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Abstract

Background Understanding the environmental impacts on root growth and root health is essential for effective
agricultural and environmental management. Hyperspectral imaging (HSI) technology provides a non-destructive
method for detailed analysis and monitoring of plant tissues and organ development, but unfortunately examples
for its application to root systems and the root-soil interface are very scarce. There is also a notable lack of standard-
ized guidelines for image acquisition and data analysis pipelines.

Methods This study investigated HSI techniques for analyzing rhizobox-grown root systems across various imaging
configurations, from the macro- to micro-scale, using the imec VNIR SNAPSCAN camera. Focusing on three graminoid
species with different root architectures allowed us to evaluate the influence of key image acquisition parameters

and data processing technigques on the differentiation of root, soil, and root-soil interface/rhizosheath spectral signa-
tures. We compared two image classification methods, Spectral Angle Mapper (SAM) and K-Means clustering, and two
machine learning approaches, Random Forest (RF) and Support Vector Machine (SVM), to assess their efficiency

in automating root system image classification.

Results Our study demonstrated that training a RF model using SAM classifications, coupled with wavelength
reduction using the second derivative spectra with Savitzky-Golay (SG) smoothing, provided reliable classifica-

tion between root, soil, and the root-soil interface, achieving 88-91% accuracy across all configurations and scales.
Although the root-soil interface was not clearly resolved, it helped to improve the distinction between root and soil
classes. This approach effectively highlighted spectral differences resulting from the different configurations, image
acquisition settings, and among the three species. Utilizing this classification method can facilitate the monitoring
of root biomass and future work investigating root adaptations to harsh environmental conditions.

Conclusions Our study addressed the key challenges in HSI acquisition and data processing for root system analysis
and lays the groundwork for further exploration of VNIR HSI application across various scales of root system studies.
This work provides a full data analysis pipeline that can be utilized as an online Python-based tool for the semi-auto-
mated analysis of root-soil HSI data.
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Introduction

Root-soil interactions in the rhizosphere are vital for
plant and ecosystem health. The rhizosheath, where root
exudates cause soil particles to adhere, plays a key role
in these interactions by enhancing root water retention
and plant resilience against environmental stresses [1].
Robust root systems, together with their rhizosheath,
improve water and nutrient uptake, stabilize soil struc-
tures, and prevent soil erosion [2, 3], while also protect-
ing plants against soil-borne diseases [4]. Despite their
importance, studying these interactions poses significant
challenges due to the hidden and complex nature of root
systems below the soil surface [5].

The use of rhizoboxes or rhizotrons—thin soil-filled
chambers with transparent observation windows—has
enabled non-destructive surveillance and imaging of root
development, providing valuable insight into key root
responses to different soil and environmental conditions
over time [6—8]. Innovative methods have been devel-
oped to integrate these set-ups with luminescence-based
reporters allowing for the examination of root architec-
ture and gene expression in soil-grown roots [9]. Addi-
tionally, the use of transparent tubes equipped with
cameras can be inserted into the soil, enabling the cap-
ture of 360° images for in-situ monitoring of root devel-
opment in the field [10, 11]. Hyperspectral imaging (HSI)
offers new possibilities for studying these complex inter-
actions in greater detail. HSI captures a broad spectrum
of electromagnetic radiation beyond the visible range,
providing unique spectral signatures for each pixel. This
technology not only extends our visual perception but
can also provide qualitative and quantitative information
on the physiological state and chemical composition of
roots and the surrounding soil without extensive chemi-
cal analyses [12].

The use of HSI for root phenotyping of soil-grown
plants is a relatively new approach. Traditionally, many
HSI approaches have focused on aboveground data to
indirectly assess root health status [13, 14], but recent
studies have expanded its direct application to root
imaging. Bodner et al. [12] demonstrated HSI’s capa-
bility to detect the radial composition and decomposi-
tion dynamics of root axes using spectral signatures in
the 1000—-1700 nm range, which can be combined with
RGB imaging to determine root structural traits [5].
Additionally, VNIR HSI has been utilized to predict lead
stress levels in oilseed rape leaves and roots [15], clas-
sify growth years of Kudzu roots [16], and distinguish
between leaf mold and soil in the rhizosphere [17]. VNIR
HSI has also recently been used to monitor the roots of
peanut and sweet corn under varying drought conditions,
with this data available in a publicly accessible HyperPRI
dataset [18]. This dataset was useful to develop models
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that predict root and soil water potentials, enhancing
our understanding of drought tolerance and recovery in
crops [18, 19]. The availability of such data, along with
detailed acquisition methodologies and spectral signa-
tures, is crucial for advancing research on rhizosphere
processes. When integrated with other analytical tech-
niques, such as physiological phenotyping and functional
genomics, HSI can be a powerful tool to complement the
genotype-to-phenotype gap as part of a comprehensive
research approach [20, 21].

While traditional HSI systems, such as linescan or
pushbroom, rely on mechanical scanning, requiring lin-
ear movement of either the object or the camera to cap-
ture the complete and spectral range, snapshot cameras
capture the entire field of view without the need for spa-
tial scanning. The SNAPSCAN camera (imec, Leuven,
Belgium) merges linescan and snapshot imaging prin-
ciples using on-chip filter technology, which simplifies
the system assembly and enhances its usability for root
phenotyping. This camera, adaptable for use with front
optics or microscope integration, has shown promise
in various agricultural contexts, including plant species
classification [22], estimating fruit maturity [23], and out-
door weed detection [24]. Its application in microscopy
has primarily been in biomedical contexts [25-27], but to
our knowledge, it has not yet been used in root pheno-
typing. Despite these valuable advances, numerous chal-
lenges must be addressed before the utilization of HSI to
analyze root systems will be comparable to its application
in other areas of plant research.

Although the aforementioned articles have dem-
onstrated the SNAPSCAN camera’s versatility, the
quality of the HSI data depends on user-selected con-
figurations and acquisition settings, a critical aspect
that has received limited attention in the existing litera-
ture. Manually adjusted settings, including the distance
between the sample and lens, lens aperture, and critical
software parameters such as time delay integration (TDI)
pixel step, pixel binning, and integration time, affect the
duration of image acquisition, spatial resolution, and the
signal-to-noise ratio. These factors are essential because
they directly influence the quality of the acquired image
data. Various settings can be adjusted to balance between
acquiring high-quality images and faster image capture,
however, the subsequent image processing steps are also
fundamental for refining the data. These steps typically
involve eliminating dead pixels, selecting specific regions
of interest (ROI), enhancing spectral features through
pre-processing, and compressing the image to retain
only pertinent information [28]. While the SNAPSCAN
software automatically performs some pre-processing
steps, enabling immediate exploration of the data, the
choice of further data processing is objective dependent.
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Consequently, HSI data processing often necessitates
tailored solutions adapted to the specific experimental
settings.

To effectively utilize HSI data for investigating root
systems and the biochemical composition in root-soil
interactions, it is crucial to fully comprehend the capa-
bilities and limitations of this technology. Therefore, this
study aimed to investigate the techniques of image acqui-
sition and data processing for evaluating plant root sys-
tems using VNIR SNAPSCAN technology across three
distinct dimensional scales: from an overview scale that
captures the entire rhizobox to a microscopic scale focus-
ing on individual roots using a stereomicroscope. Since
different plant root traits such as diameter, density, and
rhizosheath composition may present unique challenges
for HSI, we selected three graminoid species with dis-
tinct root system characteristics: Deschampsia flexuosa,
Eriophorum vaginatum, and Anthoxanthum odoratum.
All three species are well-adapted to survival in nutrient-
poor, acidic soils, and the low temperatures of subarctic
ecosystems, but have different root growth strategies
[29-31]. Our analysis assesses whether the SNAPSCAN
camera can distinguish root traits of different species
across varied imaging scales to explore the applicability of
HSI in studying root adaptations to harsh environmental
conditions. We employed a methodical strategy that uti-
lized a small set of samples to distinguish between roots,
soil, and the root-soil interface by varying image acquisi-
tion settings and evaluating the data through image clas-
sification and processing techniques. Additionally, we
discuss potential challenges associated with the use of
the SNAPSCAN camera and provide recommendations
regarding the technical framework for future experimen-
tal set-ups focused on analyzing root-soil interactions.

Materials and methods
Plant material and rhizobox cultivation
Whole, intact plants including the root systems of the
grass D. flexuosa and the sedge E. vaginatum were col-
lected from a natural peat bog at Hakeybotn, Tromsg,
Norway (69° 63'N, 18° 78’E) in late summer of 2021. The
grass A. odoratum was collected from a previously reveg-
etated urban site at Holt, Tromss, Norway (69° 65'N,
18° 91’E). D. flexuosa and A. odoratum are true grasses,
which have fibrous and highly branched perennial root
systems, while E. vaginatum has thick, unbranched
annual root systems [30]. All plants were propagated veg-
etatively in a greenhouse (15 °C, 18 h light, and photosyn-
thetic photon flux density (PPED) of 200 umol m=s) at
the Climate Laboratory in Holt, Tromse, Norway.
Individual rhizoboxes consisted of two clear plexi-
glass panels (20 cmx30 ¢cmXx0.15 c¢cm), two plexiglass
side frames (2.5 cmXx27.5 cmX0.6 cm) and a bottom
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plexiglass frame (2.5 cmXx20 cmx0.6 cm) in between
giving a spatial volume of 247.5 cm® (Fig. 1A). The back
panel, two side frames, and bottom frame were glued
together before the rhizoboxes were filled with pre-mois-
tened peat soil (Fig. 1B). The roots of all graminoids were
cut to approximately 4 cm in length and transplanted
individually in rhizoboxes at a depth of 1 cm below the
soil surface (Fig. 1C). Then the front panel was fastened
with screws and hex nuts allowing easy removal of the
front panel for later imaging. The rhizoboxes were placed
in opaque plastic bags to block light entry and positioned
at a 45-degree angle, with the front panel facing down to
promote root growth along this imaging plane. Through-
out the experiment, the rhizoboxes were kept in the same
greenhouse conditions described above and watered fre-
quently to maintain high moisture levels.

HSI system set-up and acquisition parameters

Hyperspectral imaging (HSI) was performed using the
VNIR SNAPSCAN camera (imec, Leuven, Belgium).
The SNAPSCAN sensor has a spectral resolution of 150
bands in the 470-900 nm wavelength range, and a spatial

Fig. 1 Experimental set-up for root growth and image acquisition
configurations. A Empty rhizobox, B rhizobox pre-filled with peat
soil and (C) opened rhizobox with root system on the soil

surface. D Configuration 1 (CONF1) for SNAPSCAN VNIR imaging
including the camera equipped with a Schneider Kreuznach
Apo-Xenoplan lens mounted on a frame connected to the imaging
stand with a 34.5 cm working distance (WD) between the camera
lens and the sample surface. E CONF2 using the same set-up

as CONF1 with a WD of 14 cm. F CONF3 used the camera with a 0.5x
C-mount lens adapter mounted to a stereomicroscope. The WD
between the stereomicroscope lens and sample surface varied
between 10 and 14 cm according to the different magnifications
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resolution of up to 3650 %2048 pixels (7 Mpixels RAW
per band). The sensor frame rate has a maximum of 340
fps. Four halogen lamps (2000 K) equipped with diffusers
and 11.83 V and 6.72 A of power were used for illumi-
nation. Lamps were connected to the imaging stand pro-
vided by imec, consisting of a viewing stage and frame to
hold the camera and lamps. Hyperspectral images were
taken at three different configurations (CONFs), where
CONF1 (Fig. 1D) and CONF2 (Fig. 1E) utilized the Sch-
neider Kreuznach Apo-Xenoplan lens (f2.0, C-mount,
focal length 24 mm, provided by imec) with different dis-
tances between the sample and lens, and CONF3 (Fig. 1F)
utilized a 0.5xC-mount lens adapter in the ocular of a
Leica MS5 stereomicroscope (Leica Microsystems, Wet-
zlar, Germany), used with 0.63x, 1.6x, and 4x magnifica-
tion. The front panel of the rhizobox was removed for
imaging in every configuration to avoid transmittance
effects of the plexiglass panel. The acquisition parameter
used for each configuration are listed in Table 1.

The hyperspectral images were collected using the
HSI SNAPSCAN (V1.8.1.1) software. The white refer-
ence image was acquired by scanning the white reference
target (provided by imec) at the settings used for sample
acquisition with reflectance set to 95%. The dark refer-
ence image was acquired using the built-in mechanical
shutter. Due to the time-intensive nature of HSI, cap-
turing images of many biological replicates under dif-
ferent settings on the same day was not feasible. Thus,
for CONF1, two biological replicates per species were
imaged at five time points over the course of twenty days.
In CONF2, two biological replicates per species were
imaged at two timepoints over eight days. For CONF3,
three technical replicates of a single biological replicate
for each species were imaged on one day. The total num-
ber of images are listed in Table 1.

Hyperspectral image pre-processing, classification,

and data reduction

An overview of the data processing workflow is repre-
sented in Fig. 2. Reflectance corrections for the white
and dark reference were carried out automatically in the
HSI SNAPSCAN software. After this, each image was
classified using a supervised and an unsupervised clas-
sification method. The supervised Spectral Angle Map-
per (SAM) classifications were also carried out in the
HSI SNAPSCAN software. Three different regions of
interest (ROI) were manually selected for root, soil, and
the root-soil interface, with a minimum of 100 pixels per
ROI. These ROIs were used to run the SAM classifica-
tion with a spectral angle of 10 degrees. All remaining
data processing was carried out in Python v3.2. Unsu-
pervised K-Means clustering was carried out using the
Spectral Python (SPy) v0.23.1 module [32]. After the raw
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datacube import, pixels with a reflectance value above 1
(overexposed) were set to 0. K-Means clustering was run
with three clusters and a maximum of 20 iterations. Each
classification method gave a classified image with three
classes and the corresponding average spectral reflec-
tance values for each class.

The spectral data for each of the classification meth-
ods were imported using the pandas v1.4.2 module [33].
To reduce the large number of wavelengths to a smaller
number of representative variables, Savitzky-Golay (SG)
smoothing [34] using the second derivative was applied
using the SciPy v1.7.3 module [35]. The second derivative
emphasizes small spectral variations and removes some
residual scattering effects, mainly additive effects and lin-
ear baseline shifts [36], thus facilitating the selection of
the most informative bands from the spectrum. A com-
parison of window sizes was applied to the second deriv-
ative of the root spectra data to reduce the effect of noise
but maintain the most important spectral information.
Using the chosen window size, the average of the second
derivative was taken across each root spectra data set to
identify the most informative bands.

Implementation of machine learning for image
classification and biomass estimation

The acquisition setting that consistently produced the
best classifications across all three species was chosen to
construct a robust algorithmic model for each configura-
tion. At least two images per species were used to train
each model to ensure that each species was equally rep-
resented. Raw datacubes and their corresponding classi-
fied images were imported using the SPy and Pillow (PIL)
v9.0.1 [37] modules. For each configuration, two mod-
els were generated: one trained on the SAM classifica-
tions and the other trained on the K-Means clusters. The
datacubes and class images were cropped to a region of
300x% 300 pixels at the root-soil interface, encompassing
all three classes. These datasets were reshaped into two-
dimensional dataframes, where each pixel represented
a row, and the selected bands served as columns. Each
pixel was assigned to one of the three classes based on
the respective classified image. All data for each model
were consolidated into a single dataframe, and rows
containing unlabeled pixels from the SAM classification
were excluded.

RandomForestClassifier (RF) and SVC (Support Vec-
tor Machine Classification, SVM) from the Scikit-learn
v1.0.2 module [38] were implemented for machine learn-
ing. The dataframes were randomly split into a training
set (80%) and a testing set (20%) using a random state
of 0 and either a fixed number of estimators (50) for the
RF model, or a linear kernel for the SVM model. After
being fitted using the assigned classes, the models were
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Image pre-processing
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Fig. 2 Data processing workflow for hyperspectral image analysis. Image pre-processing and SAM classifications were carried out in the HSI

SNAPSCAN software. All other steps were carried out in Python

used to predict the testing set. Models were evaluated
based on the classification_report, confusion_matrix,
and accuracy_score metrics from the Scikit-learn mod-
ule. The models developed were used to classify the root,
soil, and interface regions across all rhizobox images in
each respective configuration and evaluated based on
the same metrics stated above. The spectral signatures of
each class were used to assess the differences between the
configurations, acquisition parameters, and species. A
Partial Least Squares (PLS) regression [39] was used to
evaluate the correlations between the predicted classes
with each species and configuration.

For the model predicted images in CONF1, the num-
ber of pixels in each class were converted to percentages
using the PIL and webcolors v1.13 modules. The dimen-
sions of the images (115X 155 mm) were then used to
calculate the estimated biomass area for each class. The
scripts for data analysis are available from GitHub (see
Availability of Data and Materials).

Results

Classification challenges of the root, soil, and root-soil
interface in different configurations

Three regions of interest (ROI), determined by group-
ing pixels with similar spectral features, were utilized
by two classification methods, Spectral Angle Mapper
(SAM) classifications and K-Means clustering, to distin-
guish root, soil, and root-soil interface regions in images
of root systems grown in rhizoboxes. The interface class,
designed to include inorganic soil particles and live root

hairs within the organic mucilaginous matrix of the
rhizosheath, was crucial to clearly differentiate between
root and soil classes due to its heterogeneity and the spa-
tial resolution limits of the camera.

The differences in root architecture between the three
species, as well as the different configuration (CONF)
and acquisition settings chosen, had a clear impact on
classification performance. For CONF1, which gave the
broadest view of the entire root system, the roots of A.
odoratum and E. vaginatum were well-established and
classified with great accuracy, while the root system of D.
flexuosa seemed less vigorous and was not as accurately
classified (Fig. 3A). In addition, images for all three spe-
cies taken with larger apertures (f/2.8 and f/4) suffered
from overexposure and poor classification by both SAM
classifications and K-Means clustering, which skewed the
resulting spectra (Supplementary Fig. 1). After removal
of the poor spectral data, only twelve images from an
aperture of f/5.6 were used for further data processing.

For CONF2 that was designed with the rhizoboxes
positioned closer to the lens, the SAM classifications
exhibited slight differences in pixels assigned to the spe-
cific classes with different acquisition settings, while
there were no discernible differences with K-Means
clustering. With SAM classifications, a time delay inte-
gration (TDI) of 5 classified fewer soil pixels compared
to the standard conditions (TDI of 1), and an aperture
of f/8 classified more soil pixels than an aperture of f/11
(Fig. 3B). The difference between a pixel blur of 0 or 2.5
did not lead to any significant changes.
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Fig. 3 Classification of root systems of three graminoid species

in three tested configurations. A CONF1 at an aperture of /5.6
with the following acquisition settings: TDI 3, Pixel blur 2.5, Binning
2x2.Two biological replicates for each species were employed. B
CONF2 with the acquisition settings of TDI 1, Pixel blur 0, Binning
1% 1, unless otherwise indicated. One biological replicate for each
species was imaged under the different acquisition settings. C
CONF3 with the following acquisition settings: TDI 1, pixel blur 0,
binning 1x 1. One biological replicate for each species was imaged
at the different magnifications. In all configurations, the RF model
was trained using SAM classifications. A. odor. = A. odoratum, D.
flex.=D. flexuosa, E. vagi.=E. vaginatum

For CONF3 that was tailored to capture magnified
sections of various regions within each root system, the
accuracy of classifications became less discernible at
higher magnifications (Fig. 3C). Specifically, K-Means
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clustering was only able to distinguish between two
classes at a magnification of 1.6xand 4x for most images
(images for 1.6xnot shown due to similarity with a mag-
nification of 4x). This was due to the presence of much
more fine details and specific variation between different
root sections. For the few images where the root class was
detected, the resulting spectral signatures were incoher-
ent (Supplementary Fig. 2). Therefore, these images were
removed from further processing for the K-Means data.
In contrast, SAM classification was able to distinguish all
three spectral classes for all three tested magnifications
(Fig. 3C). The images used for each of the classification
methods and further data processing are listed in Table 1.

Utilizing the second derivative for spectral variable
selection enables effective data reduction for machine
learning

To identify relevant spectral features and decrease the
data size for executing machine learning algorithms, the
root spectra was selected to identify the most informa-
tive bands. When evaluating the optimal window size for
Savitzky-Golay (SG) smoothing using the second deriva-
tive, a window of 21 wavelengths proved effective in fil-
tering out noise, while preserving the integrity of signal
bands. Smaller windows tended to retain artifact signals,
while larger windows exceeding 25 wavelengths may have
over-smoothed genuine sample signals (Supplementary
Fig. 3). This parameter allowed the data to be reduced
from 150 to 16 bands for SAM (Fig. 4A) and 15 bands
for K-Means spectra (Fig. 4B), to facilitate expedited
processing of machine learning algorithms. The selected
wavelengths between the two classification methods
slightly differed in the 545 nm—726 nm range.

Random Forest (RF) models trained on SAM classifications
achieve higher accuracy compared to training on K-Means
labels

Of the two common machine learning algorithms tested,
Random Forest classifier (RF) and Support Vector
Machine (SVM), the SVM model took more computa-
tional time with similar results to the RF model, and thus
the RF model was further used to develop a robust clas-
sification model for root systems. For each configuration,
two RF models were developed: one trained on the SAM
classifications and the other trained on the K-Means
classifications, with equal representation of all three
graminoid species in the training dataset. One param-
eter within each configuration was selected to train the
models. The chosen parameters were an aperture of /5.6
for CONF1, an aperture of f/11 for CONF2, and a mag-
nification of 0.63 xfor CONF3. Cropping the datacubes
and associated classified images to a 300x 300 pixel area
encompassing all three classes, and reducing the datasets
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Fig. 4 Wavelength selection by Savitzky-Golay smoothing. The second derivatives of the root spectra for all images that were processed
in the three configurations of all three graminoid species are shown for (A) Spectral Angle Mapper (SAM) classifications and (B) K-Means clustering.
The wavelengths were selected from the peaks and troughs using the average of each dataset

to the selected wavelengths (Fig. 4), facilitated a more
efficient model training process. Additionally, unlabeled
pixels in the datasets classified using SAM were removed.
The results from testing the models, indicated that the
RF models for the SAM classified images had an 88-91%
accuracy (macro average of all per-class F1-scores), while
for the K-Means classified images the accuracy was
77-85% (Table 2), which resulted in more pixels being
inaccurately predicted to be interface or soil with the
K-Means RF model (Supplementary Fig. 4). Therefore,
the SAM trained RF model was considered to be supe-
rior to the K-Means RF model and was used to predict all
other images in each configuration.

Model accuracy varies between imaging configurations
and data acquisition parameters

To evaluate the effects of settings selected during image
acquisition, the following parameters were methodically
adjusted in each configuration: apertures in CONFI;
apertures, TDI, and pixel blur settings in CONF2; and
magnification lenses in CONF3. Only the accuracy scores
for each of the three classes were analyzed since inclu-
sion of unlabelled pixels in the original classified images
skewed the calculation for the overall accuracy (macro
average). The prediction accuracy in each class as mean

F1-scores was found to vary across different configura-
tions and acquisition parameters (Fig. 5).

For CONF1 (Fig. 5A), the root class exhibited the high-
est variability and lowest accuracy compared to the other
configurations (Fig. 5B and C). For CONF2 (Fig. 5B),
images taken at an aperture of f/11 with a pixel blur of
2.5 along with an aperture of f/8 showed higher accuracy
for all three classes than the images taken at an aperture
of /11 with the standard settings. Since the latter were
the images on which the model was trained, this find-
ing was noteworthy. Additionally, the images taken at an
aperture of f/11 with a TDI of 5 had the lowest accuracy.
For CONF3 (Fig. 5C), a magnification of 0.63xachieved
the highest accuracy for all three classes, whereas
higher magnifications had lower accuracies. This might
be attributed to the fact that the model was trained on
the dataset it performed on best. However, training the
model using data from all three magnfications led to
inaccuracies (Supplementary Fig. 5) and was therefore
not feasible. This suggests that each magnification in
CONEF3 may require a distinct, customized classification
model for effective data analysis.

Generally, the accuracy scores during prediction were
lower than the testing scores obtained during model
training for all configurations. For instance, the root class
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Table 2 Classification accuracy for Random Forest (RF) models trained on Spectral Angle Mapper (SAM) classifications and K-Means

classifications

CONF Classification Feature® 1. Soil 2. Interface 3. Root Macro avg
CONF1 (aperture: /5.6) SAM Precision 0.89 0.86 0.94 0.9
Recall 0.97 0.73 0.88 0.86
F1-score® 0.93 0.79 0.91 0.88
Support 27307 12871 5608 45786
K-Means Precision 0.85 0.75 0.89 0.83
Recall 0.85 0.79 0.56 073
F1-score” 0.85 0.77 0.69 0.77
Support 58132 42645 7223 108000
CONF2 (aperture: f/11) SAM Precision 0.99 0.89 0.86 0.91
Recall 0.99 0.9 0.83 091
F1-score® 0.99 0.89 0.85 0.91
Support 19233 18884 12,074 50,191
K-means Precision 091 0.76 0.92 0.86
Recall 0.86 0.85 0.8 0.84
F1-score® 0.88 0.81 0.86 0.85
Support 90133 59002 12865 162000
CONF3 (magnification: 0.63x) SAM Precision 0.95 0.83 0.93 0.90
Recall 0.96 0.81 092 0.90
F1-score” 0.96 0.82 0.92 0.90
Support 74209 30945 30065 135219
K-means Precision 0.86 0.71 0.9 0.82
Recall 0.83 0.77 0.83 0.81
F1-score® 0.84 0.74 0.86 0.81
Support 68874 56367 36759 162000

2The precision, recall, F1-scores, and support (number of actual pixels) for each of the three classes (Solil, Interface, Root), and the macro average (arithmetic mean of
all per-class F1-scores) for each of the testing datasets for the RF models is provided for each configuration (CONF)

P The F1-score, which is a harmonic mean of the precision and recall values, is used as the main metric of accuracy on a scale of 0 to 1, where the closer it is to 1

represents a precise and accurate model

in CONF2 had a testing accuracy of 85% but a predicted
accuracy of only 69%+15% for the same aperture on
which the model was trained. Similarly, for CONF3 the
testing accuracy was 92%, but the predicted accuracy was
86% 7% on the same images. Despite these variations,
the RF models outperformed either of the previous clas-
sification methods for all images (Fig. 3). Due to this, the
quality of the spectral signatures for each image needed
to be compared to identify the differences between con-
figurations, acquisition parameters, and species.

Different imaging configurations have the largest impact
on spectral signatures

Spectral analysis showed that the different configura-
tions had the largest effect on spectral signatures, while
the different graminoid species had differences in inten-
sity across all three classes within each configuration
(Fig. 6A—C). CONF1 and CONF3 produced smoother
spectral signatures than those in CONF2, and CONF1
had the lowest intensity of all three configurations. E.

vaginatum had the highest intensity in all three configu-
rations for the root class, while D. flexuosa had the lowest
intensity, though it’s spectra was similar to A. odoratum
in CONFS3. E. vaginatum had the highest intensity for all
three classes in CONF3. CONF2 produced the most vari-
ation in spectral signatures within the 550—-700 nm range
for all three classes compared to CONF1 and CONF3,
and the spectral signatures between the three species
were similar, only varying in intensity.

The different parameters within each configuration also
influenced the spectral signatures (Fig. 6D—F). Spectral
signature characteristics remained consistent between
apertures /8.0 and f/11.0 in CONEF2, only varying in
intensity. A TDI of 5 at an aperture of f/11 in CONF2
resulted in smoother signatures with lower intensity for
the root class. In CONF3, a magnification of 4xhad the
highest intensity for all three classes, but a smoother
spectral signature. A Partial Least Squares (PLS) regres-
sion confirmed that the three classes correlated most
strongly, irrespective of species (Fig. 6G), however, the
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three configurations also correlated within each class
(Fig. 6H).

Estimation of root biomass with HSI

Since CONF1 provided a full overview of the root sys-
tems, it was used to estimate root biomass alongside
their spectral signature characterization by HSI. Over

the observed period (20 days), the root systems of A.
odoratum had the highest increase in estimated root
biomass over the time course (Fig. 7A), however there
was substaintial variance between the two biologi-
cal replicates. The estimated biomass for the interface
classes showed a greater increase than that of the root
class (Fig. 7B).
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Discussion

To evaluate the strengths, weaknesses, potentials, and
pitfalls of HSI technology in root biological applica-
tions, we used the imec VNIR SNAPSCAN camera to
image rhizobox-grown root systems of three anatomi-
cally different graminoid species. This camera, with its
high spatial resolution of up to 3650 x 2048 pixels, was
chosen for its ability to capture detailed images com-
pared to other NIR or MWIR HSI cameras that uti-
lize linescan technology. Although these cameras may
offer wider spectral resolutions, their spatial resolu-
tions are typically more limited [40]. Additionally, the
ability to mount the imec camera on a microscope fur-
ther enhances its capability to distinguish between the
root system and surrounding soil. Image segmentation

and classification is a vital aspect of HSI analysis,
which have proven to be challenging for agricultural
tasks such as detecting disease and pest damage on
leaves [41, 42], or identifying weeds in crops fields
[43]. Segmenting roots from soil presents even greater
challenges due the heterogenous nature of soil and,
depending on the soil type, the potential spectral simi-
larities between dry soil and living roots or wet soil and
dead roots [18, 44]. Thus, high resolution hyperspectral
images are necessary to accurately classify soil-grown
root systems.

In our study, we focused on distinguishing roots
and soil as the two most obvious ROIs. In addition,
we attempted to classify the root-soil interface/rhizos-
heath where root exudates change the physical and
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physiological characteristics of the soil, which is a
region of high biological and biotechnological inter-
est [45, 46]. However, due to the complex nature of the
rhizosheath, this ROI was not well resolved, either spa-
tially or spectrally, and included varying proportions of
root and soil areas across all images. To our knowledge,
there have been no previous attempts to use HSI for
detecting the rhizosheath. However, there is evidence
suggesting that the presence of fungi, mold, algae, and
differences in soil water potential can be classified to
provide insights into the interactions between roots
and the rhizosphere [17, 18]. Despite its challenges,
the interface ROI was kept as it helped to increase the
distinction between the root and soil classes. Utiliz-
ing three classes throughout our analyses enabled a

comparative analysis of spectral signatures across dif-
ferent configurations, acquisition parameters, and
species.

Imaging configuration and acquisition parameters
influence the reflectance spectra

For optimal data capture, selecting the appropriate imag-
ing configuration and acquisition settings tailored to
the specific application is crucial. In spectral cameras
equipped with an integrated thin-film Fabry—Perot fil-
ter, such as the imec SNAPSCAN camera, the position of
each filter on the sensor and the aperture size can shift
the measured spectra, potentially resulting in a loss of
detail, particularly with larger apertures [47]. This may
be the reason for the loss of spectral detail in CONF1 in
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comparison to CONF2, however, the smoother signa-
tures obtained for CONF1 could also be attributted to
the images being binned (2 2) and having a Time Delay
Integration (TDI) of 3. Pixel binning can be set from 1
to 20 to merge pixels in a NxN neighborhood, where the
benefits of binning can increase the signal to noise ratio
(SNR), which is optimal for larger ROIs to reduce individ-
ual pixel noise [48], but will inevitably decrease the spa-
tial resolution. TDI sets the step size (1-5) for imaging
each spectral band, where lower values allow informa-
tion for pixels in the same spectral band to be averaged
across multiple frames, thus significantly improving the
SNR [49]. The effect of no TDI (a setting of 5) was seen
in CONF2 which resulted in smoother spectral signa-
tures with lower intensity. In CONEF3, using the highest
magnification factor (4x) led to a loss of detail within the
spectral signature. This outcome could be expected, con-
sidering that the spectral data from other configurations
represented averages across larger regions of the root
system, while at 4x magnification, the spectral signature
was derived from just 0.25 cm? sections of the root sys-
tem. The variation in spectral signatures across different
acquisition settings highlights the necessity of maintain-
ing consistent conditions throughout a study to ensure
comparable results.

Different imaging configurations can be utilized for various
biological inquiries

The three configurations used in this study are adaptable
for various biological questions, with the choice of acqui-
sition parameters being contingent on the specific appli-
cation. In CONF1, where the sample is positioned at the
greatest distance from the lens, an overview of the root
system architecture is achievable, which can be utilized
to track general changes in composition and biomass
allocation over time. However, the spectral signatures
derived from the acquisition parameters used here
should be viewed with skepticism. The binning, TDI, and
lens aperture settings may not be optimal for this config-
uration and should be further investigated. Additionally,
biomass estimates from these images should be viewed
as approximations since they only capture the visible sur-
face portion and exclude the biomass hidden within the
0.6 cm depth of the rhizoboxes. Since the interface class
generally consisted of a heterogenous mix of fine roots,
root hairs, and soil, interpreting its biomass in a biologi-
cal context here is not feasible. Nevertheless, it highlights
that these parts of the root systems contribute to the
overall root biomass. Given the crucial role these regions
play in rhizosheath formation and their complex interac-
tions with the surrounding soil [45, 50], this class holds
potential for further investigation into root-soil inter-
face dynamics. Furthermore, the correlation between
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the estimated surface-level root biomass from classifica-
tion outcomes and the actual biomass was not explored
or confirmed in this study. This point is shown to dem-
onstrate the method’s potential applicability in future
research, particularly in studies focused on the tradeoffs
between root trait plasticity and belowground biomass
allocation as key indicators of plant resilience to environ-
mental stresses [51].

In CONF2, positioning the sample closer to the lens
allows for a more detailed analysis of specific root system
segments with clear distinctions in spectral signatures.
This proximity enhances resolution and detail, which
is essential for linking HSI data with specific root func-
tional traits and compositional variations. The differences
in spectral signatures between the root and soil classes
were similar to other studies, where root signatures had
higher average reflectance and greater variance than the
surrounding soil [18]. When combined with deep-learn-
ing models, this configuration is optimal for classifying
chemical or nutrient concentrations and detecting related
stresses or resilience in root systems [15]. Although this
study primarily focused on comparing imaging configu-
rations and acquisition settings, the insights gained lay
a foundation for future research. These studies could
explore the relationships between root traits and envi-
ronmental adaptations, thereby deepening our under-
standing of root strategies and their ecological impacts
during environmental changes [5, 52].

Future research should focus on refining the set-up and
data analysis methods for CONF3 using the stereomi-
croscope. Although distinguishing the root system from
the soil was achievable, accurately capturing the intricate
details of smaller root segments might require a more
extensive classification system. With adjustments to the
imaging set-up and analytical approach, this configura-
tion holds potential for detailed investigations of fine-
scale root-soil interactions and the role of root exudates
in the rhizosphere [17, 52]. Furthermore, adapting this
set-up for use with a brightfield microscope could yield
significant insights into root physiological processes, a
topic that has not yet been thoroughly explored in the
realm of HSI. The purpose of employing CONF3 in this
study was to demonstrate its capabilities and to bench-
mark it against broader-scale configurations.

Choosing image-processing techniques depends

on the objective for hyperspectral data analysis

When processing hyperspectral images, a variety of
analytical techniques are available, and selecting the
appropriate steps depends on both the priority of the
data outcome and the availability of methods. Since our
goal was to assess both the ability to distinguish root
systems from the soil matrix, as well as the influence of
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configuration and acquisition parameters on data qual-
ity, a data-processing pipeline was developed based on
common techniques to reduce bias, enhance reproduc-
ibility, and increase efficiency. Utilizing the supervised
Spectral Angle Mapper (SAM) classification from the
SNAPSCAN software, which groups pixels by spectral
angle similarity to the reference vector [53], alongside
the widely used unsupervised classification method,
K-Means clustering [54], allowed for a quick assessment
of root classification accuracy. In general, both classifi-
cation methods exhibited advantages and limitations.
The supervised SAM classification method captured
very fine details of the root system; however, it fell short
in classifying all pixels in the image. On the other hand,
unsupervised K-Means clustering was more automated
than SAM, classifying each image into three classes
with a single line of code, however the detailed root
regions identified with SAM were lost and often classi-
fied as the interface class. Despite K-Means being one of
the most widely used clustering algorithms, it has been
found to often perform poorly [55], and this seemed to
be the case here. Although the K-Means algorithm can
be enhanced with adaptive initialization methods [55],
and more sophisticated clustering algorithms such as
Artificial Neural Networks (ANN) might surpass SAM
in performance [56], these approaches typically demand
greater computational resources. These options were not
explored in this study as they were beyond the scope of
the research. Ultimately, classification accuracy depends
on various factors, necessitating further processing steps
for de-noising, data reduction, and image compression to
extract the relevant information [28].

Data reduction is a necessary step for handling the
large data size of hyperspectral images to reduce com-
putational load and time. This can be done through
spatial or spectral binning, or various variable selection
approaches [57]. The SNAPSCAN software offers spatial
binning capabilities but given the significance of the spa-
tial variations between the root system and the soil at the
pixel scale, this approach did not appear to be the best
method for enhancing spectral distinctions. Calculating
the second derivative using Savitzky-Golay (SG) smooth-
ing is a widely used spectral pre-processing technique
that enhances desired spectral features while reducing
unwanted noise from the sample or instrument, such
as refractive index scattering and white noise [36]. The
primary objective of the image processing was to dis-
tinguish root systems from the surrounding soil, so the
second derivative was applied only to the root spectra.
Since there is no general method for selecting the opti-
mal window size for SG-smoothing [36], testing a range
of window sizes enabled the identification of consistent
signals across multiple ranges. These signals likely reflect
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wavelengths where there are true sample differences and
assist in reducing artifact noise in the spectra. Using
these wavelengths as the method for variable selection
facilitated a significant reduction in data, from 150 to
15 wavelengths. This enabled the effective application of
machine learning to evaluate the accuracy of models in
predicting root, soil, and interface regions within images.
Alternatively, Principal Component Analysis (PCA)
could have been a suitable method to reduce the dimen-
sionality of the data. However, the optimal wavelengths
between PCA loadings and second derivative spectra
have shown similarity between different sample sets [58],
therefore variable selection by the second derivative was
an effective choice for data reduction.

Machine learning-based hyperspectral image classification
provides a robust method to study root systems

Both machine learning algorithms initially tested in this
study, Support Vector Machine (SVM) and Random
Forest (RF) classification, are commonly used classifi-
ers [59, 60]. However, due to faster computational time,
RF was the preferred algorithm to generate the classifi-
cation models in this study. Consistent with the initial
classification results, the SAM method produced higher
accuracy scores when generating the models. Visually,
the RF model demonstrated exceptional accuracy in
predicting root and soil regions and outperformed the
initial SAM classifications in all configurations. How-
ever, the accuracy scores did not reflect this assessment.
During model testing, the accuracy for the root class
ranged from 85-92%, but it dropped to 35-86% when
predicting the original images. Beyond the differences
in acquisition settings, the low Fl-scores observed
in the predicted images can likely be attributed to the
model being trained on selectively cropped regions,
which contained the most accurately classified sections
of an image. In contrast, predictions were performed
on entire images, which displayed variations in classifi-
cation quality. This discrepancy was particularly notice-
able in CONF3, where the stereomicroscope’s lens
limitations resulted in image vignetting. Furthermore,
the deviation in accuracy scores within each parameter
suggests variability in accuracy over time and across
the three species examined. The low accuracy scores
might also be explained by the evaluation metric of the
RF models’ accuracy, which used the assumption that
the original SAM labels were accurate. However, these
labels may not accurately represent the true classifica-
tion of each pixel. The SAM classifications were derived
from subjective choices in the manual selection of ROIs
that constitute only a small fraction of the total pixels.
The classification of the root-soil interface class was
often confounded by variations in the background soil
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or root systems, rather than the interface itself. Add-
ing more classes to differentiate these regions may have
been useful but can also lead to increased subjective
bias. Although numerous other model classifiers and
image processing methods hold the potential of deliver-
ing more precise segmentation of root system regions
[12, 18, 61], their exploration was beyond the scope of
this particular study. Analyzing the spectral signatures
for each class was an effective approach to determine
how various configurations and acquisition settings
impacted data quality. Future research should build
upon our findings by investigating other methods tai-
lored to the specific goals of the analysis.

Conclusions

In this study, we evaluated various HSI acquisition
parameters and data processing techniques for analyzing
root systems across three different imaging scales using
the VNIR SNAPSCAN HSI camera. Our methodology,
which involved use of supervised Spectral Angle Map-
per (SAM) for initial image classification into roots, soil,
and the root-soil interface, followed by selection of vari-
ables through the use of second derivative and training
a Random Forest (RF) model, provided a robust frame-
work for image classification. This approach effectively
highlighted the spectral signature differences across the
three configurations and acquisition parameters. The
analysis method could be successfully used for all three
graminoid species tested, despite differences in their root
architecture. The scripts developed during this study are
available as an online Python-based tool for semi-auto-
mated HSI analysis, offering a scalable framework that
can be expanded and refined with further techniques.
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