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ABSTRACT Hyperspectral imaging serves as a powerful tool for environmental studies, enabling the capture
of significant properties in the objects being analyzed. These hidden properties may not be discernible
through traditional RGB analysis, thus enhancing the distinguishability of target classes. Machine learning
(ML) algorithms are widely utilized for processing hyperspectral data in tasks such as image classification
or segmentation. Despite the rich hyperspectral feature space, ML-based approaches often struggle with the
challenges posed by varying outdoor lighting conditions, leading to instability in the developed solutions.
Furthermore, traditional segmentation methods designed for RGB images need to be adapted to ensure
robust performance when applied to hyperspectral images (HSI). This work proposes a robust method
for the classification of HSI in the outdoor environment under varying lighting conditions. A calibration
procedure for hyperspectral sensor sensitivity has been proposed, ensuring improved quality of input data
and, consequently, enhanced performance of models in solving hyperspectral image classification tasks.
The paper also proposes a novel architecture, the Deep Spectral Spatial Transformer (DSST), which is
employed as the classifier. This architecture leverages a deeper feature extractor to ensure robustness in
various lightning conditions. Among these, standardization within individual channels yielded the best
results. The applicability of the proposed approach is validated in the weed detection task in an agricultural
field. The data collected were captured using a pushbroom hyperspectral sensor. A series of comparative
experiments were conducted on a range of classification algorithms, encompassing both traditional ML
algorithms and contemporary neural network architectures developed in recent years. The proposed DSST
architecture demonstrated superior performance metrics, with values of 0.911 and 0.907 on F1-Score and
Accuracy, respectively.

INDEX TERMS Hyperspectral imaging, computer vision, precision agriculture, transformers, pushbroom,
machine learning.

I. INTRODUCTION
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comprehensive analysis of the reflectance properties of
various surfaces. This technology relies on the quantifica-
tion of light acquired by photodiodes and its conversion
into hundreds or thousands of bands [1]. Two primary
types of sensors are utilized for HSI acquisition: charge-
coupled devices (CCD) and complementary metal-oxide-
semiconductor (CMOS), which differ in their processing
of incoming energy [2]. Recent advancements in sensing
techniques and device development have sparked increased
interest in the utilization of hyperspectral imaging across
various scientific and commercial domains, owing to their
enhanced availability, lightweight nature, and accuracy. The
hyperspectral imaging techniques surpass traditional RGB
sensing by enabling spectrum analysis beyond the visi-
ble spectrum, thereby facilitating improved differentiation
between objects and materials of both natural and artificial
origin.

The hyperspectral imaging techniques are employed
in various applications where visual similarity between
considered classes occurs. The distanciation of artificial
materials based on spectrum signatures is implemented for
the separation of polyolefin waste plastics, which is not
always feasible in the visible spectral range [3]. Currently, the
hyperspectral imaging devices are widely integrated on board
uncrewed aerial vehicles (UAVs) for spatial data mining and
land cover analysis. For example, they can be utilized in
geological applications and mineral exploration studies [4].
In forestry research, hyperspectral imaging is used to estimate
various inventory properties such as dominant species, age,
height, and growing stock volume, which are challenging to
estimate based solely on RGB scanning [5]. Additionally, the
hyperspectral imaging plays a significant role in precision
agriculture by classifying plant types and assessing growing
conditions for informed decision-making by farmers [6].

Similar to general RGB images, HSI can be processed
automatically to facilitate quantitative and qualitative assess-
ment of studied objects and phenomena. The typical pipeline
for conducting analysis based on the hyperspectral imaging
involves the following steps: data collection, imagery pro-
cessing, algorithm development, and its subsequent applica-
tion. The first stage usually involves spectral calibration and
correction tasks. Imagery pre-processing addresses problems
such as noise reduction, data standardization, and extraction
of non-mixed spectra [7].

For the automatic extraction of desired information,
classical computer vision approaches or ML techniques
can be employed [8]. Classical approaches often rely on
hyperspectral vegetation indices that use physically-informed
formulations to measure structural, biochemical, and phys-
iological parameters of surfaces [9]. These indices are
computed using combinations of multiple bands and com-
pared against empirically predefined thresholds to classify
surface types. ML algorithms, when trained with labeled
data, offer another approach for information extraction, with
varying levels of complexity and data handling specificity.
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The task of classifying HSI involves the per-pixel mapping
of hyperpixels in a HSI to class labels. To solve this task,
classical ML methods such as SVM [10], [11], Random
Forest [12], [13], KNN [14], [15], and others can be
applied. Despite the rich spectral information provided by
the high dimensionality of the hyperspectral imaging data,
specialized algorithms are necessary for processing this data
type. Conventional ML and deep learning (DL) algorithms
developed for general computer vision tasks often struggle
to handle the hyperspectral imaging data accurately. The
use of advanced DL approaches has significantly improved
classification performance, including the use of convolutional
networks employing 1D, 2D, 3D convolutions, as well as
their combinations [16], [17], [18], [19], [20]. Meta-learning
[21], GANs [22] and KANs [19] based approaches are
also used, showing high classification quality. Recently,
approaches based on transformer architectures have been
gaining popularity [23], [24], [25].

Another challenge arises from variations in lighting
conditions, particularly in outdoor (field) environments,
which introduce additional processing instabilities in cap-
tured spectrum measurements. This challenge becomes more
pronounced with small datasets where obtaining a sufficient
number of samples is difficult. While image augmentations
in general computer vision are designed to address this
problem [26], applying color augmentation straightforwardly
to multispectral or the hyperspectral imaging data is complex
due to intricate spectrum connections [27]. Consequently,
several studies focus on minimizing the impact of external
conditions on acquired the hyperspectral imaging data
through pixel- and channel-wise data standardization [28].

In this study, our aim is to address several key challenges
encountered in the hyperspectral imaging data analysis.
The first challenge involves developing a customized DL
architecture to solve the image segmentation task for the
hyperspectral imaging with a limited number of training
samples. Another challenge arises from the diverse out-
door (field) conditions influenced by weather and lighting.
Lastly, our objective is to establish a pipeline for HSI
data processing and segmentation. For the experiments we
used data obtained by a pushbroom hyperspectrometer built
according to the Offner scheme (hereinafter we will use the
term - “‘hyperspectrometer’”). This type of hyperspectrometer
is more affordable and allows for the acquisition of a
significantly larger number of spectral channels compared
to full-frame hyperspectrometers, making it advantageous
for precision agriculture applications [29], [30]. For spectral
calibration of the HSI, we used the ColorChecker Video as a
cost-effective alternative to the Spectralon diffuse reflectance
standard. To achieve invariance to lighting conditions,
we developed and proposed a transformer architecture with a
spatial-spectral feature extractor (Figure 1). The experiments
included comparative analysis of several existing approaches
based on ML and DL algorithms. The main contributions of
the study are the following:
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FIGURE 1. Proposed study workflow for hyperspectral image segmentation using deep spectral-spatial transformer.

o We proposed an effective pipeline for HSI analysis
using ML-based algorithms for lighting invariance
improvement;

o We explored different preprocessing techniques for HSI
analysis;

« We proposed a hyperspectral sensor sensitivity calibra-
tion algorithm that improves the quality of the acquired
data and, consequently, enhances the performance of
classification models;

o We conducted comprehensive study with different ML
and DL algorithms;

« We proposed an novel deep spatial-spectral architecture
for HSI data analysis based on transformer block
(DSST), which is designed to enhance the robustness of
the system.

Il. MATERIALS AND METHODS

A. DATASET COLLECTION AND PREPROCESSING

1) STUDY AREA

The study area for the survey is located in the Samara region,
Privolzhsky district, Privolzhye, in the fields of Agriculture
Holding Tsirulev E.P., near the coordinates latitude 52.81,
longitude 48.61. The survey dates were from July 10 to
20, 2021. The selected survey areas included cultivated
and irrigated plots, predominantly with a homogeneous
distribution of a single agricultural crop across the survey
area, as well as areas where several agricultural crops
bordered each other.
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2) HYPERSPECTRAL IMAGING
For the experiments we used data obtained by a pushbroom
hyperspectrometer built according to the Offner scheme
(hereinafter we will use the term - hyperspectrometer).
A hyperspectral sensor mounted on a special tripod equipped
with an angular rotation drive capable of setting the rotation
speed in the range of 0.2 to 3 revolutions per minute. The
hyperspectrometer was positioned during the survey so that
the slit aperture was perpendicular to the spatial scanning
vector. This hyperspectrometer is described in detail and was
used in [31]. Each object has a unique spectral reflection
characteristic, allowing for the unambiguous identification
of the materials that make up its structure. In addition
to the two standard coordinates, a spectral coordinate is
added to each pixel of the hyperspectral image, providing a
three-dimensional data space. In other words, each point of
the image corresponds to a spectrum obtained at that point
of the imaged object.

The spectrum S;(x) (a hyperpixel at the point x) registered
in the HSI [32], [33] at a given point is formed as follows:

AitAL;
Si(x) = / I(AM)RX, M)Ts(A)d A )
A
where

- ) is the wavelength;

- ); is the wavelength i-th spectral channel of the HSI;

- A); is the width of the i-th spectral registration interval;

- T is the spectral transmittance of the sensor of the registering
the hyperspectral imaging camera;
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FIGURE 2. Color synthesis of HSI 1.

FIGURE 3. Color synthesis of HSI 2.

- R is the object’s reflection spectrum;
- I is the spectrum of light source. The range of wavelengths is
determined by the spectral sensitivity range of the registering
camera.

Assuming equal spectral registration intervals of the HSI,
in Equation 1 we obtain:

Ait+AL
Si(x) = / TR, M)Ts(A)d )
Ai

Two HSI of agricultural crops obtained by the pushbroom
hyperspectometer are presented in Figures 2 and 3. These
images have resolution of 960 x 3000 pixels and 250 spectral
channels, with a spectral resolution of approximately 2.5 nm
in the range of 420-980 nm. The study location contains
three vegetation classes: oats, corn, and the weed species
Amaranthus growing between them.

The tripod is also equipped with a mechanical device that
allows setting various angles of inclination of the camera
relative to the subject being photographed. The imaging
was conducted under partially cloudy weather conditions
with moderate wind speeds of 2 to 4 m/s. The camera’s
height above ground level was 1.9 meters. For capturing
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objects, a lens with a fixed focal length MIR-1V 2.8/37
(Russia) was chosen, with the aperture set at f/3.2. The
selection of this lens was based on its sufficient field
of view from such a short distance to the objects being
photographed. The equivalent focal length for the sensor with
a crop factor of 2.7 is approximately 85 mm, corresponding
to an angle of view of about 25 degrees. The Offner
optical scheme utilizes a reflective diffraction grating to
ensure adequate illumination on the matrix sensor, providing
sufficient brightness [29], [30].

Image capturing is carried out using a CMV4000 sensor
with a resolution of 2040 x 2048, which, with 2 x 2 binning,
yields a frame with a final resolution of 1020 x 1024. Binning
enhances light sensitivity and compensates for sensor noise.
Field imaging was conducted with an exposure time of
65 ms. The exact exposure time was selected based on the
‘spectral sweep’ signal during shooting, with the frame being
captured the hyperspectometer pointed at the white area of
the calibrated XRiteColorChecker Video colour scale [34].

A dataset derived from initial HSI, which had undergone
various spectral calibrations, was used. For this dataset, the
annotation masks were obtained according to [34], with
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FIGURE 4. Manually annotated ground truth mask, (a) HSI 1, (b) HSI 2.

the exception of isolating the “soil” (background) class
into a separate category. To distinguish vegetation, the
Normalized Difference Vegetation Index (NDVI) was applied
followed by threshold-based binarization [34]. Subsequently,
each vegetation class was manually annotated. The visual
representation of the masks is shown in Figure 4.

3) CALIBRATION OF HYPERSPECTROMETER SENSITIVITY
INHOMOGENEITY

The HSI are a sequence of video frames or a sequence of
image sets that can be represented as a third-order tensor
SG,jk)y: 1 <i<lI1<j<J,1 <k <K, where
J» k are the pixel coordinates for each frame i. The i-th HSI
frame is the spectrally decomposed image of the slit that was
recorded by the photodetector matrix. For the formed HSI,
it will be referred to as the i-th “slice”. It is assumed that £
is the row number (spectral channel) of the HSI, and j is the
column number (in the direction of the slit diaphragm).

It is acknowledged that under conditions of uniform
illumination of the entrance pupil of the hyperspectrometer,
the ideal outcome would be the acquisition of an HSI
exhibiting uniform brightness in each k-th channel along the
Jj direction.

A series of experiments were conducted to validate the
developed HSI system and ascertain its dependency on the
central wavelength in relation to the pixel number within
the row of the photodetector matrix. For this purpose,
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hyperspectral video frames of a homogeneous white test
object were acquired under uniform illumination:

« by a scattered laser light beam with a wavelength in the

red spectrum region;

o by sunlight.

Additionally, ‘dark current’ images of the hyperspectrom-
eter were obtained. Under the given shooting parameters, the
dark currents were absent, so dark current correction was not
required. Dark currents did not affect the recorded signal of
the white object.

The following was found:

1) An investigation of the test object illuminated by

a laser beam (wavelength 640 nm) revealed no
geometric distortions in the video frames; however, the
transmission intensity along the slit was nonuniform
(Figures 5 and 6).

2) An analysis of a video frame obtained during the
recording of a uniformly illuminated white test object
under sunlight revealed that the Fraunhofer A line
(oxygen O, absorption), located at a wavelength
of 760 nm, does not exhibit geometric distortions
(Figures-and 8).

The HSI exhibit a shift in the local maxima and minima
(extrema) in the rows of the white test object’s cross section,
depending on the pixel number j (j denoting the row number
of the cross-section, and the pixel number along the slit
of the hyperspectrometer). Additionally, variations in light
transmission intensity are observed along the entire length

VOLUME 13, 2025
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FIGURE 5. A frame of hyperspectral video data representing the image of
the slit diaphragm of the hyperspectrometer in the zero and first
diffraction orders.

Graph of a red laser with a wavelength of 640 nm, 'peak position'

k index (channel number)

3 200 %0 500 800 1000
position j

FIGURE 6. Image of the positions of maxima for red light (640 nm).

FIGURE 7. Spectral unfolding of the image of a white object illuminated
by sunlight.

Location table: 'Oxygen absorption in the Earth's atmosphere

1510

1508

1506

Channel number

1500

3 200 00 00 00 1000
position j

FIGURE 8. Image of the positions of minima at the oxygen absorption
line.

of the slit (Figures 9-12). These shifts in local extrema
are caused by the dependence of the hyperspectrometer’s
sensitivity not only on the row number but also on the column
number of the frame.

As detailed in [35], wavelength values for each pixel along
the slit j and for each hyperspectral imaging channel k are
provided, an outcome resulting from geometric distortions
referred to as ‘“‘smile distortions”. Therefore, a relationship
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S-spectra of white paper along the ‘j’ axis

position j - 100
position j - 250
position j - 500
position j - 700
position j - 850

Lighting intens

k index (channel number)

FIGURE 9. Spectrum of the white test object depends on column number
in the frame, with marked local extrema.

S-spectra of white paper along the 'j' axis

—— position j - 100

position j - 250
—— position j - 500
—— position j - 700
position j - 850

Lighting intensity: min 0, max 1

kindex (channel number)

FIGURE 10. Normalized spectrum (ranging from 0 to 1) of the white test
object across different frame columns. (1) Red highlights indicate regions
where the shift of local extrema is clearly observed. (2) The green
highlight marks the region of the Fraunhofer A line, where the local
minimum remains unchanged across all frame columns.

Position of the brightest channel in the spectrum along the slit (position - 'j')
o

|
Ty

b %0 0 £ ED 1000
position j

k index (channel number)

FIGURE 11. Positions of the local spectral extrema depends on the pixel
number in the frame column (demonstrating distortions).

The intensity of a white object at different wavelengths along the slit (index 'j'), Before calibration

et ey, ’
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z
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It ot

3 200 o ) a0 1000
index 'j' (pixel number of the slot)

FIGURE 12. Signal from the white test object in different rows of HSI
splits (spectral channels).

exists between the channel number k& and the row number j,
which is attributable to geometric distortions.

While it may appear that the hyperspectrometer utilized
in this study displays comparable distortions, this is not the
case. The performance evaluation of the hyperspectrometer
reveals that it does not demonstrate a dependence of the laser
line position at a wavelength of 640 nm (Figure 5) and the
Fraunhofer line at 760 nm (Figure 7) on the row number.
In other words, there is no evidence of any distortion in these
instances.
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Thus, a correction coefficient matrix is needed to eliminate
signal non-uniformity of the hyperspectrometer along the
slit diaphragm at a fixed wavelength range. This calibration
will correct the non-uniformity of the signal throughout
the hyperspectral imaging system, following the procedure
described in Section 4.2.1 of [36]. The calibration data can
be described as follows. Consider the i-th slice of the HSI; for
simplicity, we denote it as S;(j, k). The signal in the spectral
channel Sy (j) before calibration is defined as:

Sk() = So.k () - () - v(j) 3)

where So «(j) is the calibrated or “‘reference” signal at a
given wavelength k, . (j) are the hyperspectrometer distortion
coefficients (these coefficients depend on the column number
k and row number j, caused both by the optical system’s non-
uniformity and the hyperspectrometer sensor’s sensitivity
variation). For the studied hyperspectrometer, the shifts of
local extrema are determined, as illustrated in Figures 9-11.
The term v(j) represents the hyperspectrometer distortion
coefficients (these coefficients depend on the column number
Jj and are caused by changes in the slit diaphragm width along
the slit aperture). The distortion coefficients v(j) and 7, (j) are
demonstrated in Figure 12.

At the calibration stage of the hyperspectral imaging
system, the lifting function Iy (j) is selected to compensate for
intensity distortions introduced by f(j) and v(j), and to obtain
a signal close to the source HSI.

To correct the non-uniform transmission of the hyperspec-
trometer, the HSI of a uniform white object was obtained,
denoted as W(i,j, k). During the shooting process, the
homogeneous white object was positioned perpendicular to
the optical axis of the hyperspectrometer and illuminated
exactly uniformly. The test object was placed at a distance
that allowed full coverage of the hyperspectrometer’s field
of view. The reflected light from the ‘white reference’
created an uniform illumination at the input aperture of the
hyperspectrometer.

In the first stage, W(i, j, k) is averaged over / of the white
object’s HSI to minimize and compensate for additive noise
from both the sensor and the electronic circuitry:

1 1
Wanean(G: k) = 7 > W(i.j, ) “)
i=1

In the second stage, the signal of the white object that will
serve as the reference is determined. The brightest signal of
the white object is found by selecting the column index j
(i.e., the column along the slit) within an HSI slice, since
distortions lead to intensity reduction along the slit diaphragm
at index j. The column index jmax is determined as the
one where the sum of all spectral channels K in the array
Whean(, k) is maximal:

K
Jmax = arg mjax Z Winean(f, k) ©)
k=1
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FIGURE 13. Graph of correction coefficients /i (j) .

In the third stage, the brightest column Wpax(k) is
designated as the reference signal (or reference spectrum).
Then, for each wavelength k, a vector of values based on
Wmax (k) is created:

W]:(]) = Wmax,k (6)

At the fourth stage, a correction coefficient vector is
generated for each wavelength k to compensate for the
influence of # (j) and v(j) on the corrected signal So  (j):

W)
Wmean, k (])

To perform the HSI slice calibration procedure for each
wavelength k, the following transformation is applied:

So.k() = Sk () - Ik () (8)

To perform the calibration procedure for the entire
HSI, the operation described above must be repeated for
each wavelength of all slices included in the HSI. The
experimentally obtained calibration coefficients at specific
wavelengths are presented in Figure 13.

Setting a parametric approximation for the vectors I (j)
allows trends in Figure 13 to be evaluated. In this case, the
approximating function for each wavelength & can be found
under the condition:

() = )

J
> Im(, a) — k() — min ©)

j=1
In this study, the approximation my(j, ai) is performed
using a quadratic parabola, which allows for the assessment
of factors influencing signal non-uniformity in the HSI slice
and the creation of a low-parametric distortion correction

model that is less sensitive to noise:

mi (i, ax) = a1 + ax 2j + ax 3j> (10)

Using this approximation (see Figure 14), correction
coefficients for compensating # (j) were calculated. Figure 15
shows the signal from the white test object in various rows
of the HSI slice after applying analytical approximation
calibration my(j). With this approximation, it is possible
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Calibration coefficients at the corresponding wavelengths, approximation, 2 degree
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Index 'j' (pixel number of the slot)

FIGURE 14. Type of approximating polynomials my (j) (solid lines).

Intensity after trend compensation, approximation, 2nd degree
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Index 'j' (pixel number of the slot)

FIGURE 16. Type of correction coefficients /i (j) used for compensation.
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FIGURE 15. Signal from the white test object in different rows of the HSI
slice (spectral channels) after applying analytical approximation
calibration my(j) .

to determine coefficients for compensating v(j), assuming
the calibration coefficients for h(j) (see Figure 16). After
compensating #(j) and v(j), the best-case signal So i (j)
nearly coincides with the reference signal at all coordinates
J (see Figure 22). Thus, the corrected function using the
approximation /;(j) is defined as:

L) = mi(j, ar) - hj) (11)

Further studies are expected to explore the possibility of
using the obtained approximation coefficients to compensate
for non-uniformity in video frames obtained at the actual
spatial coordinates of the video frame. In the context of
real-world recording, the hyperspectrometer is susceptible to
various factors (e.g., temperature, vibrations) that can lead to
a shift in the image recorded by the system relative to the j, k
coordinates of the photodetector matrix.

Figure 17 presents the spectral scan of the image of a
homogeneous white test object after the calibration procedure
without approximation. The positions of the local extrema
of the spectra depending on the pixel number in the column
of the HSI cross-section are shown in Figure 18. The signal
from the white test object in different columns of the HSI
cross-section after calibration is presented in Figure 19. The
signal from the white test object in different rows of the
HSI cross-section (spectral channels) after the calibration

VOLUME 13, 2025

FIGURE 17. Spectral scan of the image of a homogeneous white test
object after the calibration procedure with coefficients /j (j) (without
approximation) (before calibration see Figure 7).

Position of the brightest channel in the spectrum along the slit (position - 'j'), after calibration.

k index (channel number)

position j
FIGURE 18. Positions of local extrema of spectra depending on the pixel

number in the column of the HSI cross-section (before calibration see
Figure 11).

s-spectra of white paper along the 'j axis, after normalization

—— position - 100
—— position j - 250
—— position j - 500
—— position j - 700
—— position j - 800

Lighting intensity

100 )
k index (channel number)

FIGURE 19. Signal from the white test object in different columns j of the
HSI cross-section after calibration.

procedure is shown in Figure 20. Visualization of the
calibration coefficients for HSI calibration is presented in
Figure 21.

4) SPECTRAL CALIBRATION

Converting the discrete representation of Equation 2, the
signal registered by the hyperspectrometer at point x for
wavelength A; can be expressed as:

S, A) =R, A) I (A) T (1) 12)
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The intensity of a white object at different wavelengths along the slit (index 'j'), After calibration

—— 440 nm

530 nm
—— 640nm
— 754nm
—— 870 nm

Lighting intensity

w00 600
index 'j' (pixel number of the slot)

FIGURE 20. Signal from the white test object in different rows of the HSI
cross-section (spectral channels) after the calibration procedure.

FIGURE 21. Visualization of the correction coefficients /j () for HSI
calibration.

FIGURE 22. Spectral scan of the image of a homogeneous white test
object after the calibration procedure with coefficients /¢ (/) (with
approximation) (before calibration see Figure 7).

where:

- § is the signal registered by the hyperspectrometer;

- R is the reflection spectrum of the object;

- I is the illumination source spectrum;

- T is the spectral sensitivity of the hyperspectrometer;
- A;j is the i— wavelength.

To eliminate the dependency of the hyperspectral data
on the illumination conditions, imaging conditions can be
used such that each recorded scene includes an object with
a reference reflection spectrum:

Sref X, Ai) = Ryer (x, AT (M) T (A1) (13)

Experimentally, this can be obtained by measuring the light
source with the same device, where the registered signal will
not contain a reflection spectrum:

Sis (M) =1 (A) T (M) (14)

Then, by dividing (Equation 13) by (Equation 14), the
desired reflection spectrum of the reference object can be
obtained:

Sref (x’ )"l)

Rref (x, A) = Sis (X, 27
S s IM

(15)

Next, it is necessary to divide the registered signal in each
pixel of the HSI (Equation 12) by the signal for the reference
object (Equation 13) to obtain the relative reflection spectrum
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FIGURE 23. Spectral intensity for the white section ColorChecker (100%)
of the uncalibrated HSI.

of the object:

S (x, A;
RR (. ) = — i) (16)
Sref (x, )\i)

Therefore, the spectrum of the illumination source and
the sensor’s sensitivity are eliminated from the equation.
To obtain the actual reflection spectrum of the objects
(Equation 15), it is required to multiply by (Equation 16),
yielding:

S (x, Aj)
Sref (X, Ai)

Special calibration objects with Lambertian scattering
surfaces, such as Spectralon, are commonly used as reference
objects [37], [38]. Spectralon is hydrophobic and thermally
stable up to 350A°C. This durable material ensures high
accuracy and reproducibility of data. Unlike other standards
made from polytetrafluoroethylene (PTFE), Spectralon can
be repeatedly cleaned and polished in case of contamination
or scratches.

In this study, spectral calibration was performed using a
XRiteColorChecker Video (ColorChecker) like inexpensive
replacement for Spectralon. For further application of the
calibrated hyperspectral images in classification tasks, both
the RR values from (Equation 16) and the R values from
(Equation 17) can be used.

Spectral calibration was conducted using the light gray
area of the ColorChecker, as overexposure was observed on
the white area (Figures 4 and 23). The reflection spectra
of vegetation before and after calibration are presented in
Figures 24 and 25.

R(x, %) = Rrer (x, 1) a7

5) DATA SCALING
The values of HSI data can significantly vary in scale (within
a single class) both channel-wise and pixel-wise [39], which
may lead to a deterioration in the quality of data analysis.
This problem is particularly relevant for data acquired under
different external conditions. To bring the data to a uniform
scale and compensate for such variations, we employed
standardization method.

Standardization transforms the data so that its mean value
is 0 and its standard deviation is 1, based on the following
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FIGURE 24. Spectral intensity for the grey section ColorChecker (50%) of
the uncalibrated HSI.
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FIGURE 25. Spectral intensity for vegetation of the uncalibrated HSI.
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FIGURE 26. Spectral intensity for vegetation of the calibrated HSI.

equation:

X-X

ox

Xstand = (18)
where:

X is the value to be standardized;

X is the mean value;

oy is the standard deviation.

This data scaling method can be applied both pixel-wise
and channel-wise.

6) TABULAR DATA

In order to establish a baseline classification algorithm,
a series of classical ML models were chosen. For ease of
use, HSIs were transformed into a tabular format ‘CSV’,
in accordance with approach described in [40]. For this

VOLUME 13, 2025

B249 B250  (Class

= X |y B1 B2 B3 ...
bo] 1

Hyperspectral Image

250

v

v

FIGURE 27. Full pipeline of conversion from image to table.
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purpose, each pixel of the image was presented as a row with
the pixel coordinates, a list of channel values, and the target
variable. As a result, for each image, a table was obtained
with dimensions of 2,928,000 by 253. This table consisted of
the following columns x, y, band 1, ..., band250, and target.
The data was saved in CSV format (Figure 27).

B. MACHINE LEARNING ALGORITHMS

1) MODELS

In this study, the baseline models used were the Random
Forest (RF) algorithm [41] implemented in the sklearn library
and the CatBoost algorithm [42] represented in the CatBoost
package. Both methods are based on decision trees, which are
employed for classification or regression tasks by partitioning
the data according to specific rules.

In the RF method, the original data is sampled, and
each tree is trained on its own subset of this data. This
approach helps to reduce overfitting and improve the
model’s generalization ability by introducing diversity into
the training samples.

In contrast, in CatBoost, each new tree is created to
minimize the error made by the previous trees. This iterative
training process allows for the sequential improvement of the
model’s accuracy by correcting the errors of preceding steps,
thereby achieving higher predictive capability.

2) EXPERIMENTAL SETUP

A grid search with 5-fold cross-validation (Grid Search CV
from the Sklearn package) was employed for hyperparameter
tuning. Each model’s unique set of hyperparameters was
selected to optimally adjust each model according to its
specific characteristics.

For the Random Forest model, the following hyperparam-
eters were tuned:

- max_features: auto, sqrt, log2. This parameter determines
the number of features to consider when looking for the best
split at each node. The value ‘“‘auto” selects all features,
“sqrt’ selects the square root of the total number of features,
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and “log2” selects the base-2 logarithm of the number of
features.

- max_depth: 4, 6, 8, 10, 12, 14, 16, 18. This parameter
sets the maximum depth of the tree. It controls how deep each
tree can grow. Increasing this value can lead to more complex
models, potentially improving their accuracy, but it can also
result in overfitting.

- criterion: gini, entropy. Both criteria are used to measure
the quality of a split in decision trees.

For the CatBoost model, the following parameters were
used:

-depth: 3,5, 7, 10, 12. This parameter specifies the depth of
the tree. Deeper trees can model more complex relationships
but are also more prone to overfitting.

- iterations: 100 to 1000 in steps of 100. This parameter
indicates the number of training iterations (number of trees).
A larger number of iterations can improve model accuracy
but also increases training time and the risk of overfitting.

- learning_rate: 0.01, 0.02, 0.03, 0.04. This parameter
determines the step size at each iteration while updating the
model. Lower values ensure slower and more stable learning,
while higher values lead to faster but potentially less stable
learning.

C. DEEP LEARNING

1) MODELS

Classical architectures used for RGB segmentation may be
less applicable for HSI due to the larger size in the spectral
domain compared to RGB, lower spatial resolution, and the
need for creating extensive annotated datasets. Therefore,
for the task of HSI classification using neural networks,
architectures with a small input window size in spatial coordi-
nates are typically employed, serving as an additional source
of information to spectral features. The effective extraction
of features considering the spatial-spectral components of
the object directly influences the performance of the neural
network classifier. Currently, transformer-based approaches
lead in the field of hyperspectral image classification [23],
[24], [25], [43].

We propose a new architecture Deep Spectral-Spatial
Transformer (DSST), based on the transformer network
described in the following work [23]. This network consists of
a spatial-spectral feature extractor, a tokenizer, a transformer
encoder, and a classification linear layer (Figure 28).
The original architecture of the Spectral-Spatial Feature
Tokenization Transformer (SSFTT) employs two sequential
layers of 3D and 2D convolutions as the spatial-spectral
feature extraction block for further processing by the tok-
enizer and transformer block. This architecture demonstrated
high classification metric values and reduced training and
inference times. A modification of the SSFTT is proposed,
involving the replacement of the feature extractor block with
a deeper one, which will enable more effective extraction of
spatial-spectral features.

As the spatial-spectral feature extractor, the Normalized-
Modified 3D Convolutional Neural Network (NM3DCNN)
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FIGURE 28. The block diagram of the modified neural network classifier
DSST.

network from the studies [34], [44] is proposed (Figure 29),
without the last linear layer and with the addition of a 2D
convolution at the network’s output. This approach allows
for the extraction of both spatial-spectral features and various
spectral features through the use of blocks with parallel
3D convolutions and batch-norm layers (BNConvBlock),
each having its own kernel size (Figure 30). This archi-
tecture has demonstrated high classification metric values
in the referenced works compared to other spectral-spatial
architectures [34].

For the purpose of comparing the effectiveness of the
developed architecture, the one-dimensional convolutional
network M1DCNN, which operates solely with spectral
information based on [18], was used. This architecture was
improved by adding an additional 1D convolutional layer
and a batch normalization layer, which allowed it to achieve
higher metric values. Furthermore, the original architectures
of the spatial-spectral network NM3DCNN [34], [44] and the
transformer network SSFTT [23] were also compared.

We also compare the GSC-ViT (Groupwise Separa-
ble Convolutional Vision Transformer) Network that is a
lightweight and efficient model designed for HSI classi-
fication, integrating convolutional operations with Vision
Transformers [45]. The key innovation lies in the groupwise
separable convolution module, which combines grouped
pointwise convolution and group convolution to reduce
the number of parameters while enhancing the model’s
ability to capture local spectral-spatial features. Additionally,
the model utilizes a groupwise separable multihead self-
attention module, which replaces the traditional multihead
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self-attention in Transformers, enabling efficient extraction
of both local and global spatial information.

In the context of our work, we also explored the use of
the CLOLN (Channel-Layer-Oriented Lightweight Spectral-
Spatial Network) architecture [46]. Deep neural networks
with a large number of parameters and layers are typically
employed for hyperspectral images. CLOLN is designed to
reduce the complexity of the network while maintaining high
classification quality. Within this architecture, the COS2m
module is utilized. The COS2m module is a lightweight
structure for extracting spectral-spatial features, employing
pointwise convolution to reduce spectral channels, followed
by 3D convolution with expansion and compression for
efficient feature extraction with minimal computational
overhead. It combines spectral and spatial features using
depthwise convolution and 3D convolution, ensuring high
efficiency and reduced computational cost. This network
also incorporates a novel activation function that considers
neighboring pixel information (NPAF), which enhances
information transfer and improves the network’s approxima-
tion capability through a single activation layer.

The last two architectures were proposed in 2024 and have
demonstrated excellent performance on standard datasets for
hyperspectral image classification tasks.

2) EXPERIMENTAL SETUP

Due to the different types of architectures used for the exper-
iment, the processing and dimensionality of the input data
were different. For example, for the M1DCNN architecture,
the dimensionality of the input data is 1 x 1xB, where
B is the number of HSI channels. For transformer-based
architectures, the dimensionality of the data was NxNxB,
where N is the spatial size of the image, more precisely
the patch size. The training dataset consisted of 5% patches
from one of the HSIs, and 1% was used for validation. The
entire second HSI was used as the test sample on which
the classification metrics were computed. The experiment
was also performed in the reverse case. Adam and SGD
were used as the optimizer. The training step was chosen
using a scheduler that decreased the training step every
5-10 epochs, depending on the complexity of the model.
Training continued until the metrics and loss function reached
a plateau. The presented results show the best metrics of each
model after hyperparameter search (Table 1).

D. PERFORMANCE METRICS

In our study, we utilized the metrics Accuracy (Equation 19)
and Fl-score (Equation 20). Accuracy is a fairly straight-
forward and interpretable metric, however, its weakness is
inability to handle class imbalance. Therefore, we addition-
ally evaluated the F1-score, which is the harmonic mean of
Precision (Equation 21) and Recall (Equation 22) and works
better with class imbalance. It is also important to note that we
used the F1-Score weighted modification, which calculates
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the class-weighted F1-Score (Equation 23).

TP 4+ TN
Accuracy = (19)
TP 4+ TN + FP 4+ FN
Precision - Recall
F1-Score =2 - (20)

Precision + Recall
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TABLE 1. Parameters to obtain the best performance for DL models.

CLOLN | GSCViT | MIDCNN | NM3DCNN | SSFTT | DSST
Patch size 13 8 1 7 13 13
Optimizer Adam Adam SGD SGD Adam Adam
Learning rate | 0.00005 | 0.00005 0.01 0.005 0.00005 | 0.0001
Step size 5 5 10 5 5 5
Gamma 0.5 0.5 0.5 0.5 0.5
Epoh 50 50 30 40 35

TABLE 2. Random forest predictions on scaled data, (1) train on light
HSI 1, test on dark HSI 2, (2) train on dark HSI 2, test on light HSI 1.

TABLE 3. Catboost predictions on scaled data, (1) train on light HSI 1,
test on dark HSI 2, (2) train on dark HSI 2, test on light HSI 1.

Fl1 Acc F1 Acc
1 2 AVG 1 2 AVG 1 2 AVG 1 2 AVG
Unscaled 0.676 | 0.698 | 0.687 | 0.655 | 0.704 | 0.679 Unscaled 0.660 | 0.667 | 0.663 | 0.650 | 0.658 | 0.654
Pixel-wise 0.584 | 0.606 | 0.595 | 0.632 | 0.631 | 0.631 Pixel-wise 0.437 | 0.465 | 0.451 | 0.526 | 0.548 | 0.537
Channel-wise | 0.844 | 0.661 | 0.752 | 0.868 | 0.679 | 0.773 Channel-wise | 0.866 | 0.671 | 0.768 | 0.885 | 0.686 | 0.785
. TP
Precision = —— 2D 005 wain
TP + FP validation
TP 0.04
Recall = ———— (22)
TP +FN
» 0.03
where: g
- TP is the number of true positive results; .
- TN is the number of true negative results; ool
- FP is the number of false positive results; - FN is the number
of false negative results. S 5 1 15 o) » 50 5
Epochs

n
N.
F1-Scoreweighted = Z Nl - F1-Score;

i=1

(23)

where:
- n is the number of classes;
- N; is the number of true instances for class i;
- N is the total number of instances across all classes;
- F1-Score; is the F1-Score for class i.
For simplicity, we will denote the weighted F1-score as F1
and Accuracy as Acc.

Ill. RESULTS AND DISCUSSION

In the initial stage of the research, experiments were
conducted to standardize the features of hyperspectral
images, including per-pixel and per-channel standardizations
(Tables 2 and 3). These experiments were performed using
classical ML models (RF, CatBoost). Based on the obtained
data, per-channel standardization demonstrated the best
results for HSI classification. Consequently, this preprocess-
ing method was employed in all subsequent experiments.
It is also important to note that without standardization, the
algorithms perform significantly worse compared to their
performance with standardization.
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FIGURE 31. Loss function plots for the training set and the validation
data sets for DSST.

The training of the best DSST model until the loss and
accuracy functions plateaued (Figures 31 and 32) required
35 epochs and took approximately 180 minutes on an
Nvidia RTX 3090 GPU with 24 GB of video memory. For
classical ML methods, optimal parameters were selected
using grid search. For Random Forest, the best parameters
were: max_depth = 14, max_features = log2, criterion =
gini. For CatBoost, the optimal parameters were: depth = 12,
learning_rate = 0.04, iterations = 1000.

Table 4 presents the training results of all the classi-
fiers discussed above. As evident from the obtained data,
using HSI with greater scene illumination yields higher
classification metric values compared to using darker HSI.
Conversely, training on darker HSI results in a significant loss
of classification accuracy. This phenomenon can be attributed
to the fact that under low illumination, pixels of the target
classes lose information at the ends of the spectra and exhibit
more noise in the central part of the spectrum, leading to
a potential loss of key information. Adequate illumination,
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TABLE 4. Comparison of models’ performance metrics for each calibration and ablation on DSST components NM3DCNN and SSFTT.
Catboost Random Forest CLOLN [46] GSCVIT [45] MIDCNN [18] | NM3DCNN [34] SSFTT [23] DSST
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
Without calibration
1 0,872 0,864 | 0,841 0,824 0,921 0,927 | 0,930 0,934 | 0,900 0,882 | 0,918 0,920 0,899 0,903 | 0,934 0,940
2 0,673 0,690 | 0,656 0,645 0,727 0,723 | 0,724 0,727 | 0,810 0,805 | 0,810 0,813 0,786 0,790 | 0,832 0,839
AVG | 0,773 0,777 | 0,749 0,735 0,824 0,825 | 0,827 0,831 | 0,855 0,844 | 0,864 0,867 0,843 0,847 | 0,883 0,890
Spectral gray calibration
1 0,872 0,863 | 0,842 0,826 0,954 0,960 | 0,943 0,946 | 0,908 0,898 | 0,929 0,928 0912 0917 | 0,939 0,944
2 0,674 0,689 | 0,657 0,646 0,784 0,787 | 0,738 0,740 | 0,833 0,832 | 0,814 0,817 0,796 0,801 | 0,857 0,863
AVG | 0,773 0,776 | 0,750 0,736 0,869 0,874 | 0,841 0,843 | 0,871 0,865 | 0,872 0,873 0,854 0,859 | 0,898 0,904
Extremum alignment and gray calibration
1 0,893 0,884 | 0,860 0,842 0,941 0,945 | 0,941 0,945 | 0913 0,903 | 0,937 0,938 0918 0923 | 0,948 0,954
2 0,728 0,737 | 0,728 0,719 0,815 0,823 | 0,760 0,760 | 0,836 0,837 | 0,830 0,833 0,817 0,823 | 0,857 0,865
AVG | 0,811 0,811 | 0,794 0,781 0,878 0,884 | 0,851 0,853 | 0,875 0,870 | 0,884 0,886 0,868 0,873 | 0,903 0,910
Extremum alignment (approximation) and gray calibration
1 0,893 0,884 | 0,862 0,844 0,941 0,949 | 0,929 0,936 | 0919 0910 | 0,931 0,932 0,936 0,941 | 0,943 0,947
2 0,732 0,737 | 0,737 0,728 0,842 0,850 | 0,812 0,816 | 0,831 0,830 | 0,837 0,840 0,815 0,823 | 0,870 0,875
AVG | 0,813 0,811 | 0,800 0,786 0,892 0,900 | 0,871 0,876 | 0,875 0,870 | 0,884 0,886 0,876 0,882 | 0,907 0,911
e Among classification methods using only spectral infor-
e | validotion mation (RF, CatBoost, and M1DCNN), MIDCNN demon-
0.0950 strated the best classification quality metrics. However, all
> 0925 algorithms experienced a significant performance decrease
£ 9000 when trained on the dark HSI dataset and tested on
§0.987s the light HSI. Along with MI1DCNN, methods incor-
0.0850 porating spatial-spectral information (CLOLN, GSCViT,
0.9825 NM3DCNN, SSFTT, and DSST) showed superior per-
0.9800 formance. Specifically, NM3DCNN and SSFTT showed
’ ’ * li;pochs “ “ * comparable results but slightly underperformed in terms of

FIGURE 32. Accuracy metric plots for the training and validation data sets
for DSST.

on the other hand, preserves this crucial information, thereby
enhancing the classification performance.

From Table 4, it is evident that all calibrations positively
impact Accuracy and F1-score metrics. All models show the
best results when using calibration with calibration coeffi-
cients (with approximation) and gray illumination alignment
for the two HSI (“Extremum alignment (approximation)
and gray calibration”). Prediction using the original HSI
showed worse results compared to prediction using the
calibrated HSI. Gray calibration eliminated the variability of
the recorded signal depending on the incident illumination
intensity. Extremum alignment eliminated the heterogeneity
of the hyperspectrometer signal along the slit diaphragm
in a fixed wavelength range. The combined use of these
two calibrations allowed us to achieve the best results.
Therefore, the proposed pipeline for HSI analysis using
ML-based algorithms for lighting invariance improvement
showed effective way for performance improvement.
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average Accuracy and Fl-score compared to CLOLN and
GSCVIT algorithms. The ablation part of the study consists
of comparing the results of NM3DCNN and SSFTT, on the
basis of which the DSST was created with the DSST itself.
However, their combination in the DSST model yielded the
highest performance among all models with an Accuracy of
0.907 and F1-score of 0.911. The improved performance can
be attributed to deeper extraction of spatial-spectral features
and the integration of a transformer block, which effectively
captures both local and global contextual information. This
improvement was observed even when models were trained
on poorly illuminated HSI, highlighting the robustness and
efficiency of the DSST model in handling various lighting
conditions. Although the proposed architecture of the DSST
in combination with calibration methods shows a significant
increase in classification accuracy, on poor quality data due
to the lack of information in poorly illuminated areas, lower
classification metrics are observed. This problem requires
further research and other approaches.

Based on visual results, it can be concluded that even the
best baseline classical ML model, CatBoost, almost fails to
handle the weed detection task. In contrast, the DSST model
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FIGURE 33. The best model inference. (a) Hyperspectral Image 1, (b) Hyperspectral image 2.

demonstrates good performance, although it slightly confuses
the Oats and Corn classes (Figure 33).

Moreover, the use of advanced techniques such as trans-
former blocks facilitates the capture of complex dependencies
within the data, further improving the classification accuracy.
This study underscores the importance of integrating spatial
and spectral information in hyperspectral image analysis
and demonstrates that sophisticated models like DSST can
significantly outperform traditional methods, especially in
challenging scenarios with low illumination.

IV. CONCLUSION

The development of robust algorithms for hyperspectral
images is crucial for various environmental applications.
Variations in outdoor lighting conditions may lead to
inaccuracies in target object recognition and classification.
Therefore, in this study, we focus on tackling this problem
using advanced deep learning custom architectures that
can process HSI with hundreds spectral bands. We con-
ducted a comprehensive study with several ML and DL
architectures to compare various approaches in the task
of weed segmentation in agricultural fields. Within the
framework of the research, an algorithm for calibrating the
sensitivity of a hyperspectral sensor has been developed and
proposed, ensuring improvement in the quality of acquired
measurement data. The implementation of the proposed
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calibration methodology has allowed achieving a significant
increase in the efficiency of models when solving the
segmentation task. Several preprocessing techniques were
considered several preprocessing techniques to obtain a more
uniform spectral and spatial representation of the studied
images. The proposed DL transformer architecture, called
DSST, leads to the best segmentation results in terms of F1-
score and accuracy compared to other state-of-the-art and
classical ML baseline algorithms. The high performance is
associated with a deep feature extractor developed specifi-
cally for high-dimensional feature space. Despite the efforts
made, the classification of bad illuminated HSI remains
a challenging problem. This underscores the necessity of
further research and the development of advanced calibration
and preprocessing methods to enhance the accuracy and
reliability of classification algorithms. Further development
of the research involves adding dimensionality reduction
methods of HSI to the workflow pipeline, optimizing
the classifier architecture (as only the feature extractor
replacement was explored in this work), increasing the dataset
through capturing images at different times of day and
weather conditions.
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