674 nm, and 1722 nm
for top orientation, as shown in Figure 13. These findings suggest the dominance of data
in the NIR region over those of the visible region of the spectrum for studying the chemical
characteristics of wheat seeds and corroborate the findings of previous research.
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Figure 12. Permutation feature importance analysis for wheat seeds with crease facing up.
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Figure 13. Permutation feature importance analysis for wheat seeds with crease facing down.

3.2.2. Image-Based Machine Learning for Protein Content Estimation

For image-based modeling, we found the best model to have an R? of 0.70 for the
ventral side (bottom orientation) and 0.65 for the dorsal side (top orientation), with com-
parably similar performance across the different kernel size sets and model types. These
are summarized in Supplementary Tables S2 and S3.

However, when compared with fixed values of batch size and kernel sizes, we found
that the addition of attention would improve the performance of the model significantly
and reduce errors, as indicated in Supplementary Tables 5S4 and S5 for the performance of
the bottom-oriented and top-oriented seeds, respectively.
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Increasing the kernel depth translated to a better performance of the model in some
cases, with the best overall model working well with the second kernel size set, but this
was not always the case. We found that increasing the spatial dimensions of the kernel to
5 x 5 made the performance of the model much worse before we ceased experimenting
with higher spatial kernel dimensions.

A cross-examination of the models using scatterplots, as shown in Figure 14, demon-
strates that the original model struggles with instances on all ends and those in the middle,
and while our models with attention achieve a slight improvement with the middle-
placed values, they still also struggle with instance on the ends, especially the higher ends.
This observation was made on both the training and test datasets. Overall, all models were
able to achieve an RMSE of less than 2%.

12 12
Actual Values Actual Values

Figure 14. Scatterplot of predictions for seed protein content using the different variations of Hy-
bridSN. From left to right: original HybridSN architecture, HybridSN with global attention block,
and HybridSN with global attention and Squeeze-and-Excite network blocks. The tighter clustering
of predicted values around the ideal prediction line for the second model suggests better predictions

with less variance for that model.

These results demonstrate that our CNN model can produce results that match or
improve upon the performance of feature-based models, producing R? scores at least sim-
ilar to or higher (0.65 and 0.70) than those produced by SVR (0.65 and 0.66) in experiments
while being outperformed by the best feature-based model, Random Forest, by no more
than 9%. This is encouraging because developing end-to-end, rapid image-based Al-pow-
ered approaches is a prerequisite for determining seed composition in operational set-
tings.

The inclusion of the 3D CNN block in the HybridSN architecture allowed the model
to learn and retain valuable spectral features from the HSI, in addition to the spatial fea-
tures. This suggests that relying solely on spatial features from seed scans may be insuffi-
cient, and that retaining spectral information is crucial for accurate prediction of protein
content.

Furthermore, the inclusion of a global attention layer after the 3D CNN block and a
Squeeze-and-Excitation block improved the model’s performance. The global attention
layer allows the model to focus on the most relevant spatial-spectral features across the
entire input, while the SE network adaptively recalibrates channel-wise feature responses
in the spatial domain.

The performance gains achieved by incorporating these attention mechanisms sug-
gest that the model benefits from selectively emphasizing informative spectral and spatial
features. Notably, the global attention layer, which operates on the spectral dimension,
likely contributes to the model’s ability to better utilize the spectral information present
in the HSI data. This further supports the argument that spectral features play a crucial
role in accurately predicting protein content from wheat seed HSI scans.
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When classifying the wheat samples according to protein content in the three classes,
we found that our models were able to more easily discriminate between the different
wheat seed samples based on protein content, with a high accuracy of 0.82 for both orien-
tations on our test dataset. Additionally, we found high precision, recall, and F1 scores for
most of the models, indicating the well-balanced performance of the models in identifying
true positives while minimizing false positives. These results are available in Supplemen-
tary Tables S6 and S7. However, we found that the addition of attention mechanisms did
not improve results enough to justify their use and in some cases affected the performance
negatively across all metrics. This appears in line with findings from another study using
global attention [90].

For our study, this could be because the increased complexity of using attention
mechanisms may have led to further overfitting, especially since our dataset was small
(about 5000 per orientation). These mechanisms inherently add more parameters and lay-
ers to the model, and this often requires substantial data to help the models generalize
more.

Although feature-based approaches that utilized spectral data (indies optimized for
extracting features of interest) provided good results, they require manual selection of
indices and feature engineering, which are often challenging without subject matter ex-
pertise. Spatial and texture information of seed kernels, which has been proven to be im-
portant in previous studies, is not considered in feature-based approaches. The image-
based approaches proposed in this paper leverage both spatial and spectral features from
hyperspectral images and can be implemented in automated seed sorting and breeding
processes.

3.3. Sources of Error

The rich information contained in full-spectrum HSI data necessitates a discussion
on the possible contemporary use of the technology in real-world applications. However,
before this idea can be realized, we need to address and nullify the effects of errors that
impact negatively on the performance of our models. A few sources we identified include
the following;:

¢  The optical and surface topography properties of wheat seeds potentially play a big
role in the performance of the model, as we observed in our own results and others
[91]. The top sides of the wheat seeds (crease-down) were observed to have a
smoother surface with higher reflectivity scores than those of the bottom orientation
of the same seed. The bottom side of the seeds has an uneven surface caused by the
crease, which can result in scattering and incident reflection. A switch to using ab-
sorbance data, like Caporaso et al. [11], or harmonization of both can provide more
insight into how much impact these effects have on the final output of our modeling
efforts and result in better performances.

e  We also theorize that the sample size affected the accuracy of our predictive models.
Here, this limitation manifests in two ways. One is the actual number of wheat sam-
ples that were scanned and assessed for protein content via combustion analysis. We
had a total of nearly 10,000 samples to use for training, which limited us from exper-
imenting with advanced models such as transformers, which require massive da-
tasets for training [92,93]. Secondly, we acquired our ground-truth protein content
using Dumas combustion, which has a minimum weight limit of samples in order to
produce protein content labels. Consequently, the protein content values were ac-
quired per sample of at least 60 wheat kernels rather than per individual wheat ker-
nel. It is plausible that this disparity in granularity between the training data and the
corresponding ground-truth labels prevented a more precise mapping of the spatial-
spectral characteristics of wheat seeds with protein content.
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3.4. Future Direction

The main challenge of using HSI for single-wheat-kernel prediction of protein is the
large sizes of the datasets. The average file size of a single scanning session was easily
between 36 GB and 72 GB. Handling such large datasets requires a large amount of storage
space and computing power and can prove to be challenging for most research efforts.
One possible solution for this is to use spectral and spatial binning while performing im-
age correction during the processing stage. Binning involves downsampling the spatial or
spectral properties of our image scans to a specified degree and will reduce the file sizes
significantly at the cost of losing some information.

Secondly, to the best of our knowledge, no commercial tools exist that can co-register
VNIR and SWIR images collected with bench-top scanners at the time of writing. This can
prove to be cumbersome when you must process hundreds of datasets. We developed a
semi-automated co-registration tool that allowed for batch processing of seed scans, re-
sulting in faster processing of huge datasets.

Future research and development should focus on the scalability of the co-registra-
tion and image calibration process by introducing an accurate, fully automatic co-regis-
tration workflow. Additionally, foundational models need to be developed with increased
sample data for training large language models so that the methods developed in this
paper can be deployed in industrial settings.

4. Conclusions

The objectives of this paper were to (1) develop robust methods for seed trait predic-
tion using a bench-top hyperspectral imaging scanner in the VNIR and SWIR region; (2)
determine optimal wavelengths that are useful for the prediction of seed traits such as
protein content; and (3) investigate how the orientation of wheat kernels during scanning
affected the viability and usefulness of the data for predictive modeling.

Our results show the following:

1. The end-to-end CNN with attention mechanisms explained wheat kernel protein
content with up to 0.7 R? values. R? values were 0.70 and 0.65 for ventral and dorsal
seed orientations, respectively, indicating that seed orientation for scanning has a
significant impact on the predictive power of CNN models.

2. Consistent with many previous studies, feature-based RF outperformed the direct
imagery-based CNN with a higher R*2 of 0.77. However, feature engineering re-
quires expert knowledge of the features (spectral indices in our case) and is time-
consuming, not being scalable for operational scenarios. End-to-end prediction capa-
bilities with CNNs are preferred for the automation of wheat protein estimation for
breeding.

3. The CNN model predicted low, medium, and high protein concentrations with an
R”2 of 0.82. The finding is significant because this type of classification provides more
meaningful means (compared to estimating the exact amount of protein content) for
crop breeding and seed profiling. Classification-based seed profiling with hyperspec-
tral imaging and machine learning techniques plays a pivotal role in advancing pre-
cision breeding practices, optimizing seed sorting processes, and enabling targeted
agricultural input applications.

4.  Sensitivity analysis showed that NIR bands outperform all other hyperspectral bands
for seed protein content estimation and have higher importance scores for models.
However, when combined with information from other bands in the hyperspectral
range, it was possible to produce more robust models.

Our study highlights significant potential for advancing agricultural practices in a
targeted and efficient way. By moving beyond traditional NIR spectroscopy and
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incorporating a broader spectrum of data, we can deepen our understanding of factors
that influence seed quality, with far-reaching implications including the following:

1.  Enabling more precise breeding practices by enabling breeders to accurately and rap-
idly predict desirable qualities of seeds, with the knock-on effect of improved yield
and higher quality crops.

2. Additionally, this technology could also lead to a more targeted use of agricultural
inputs, such as fertilizers and pesticides, based on the genetic information of the seed
material, as identified by our model.

3. Further, the orientation-dependent findings in our study suggest that a customized
approach to agricultural machinery and processes is necessitated and should be
geared towards optimizing seed handling in a manner that ensures high accuracy.

Supplementary Materials: The following supporting information can be downloaded at
https://www.mdpi.com/article/10.3390/s25020303/s1: Table S1: Best performing ML models for pro-
tein content regression; Table S2: Best performing deep learning models for protein content regres-
sion (bottom orientation); Table S3: Best performing deep learning models for protein content re-
gression (top orientation); Table S4: Comparison of effects of different hyperparameter combina-
tions on final coefficient of determination scores and reported errors for the different CNN architec-
tures (bottom orientation); Table S5: Comparison of effects of different hyperparameter combina-
tions on final coefficient of determination scores and reported errors for the different CNN architec-
tures (top orientation); Table S6: Evaluation of protein content classification models for the different
CNN architectures and different combinations of hyperparameters (bottom orientation); Table S7:
Evaluation of protein content classification models for the different CNN architectures and different

combinations of hyperparameters (top orientation).

Author Contributions: Conceptualization, V.S. and K.T.P.; methodology, 1.5, H.A,, KT.P,, A.S,,
N.A.S.and V.S software, LS. and O.A.A ; validation, V.S, K.T.P., LS., S.S. and H.A; formal analysis,
L.S.; investigation, L.S., V.S. and K.T.P.; resources, V.S. and K.T.P.; data curation, 1.5, S.S. and A.M.;
writing —original draft preparation, L.S.; writing —review and editing, V.S, K.T.P,, H.A,,S.S, O.A.A.,
AS., AM. and N.A.S; visualization, L.S.; supervision, V.S. and K.T.P.; project administration, V.S,;
funding acquisition, K.T.P. and V.S. All authors have read and agreed to the published version of

the manuscript.

Funding: This work was financially supported by Bayer Crop Science and the Saint Louis University

Research Innovation Fund.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are not available for public release.

Conflicts of Interest: Author Kyle T. Peterson was employed by the company Bayer Crop Science.
The remaining authors declare that the research was conducted in the absence of any commercial

or financial relationships that could be construed as a potential conflict of interest.

1.  Shewry, P.R; Hey, S.J. The contribution of wheat to human diet and health. Food Energy Secur. 2015, 4, 178-202.
https://doi.org/10.1002/fes3.64.

2. Farouk, M.M.; Yoo, M.J.Y.; Hamid, N.S.A.; Staincliffe, M.; Davies, B.; Knowles, S.0. Novel meat-enriched foods for older
consumers. Food Res. Int. 2018, 104, 134-142. https://doi.org/10.1016/j.foodres.2017.10.033.

3.  Kniskern, M.A ; Johnston, C.S. Protein dietary reference intakes may be inadequate for vegetarians if low amounts of animal
protein are consumed. Nutrition 2011, 27, 727-730. https://doi.org/10.1016/j.nut.2010.08.024.



Sensors 2025, 25, 303 28 of 31

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

Smith, F.; Pan, X.Y.; Bellido, V.; Toole, G.A.; Gates, F.K.; Wickham, M.S.].; Shewry, P.R.; Bakalis, S.; Padfield, P.; Mills, ENN.C.
Digestibility of gluten proteins is reduced by baking and enhanced by starch digestion. Mol. Nutr. Food Res. 2015, 59, 2034-2043.
https://doi.org/10.1002/mnfr.201500262.

Gorissen, S.H.M.; Horstman, A.M.H.; Franssen, R.; Crombag, ]J.J.R.; Langer, H.; Bierau, J.; Respondek, F.; van Loon, L.J.C.
Ingestion of Wheat Protein Increases In Vivo Muscle Protein Synthesis Rates in Healthy Older Men in a Randomized Trial. J.
Nutr. 2016, 146, 1651-1659. https://doi.org/10.3945/jn.116.231340.

Shewry, P. What Is Gluten-Why Is It Special? Front. Nutr. 2019, 6, 101. https://doi.org/10.3389/fnut.2019.00101.

Wieser, H.; Koehler, P.; Scherf, K.A. Chemistry of wheat gluten proteins: Qualitative composition. Cereal Chem. 2023, 100, 23—
35. https://doi.org/10.1002/cche.10572.

Nicolai, B.M.; Beullens, K.; Bobelyn, E.; Peirs, A.; Saeys, W.; Theron, K.I.; Lammertyn, ]. Nondestructive measurement of fruit
and vegetable quality by means of NIR spectroscopy: A review. Postharvest Biol. Technol. 2007, 46, 99-118.
https://doi.org/10.1016/j.postharvbio.2007.06.024.

Kokaly, R.F.; Couvillion, B.R.; Holloway, ].M.; Roberts, D.A_; Ustin, S.L.; Peterson, S.H.; Khanna, S.; Piazza, S.C. Spectroscopic
remote sensing of the distribution and persistence of oil from the Deepwater Horizon spill in Barataria Bay marshes. Remote
Sens. Environ. 2013, 129, 210-230. https://doi.org/10.1016/j.rse.2012.10.028.

Baye, T.M.; Pearson, T.C.; Settles, A.M. Development of a calibration to predict maize seed composition using single kernel near
infrared spectroscopy. J. Cereal Sci. 2006, 43, 236—243. https://doi.org/10.1016/j.jcs.2005.11.003.

Caporaso, N.; Whitworth, M.B.; Fisk, 1.D. Protein content prediction in single wheat kernels using hyperspectral imaging. Food
Chem. 2018, 240, 32-42. https://doi.org/10.1016/j.foodchem.2017.07.048.

Fu, D.D.; Zhou, ].F.; Scaboo, A.M.; Niu, X.F. Nondestructive phenotyping fatty acid trait of single soybean seeds using reflective
hyperspectral imagery. J. Food Process Eng. 2021, 44, €13759. https://doi.org/10.1111/jfpe.13759.

Zhang, L.; Wang, Y.Q.; Wei, Y.G.; An, D. Near-infrared hyperspectral imaging technology combined with deep convolutional
generative adversarial network to predict oil content of single maize kernel. Food Chem. 2022, 370, 131047.
https://doi.org/10.1016/j.foodchem.2021.131047.

Zhang, L.; Zhang, Q.; Wu, J.Z; Liu, Y.T.; Yu, L.; Chen, Y.Y. Moisture detection of single corn seed based on hyperspectral
imaging and deep learning. Infrared Phys. Technol. 2022, 125, 104279. https://doi.org/10.1016/j.infrared.2022.104279.

Caporaso, N.; Whitworth, M.B.; Fisk, I.D. Near-Infrared spectroscopy and hyperspectral imaging for non-destructive quality
assessment of cereal grains. Appl. Spectrosc. Rev. 2018, 53, 667-687. https://doi.org/10.1080/05704928.2018.1425214.

Saha, D.; Senthilkumar, T.; Sharma, S.; Singh, C.B.; Manickavasagan, A. Application of near-infrared hyperspectral imaging
coupled with chemometrics for rapid and non-destructive prediction of protein content in single chickpea seed. J. Food Compos.
Anal. 2023, 115, 104938. https://doi.org/10.1016/j.jfca.2022.104938.

Wang, L.; Tian, Y.; Yao, X.; Zhu, Y.; Cao, W. Predicting grain yield and protein content in wheat by fusing multi-sensor and
multi-temporal remote-sensing images. Field Crops Res. 2014, 164, 178-188. https://doi.org/10.1016/j.fcr.2014.05.001.

Wang, Z.; Huang, W.; Tian, X.; Long, Y.; Li, L.; Fan, S. Rapid and Non-destructive Classification of New and Aged Maize Seeds
Using Hyperspectral Image and Chemometric Methods. Front. Plant Sci. 2022, 13, 849495.
https://doi.org/10.3389/fpls.2022.849495.

Yang, S.; He, D.; Ning, J. Predicting wheat kernels’ protein content by near infrared hyperspectral imaging. Int. |. Agric. Biol.
Eng. 2016, 9, 163-170. https://doi.org/10.3965/;.ijabe.20160902.1701.

Pasikatan, M.C.; Dowell, F.E. High-speed NIR segregation of high- and low-protein single wheat seeds. Cereal Chem. 2004, 81,
145-150, doi:Doi 10.1094/Cchem.2004.81.1.145.

Mishra, P.; Lohumi, S. Improved prediction of protein content in wheat kernels with a fusion of scatter correction methods in
NIR data modelling. Biosyst. Eng. 2021, 203, 93-97. https://doi.org/10.1016/j.biosystemseng.2021.01.003.

Delwiche, S.R.; Hruschka, W.R. Protein content of bulk wheat from near-infrared reflectance of individual kernels. Cereal Chem.
2000, 77, 86-88. https://doi.org/10.1094/CCHEM.2000.77.1.86.

Liu, Y.; Delwiche, S.R.; Graybosch, R.A. Two-dimensional correlation analysis of near infrared spectral intensity variations of
ground wheat. J. Near Infrared Spectrosc. 2009, 17, 41-50.

Pasquini, C. Near Infrared Spectroscopy: Fundamentals, practical aspects and analytical applications. ]. Braz. Chem. Soc. 2003,
14, 198-219. https://doi.org/10.1590/S0103-50532003000200006.

Eldin, A.B.; Akyar, I. Near infra red spectroscopy. In Wide Spectra of Quality Control; InTech: Rijeka, Croatia, 2011; pp. 237-248.

Hyspex. HySpex VNIR-3000N. Available online: https://www.hyspex.com/media/ehbhuyge/hyspex_vnir-3000n.pdf (accessed
on 1 July 2024).



Sensors 2025, 25, 303 29 of 31

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.
45.

46.

47.

Hyspex. HySpex SWIR-640. Available online: https://www.hyspex.com/hyspex-products/hyspex-classic/hyspex-swir-640/
(accessed on 1 July 2024).

Hyspex. Full Range Light Source. Available online: https://www.hyspex.com/hyspex-products/accessories/light-sources/full-
range-light-source/ (accessed on 1 July 2024).

Muinoz-Huerta, R.F.; Guevara-Gonzalez, R.G.; Contreras-Medina, L.M.; Torres-Pacheco, I.; Prado-Olivarez, ].; Ocampo-
Velazquez, R.V. A Review of Methods for Sensing the Nitrogen Status in Plants: Advantages, Disadvantages and Recent
Advances. Sensors 2013, 13, 10823-10843. https://doi.org/10.3390/s130810823.

Serrano, S.; Rincén, F.; Garcia-Olmo, J. Cereal protein analysis via Dumas method: Standardization of a micro-method using
the EuroVector Elemental Analyser. J. Cereal Sci. 2013, 58, 31-36. https://doi.org/10.1016/j.jcs.2013.04.006.

Beljkas, B.; Matic, J.; Milovanovic, L.; Jovanov, P.; Misan, A.; Saric, L. Rapid method for determination of protein content in
cereals and oilseeds: Validation, measurement uncertainty and comparison with the Kjeldahl method. Accredit. Qual. Assur.
2010, 15, 555-561. https://doi.org/10.1007/s00769-010-0677-6.

Jung, S.; Rickert, D.A.; Deak, N.A.; Aldin, E.D.; Recknor, J.; Johnson, L.A.; Murphy, P.A. Comparison of Kjeldahl and Dumas
methods for determining protein contents of soybean products. ]. Am. Oil Chem. Soc. 2003, 80, 1169-1173.
https://doi.org/10.1007/s11746-003-0837-3.

Wiles, P.G.; Gray, L.K,; Kissling, R.C. Routine analysis of proteins by Kjeldahl and Dumas methods: Review and interlaboratory
study using dairy products. J. Aoac Int. 1998, 81, 620-632.

Agelet, L.E.; Hurburgh, C.R. Limitations and current applications of Near Infrared Spectroscopy for single seed analysis. Talanta
2014, 121, 288-299. https://doi.org/10.1016/j.talanta.2013.12.038.

Schlédpfer, D.; Richter, R.; Feingersh, T. Operational BRDF Effects Correction for Wide-Field-of-View Optical Scanners
(BREFCOR). IEEE Trans. Geosci. Remote Sens. 2015, 53, 1855-1864. https://doi.org/10.1109/Tgrs.2014.2349946.

Bhadra, S.; Sagan, V.; Sarkar, S.; Braud, M.; Mockler, T.C.; Eveland, A.L. PROSAIL-Net: A transfer learning-based dual stream
neural network to estimate leaf chlorophyll and leaf angle of crops from UAV hyperspectral images. ISPRS ]. Photogramm.
Remote Sens. 2024, 210, 1-24. https://doi.org/10.1016/j.isprsjprs.2024.02.020.

Wang, Y.K,; Gu, Y.F,; Li, XM. A Novel Low Rank Smooth Flat-Field Correction Algorithm for Hyperspectral Microscopy
Imaging. IEEE Trans. Med. Imaging 2022, 41, 3862-3872. https://doi.org/10.1109/Tmi.2022.3198946.

Kask, P.; Palo, K.; Hinnah, C.; Pommerencke, T. Flat field correction for high-throughput imaging of fluorescent samples. J.
Microsc. 2016, 263, 328-340. https://doi.org/10.1111/jmi.12404.

Sagan, V.; Maimaitijiang, M.; Paheding, S.; Bhadra, S.; Gosselin, N.; Burnette, M.; Demieville, J.; Hartling, S.; LeBauer, D.;
Newcomb, M.; et al. Data-Driven Artificial Intelligence for Calibration of Hyperspectral Big Data. IEEE Trans. Geosci. Remote
Sens. 2022, 60, 5510320. https://doi.org/10.1109/Tgrs.2021.3091409.

Jiao, Z.T.; Schaaf, C.B.; Dong, Y.D.; Roman, M.; Hill, M.].; Chen, ].M.; Wang, Z.S.; Zhang, H.; Saenz, E.; Poudyal, R.; et al. A
method for improving hotspot directional signatures in BRDF models used for MODIS. Remote Sens. Environ. 2016, 186, 135
151. https://doi.org/10.1016/j.rse.2016.08.007.

Lenhard, K.; Baumgartner, A.; Gege, P.; Nevas, S.; Nowy, S.; Sperling, A. Impact of Improved Calibration of a NEO HySpex
VNIR-1600 Sensor on Remote Sensing of Water Depth. IEEE Trans. Geosci. Remote Sens. 2015, 53, 6085-6098.
https://doi.org/10.1109/TGRS.2015.2431743.

OpenCV. Geometric Image Transformations. Available online:
https://docs.opencv.org/4.x/da/d54/group__imgproc__transform.html (accessed on 14 July 2024.

Reddy, B.S.; Chatterji, B.N. An FFT-based technique for translation, rotation, and scale-invariant image registration. I[EEE Trans.
Image Process. 1996, 5, 1266-1271. https://doi.org/10.1109/83.506761.

Gottesfeld, L. A Survey of Image Registration. ACM Comput. Surv. 1992, 24, 326-376.

Lowe, D.G. Distinctive image features from scale-invariant keypoints. Int. ]. Comput. Vis. 2004, 60, 91-110, doi:Doi
10.1023/B:Visi.0000029664.99615.94.

Bay, H.; Tuytelaars, T.; Van Gool, L. SURF: Speeded Up Robust Features. Comput. Vis. Image Underst. 2006, 110, 346-359.
https://doi.org/10.1007/11744023_32.

OpenCV. Camera Calibration and 3D Reconstruction. Available online:
https://docs.opencv.org/4.x/d9/d0c/group__calib3d. html#ggaf63d4c617c61e03ab502b3c836966150a724159df258a5d7e29410a6a
2f4e6c87 (accessed on 15 July 2024).



Sensors 2025, 25, 303 30 of 31

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.
70.
71.
72.

Maimaitijiang, M.; Sagan, V.; Bhadra, S.; Nguyen, C.; Mockler, T.C.; Shakoor, N. A fully automated and fast approach for canopy
cover estimation using super high-resolution remote sensing imagery. ISPRS Ann. Photogramm. Remote Sens. Spat. Inf. Sci. 2021,
3, 219-226. https://doi.org/10.5194/isprs-annals-V-3-2021-219-2021.

Shu, M.Y.; Zuo, ].Y.; Shen, M.Y; Yin, P.F.; Wang, M.; Yang, X.H.; Tang, ].H.; Li, B.G.; Ma, Y.T. Improving the estimation accuracy
of SPAD values for maize leaves by removing UAV hyperspectral image backgrounds. Int. |. Remote Sens. 2021, 42, 5864-5883.
https://doi.org/10.1080/01431161.2021.1931539.

Xu, L.; Jia, HM.; Lang, C.B.; Peng, X.X; Sun, K.J. A Novel Method for Multilevel Color Image Segmentation Based on Dragonfly
Algorithm and Differential Evolution. IEEE Access 2019, 7, 19502-19538. https://doi.org/10.1109/Access.2019.2896673.

Su, Y.; Xiao, L.-T. 3D Visualization and Volume-Based Quantification of Rice Chalkiness In Vivo by Using High Resolution
Micro-CT. Rice 2020, 13, 69. https://doi.org/10.1186/s12284-020-00429-w.

Mittal, S.; Dutta, M.K,; Issac, A. Non-destructive image processing based system for assessment of rice quality and defects for
classification according to inferred commercial value. Measurement 2019, 148, 106969.
https://doi.org/10.1016/j.measurement.2019.106969.

Gonzalez, R.C.; Woods, R.E. Digital Image Processing, 4th ed.; Pearson Education Limited: Harlow, Essex, UK, 2018.

OpenCV. Morphological Transformations. Available online:
https://docs.opencv.org/4.x/d9/d61/tutorial_py_morphological_ops.html (accessed on 15 July 2024).

Roychoudhury, A.; Missura, M.; Bennewitz, M. Plane Segmentation Using Depth-Dependent Flood Fill. In Proceedings of the
2021 IEEE/RS] International Conference on Intelligent Robots and Systems (IROS), Prague, Czech Republic, 27 September—1
October 2021. https://doi.org/10.1109/IROS51168.2021.9635930.

Essamlali, A.; Millot-Maysounabe, V.; Chartier, M.; Salin, G.; Becq, A.; Arrivé, L.; Camus, M.D.; Szewczyk, J.; Claude, I. Bile
Duct Segmentation Methods Under 3D Slicer Applied to ERCP: Advantages and Disadvantages. Int. ]. Biomed. Eng. Clin. Sci.
2023, 9, 66-74. https://doi.org/10.11648/j.ijbecs.20230904.11.

Januszewski, M.; Maitin-Shepard, J.; Li, P.; Kornfeld, J.; Denk, W.; Jain, V. Flood-Filling Networks. arXiv 2016, arXiv:1611.00421.
OpenCV. Miscellaneous Image Transformations. Available online:
https://docs.opencv.org/4.x/d7/d1b/group__imgproc__misc.html (accessed on 15 July 2024).

OpenCV. Structural Analysis and Shape Descriptors: connectedComponentsWithStats.  Available  online:
https://docs.opencv.org/4.x/d3/dc0/group__imgproc__shape.html#gal07a78bf7cd25dec05fb4dfc5c9e765f (accessed on 15 July
2024).

Manley, M. Near-infrared spectroscopy and hyperspectral imaging: Non-destructive analysis of biological materials. Chem. Soc.
Rev. 2014, 43, 8200-8214. https://doi.org/10.1039/C4CS00062E.

Lowe, A.; Harrison, N.; French, A.P. Hyperspectral image analysis techniques for the detection and classification of the early
onset of plant disease and stress. Plant Methods 2017, 13, 80. https://doi.org/10.1186/s13007-017-0233-z.

Li, Y.; Zhang, H.K.; Shen, Q. Spectral-Spatial Classification of Hyperspectral Imagery with 3D Convolutional Neural Network.
Remote Sens. 2017, 9, 67. https://doi.org/10.3390/rs9010067.

Savitzky, A.; Golay, M.].E. Smoothing and Differentiation of Data by Simplified Least Squares Procedures. Anal. Chem. 2002, 36,
1627-1639. https://doi.org/10.1021/ac60214a047.

Scipy. scipy.signal.savgol_filter. Available online:
https://docs.scipy.org/doc/scipy/reference/generated/scipy.signal.savgol_filter.html (accessed on 15 July 2024).

Ben-Dor, E.; Chabrillat, S.; Dematté, ].A.M.; Taylor, G.R.; Hill, ]J.; Whiting, M.L.; Sommer, S. Using Imaging Spectroscopy to
study soil properties. Remote Sens. Environ. 2009, 113, S38-555. https://doi.org/10.1016/j.rse.2008.09.019.

Stevens, A.; Udelhoven, T.; Denis, A.; Tychon, B.; Lioy, R.; Hoffmann, L.; van Wesemael, B. Measuring soil organic carbon in
croplands at regional scale using airborne imaging  spectroscopy.  Geoderma 2010, 158,  32-45.
https://doi.org/10.1016/j.geoderma.2009.11.032.

Dong, X.; Feng, G.; Zemach, I. Using normalized difference vegetation index to estimate sesame drydown and seed yield. J.
Crop Improv. 2021, 35, 508-521.

Hoyos-Villegas, V.; Fritschi, F.B. Relationships Among Vegetation Indices Derived from Aerial Photographs and Soybean
Growth and Yield. Crop Sci. 2013, 53, 2631-2642. https://doi.org/10.2135/cropsci2013.02.0126.

Jollife, I.T. Principal Component Analysis, 2 ed.; Springer: Berlin/Heidelberg, Germany, 2002.

Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning; Springer: Berlin/Heidelberg, Germany, 2009.
Breiman, L. Random forests. Mach. Learn. 2001, 45, 5-32. https://doi.org/10.1023/A:1010933404324.

Liaw, A.; Wiener, M. Classification and regression by randomForest. R News 2002, 2, 18-22.



Sensors 2025, 25, 303 31 of 31

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

Drucker, H.; Burges, C.J.C,; Kaufman, L.; Smola, A.; Vapnik, V. Support Vector Regression Machines. In Proceedings of the
Advances in Neural Information Processing Systems 9 (NIPS 1996), Denver, CO, USA, 2-5 December 1996.

Smola, AJ; Schélkopf, B. A tutorial on support vector regression. Stat. Comput. 2004, 14, 199-222.
https://doi.org/10.1023/B:Stco.0000035301.49549.88.

Chen, J.; Zhu, S.; Zhao, G. Rapid determination of total protein and wet gluten in commercial wheat flour using siSVR-NIR.
Food Chem. 2017, 221, 1939-1946. https://doi.org/10.1016/j.foodchem.2016.11.155.

Singh, N.; Kaur, S.; Philanim, W.S.; Kumar, A.; Sharma, P.; Ananthan, R.; Bhardwaj, R. Integrating NIR spectroscopy with
machine learning and heuristic algorithm-assisted wavelength selection algorithms for protein content prediction in rice bean
(Vigna umbellata L.). Food Humanit. 2024, 3, 100399. https://doi.org/10.1016/j.foohum.2024.100399.

LeCun, Y.A.; Bottou, L.; Orr, G.B.; Miiller, K.R. Efficient BackProp. In Neural Networks: Tricks of the Trade; Springer:
Berlin/Heidelberg, Germany, 1998.

Sergey loffe, C.S. Batch normalization: Accelerating deep network training by reducing internal covariate shift. In Proceedings
of the International Conference on Machine Learning, Lille, France, 6-11 July 2015; pp. 448-456.

He, K,; Zhang, X.; Ren, S.; Sun, ]. Deep Residual Learning for Image Recognition. In Proceedings of the Computer Vision and
Pattern Recognition (CVPR), Las Vegas, Nevada, USA, 27-30 June 2016.

Srivastava, N.; Hinton, G.; Krizhevsky, A.; Sutskever, I.; Salakhutdinov, R. Dropout: A Simple Way to Prevent Neural Networks
from Overfitting. . Mach. Learn. Res. 2014, 15, 1929-1958.

Donoho, D. High-Dimensional Data Analysis: The Curses and Blessings of Dimensionality. AMS Math Chall. Lect. 2000, 1, 32.
Aggarwal, C.; Hinneburg, A.; Keim, D. On the Surprising Behavior of Distance Metric in High-Dimensional Space. In Database
Theory—ICDT 2001, Proceedings of the 8th International Conference, London, UK, 4-6 January 2001; Lecture notes in computer
science; Van den Bussche, ., Vianu, V., Eds.; Springer: Berlin/Heidelberg, Germany, 2001; Volume 1973, pp. 420-434.

Trunk, G.V. A Problem of Dimensionality: A Simple Example. IEEE Trans. Pattern Anal. Mach. Intell. 1979, PAMI-1, 306-307.
https://doi.org/10.1109/TPAMI.1979.4766926.

Sikakollu, P.; Dash, R. Ensemble of multiple CNN classifiers for HSI classification with Superpixel Smoothing. Comput. Geosci.
2021, 154, 104806. https://doi.org/10.1016/j.cageo.2021.104806.

Paoletti, M.E.; Haut, ].M.; Plaza, ].; Plaza, A. A new deep convolutional neural network for fast hyperspectral image
classification. ISPRS ]. Photogramm. Remote Sens. 2018, 145, 120-147. https://doi.org/10.1016/j.isprsjprs.2017.11.021.

Ben Hamida, A.; Benoit, A.; Lambert, P.; Ben Amar, C. 3-D Deep Learning Approach for Remote Sensing Image Classification.
IEEE Trans. Geosci. Remote Sens. 2018, 56, 4420-4434.

Roy, S.K,; Krishna, G.; Dubey, S.R.; Chaudhuri, B.B. HybridSN: Exploring 3-D-2-D CNN Feature Hierarchy for Hyperspectral
Image Classification. IEEE Geosci. Remote Sens. Lett. 2019, 17, 277-281.

Liu, Y.; Shao, Z.; Hoffmann, N. Global Attention Mechanism: Retain Information to Enhance Channel-Spatial Interactions. In
Proceedings of the Computer Vision and Pattern Recognition (CVPR), Nashville, TN, USA, 20-25 June 2021.

Hu, J.; Shen, L.; Sun, G. Squeeze-and-Excitation Networks. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), Salt Lake City, UT, USA, 18-23 June 2018.

Hu, F,; Cui, Z.; Wu, S;; Liu, Q.; Wu, J.; Wang, L.; Tan, T. Second-Order Global Attention Networks for Graph Classification and
Regression (Abstract). In Artificial Intelligence, Proceedings of the Second CAAI International Conference, CICAI 2022, Beijing, China,
27-28 August 2022; Springer: Berlin/Heidelberg, Germany, 2022; pp. 496-507.

Wesley, 1].; Osborne, B.G.; Larroque, O.; Bekes, F. Measurement of the Protein Composition of Single Wheat Kernels Using
near Infrared Spectroscopy. J. Near Infrared Spectrosc. 2008, 16, 505-516. https://doi.org/10.1255/jnirs.820.

Khan, S.; Naseer, M.; Hayat, M.; Zamir, S.W.; Khan, E.S.; Shah, M. Transformers in vision: A survey. ACM Comput. Surv. (CSUR)
2022, 54, 1-41.

Wang, W.; Zhang, ].; Cao, Y.; Shen, Y.; Tao, D. Towards Data-Efficient Detection Transformers. In Computer Vision—ECCV 2022,
Proceedings of the 17th European Conference, Tel Aviv, Israel, 23—-27 October 2022; Springer: Berlin/Heidelberg, Germany, 2022; pp.
88-105.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.



