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Abstract 
Background and aims  Hyperspectral imaging is 
becoming a key, high-throughput technique in plant 
research. However, its application to roots has not yet 
received sufficient attention. The aims of this study 
are to identify spectral features that distinguish fine 
roots from soil, non-woody roots of different species, 
and dead from living roots, and to identify appropri-
ate analytical techniques.
Methods  Roots of Alopecurus pratensis (meadow 
foxtail) and Urtica dioica (nettle) and the rhizos-
phere were imaged in rhizoboxes in the wavelength 
range 400–1700  nm, covering both visible near- 
(VISNIR) and shortwave infrared (SWIR) regions. 
Principal Component Analysis, K-means clustering, 
and Generalised Linear Model, Partial Least Squares 

Discriminant Analysis, and Distributed Random For-
est models were used to classify groups. Wavebands 
critical for classification were identified.
Results  Our results demonstrate the intricate 
nature of spectra clustering, highlighting the chal-
lenges in the VISNIR range and the promise of 
SWIR data for enhanced separability. While spe-
cies differentiation is challenging, the determina-
tion of the living conditions of the roots is possi-
ble within the SWIR range. The analysis reveals 
the significance of specific spectral regions, nota-
bly those associated with water content and senes-
cence, in distinguishing between living and dead 
roots. Water content regions (mainly 1245 nm and 
1450  nm) were most important in discriminating 
between roots and soil.
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Conclusions  This study highlights the potential of 
spectral analysis, particularly in the SWIR region, 
for distinguishing roots by species and vitality. Fur-
ther efforts are needed to develop robust methods for 
mixed data sets containing roots of different species 
and degrees of vitality.

Keywords  Infrared spectrometry · Root taxa · Root 
vitality · Species discrimination · Spectral analysis · 
Mixed plant communities

Abbreviations 
DRF	� Distributed Random Forest
GLM	� General Linear Model
K-means	�  “K” – number of clusters
MCC	� Matthews Correlation Coefficient
PLS-DA	� Partial Least Squares – Discriminant 

Analysis
SWIR	� Short Wave Infrared
VISNIR	� Visible Near Infrared

Introduction

Plant tissues are composed of various chemical com-
pounds arranged in different structures, and these 
components, together with water, can interact with 
electromagnetic radiation / photons of different 
energy levels (da Luz and Crowley 2007; Knipling 
1970; Turker-Kaya and Huck 2017). While light 
in the visual (VIS) spectrum (400–700 nm) is com-
monly used for ‘normal’ RGB imaging, near infra-
red (NIR; 700 ~ 1000 nm) and short-wave infrared 
(SWIR; ~ 1000–2500 nm) spectroscopy (Mishra et al. 
2017) is increasingly used in plant research for pur-
poses such as stress (Zahir et  al. 2022) and disease/
decay identification (Ali et al. 2019; Min et al. 2023), 
NDVI computation (Calera et al. 2001), canopy struc-
ture assessment (Serbin and Townsend 2020), and 
nutrient content estimation (Johnson et  al. 2021). 
Beyond plant science, many other materials are cost-
effectively analysed by infrared spectroscopy, lead-
ing, for example, to the increasing development of 
soil spectral libraries (Dangal et al. 2019; Rossel et al. 
2008).

Plant communities are often composed of dif-
ferent species, and this organisation subsequently 
impacts ecosystem characteristics (Violle et al. 2007). 

Transforming individual species-level traits into com-
munity function involves relating trait values to abun-
dance (Violle et al. 2007). While the value of diverse, 
mixed plant communities is increasingly recognised 
for sustaining functions and yields of (semi-) natural 
grasslands and forests (Bhattarai et al. 2023; Blondeel 
et al. 2024; Lindenmayer et al. 2000) but also in agri-
culture (Cappelli et  al. 2022; Udawatta et  al. 2019; 
Thrupp 2000) under progressive climate change, stud-
ies in mixed communities are considerably hampered 
by the lack of high-throughput methods for species 
identification and quantification. Aboveground, an 
increasing number of studies classify plant functional 
types or species based on the unique waveband pat-
terns created by leaf reflectance or absorption (Bui-
trago et al. 2018; Paz Kagan et al. 2017; Zhao et al. 
2016; Zhou et  al. 2016). In contrast, spectroscopic 
methods on roots have been mainly used to determine 
chemical composition in dried and ground samples, 
such as starch (Nkouaya Mbanjo et  al. 2022), lignin 
(Elle et  al. 2019), and cellulose contents, as well as 
Carbon–Nitrogen ratios (White et  al. 2011), often 
using Fourier-transform infrared (FTIR) spectroscopy 
(Jaggi and Vij 2006). To date, only a few studies have 
explored the potential to identify plant species using 
the spectral patterns obtained from their roots (Nau-
mann et  al. 2010; Rewald and Meinen 2013; Strak-
ová et al. 2020; Tong et al. 2016). Based on chemical 
differences, researchers have used dried and ground 
root material to disentangle root system biomass of 
different crop or weed species growing in mixtures, 
although labour-intensive calibration with artifi-
cial mixtures of two or three species was required 
(Meinen and Rauber 2012; Naumann et  al. 2010). 
In certain instances this has been achieved even with 
species of the same genus, e.g. motivated by fraud 
detection; for example, Laasonen et  al. (2002) dem-
onstrated that IR spectroscopy (1640–1754 nm) is a 
reliable method for rapid identification of E. purpu-
rea roots in the pharmaceutical industry. However, 
challenges remain when trying to distinguish intact 
roots by species in soil and/or rinsed from soil sam-
ples (Freschet et  al. 2021; Rewald et  al. 2012). In 
particular, minirhizotron or rhizobox studies, using 
repeated imaging to determine root growth and turno-
ver at transparent soil-interfacing surfaces, not only 
benefit from automatic root detection/segmentation 
(Baykalov et  al. 2023; Khoroshevsky et  al. 2024), 
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but the methodology could be greatly enhanced by 
the ability to classify detected roots. However, direct 
interference from soil spectra and water droplets, par-
ticularly at the transparent interface of MR tubes and 
rhizoboxes/root windows, can be expected to affect 
spectral imaging of roots to an extent at least similar 
to that of dust particles deposited on leaves (Lin et al. 
2021). In addition, many spectrometric cameras still 
have lower resolutions than RGB cameras (Zhao et al. 
2022), which is particularly challenging for imag-
ing fine roots, which can be as thin as 50 µm (Pierret 
et al. 2005).

Besides species identification, distinguishing 
between living and dead roots is another important 
methodological constraint in biomass sampling (Fre-
schet et  al. 2021; Rewald and Meinen 2013) and 
minirhizotron studies (Rewald and Ephrath 2013). 
Knowledge of the proportion of root systems actively 
contributing to water (Vetterlein and Doussan 2016) 
and nutrient (Ehrenfeld et al. 1997) uptake is key to 
determining the spatiotemporal patterns of root sys-
tem function. Furthermore, living and dead roots are 
currently categorised by humans, often based on col-
our (e.g. white vs. black) or turgescence (e.g. turges-
cent vs. shriveled). A less subjective and automated 
distinction between living and dead roots would 
therefore help to determine more accurate root turno-
ver rates (Freschet et  al. 2021; Picon-Cochard et  al. 
2009). However, few studies have yet used IR spec-
troscopic methods to distinguish between living and 
dead plant tissue. For example, vegetation indices 
based on hyperspectral data (from 350 to 2500 nm) 
in mixed grasslands have achieved high correlations 
(> 0.9 R2) in estimating the proportion of dead shoots 
(Yang and Guo 2014), suggesting strong and per-
sistent spectral differences between living and dead 
leaves (i.e. via chlorophyll content). A recent study 
on grasslands showed that spectral complexity is sen-
sitive to living and dead plant biomass (Rossi et  al. 
2022). For roots, Picon-Cochard et  al. (2009) were 
able to predict the proportion of dead versus living 
roots of five grass species with an error of 15% using 
washed and dried samples that were manually sorted 
into vitality classes before drying. Similarly, hyper-
spectral imaging (in the VISNIR range) has been used 
to discriminate between dead and living tree roots 
by extracting pixel values from poplar (Nakaji et  al. 
2008). Hyperspectral Imaging (HSI), a cutting-edge 
technology that integrates imaging and spectroscopy, 

has the potential to surpass NIR spectroscopy. Unlike 
NIR spectroscopy, HSI scans entire samples, allow-
ing the averaging of numerous narrow spectra to cre-
ate representative samples for the analysis of highly 
heterogeneous objects of study, such as soils (Pudełko 
et  al. 2020). Major applications of this technology 
include environmental monitoring (Stuart et al. 2019), 
precision agriculture (Sethy et  al. 2022), food qual-
ity assessment (Min et al. 2023), medical diagnostics 
(Fei 2019), and mineral exploration (Bedini 2017). 
Hyperspectral imaging of rhizobox systems has previ-
ously been proposed to distinguish rhizosphere com-
ponents such as soil, decomposed leaf litter, or living 
and dead roots (Nakaji et al. 2008; Pierret 2008), and 
has even been tested to segment roots from the sur-
rounding soil (Bodner et al. 2018). The study of plant 
roots using hyperspectral imaging thus opens up new 
possibilities for the non-destructive study of soils, 
roots, and their symbionts. Machine learning (ML) 
algorithms applied to spectroscopic data provide a 
rapid and non-invasive method of analysing the com-
position of a target sample by mapping absorbance or 
reflectance values to the desired output, providing an 
efficient means of spectral data analysis (Zhang et al. 
2022). The synergistic integration of hyperspectral 
imaging with ML methods has significantly advanced 
the classification and analysis of complex hyperspec-
tral images (Ozdemir and Polat 2020). Two general 
ML approaches can be distinguished: unsupervised 
and supervised learning. Unsupervised methods are 
valuable for exploring inherent patterns in spectral 
data without prior labels, providing insight into the 
natural grouping of the features. In contrast, super-
vised methods use known groups to classify the data 
and identify the key features that drive group differ-
entiation. Both supervised classification and unsuper-
vised clustering are used for qualitative analysis of 
hyperspectral data (Li et al. 2022).

Root and rhizosphere research is hampered by 
the lack of non-destructive methods to distinguish 
visually similar roots of different species and vital-
ity stages, up to and including senescent roots, in 
minirhizotrons and rhizoboxes. In this study, we first 
determine the spectral differences, in both the VIS-
NIR and SWIR regions, that set apart fine roots of 
a common grass (Alopecurus pratensis) and a com-
mon herb (Urtica dioica) species from average soil 
spectra. Using unsupervised ML, we then inves-
tigate whether the spectral signatures are already 
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present in the studied categories and could be used 
to classify roots of the two plant species, as well as 
to distinguish between living and dead roots. Three 
supervised machine learning methods were used to 
facilitate the discrimination of roots from the  soil, 
roots of different species, or viability groups, with the 
aim of exploring the level of accuracy in determining 
groups and identifying the wavebands that contribute 
most to group classification.

Materials and methods

Experimental set‑up

Six rhizoboxes (Fig. 1) were prepared, each measuring 
30 × 20 × 3 cm (H × W × D), made of polymethylmeth-
acrylate (PMMA; 3 mm) with a transparent front panel, 
and black rear, sides, and bottom (Vienna Scientific 
Instruments, Alland, AT). Four different soil types were 

Fig. 1   RGB images of a) Alopecurus pratensis and b) Urtica 
dioica captured by the SPECIM IQ; different rhizoboxes pre-
sent a different permutation of the four soil types, e.g. in b) 
from left to right: quartz sand, light subsoil, dark topsoil, peat. 

Subpanel c) depicts a synthetic image used for SWIR labelling 
purposes. The synthetic image was constructed by combin-
ing three different wavebands (ImSpector N17E), see text for 
details
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used, differing widely in organic content, colour, and 
texture, to create heterogeneity in soil spectral patterns. 
These included i) commercial garden peat substrate, 
ii) soil organic matter-rich, dark (A horizon of Cher-
nozem), and iii) soil organic matter poor, light (subsoil 
of Chernozem) arable soils from eastern Austria (Tulln 
an der Donau, Lower Austria), and iv) pure quartz sand. 
The soils were sieved to a particle size of ≤ 2 mm. See 
Supplementary Table  S1 for details. The rhizoboxes 
were filled with the soils in four vertical strips of ~ 5 
cm width, using pieces of cardboard as dividers dur-
ing rhizobox filling, to realistic densities of 0.5–2.6 g 
cm−3 (depending on soil type). Different boxes were 
filled with different permutations of the four soil types 
to ensure that some soils would not only hold lateral 
roots, while others would be consistently more densely 
rooted. Subsequently, two plant species were entered 
in three rhizoboxes each: Alopecurus pratensis L. (AP) 
and Urtica dioica L. (UD). AP, the meadow foxtail, is 
a perennial grass of the Poaceae family, known for its 
preference for moist, nutrient-rich soils (Kreyling et al. 
2012). UD, stinging nettle, is a perennial herb of the 
Urticaceae family, commonly inhabits weakly acidic or 
weakly alkaline, richly fertile, and moist soils, occurring 
throughout Europe – particularly on disturbed sites (Tay-
lor 2009). 16 seeds were planted per rhizobox; 2 weeks 
after germination seedlings were thinned to approxi-
mately 6 plants per rhizobox and grown for 5 months in 
a growth chamber (Fitotron HGC, Weiss–Gallenkamp, 
UK). The chamber was set to a temperature of 25 °C 
with a relative humidity of 60%. The day/night cycle 
in the chamber was set to 10/14 h, respectively; PAR 
was ~ 1450 µmol m2 s−1 at mid-chamber height (Fitzky 
et al. 2023). Manual irrigation was performed every two 
to three days with tap water to field capacity; no ferti-
liser was added. The drainage holes at the bottom of the 
rhizoboxes were partially sealed to reduce moisture loss.

After taking rhizobox images (see below) of 
vigorous-looking plants with well-established root 
systems in mid-March, i.e. ~ 5 months after sowing 
(Fig. 1), the plants were killed by cutting the shoots. 
The rhizoboxes were then placed in a dark room at 25 
°C; no algae growth was observed on the transparent 
rhizobox panel. The root systems were imaged again 
at the end of April, 42 days after the above-ground 
part of the plants had been cut. During this time, the 
rhizoboxes were watered once a week, to ensure con-
stant soil moisture between imaging dates. Images 

taken in March and April are referred to in the results 
as ‘living’ and ‘dead’ root datasets, respectively.

Imaging and pre‑processing

Two camera devices were used in this study to cover 
a wide wavelength range from the VIS (400 nm) to 
the SWIR (1700 nm) spectra. The cameras were: 1) 
SPECIM IQ (Specim, Spectral Imaging Ltd, Oulu, 
FI): This camera captures 204 wavebands from 400 
to 1000 nm (VISNIR range), with a spectral resolu-
tion of 7 nm. The SPECIM IQ camera produces an 
image of the entire rhizobox (30 × 20 cm), albeit at 
a lower resolution than the ImSpector N17E (see 
below). Each image taken by the SPECIM IQ has a 
size of 512 × 512 pixels. The hyperspectral data was 
saved in .hdr and .raw formats. In addition, an RGB 
image (.png format), corresponding to the hyper-
spectral data, was taken as a reference. 2) ImSpec-
tor N17E (Specim, Spectral Imaging Ltd, Oulu, FI): 
This camera captures 256 wavebands from 900 to 
1700 nm (SWIR range), with a spectral resolution 
of 5 nm. Instead of capturing a complete image of 
the rhizobox, the camera generates 7 vertical strips/
sections of the rhizobox, each stored as a separate 
file. Each section is 320 × 3000 pixels (H × W), with 
256 wavebands, and is saved in.sif format. In total, 
7 hyperspectral images were taken from each of the 
6 rhizoboxes. For greater versatility, efficiency, and 
compatibility between programming languages, the 
data was converted from.sif to HDF5 (.h5) format.

The hyperspectral data was normalized using 
white and dark references, according to the follow-
ing equation (Bodner et al. 2018):

where Ri,� is the raw data and Di,� is the dark refer-
ence, Wi,� is the white reference, normalised at wave-
band λ and pixel i in the dataset. The data were also 
scaled from 0 to 1 (float) to facilitate further analysis 
using algorithms and statistical methods (Martinez-
Vega et al. 2022):

(1)Normalized =
Ri,� − Di,�

Wi,� − Di,�

(2)Scaled(x
�,i) =

xi,� −min(x
�
)

max
(

x
�

)

−min(x
�
)
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where xi,� denotes a data point at waveband λ and 
pixel i in the dataset. Normalisation and scaling were 
applied to the entire rhizobox image or to the 7 strips/
sections per rhizobox in the VISNIR and SWIR data-
sets, respectively.

The data were sparsely annotated by selecting 
regions of interest (ROIs) using a custom program 
written in Python (Baykalov 2024). Each sparse 
label or ROI (1–13 px) appeared on a mask that was 
saved for later processing. The pixels for the analy-
sis were extracted from these labels. Due to the sig-
nificant difference in resolution between the VIS-
NIR and SIWR cameras, accurate detection of very 
fine roots in the low-resolution VISNIR data was 
limited and larger root diameters were labelled—
creating a potential bias in the recorded spectra 
towards larger fine roots. However, it was beyond 
the scope of this study to evaluate the spectra of dif-
ferent root development/branching stages. To ensure 
consistency of the labels for both the March (liv-
ing) and April (dead) datasets, the roots/soil from 
the March images were first labelled to generate the 
masks on living roots, and then the reference images 
were aligned using a custom algorithm consisting of 
the ORB feature detector (Rublee et  al. 2011), the 
descriptor matcher, and the RANSAC homology 
finder (Shen et al. 2020; Vinay et al. 2015) from the 
‘cv2’ library (Bradski 2000) on Python v. 3.7.13. 
The masks for the dead roots and soil in April were 
generated by matching the March masks to the same 
homology as the reference images.

VISNIR (visual and near infrared) data processing

A custom labelling tool (Baykalov 2024), VISNIR_
labelling_tool.py, published on GitHub, was used to 
directly label the root pixels on an RGB image (.png 
format file) acquired directly with SPECIM IQ. This 
approach was chosen due to the direct correspond-
ence between RGB and hyperspectral data (i.e. same 
orientation and image size). Labelling the roots on 
the RGB images proved to be much more straightfor-
ward than trying to identify specific wavebands where 
the roots are clearly visible. For each individual 
rhizobox, a subset of the root and soil pixels (ROIs: 
15–260 px in size) were labelled and stored in differ-
ent masks, one mask for roots and another for soil. 
All four soil types and the white stones present in 

the quartz sand were labelled as soil; soil types were 
not distinguished but labelled in approximately equal 
amounts. RGB images of the rhizoboxes were used 
as a reference for the date (March–April) alignment 
of the masks. For the analysis, the annotated pixels 
were extracted by filtering the hyperspectral data 
through the masks (Online Resource 3, Supplemen-
tary Fig. 1). These annotated pixels were then stored 
in a matrix with 204 columns, corresponding to the 
waveband number, and a number of rows correspond-
ing to the number of pixels in the mask. To represent 
the inherent variability of soil and root (age), a mini-
mum number of 500 pixels per category was selected.

SWIR (short wave infrared) data processing

The SWIR data exhibited a distinct landscape and con-
ditions that required additional pre-processing steps. 
First, a 200-pixel wide area was cropped from the upper 
part of the data, primarily containing the shoots of the 
plants. After cropping, a waveband filtering process 
was applied, removing the first 37 bands and retaining 
219 wavebands as the final result. Reference wavebands 
for date (March–April) alignment were generated from 
the 6th waveband (1034–1035 nm) after filtering, as 
this band provided the clearest image compared to the 
first five bands. This reference waveband was chosen 
by selecting the first clearest band starting from the 
beginning. The reference wavebands were saved in .npy 
format, as the alignment algorithm was implemented 
and executed in Python. To reduce stripe noise in each 
waveband, median filtering with a 5 × 5 diamond ker-
nel was applied using the ‘mmand’ R library (Clayden 
2020). Due to the presence of 7 stripes/sections, nor-
malisation was performed within each rhizobox and day 
to standardise the data. The within-rhizobox normalisa-
tion facilitated the scaling of the data.

Similar to the approach used for VISNIR data, a 
custom tool (SWIR_labelling_tool.py) was used for 
labelling (Baykalov 2024). To label the SWIR data, a 
synthetic image was constructed by combining three 
different wavebands (60, 70, and 150, corresponding 
to 1135, 1189, and 1457 nm, respectively; Fig.  1c). 
These specific wavebands were chosen because they 
showed good quality with clear images. The main 
criterion for labelling was a clear distinction between 
roots and soil, validated by visual inspection of the 
RGB image of the rhizobox. Only a small random 
portion of the visible root length, ~ 5%, was labelled. 
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The four soil types present in the study were consid-
ered in the labelling process. The soil type was, how-
ever, not considered in the spectral analysis, all soil 
types were combined into one cluster corresponding 
to an average soil spectrum. The small bright stones 
found predominantly in the quartz sand were selected 
as soil to augment data diversity. Similar to the VIS-
NIR data processing, the ROI pixels were extracted 
by filtering the data through the mask and stored in a 
two-dimensional matrix (Online Resource 3, Supple-
mentary Fig. 1). The matrix consisted of 219 columns 
corresponding to the wavebands remaining after the 
previous filtering step. Due to the higher resolution of 
the SWIR images, the number of labelled pixels was 
higher than for the VISNIR data, with a minimum of 
20,000 pixels per category.

Additionally, based on the observations from the 
first analysis (of March vs April data within the same 
species), which included the entire spectra ~ 1000–1700 
nm, a region of high differences was detected. This 
region is located between 1450 and 1700 nm, conse-
quently a subset of data within the same range was 
made and named as ‘1450–1700’ (AP1450–1700 and 
UD1450–1700); these data were separately clustered and 
classified only for the living/dead distinction.

Spectral data analysis

Data analysis was performed separately for the VIS-
NIR and SWIR data sets. Image alignment between 
the VISNIR data and SWIR data was not achieved 
due to the large difference in resolution (~ 22 pixel 
cm−1 of VISNIR versus ~ 100 pixel cm−1 of SWIR), 
resulting in mismatched labels.

Visualization of reflectance patterns

Six types of data points were analysed, grouped 
in three pairs: Roots:Soil, AP:UD roots (species), 
and  Living:Dead roots. For each group, the mean 
pixel values for each waveband were computed, 
resulting in a mean spectrum for that particular 
group. The standard error was then added or sub-
tracted from the mean to produce a range of values 
reflecting the variability of the pixel values. Principal 
component analysis (PCA) was used as a dimension-
ality reduction technique to visualise the ROI pixels 
for both VISNIR and SWIR data. PCA was applied 
separately for roots-soil, species, and live-dead (by 

date) visualisation. The R libraries ‘ggplot’ (Wick-
ham 2016) and ‘ggfortify’ (Li 2016; Tang et al. 2016) 
were used to generate plots.

Clustering and classification algorithms

An unsupervised clustering method was used to iden-
tify potential inherent groups within the data. These 
clusters were then compared with the actual groups, 
which were either roots or soil, species, or date (live-
dead), to assess clustering performance. K-means 
(Forgy 1965), a widely used unsupervised machine 
learning algorithm, was used to partition the dataset 
into ’k’ clusters, where ’k’ is the number of actual 
groups, by iteratively assigning data points to the 
nearest centroid and recalculating centroids based on 
the mean of the points within each cluster. All hyper-
parameters were set as default, except for the random 
seed, which was varied to determine the maximum 
Matthews Correlation Coefficient (MCC; see below). 
To ensure robustness, K-means was executed 500 times 
to identify the best MCC score and to generate the dis-
tribution of MCC values (see Online Resource 3).

Three supervised machine learning methods were 
used to facilitate the detection of groups, with the aim 
of exploring two key aspects: i) the level of accuracy 
in determining the groups and ii) the identification 
of wavebands providing the most valuable informa-
tion in group classification. 1) Generalised Linear 
Model (GLM), a statistical framework extending the 
traditional linear regression model to accommodate 
various types of data distributions. By specifying an 
appropriate link function (in this case multinomial) 
and error distribution, GLM enables the analysis of 
non-normally distributed dependent variables (Nelder 
and Wedderburn 1972). 2) The Partial Least Squares 
Discriminant Analysis (PLS-DA) model, popular for 
modelling spectral data (Ali et  al. 2019; Lin et  al. 
2012; Yu et al. 2018), is a multivariate statistical tech-
nique used for supervised classification, specifically 
designed to distinguish between predefined groups or 
classes within a dataset by maximising the separation 
between them, considering both predictor variables 
and class information (Lee and Liong 2018). A simi-
lar method but for regression instead of classification, 
is widely used and known in the field of spectral anal-
ysis (Bodner et al. 2018; Straková et al. 2020; Tong 
et al. 2016; Zahir et al. 2022). 3) Distributed Random 
Forest (DRF) (LeDell and Poirier 2020), an ensemble 
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learning method designed for distributed computing 
environments. In DRF, multiple decision trees are 
constructed independently on different subsets of the 
data, and their predictions are combined to generate a 
more accurate and robust model (Breiman 2001).

GLM, PLS-DA and DRF models were run with 
default hyperparameter values (H2O.ai 2023a; Kuhn 
2008; LeDell and Poirier 2020). After training, each 
model allows retrieving the sorted priority list of the 
variables used for the classification (H2O.ai 2023b). 
The first 20 important variables, corresponding to the 
wavebands, were extracted from each cross-validation 
training and then retained. The important wavebands 
identified by each algorithm over five cross-validations 
were combined, resulting in a total amount of > 300 
accumulated wavebands. Only wavebands that 
appeared at least five times in this combined set were 
selected for further analysis, reducing the number of 
wavebands to 52–72; identified, combined wavebands 
are reported per discrimination task (Online Resource 
1). Cross-validation is an essential technique that 
facilitates the testing of algorithms using the same 
dataset while providing an assessment of the average 
performance on unseen  data. For this study, a five-
fold cross-validation approach was employed. This 
involved randomly dividing the data into five subsets, 
training the algorithms on four of these subsets, and 
evaluating them on the fifth subset. By repeating this 
process for all possible combinations, the validation 
results were averaged and reported along with the cor-
responding standard error (SE). Additional testing was 
conducted on the data per month. Each model under-
went training using the March training set data and 
was subsequently evaluated on the entire dataset from 
April, rather than the validation set.

The ‘caret’ (Kuhn 2008) and ‘h2o’ (LeDell and 
Poirier 2020) packages for R (R Core Team 2022) 
were used for both unsupervised and supervised 
algorithms. A computer equipped with an NVIDIA 
GeForce RTX 2080 with Max-Q Design GPU and 24 
GB of memory was used for training. The computer 
had an Intel i7 Intel processor and 32 GB of RAM.

Evaluation of the algorithms

Two metrics were used to evaluate the algorithms: 
regular accuracy and the Matthews Correlation Coef-
ficient (MCC). Accuracy provides a broad overview 

of the classification performance (Grandini et  al. 
2020), representing the ratio of correctly labelled 
instances to the total number of instances.

In contrast, MCC provides a superior measure for 
evaluating multi-class classification that is robust 
to unbalanced data (Boughorbel et  al. 2017; Chicco 
et  al. 2021). It expresses the degree of correlation 
between two categorical random variables (Grandini 
et al. 2020). The MCC used in the analysis is from the 
R package ‘mltools’ (Gorman 2022).

Results

Differences between mean root and soil spectra

In the VISNIR analysis, there was a high degree 
of overlap between root and soil spectral features 
(Figs.  2, 3). The PCA plots and spectral pattern 
illustrate the intricate intertwining of soil and root 
spectra; the second component of the PCA falls sig-
nificantly short of clearly categorising the two com-
ponents, resulting in a modest explanatory power of 
9–13%. The mean spectra of the two groups are very 
close, with the largest differences at the end of the 
range for living roots and in the middle (around 600 
nm) for dead roots (Fig.  3; Online Resource 5, Sup-
plementary Fig.  5). K-means clustering yielded only 
moderate accuracies and very low MCCs (Table 1). In 
terms of supervised classification, the tree-based algo-
rithm DRF yielded the best results for the separation 
of Roots:Soil March pixels based on VISNIR, with 
accuracies between 0.9–0.94 and MMC of 0.79–0.87 
(Table  2). In contrast, GLM and PLS-DA achieved 
results of 0.71–0.81 and 0.38–0.64 for accuracy and 
MMC, respectively (Table 2), with GLM performing 
better than PLS-DA. A subsequent test on dead root 
data (Roots:Soil) revealed a risk of overfitting within 
the DRF model, while GLM and PLS-DA maintained 
a consistent range of accuracy (Table  3). The key to 
VISNIR-based classification appears to be centred on 
wavebands located in the spectral regions around ~ 600 
nm, as well as with ~ 810–850 nm (weaker), and par-
ticularly from ~ 950 to 1000 nm (Fig.  3, grey lines; 
Online Resource 2, Supplementary Table 2).

(3)

Accuracy =
Number of correctly labelled instances

Total number of instances
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Similar to the VISNIR data, the PCAs for the 
SWIR data (Fig. 2) do not conclusively show a clear 
separation between roots and soil. In contrast, how-
ever, k-means clustering of SWIR data shows sig-
nificantly higher MCC (0.51–0.59) (Table  1; Online 
Resource 4, Supplementary Fig. 2), accompanied by 
accuracies of around > 0.7 (Table  1). Exploring the 
spectral domain for wavebands that best discriminate 
between root and soil instances, average soil pix-
els have a reduced reflectance of  around 1000–1250 
and 1400–1600 nm (Fig.  3), compared to root pix-
els. Interestingly, the same region of 1450–1600 nm, 
which had more overlapping (between living root and 

soil spectra) in March, allowed for a higher means 
of  separation of dead roots from the  soil in April 
(Online Resource 5, Supplementary Fig. 5). Regard-
ing the supervised classification, we observe a recur-
rent pattern of very good accuracies/MMC for the 
DRF algorithm, and a slightly less good performance 
of GLM (Table 2). Notably, the overall MCC values 
in SWIR exceed those in VISNIR for all classifica-
tion algorithms. The key wavebands identified by 
the different algorithms for classification (approx. 
1200–1260 nm, 1415–1440 nm; Fig.  3; Online 
Resource 2, Supplementary Table 3) show minor dis-
crepancies between imaging dates.

Fig. 2   PCA plots for soil (magenta) and root (cyan) spectral 
visualisation. Soil spectra are derived as the mean of four soil 
types (see text for details), root spectra are the mean of liv-
ing Alopecurus pratensis and Urtica dioica roots (March) and 

dead roots of both species (April). Spectral range is visual-near 
infrared (VISNIR) or short-wave infrared (SWIR). VISNIR 
data are less dense due to the lower camera resolution
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Spectral differences between grass and herb fine roots

The PCAs on the species VISNIR spectral pat-
tern (Fig. 4) illustrate that the spectra of Alopecurus 
pratensis and Urtica dioica species are tightly inter-
twined and have a significant overlap. Similarly, the 
K-means clustering of both living and dead root spec-
tra is characterised by low MCC scores (0.27–0.36; 
Table  1). The supervised models DRF and GLM 
performed well (MCC 0.6–0.9), while PLS-DA 
scored < 0.5 MCC (Table 2). All three methods pro-
vided information on key VISNIR wavebands, cer-
tain sections in the middle of the spectrum become 

prominent, but these sections vary between the living 
(March; 710–770 nm) and dead (April; 560–580 and 
several regions from 830 to 1000 nm) roots (Fig. 5; 
Online Resource 2, Supplementary Table  4). A test 
of the models trained in March against the April data 
(Table 3) revealed differences that question the appar-
ent spectral similarity of species at the two dates, 
but also provides potential signs of overfitting of the 
models on the March dataset (more pronounced in the 
DRF), echoing the analogous observations comparing 
root and soil spectra.

The SWIR data showed improved differentiation 
between the two species although a degree of overlap 

Fig. 3   Spectral plots for soil (magenta), as average of four soil 
types, and fine roots (cyan) as average of both species in March 
(Living) and April (Dead). Imaging campaign for visual-near 
infrared (VISNIR) and short-wave infrared (SWIR) regions. 
Means (solid lines) and standard errors (shaded area) of reflec-

tance are given per wavelength (mean ± SE, n > 500). The grey 
vertical lines represent the important wavebands separating the 
two groups; see Online Resource 2, Supplementary Tables 1, 2 
for details. Note: Difference in x-axis scale between VISNIR 
and SWIR spectra
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remained (PCA; Fig. 4). The means SWIR spectra of 
A. pratensis and U. dioica roots showing considerable 
proximity in spectral pattern, with UD showing higher 
reflectance values in the range 1000 to 1100 nm, and 
AP showing higher values between c. 1400–1700 nm 
(Fig. 5). However, the standard errors of the two liv-
ing species’ root spectra overlap particularly strongly 
until 1400 nm, reflecting the variability in species’ 
root spectra. The unsupervised k-means clustering 

holds accuracies of 0.70 and 0.73, and MCCs of 0.47 
and 0.37 for the living (March) and dead (April) data, 
respectively (Table 1). The supervised classifications 
had high accuracies and MCCs, especially the DRF 
and GLM models (MCC 0.98–0.99), with PLS-DA 
holding slightly lower values for April (MCC 0.72), 
and revealing different SWIR wavebands contribut-
ing to the classification (Fig.  5; Online Resource 2, 
Supplementary Table 5). In contrast to VISNIR, the 

Table 1   Accuracy and MMC of average K-means clustering results on validation data (VISNIR-SWIR); mean ± SE from fivefold 
cross-validation

Roots:Soil comparison; Species: Species comparison; Living:Dead (L:D): March to April comparison for AP, Alopecurus pratensis, 
or UD, Urtica dioica; L:D AP1450–1700 used only the wavelenght 1450 to1700 nm for clustering

Comparison sets VISNIR SWIR

Accuracy MCC Accuracy MCC

Roots:Soil—Living 0.522 ± 0.007 0.100 ± 0.010 0.776 ± 0.001 0.595 ± 0.002
Roots:Soil—Dead 0.640 ± 0.010 0.180 ± 0.020 0.712 ± 0.002 0.507 ± 0.003
Species—Living 0.659 ± 0.004 0.274 ± 0.007 0.701 ± 0.004 0.467 ± 0.009
Species—Dead 0.670 ± 0.010 0.360 ± 0.020 0.734 ± 0.002 0.370 ± 0.009
Living:Dead—AP 0.477 ± 0.008 −0.040 ± 0.020 0.753 ± 0.001 0.493 ± 0.002
L:D—AP1450–1700 - - 0.782 ± 0.001 0.568 ± 0.002
Living:Dead—UD 0.530 ± 0.020 0.080 ± 0.030 0.688 ± 0.001 0.341 ± 0.003
L:D—UD1450–1700 - - 0.866 ± 0.004 0.745 ± 0.008

Table 2   Accuracy and 
MMC of average GLM, 
PLS-DA and DRF models 
on validation data per 
VISNIR or SWIR data for 
different compared sets; 
mean ± SE from fivefold 
cross-validation

Species, species 
comparison: AP, 
Alopecurus pratensis; UD, 
Urtica dioica; Living:Dead, 
March to April comparison; 
MCC, Matthews 
Correlation Coefficient; 
GLM, General Linear 
Model; PLS-DA, Partial 
Least Squares Discriminant 
Analysis; DRF, Distributed 
Random Forest

Algorithm Comparison sets VISNIR  SWIR

Accuracy MCC Accuracy MCC

GLM Roots:Soil—Living 0.747 ± 0.006 0.540 ± 0.009 0.984 ± 0.001 0.967 ± 0.001
Roots:Soil—Dead 0.817 ± 0.005 0.640 ± 0.010 0.877 ± 0.001 0.754 ± 0.002
Species—Living 0.834 ± 0.008 0.660 ± 0.010 0.999 ± 0.001 0.999 ± 0.001
Species—Dead 0.813 ± 0.008 0.610 ± 0.010 0.992 ± 0.001 0.982 ± 0.001
Living:Dead—AP 0.956 ± 0.005 0.910 ± 0.010 0.985 ± 0.001 0.970 ± 0.001
Living:Dead—UD 0.898 ± 0.008 0.790 ± 0.020 0.983 ± 0.001 0.965 ± 0.002

PLS-DA Roots:Soil—Living 0.714 ± 0.006 0.380 ± 0.010 0.913 ± 0.001 0.832 ± 0.002
Roots:Soil—Dead 0.745 ± 0.008 0.410 ± 0.020 0.821 ± 0.001 0.642 ± 0.002
Species—Living 0.724 ± 0.005 0.420 ± 0.010 0.956 ± 0.002 0.902 ± 0.004
Species—Dead 0.750 ± 0.010 0.470 ± 0.030 0.876 ± 0.001 0.721 ± 0.002
Living: Dead—AP 0.699 ± 0.005 0.400 ± 0.010 0.802 ± 0.002 0.595 ± 0.003
Living: Dead—UD 0.652 ± 0.03 0.310 ± 0.060 0.912 ± 0.002 0.820 ± 0.006

DRF Roots:Soil—Living 0.943 ± 0.003 0.876 ± 0.008 0.997 ± 0.001 0.993 ± 0.001
Roots:Soil—Dead 0.906 ± 0.004 0.795 ± 0.007 0.970 ± 0.001 0.941 ± 0.001
Species—Living 0.980 ± 0.005 0.960 ± 0.010 0.999 ± 0.001 0.998 ± 0.001
Species—Dead 0.977 ± 0.002 0.952 ± 0.005 0.996 ± 0.001 0.992 ± 0.001
Living:Dead—AP 0.991 ± 0.003 0.983 ± 0.006 0.998 ± 0.001 0.997 ± 0.001
Living:Dead—UD 0.962 ± 0.005 0.920 ± 0.010 0.995 ± 0.001 0.991 ± 0.001
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methods point to the extremes of the spectrum (start 
and end wavebands) as crucial features, and addition-
ally the spectra 1450 ~ 1500 nm for dead roots (April). 
When evaluating the models trained on living roots 
(March) and tested on dead roots (April), the SWIR 
data show a reduced level of species differentiation 
compared to the VISNIR spectral data (Table  3). 
Similarly to VISNIR, the testing on April’s data is 
revealing lower MCC and accuracy scores (Table 3) 
compared to the within-month evaluation (Table  2), 
for all classification models tested.

Living‑dead fine root differentiation by spectral 
patterns

The task of clustering roots according to vitality 
(Living:Dead) within a species is less challenging 
than distinguishing between species, as evidenced by 
improved accuracies and MCCs of the latter (Table 1). 
Neither the PCAs (Fig. 6) nor the visual spectral com-
parison (Fig.  7) show any discernible differences in 
the VISNIR region. The means start to diverge only 
from around ~ 820 nm, in both species (Fig. 7; Online 
Resource 5, Supplementary Fig.  7). The supervised 
models, however, point to some differentiating wave-
bands in the NIR region from ~ 900 to 940 nm (Fig. 7; 
Online Resource 2, Supplementary Table  6). At the 
same time the MCC values for Living:Dead compari-
sons are the highest for GLM modelling compared to 
the previous analyses (Roots:Soil, species differentia-
tion), but no changes in MCC were observed for other 
models (Table 2).

In contrast, the SWIR region allowed for clearer 
discrimination of living and dead fine roots of either 

species by PCA (Fig.  6). Although the two clusters 
remain in proximity, they show a lower degree of 
overlap than observed with the species-related PCAs 
(Fig. 4). The means spectra of living and dead roots 
show, in particular for U. dioica, a marked difference 
in the region from 1410 to 1700 nm (Fig. 7; Online 
Resource 5, Supplementary Fig.  7). This agrees to 
some extent with the supervised methods in that the 
important wavebands for differentiation are con-
centrated from ~ 1460 to ~ 1570 nm (Fig.  7; Online 
Resource 2, Supplementary Table  7). Regarding 
the MCC score, the PLS-DA model shows opposite 
results, with UD having a higher score (0.82) than AP 
(0.59), compared to its performance in the VISNIR 
region where MCC of Living:Dead—AP is the high-
est, albeit with a modest 0.4 (Table 2). Moreover, the 
clustering results vary between species and are com-
parable to previous clustering analyses for species and 
roots-soil differentiation (Table 1; Online Resource 4, 
Supplementary Figs. 2, 3 and 4). However, the visual 
difference shown in Fig. 7, with the separation of the 
means (Online Resource 5, Supplementary Fig.  7) 
and the high concentration of important wavebands 
in the same location (Online Resource 2, Supple-
mentary Table 7) allows improved accuracies/MCCs 
(Table 2) by focusing the clustering exceptionally on 
the 1450–1700 nm region of the SWIR spectra (AP/
UD1450–1700).

Discussion

In recent decades, the development of non-destruc-
tive spectral techniques has improved significantly, 

Table 3   Accuracy and MCC of algorithms GLM, PLA-DA and DRF trained on living (March) and tested on dead root data (April) 
per VISNIR or SWIR data for different compared sets; mean ± SE from fivefold cross-validation

Species contrast, Alopecurus pratensis and Urtica dioica; MCC, average Matthews Correlation Coefficient; GLM, General Linear 
Model; PLS-DA, Partial Least Squares Discriminant Analysis; DRF, Distributed Random Forest

Algorithm Comparison sets VISNIR SWIR

Accuracy MCC Accuracy MCC

GLM Roots:Soil 0.630 ± 0.003 0.432 ± 0.004 0.845 ± 0.001 0.690 ± 0.001
Species 0.608 ± 0.001 0.171 ± 0.004 0.841 ± 0.001 0.653 ± 0.002

PLS-DA Roots:Soil 0.680 ± 0.002 0.394 ± 0.002 0.801 ± 0.001 0.618 ± 0.001
Species 0.650 ± 0.004 0.240 ± 0.010 0.698 ± 0.001 0.286 ± 0.001

DRF Roots:Soil 0.760 ± 0.004 0.470 ± 0.008 0.801 ± 0.002 0.611 ± 0.004
Species 0.621 ± 0.007 0.247 ± 0.008 0.782 ± 0.005 0.520 ± 0.010
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increasing the speed and reducing the cost of analysis. 
Near-infrared reflectance spectroscopy has emerged as 
an interesting alternative to conventional laboratory 
analysis in many fields, including soil science (Dangal 
et  al. 2019; Serbin and Townsend 2020; Zahir et  al. 
2022) and root chemical analyses (Elle et  al. 2019; 
White et  al. 2011). While these analyses are almost 
exclusively performed on dried and homogenised sam-
ples, the aim of the present analysis was to determine 
the spectral differences between fresh soil and intact 
roots at transparent interfaces as common in rhizobox 
and minirhizotron studies (Neumann et  al. 2009; 
Vamerali et  al. 2012). While methods for automated 

detection of roots growing in soil and imaged in an 
RGB format are progressing rapidly (Baykalov et  al. 
2023; Khoroshevsky et al. 2024), it was hypothesized 
that extended spectral information of fine roots con-
tains additional information that can be used for spe-
cies and vitality discrimination. Both, species iden-
tification and vitality discrimination of roots in  situ 
are key bottlenecks in root ecological studies aiming 
at e.g. unravelling species interactions below ground 
(Violle et  al. 2007) and/or determining realistic soil 
C input by root turnover (Gill and Jackson 2000). 
While there have been attempts to define plant ‘optical 
types’ for vegetation above ground, relating spectral 

Fig. 4   PCA plots for the species Alopecurus pratensis (AP, 
red), and Urtica dioica (UD, blue) in the spectral ranges vis-
ual-near infrared (VISNIR) and short-wave infrared (SWIR), 

and for living (March) and dead roots (April). The VISNIR 
data is less dense due to a lower camera resolution
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properties of leaves/canopies to functional plant traits 
(Ustin and Gamon 2010), information on root spectral 
patterns in situ remains scarce.

Water is the easiest component to identify in 
NIR spectra, with dedicated bands around 970 nm, 
1245 nm, and 1450 nm (Hank et  al. 2019; Thenka-
bail et al. 2013; Zahir et al. 2022). Roots often have 
high gravimetric water contents that are independent 
of soil water contents (Guo et al. 2013). Indeed, the 
water content valleys in the SWIR spectra emerge as 
a discernible cue that augments the probability of a 
pixel being attributed to a root rather than soil. This is 
shown in Fig. 3, where living fine roots had a higher 

reflectance than the averaged soil spectra—particu-
larly at the upper end of the VISNIR / lower end of 
the SWIR spectra (around 1000–1250 nm), and the 
wavebands > 1400 nm, for dead roots (Fig. 3; Online 
Resource 5, Supplementary Fig. 5). While this align-
ment is generally consistent with previous research, 
highlighting the importance of wavebands related to 
water content in effectively discriminating between 
roots and soil (Bodner et al. 2018), our results show 
that the soil-root separation is less distinct at the 1450 
nm water band (in living roots), with a large overlap 
in standard errors, compared to the ~ 1245 nm water 
band (Online Resource 5, Supplementary Fig.  5). 

Fig. 5   Spectral reflectance plots for Alopecurus pratensis 
(AP, red) and Urtica dioica (UD, blue) in March (Living) and 
April (Dead) and for visual-near infrared (VISNIR) and short-
wave infrared (SWIR) ranges. Means (solid lines) and standard 
errors (shaded area) of reflectance are given per wavelength 

(mean ± SE, n > 500). The grey vertical shadows represent the 
important wavebands separating the two groups; see Online 
Resource 2, Supplementary Tables 3, 4 for details. Note: Dif-
ference in x-axis scale between VISNIR and SWIR spectra
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Both the March and April datasets used combined soil 
spectra comprising four different soil types including 
sand, which probably contributes to expanded stand-
ard errors and increased mean reflectance values 
(Norouzi et al. 2021). This effect is attributed to the 
similarity in colour between sand and the white-yel-
lowish hue of roots, as illustrated in Fig. 1b, and the 
close correspondence between root and soil spectra in 
VISNIR (Fig. 3). However, the SWIR range appears 
to be less affected by these colour-related issues, but 
is rather depended on particle size and mineral com-
position (Norouzi et  al. 2021), with the mean soil 
reflectance consistently below the root spectrum in 
both March and April datasets (Fig. 3); and negligible 

differences observed between soils from both months 
(Online Resource 6, Supplementary Fig.  8). It is 
hypothesized that water contents significantly influ-
ence the proximity of the soil mean reflectance to 
the root mean reflectance within the 1450–1600 nm 
range in March (Fig.  3; Online Resource 5, Supple-
mentary Fig. 5). Although we continued irrigation, it 
is speculated that April soils were slightly drier than 
in March, which is reflected in a slight increase in the 
average soil spectrum in April (Online Resource 6, 
Supplementary Fig. 8), as reflectance often increases 
with decreasing soil moisture (Yang et al. 2019). Nev-
ertheless, the classification algorithms showed good 
results when discriminating average soil spectra from 

Fig. 6   PCA plots for spectra of living (March, orange) and 
dead (April, turquoise) roots of the species Alopecurus praten-
sis (AP), and Urtica dioica (UD) in the spectral ranges visual-

near infrared (VISNIR) and short-wave infra-red (SWIR). The 
VISNIR data is less dense due to a lower camera resolution
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average living root spectra in SWIR (Table 2). Clus-
tering, on the other hand, maintained an MCC score 
of 0.5 for both the March and April data (Table  1; 
Online Resource 4, Supplementary Fig. 2). This score 
is, however, often considered sufficient as MCC val-
ues range from −1 to 1 (Chicco et al. 2021).

When analysing NIR spectra, it’s crucial to recog-
nise that the wavelengths do not correspond to spe-
cific molecules or chemical species, but represent 
molecular bonds such as C-H, O–H, and N–H (Wu 
et  al. 2014). These bonds absorb at multiple loca-
tions in the NIR spectrum, forming overtones and 
band combinations due to their proximity (Workman 

Jr 1996). While chemometric data to build a predic-
tive model for in  situ spectra of fine roots are still 
missing, fine roots of grassland species, for exam-
ple, contain approx. 45% C, and 1.4% N (Ning et al. 
2017). However, significant differences in chemical 
composition among the roots of grass and herb spe-
cies have been reported (Bhattarai et al. 2024; Daw-
son et al. 2000; Furey and Tilman 2021). In addition, 
the moisture content in fresh roots of various herb 
species has been documented to range from 39% for 
Poa sphondylodes to 100% for Heteropappus altai-
cus (Zhang et al. 2019). Given these expected differ-
ences in root / rhizodermis stoichiometry and water 

Fig. 7   Spectral plots for living (orange) and dead (turquoise) 
roots of the species Alopecurus pratensis (AP), and Urtica 
dioica (UD) in the spectral ranges visual-near infrared (VIS-
NIR) and short-wave infrared (SWIR). Means (solid lines) and 
standard errors (shaded area) of reflectance are given per wave-

length (mean ± SE, n > 500). The grey vertical shadows repre-
sent the important wavebands for separating the two groups; 
see Online Resource 2, Supplementary Tables 5, 6 for details. 
Note: Difference in x-axis scale between VISNIR and SWIR 
spectra
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content (in herbs and grasses), we hypothesised that 
spectral patterns could be used to distinguish fresh 
roots of different species. Indeed, the reflectance 
spectra of living roots of both species showed less 
overlap in the PCA (Fig.  4) compared to the soil-
root (Living/March) comparison (Fig.  2). Regard-
ing the spectral plots in the SWIR region, however, 
more separated spectra (means and its corresponding 
standard errors) appeared in the 1400–1700 nm range 
than when comparing average soil and root spectra, 
while the opposite was true for the 1000–1250 nm 
range (Figs. 3, 5; Online Resource 3, Supplementary 
Figs.  4, 5). Excellent MCCs of ~ 0.9 were achieved 
with all classification models, which is even slightly 
better than the MCC scores achieved for roots-soil 
discrimination in the SWIR range. Nevertheless, test-
ing the models trained on March data on April data 
showed that the supervised models performed worse 
compared to their evaluation on the same month they 
were trained on (similar to the roots-soil differentia-
tion). These results could reveal the underlying differ-
ences between March and April data as well as the 
slight tendency of the models to overfit the March 
data, particularly evident in VISNIR. For instance, 
the DRF model significantly reduced its MCC score 
from 0.9 to 0.2 when tested in April within VISNIR 
(Tables  2,  3). Nevertheless, the primary distinction 
arises from the divergence between the living and 
dead conditions of the roots (March–April). This sug-
gests that constructing a robust and accurate model 
for species or roots-soil differentiation requires the 
inclusion of mixed data from both living and dead 
roots.

While the water-related bands were key for the 
Roots:Soil discrimination (as discussed above), 
the wavebands at the extremes of the SWIR spec-
trum, specifically at the beginning (< 1100 nm) and 
end (> 1600 nm), were key features for species dis-
crimination by the models. We speculate that this 
importance is based on the fact that U. diocia has 
a higher reflectance than A. pratensis roots in the 
1000 ~ 1100 nm region and A. pratensis has a higher 
reflectance ≥ 1420 nm, while both regions simultane-
ously hold less variation in reflectance than the part 
of the spectra with the largest difference in means 
(i.e. ~ 1450–1600 nm). Previous studies suggested 
that key wavebands for species identification are situ-
ated at higher NIR wavelength > 1450 nm (Tong et al. 
2016) – or even further in the infrared range, around 

15,000 nm in the MIR range (Naumann et al. 2010; 
Straková et al. 2020).

The biochemical reason for the spectral patterns 
of intact roots remains unclear. Although only tur-
gescent and healthy-looking roots were selected in 
March, we cannot completely exclude that some roots 
have senesced in the five months since germination. 
Furthermore, the spectral reflectance is likely to be 
constantly changing as roots age—develop root hairs, 
differentiate boundary tissue, etc. In the VIS spec-
trum, this may also be related to (gradual) changes in 
rhizodermis colour due to senescence (Niinemets and 
Ostonen 2020) or the physiological differentiation of 
living roots (Rewald et al. 2014). Although there may 
be several unexplored stages of spectral changes dur-
ing root development, our dataset was averaged by 
randomly selecting a large number of pixels at various 
locations per root type. The cutting of shoots and the 
dark incubation over a period of 42 days resulted in a 
noticeable change in the spectral reflectance patterns 
(Fig. 7). Not surprisingly, the ongoing decomposition 
of the roots led to SWIR spectra that were more similar 
to the soil (Fig. 3) – resulting in relatively lower MCCs 
of models compared to living conditions (Tables 1, 2, 
Roots:Soil). Interestingly, the region of 1450–1600 nm, 
which was more intertwined in March, allowed for a 
higher means of separation of dead roots from soil in 
April (Online Resource 5, Supplementary Fig. 5). This 
could suggest a potential shift in the chemical compo-
sition or structural properties of the roots post-decom-
position. Senescent herb/grass roots have been reported 
to reduce root N concentration (although less than in 
leaves), while soluble carbohydrate and starch concen-
trations increased in senescing absorptive roots (in con-
trast to leaves) (Wojciechowska et al. 2020) – leading 
to marked differences in chemical composition. Lars-
son and Steen (1988), for example, reported that roots 
of grasses decompose fast, losing 35–65% of their dry 
mass within 94 days. However, chemical changes dur-
ing decomposition vary among grass species, with 
roots of e.g. Stipa spp. and Festuca scabrella exhibit-
ing differing percent loss of carbohydrates, indicating 
distinct decomposition dynamics influenced by initial 
root chemical composition (Herman et al. 1977). Sim-
ilar to our results, a previous study on tree fine roots 
reported that dead roots reflected less light on average 
in the VISNIR region 800 ~ 1000 nm than living roots 
(Nakaji et al. 2008). However, the data shows that the 
most significant differences between living and dead 
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roots occur in the SWIR spectral region > 1400 nm—
with a higher reflectance of dead roots, especially in U. 
dioica. The supervised methods emphasize the water 
content regions ~ 970 nm and ~ 1450 nm as primary 
features for vitality classification (Online Resource 2, 
Supplementary Tables  5, 6), with dead roots having 
a lower water content than living ones. Upon closer 
analysis of the SWIR spectra, the latter portion of the 
range, beginning at approximately 1400 nm, exhibits 
additional discernible differences between dead and 
living roots (Fig. 7; Online Resource 5, Supplementary 
Fig. 7). The average spectra (and their standard errors) 
of each group are more widely separated. Besides 
water content, the spectral region from 1450 to 1700 
nm is known to be related to lignin, and cellulose con-
tents (Hank et al. 2019; Thenkabail et al. 2013).

In addition to chemical parameters, the physi-
cal state of a sample can also affect the spectra. NIR 
spectra often show baseline shifts, usually indicating 
variations due to particle size, bulk density or poros-
ity (Askari et  al. 2015; Norouzi et  al. 2021). This 
appears to be particularly relevant at soil/root inter-
faces towards the transparent surfaces of root obser-
vation systems (rhizoboxes or minirhizotron tubes), 
where different particle sizes (sand grains or differ-
ent soil aggregate sizes) and cylindrical roots create a 
mosaic of shadows and different reflection angles. In 
addition, water droplets can easily form on the trans-
parent panels and accumulate in small cavities at the 
soil/panel interface (Baykalov et al. 2023). This poses 
a particular challenge in discriminating soil adja-
cent to root edges (Moradi et al. 2011), where higher 
water contents may prevent a clear transition (Fig. 3, 
1450–1550 nm region in living roots). In addition, 
and although the labelling was concentrated along 
the central axis of the root, the lower resolution of 
the SPECIM IQ VISNIR camera may have (partially) 
blended soil and root pixels at their edges, occasion-
ally preventing precise delineation. Besides, the low 
resolution that VISNIR dataset presented, did not 
enable us to properly detect the finest roots. This may 
partly explain the high overlap of VISNIR spectra in 
all clusters examined. However, it is likely that in situ 
root spectra are always influenced to some extent by 
the chemical composition of the soil, present as a 
’smear’ on the root surface, or soil water, ‘washing 
over’ the root surfaces during rain/irrigation events 
and depositing fine particles. Similarly, spectrometric 
measurements on leaves are known to be influenced 

by water droplets and dust particles on the leaf sur-
face (Lin et al. 2021) or embedded in the wax layer on 
the cuticula (Liu et al. 2020). In addition, the micro-
bial population on the rhizoplane, with an increas-
ing density of bacterial cells from the root tip to the 
region of root cell maturation, can also significantly 
influence spectral patterns (Schmidt et al. 2018).

Through this study, it became clear that the VISNIR 
spectrum provides significantly fewer spectral differ-
ences in comparison to the SWIR range, resulting in 
higher MCCs for the latter in every analysis performed. 
This may be due to the higher resolution of the SWIR 
camera as well as the spectral information itself. Impor-
tantly, the visible differences observed between roots 
and soil in standard RGB images did not directly cor-
respond to the spectral properties in VISNIR data. We 
suggest that these disparities might be more complex, 
potentially arising from subtle texture differences that 
affect closely related colours and spectral characteris-
tics. Consequently, the connection between neighbour-
ing pixels, i.e. spatial information, could add to inter-
pret the spectral values of individual pixels. We, thus 
suggest that combining both spectral and spatial infor-
mation may facilitate future spectral analyses of roots 
in situ (Fauvel et al. 2013; Qian et al. 2013; Ran et al. 
2017; Xu and Gowen 2020). Nevertheless, the GLM 
model, on SWIR data, emerged as a better choice for 
spectrum-based classifications compared to the DRF 
and PLS-DA models. Its consistent accuracy, even 
when applied to April data but trained on March spec-
tra, suggests a resilience to the overfitting that DRF 
has shown (Tables 2, 3), although DRF had the high-
est accuracies overall. Despite its popularity in many 
FTIR studies (Ali et al. 2019; Lin et al. 2012; Yu et al. 
2018), PLS-DA did not perform well during classifica-
tions, not only scoring lower than the other methods but 
also being less robust when tested on April data. Fur-
ther studies targeting in  situ spectra of soil and roots 
should thus test different models to determine their suit-
ability and cannot rely on the use of established models 
applied to spectra of dried and homogenized root and 
soil samples to yield the best in situ classifications.

Conclusions

This study illustrates the opportunities and chal-
lenges of using VISNIR and SWIR spectral imaging 
to differentiate non-woody roots of visually similar 
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species and to distinguish living from dead roots in 
rhizoboxes, rhizotrons or minirhizotron installations. 
The observed spectral patterns, particularly in SWIR, 
provide valuable insights into root species and vital-
ity differentiation, offering a non-invasive means of 
assessing belowground processes. Species differen-
tiation, while posing a challenge, shows promising 
a potential as significant deviations in reflectance were 
observed primarily in spectral regions 1000 ~ 1100 nm 
and > 1400 nm. The spectral region beyond 1400 nm 
has significant relevance for differentiating between 
living and dead roots at early stages of decomposition, 
indicating potential for improving non-destructive root 
turnover rate calculations. Additionally, analysis of 
averaged soil and root spectra revealed their spectral 
proximity, although roots presented a higher reflec-
tance than the soil with notable variations in the water 
content regions specifically at 970 nm, 1245 nm, and 
1450 nm. We suggest that future spectrometry stud-
ies should also consider spatial information to develop 
robust methods for the  classification of rhizosphere 
elements and roots in particular. It was not considered 
during the time of the experiment, to extract and wash 
the roots and then get the spectra in these conditions. 
These additional spectra would have offered important 
information for the validation of our data. Moreover, 
our findings underscore the importance of selecting 
appropriate classification models tailored to in  situ 
spectral data, rather than relying solely on established 
models applied to dried and homogenised samples. In 
conclusion, this study demonstrates the potential of 
spectral analysis for in  situ root species and vitality 
identification.
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