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A B S T R A C T   

Given the right climatic and environmental conditions, a range of microorganisms can deteriorate wood. Decay 
by basidiomycete fungi accounts for significant volumes of wood in service that need to be replaced. In this 
study, a short-wave infrared hyperspectral camera was used to explore the possibilities of using spectral imaging 
technology for the fast and non-destructive detection of fungal decay. The study encompassed different degra
dation stages of Scots pine sapwood (Pinus sylvestris L.) specimens inoculated with monocultures of either a 
brown rot fungus (Rhodonia placenta Fr.) or a white rot fungus (Trametes versicolor L.). The research questions 
were if the hyperspectral camera can profile fungal wood decay and whether it also can differentiate between 
decay mechanisms of brown rot and white rot decay. The data analysis employed Partial Least Squares (PLS) 
regression with the mass loss percentage as the response variable. For all models, the mass loss could be pre
dicted from the wavelength range 1460–1600 nm, confirming the reduction in cellulose. A single PLS component 
could describe the mass loss to a high degree (90%). The distinction between decay by brown or white rot fungi 
was made based on spectral peaks around 1680 and 2240 nm, related to lignin.   

1. Introduction 

Wood is a common construction material, as it is light, strong, 
renewable, and available in abundance. However, as a natural material, 
wood is susceptible to biological deterioration. This deterioration takes 
place by fungi, insects, marine borers and bacteria. Basidiomycete decay 
fungi are the most efficient microorganisms that can decompose the 
wood (Zabel and Morrell, 2020). Decay fungi are typically subdivided 
into brown rot and white rot fungi (basidiomycetes) and soft rot (asco
mycetes and fungi imperfection), although the delineation between 
brown rot and white rot is in reality more of a continuum (Riley et al., 
2014; Zabel and Morrell, 2020). 

Brown rot fungi mainly degrade conifers, while white rot fungi 
mainly degrade deciduous trees. The details of brown rot decay mech
anisms, conditions for decay and enzymatic pathways are still under 
discussion, but it is generally agreed that brown-rot fungi use a two-step 
oxidative-enzymatic mechanism (Arantes and Goodell, 2014; Korripally 
et al., 2013; Wei et al., 2010; Zhang et al., 2016), and recent updates on 
brown rot decay mechanisms include e.g. (Castaño et al., 2018, 2021; 
Goodell et al., 2017; Presley et al., 2018, 2020; Presley and Schilling, 
2017; Umezawa et al., 2020; Wu et al., 2018; Zelinka et al., 2021; Zhang 

et al., 2019a, 2019b, 2019c; Zhang and Schilling, 2017; Zhu et al., 
2020). 

Brown rot fungi degrade hemicellulose and cellulose while a modi
fied (brown) lignin-rich residue is left behind (Kirk and Adler, 1970; 
Yelle et al., 2008, 2011). Brown rot fungi generally have greater effects 
on the elastomechanical properties of wood than white rot fungi 
(Winandy and Morrell, 1993). There are instances of brown rot fungi 
degrading significant portions of lignin such as Gloeophyllum trabeum 
(Adaskaveg et al., 1991; Schilling et al., 2012; Seifert, 1983), but com
plete lignin degradation is mainly known for white rot fungi. White rot 
fungi use powerful oxidative and hydrolytic enzymes that gradually 
degrade cellulose while lignin is completely mineralized, leaving lighter 
colored cellulose behind (Riley et al., 2014). White rot fungi can be 
divided into: 1. simultaneous/non-selective white rot – “removal of both 
cellulose and lignin, leaving cells either riddled with bore holes and 
erosion troughs, or with extensively thinned secondary walls” (Otjen 
and Blanchette, 1987) and 2. selective white rot – “lignin in the sec
ondary wall and middle lamella is almost entirely removed, whereas 
large quantities of cellulose in the S2 layer of the cell wall are left intact” 
(Otjen and Blanchette, 1987). 

There is a plethora of research on the application of near infrared 
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(NIR) spectroscopy for the analysis of wood, and with good reason. NIR 
spectroscopy is a non-destructive measurement technique that requires 
little sample preparation and is sensitive to various wood characteristics. 
The absorption in the NIR wavelength range results from overtones and 
combination bands of the absorption peaks in the vibrational infrared 
and the signals are therefore much weaker and the penetration depth 
much larger (e.g. 1–4 mm vs 0.3 mm). In NIR spectroscopy there typi
cally is a higher number of correlated variables (spectral bands) and a 
relatively low number of samples, and therefore multivariate data 
analysis is used. 

A good overview of wood research with NIR spectroscopy is provided 
in the review papers of Tsuchikawa et al. (Tsuchikawa, 2007; Tsuchi
kawa and Schwanninger, 2013; Tsuchikawa and Kobori, 2015). 
Although NIR spectroscopy has been used for wood analysis for a couple 
of decades, the use of imaging spectroscopy or ‘hyperspectral imaging’ is 
a more recent development. Hyperspectral imaging captures a NIR 
spectrum for each pixel of an image, resulting in a spectral image. 

For hyperspectral cameras in the NIR spectral range, one distin
guishes between ‘Visible and Near Infrared’ (VNIR) and ‘Short-Wave 
Infrared’ (SWIR) cameras, because of a difference in detector technol
ogy: Silicon CCD for VNIR and InGaAs or MCT for SWIR. The SWIR range 
is approximately 1.0–2.5 μm and is as such a subset of the total NIR 
range (0.7–2.5 μm). 

The applications of NIR hyperspectral imaging are for example 
detection of blue stain fungi on wood surfaces (Burud et al., 2014), 
classification of knots (Burud et al., 2015; Lestander et al., 2012; Sandak 
et al., 2020), quantification of weathering of wood (J. A. Sandak et al., 
2016; Smeland et al., 2016), measurement of intra-ring wood density 
(Fernandes et al., 2013) and moisture content (Kobori et al., 2013; 
Stefansson et al., 2020). 

A lot of NIR spectroscopy research into wood decay has been done by 
(Fackler et al., 2007; Fackler and Schwanninger, 2010, 2012; Kelley 
et al., 2002; Sandak et al., 2013; Schwanninger et al., 2004) and others. 
These research efforts in NIR spectral changes in decayed wood employ 
point spectrometry, typically using a Fourier-Transform Infrared (FTIR) 
instrument. In (Fackler and Schwanninger, 2012), an overview was 
given for 33 publications on fungal wood decay with spectroscopy, from 
1967 until 2011. Nine of these were with Pinus sylvestris but not using 
NIR. Three reports were with diffuse reflectance NIR on Picea abies: two 
with FT-NIR and one with a dispersive spectrometer with a fiber optical 
probe (Kelley et al., 2002). In (Flæte and Haartveit, 2004), a NIR spec
trometer with fiber optic probe was used on Pinus sylvestris inoculated 
with Poria placenta Fr. (current valid name is Rhodonia placenta Fr.) but 
the experimental results are listed solely as prediction errors while the 
spectral models are not described. 

Previous studies have focused on NIR measurements of non-decayed 
or decayed wood using either a handheld point spectrometer on the 
specimens, a lab (Fourier-Transform) spectrometer on milled samples or 
a hyperspectral camera on non-decayed wood. The aim of this study 
was, for the first time, to evaluate if this type of hyperspectral camera 
could be used for fungal decay evaluation of solid wood surfaces. Using a 
hyperspectral camera to observe wood is nondestructive, unhindered by 
the heterogeneity of the wood, and allows for a spatial analysis of the 
fungal decay. 

The research question is whether SWIR hyperspectral measurements 
can be used to characterize wood that has, to different degrees, been 
depolymerized by decay fungi and if it is possible to differentiate be
tween brown rot and white rot decay i.e., two different wood depoly
merization mechanisms. 

2. Materials and methods 

2.1. Preparation of the specimens 

A total of 80 specimens of 20 × 20 mm and a thickness of 5 mm were 
cut out of a single board of Scots pine sapwood (Pinus sylvestris L.) 

originating from Indre Østfold municipality, Viken, Norway. The tree 
was harvested by the department of Wood Technology at NIBIO and was 
easily identified because there are only two species of forest forming 
conifers in Norway (Russell and Anderson, 2017). Scots pine has been 
used in this experiment because this wood species is one of the main 
commercial wood species in Northern Europe. The specimens were 
labeled and dried for 18 h at 103 ◦C, cooled down in a desiccator and dry 
weight was recorded with a Mettler Toledo ME303. 

The specimens were climatized at 65% RH and 20 ◦C until they had 
reached a stable weight, which was at an average equilibrium moisture 
content (EMC) of 11.3%. Before inoculation, the media, the plastic 
meshes, and the specimens were all sterilized in an autoclave for 20 min 
at 121 ◦C. The Petri dishes were TC Dish 100, standard (Sarstedt AG & 
Co.), Ø = 87 mm, h = 20 mm. The malt agar medium contained 40 g 
malt from Difco and 20 g agar from VWR per 0.5 L of deionized water for 
the brown rot, and 40 g malt from VWR and 25 g agar from Dewert for 
the white rot. The reason for different media was to ensure optimal 
fungal growth conditions. A sterile plastic mesh (with a 1 cm hole in the 
middle for the inoculum) was added to each Petri dish to ensure that the 
wood samples were not experiencing any water logging. The inoculum 
was harvested from actively growing mycelia and a 4 mm plug was 
added, under sterile conditions, in the middle of the Petri dishes with the 
mycelia facing the media. Two wood specimens were exposed per Petri 
dish, after which the medium was either inoculated with Rhodonia 
placenta (Fr.) Niemelä, K.H. Larss. & Schigel, strain FPRL 280 – a brown 
rot fungus, or Trametes versicolor (L.) Lloyd, strain CTB 863 A – a 
simultaneous/non-selective white rot fungus, or not inoculated at all to 
maintain a reference specimen. These two fungi were chosen because 
they are frequently used model organisms. The two fungal species, and 
the same fungal strains, used in this experiment are e.g., specified in the 
European standards for testing of “Durability of wood and wood-based 
products. Test method against wood destroying basidiomycetes” (CEN 
2020a,b). No parafilm was used to ensure sufficient ventilation. 

The Petri dishes were put in a climate room at 70% RH and 22 ◦C, 
and five dishes (each containing two specimens) were harvested every 
other week, for 16 weeks, totaling 80 specimens. No contamination was 
found in any of the dishes. At each harvest the following samples were 
collected: two dishes with brown rot fungus; two dishes with white rot 
fungus; and one reference dish without a fungus. After harvest, the Petri 
dishes were immediately put in reusable zip-top bags and stored in a 
freezer at − 32 ◦C. The reason for freezing the specimens was to be able 
to perform all end-of-experiment actions in a single session. 

The Petri-dishes were taken out of the freezer and conditioned in a 
climate chamber at 70% RH and 22 ◦C for 4 h to get them to the same 
conditioned state as at the end of the incubation period in the climate 
room. The mycelium was gently removed with a scalpel, the specimens 
were dried for 18 h at 103 ◦C and weighed using the Mettler Toledo 
ME303. The dried specimens were stored in a desiccator and scanned 
with the hyperspectral camera. 

The data resulting from the experiment are a set of specimen dry 
weights and a hyperspectral dataset. The initial dry weight at the start of 
the experiment (Wdry,start) and the final dry weight at the end of the 
experiment (Wdry,end) were used to calculate the mass loss percentage 
(ML) of the specimens: 

ML= 100
Wdry,start − Wdry,end

Wdry,start 

The ML was used as the response variable in the data analysis 
because it indicates the change in weight and therefore the amount of 
decay that has taken place. Using this relative value eliminates the effect 
of the small differences in absolute weight between the specimens. 

The hyperspectral datasets were recorded at the end of the experi
ment and consisted of one set of images of the front sides of the dried 
specimens, and one set of images of the back sides (facing the malt agar) 
of the dried specimens. Section 2.3 describes the datasets in more detail. 
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2.2. Hyperspectral measurement setup 

The recording of the hyperspectral images was performed with the 
HySpex SWIR-384 from Norsk Elektro Optikk AS. This hyperspectral 
camera is a line scanner that records frames of 384 pixels by 288 bands 
over the spectral range 930–2516 nm. The lens of the camera had a 30 
cm fixed focal length. The pixels had a size of approximately 0.25 mm, 
resulting in specimen images of about 80 × 80 pixels. The acquisition 
was carried out using the HySpex Ground v4.7.5 software and the 
conversion from raw data frames to radiances was performed using 
HySpex RADv2. 

The specimens were transported under the line scanner by a trans
lation stage. The specimens were lit using two semi-focused quartz 
tungsten halogen lamps from each side at an angle of ca. 70 ◦C. A Zenith 
Lite reference target from Sphere Optics (SG-3141-10-ALU) was located 
next to the specimens when they are scanned. See Fig. 1a for a sketch of 
the experiment setup and Fig. 1b for an example radiance image of a 
specimen. 

2.3. Hyperspectral data pre-processing 

The radiance (L) images (W nm− 1 sr− 1 m− 2) were converted to 
reflectance (R) by computing the average white reference value for each 
of the 384 pixels and 288 bands by: 

RΩ,B,sample =RΩ,B,reference
LΩ,B,sample

LΩ,B,reference 

In which B is the spectral band and Ω is the solid angle that indicates 
the directionality of radiance from the pixel surface. RΩ,B,reference ≅ 95% 
for all bands B. The pixels corresponding to the wood specimens were 
selected using simple object detection algorithms. The identification 
labels written on the front sides of the specimens were cut out and a 
three-pixel disc image erode was applied to the remaining image to 
remove any pixels that are not pure wood pixels. A reflectance image 
after object detection and image erode is shown in Fig. 1c. The images 
were converted from reflectance (R) to absorbance (A) using: 

A= − log 10(R)

The spectra of the hyperspectral pixels convey both chemical 

information and physical information of the material in the pixel area. 
The chemical characteristics are related to the vibrational energies of the 
molecules while the physical information is related to the surface and 
volumetric properties of the material. With the chemical composition of 
the material as our main interest, any path length variation due to 
physical effects was filtered out using Multiplicative Signal Correction 
(MSC). MSC assumes that the spectra have been affected by a 
wavelength-independent scaling and offset. The scaling and offset pa
rameters are estimated from the sample spectra by regressing the spectra 
on a reference spectrum, which is often defined as the mean of all sample 
spectra (Geladi et al., 1985). Extended Multiplicative Signal Correction 
(EMSC) extends this two-parameter model by adding two additional 
wavelength dependent parameters and any known spectra (Martens 
et al., 2003; Martens and Stark, 1991). 

The spectral bands at the extreme edges of the wavelength range are 
often left out prior to the analysis of hyperspectral pixels, because de
tectors typically exhibit noise in these bands (Ozaki et al., 2021). This 
study used the spectral bands in the interval from 1.0 to 2.5 μm. This 
meant the removal of the first nine and last three bands, resulting in 
spectra consisting of 276 spectral bands. 

There are four absorption peaks of water within this spectral range, 
two strong peaks around 1430 nm and 1930 nm, and two very weak 
peaks that are both around 1180 nm (Ozaki et al., 2021). The water 
absorption around 1930 nm is about four times higher than it is around 
1430 nm, and about hundred times higher than it is around 1180 nm. 
Because there are absorption peaks of cellulose and lignin around the 
same wavelengths (Schwanninger et al., 2011) and because the speci
mens were stored in a desiccator between drying and hyperspectral 
scanning, the effect of water on the spectra was assumed to be limited 
and all 276 spectral bands were included in the analyses of the spectra. 

Two hyperspectral datasets were created from the recorded images 
(see Fig. S1). The first dataset consists of one spectrum and mass loss for 
each specimen and therefore consists of 80 spectra and 80 mass loss 
values. The second dataset consists of one spectrum for each image and 
therefore consists of 160 spectra, as there is one image for the front side 
of a specimen and one image for the back side of a specimen. The mass 
loss values of the specimens are repeated for both image spectra. The 
spectra and weights of the specimens were measured after the specimens 
have been dried (see section 2.1). 

Fig. 1. a. Illustration of the experiment setup in which 20 × 20 × 5 mm wood specimens are scanned with a hyperspectral camera. b. Radiance image of the front 
side of a wood specimen in false RGB. c. Reflectance image of the same wood specimen shown in Fig 1b. The movement and lighting are in the direction of the wood 
fibers to minimize scattering effects and thereby minimize the number of saturated pixels. 

A. Jochemsen et al.                                                                                                                                                                                                                             



International Biodeterioration & Biodegradation 174 (2022) 105464

4

2.4. PLS regression 

Partial Least Squares regression (PLS) is a statistical method that 
finds a bilinear regression model by projecting both the independent and 
dependent variables to new vector spaces such that the covariance be
tween the projected independent and dependent variables is maximized. 
Because the ML is a single dependent variable, the focus is on the 
analysis of the loadings of the independent variables. 

The software used for the data analysis was Matlab R2021a, Math
works. The PLS algorithm was the SIMPLS algorithm by (de Jong, 1993) 
as implemented in Matlab since 2008. The validation was full 
cross-validation (leave one out), and the number of components of the 
PLS model were selected manually based on explained variances. All 
data was used for the calibration and the cross-validation because the 
number of samples in the dataset was relatively low, and because the 
purpose of the PLS modelling was to explain the spectral changes of the 
wood due to the fungal decay. 

2.5. Library spectra of wood chemical components 

To aid in the explanation of the spectral changes due to fungal decay, 
library spectra of cellulose and lignin are visualized in Fig. 2. Cellulose 
and lignin are two most significant chemical components that make up 
Scots pine about 40.0% and 27.7% respectively (Sjöström, 1993). The 
NIR reflectance spectra of cellulose and lignin have been obtained from 
the Spectroscopy Laboratory of the United States Geological Survey 
(USGS), who has recorded the spectra with an ASD FieldSpec 3 HR 
(Kokaly et al., 2017). The reflectance spectra were converted to absor
bance and MSC was applied to make the shapes of the spectra easier to 
compare. 

Fig. 2a shows the mean spectrum of the reference specimens together 
with the two library spectra. The spectrum of cellulose closely resembles 
that of undecayed Scots pine wood. Fig. 2b shows the relative absor
bances of the cellulose and lignin, which are obtained by subtraction 
with the reference spectrum. These relative differences can help explain 
the spectral changes in the wood specimens that have undergone fungal 
decay. For example: at 2485 nm, cellulose has a relatively higher 
absorbance than the wood. If the relative amount of cellulose decreases 
in a wood specimen, one would expect to see a relative decrease in 
absorbance around 2485 nm. Note that MSC was applied to the three 
spectra to better compare the shapes so it is relative changes in absor
bance that are discussed. 

Like all sensor acquisitions, these library spectra are affected by 
measurement errors to a certain degree. The lignin spectrum has a 

scattering artefact, and it seems to have a non-negligible moisture 
content (from the water peaks around 1430 and 1930 nm). Lignin varies 
between wood species as well as within wood species (Fernandes et al., 
2013; Toivanen and Alén, 2006), and the lignin of the specimens is 
different from the lignin powder recorded by USGS. However, the 
various lignin polymers are still quite similar, and keeping any natural 
variation, contamination and measurement errors in mind, the library 
spectrum of lignin is still useful in the explanation of spectral changes of 
Scots pine sapwood due to fungal decay. 

3. Results 

3.1. Data exploration 

Fig. S2 shows the ML due to fungal depolymerization over the 
duration of the experiment. The ML increased up to approximately 50% 
for a decay period of 16 weeks. 

Fig. 3 shows the mean spectral absorbances for each of the groups of 
samples in the experiment: the reference specimen; the specimen 
decayed by the brown rot; and the specimen decayed by the white rot. 
There are clear differences in absorbances between the three groups of 
samples. The absorbances decrease when mass loss occurs (see Fig. 3a). 
The trend of decreasing absorbance for increasing decay is shown per 
fungi strain in Fig. S3. The trend of generally decreasing absorbance gets 
filtered out with MSC, which allows for an analysis of the relative change 
in the shapes of the average spectra (Fig. 3b). 

3.2. Results for one spectrum per specimen 

Fig. 4a shows a score plot of a two-component PLS regression model. 
The first component explains 32% of the variance in the spectra and 90% 
of the variance in the mass loss. The second component explains 57% of 
the variance in the spectra and only 2% of the variance in the mass loss. 
Together, these two components explain the variance in the spectra to a 
high degree (32 + 57 = 89%). There are no influential outlier samples, i. 
e. samples with both a high residual and high leverage. 

The two-component score-plot has the shape of an asymmetric and 
sideways V. The first PLS-component predominantly describes the 
spectral change due to the mass loss (for 90%). The higher the score for 
the first component, the more mass loss due to fungal decay. The second 
component describes the spectral differences between decay due to 
white rot and decay due to brown rot. The reference samples are in the 
center of component 2, the brown rot changes are negatively correlated 
to component 2 while the white rot changes are positively correlated. 
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Fig. 2. Spectra of cellulose and lignin as in USGS Spectral Library Version 7 (Kokaly et al., 2017), as well as the spectrum of the reference specimens (no fungi). 
Figure a. shows the absorbance spectra with weighted MSC adjusted offset and scaling. Figure b. shows the relative absorbances of cellulose and lignin with respect to 
the reference specimens. The lignin has a scattering artefact for wavelengths shorter than 1350 nm so this wavelength range is not shown. 
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Fig. 4b shows the loadings of the first two components. The loading 
of a component shows the importance of all variables for that compo
nent and reveal the spectral bands that are correlated to the mass loss 

(component 1), and the type of decay (component 2). 
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Fig. 3. The mean absorbances of the three groups of specimens: brown rot, white rot, and no fungi specimen. a. The average absorbances show a trend of decreasing 
absorbance with increasing decay. This is before the spectra are ‘put on top of each other’ by MSC. b. The absorbances after MSC, with the reference spectra 
subtracted, clearly show the differences in spectral change due to brown rot or white rot fungi. 
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data represent 80 (spectra of) specimens, which have been dried after inoculation and incubation and consist of 32 samples with brown rot, 32 samples with white rot 
and 16 samples without inoculation. 
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fit models are created from leave-one-out cross-validation. 
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3.2.1. Regression plot 
Fig. 5a shows the fit of the mass loss prediction when using a model 

with just a single component. The graph shows in general a good pre
diction of the mass loss from the wood spectra, with a Root Mean Square 
Error (RMSE) of 6.5% mass loss in cross-validation. Fig. 5b shows the 
regression results when both PLS components are used, which results in 
an RMSE of 5.6% in cross-validation. 

3.3. Results for two spectra per specimen 

When using separately the front image (facing up) and the back 
image (facing down) per specimen, the dataset consists of 160 samples 
(Fig. S1). Creating a PLS model with this dataset reveals the differences 
in decay of the front sides and the back sides (Fig. 6). For the white rot 
specimens, this difference is mostly in the first component, for which the 
front sides show a higher mass loss than the backsides. For the brown rot 
specimens, this difference is mostly in the second component, for which 
the front sides have a more pronounced brown rot decay spectrum. 
These effects can be more precisely analyzed by creating individual 
brown rot decay and white rot PLS models. 

3.3.1. Model for the brown rot specimens 
When making a model of just the brown rot specimens (32 speci

mens, 64 images), one can learn more about the difference in decay 
between the front sides and the back sides. 

The first component in Fig. 7 represents the mass loss for about 80%, 
while the second component describes the mass loss for just 7% and 
mostly describes the differences between the front sides and back sides 
of the specimens. 

3.3.2. Model for the white rot specimens 
Making a PLS model using only the white rot specimens reveals 

better how the white rot fungus depolymerizes the wood. In Fig. 8, a PLS 
model for white rot with two components is visualized. The first 
component explains most of the mass loss (94%), while the second 
component again explains the differences between the front and the 
back sides of the specimens (and mass loss for only 1%). 

3.3.3. Spatial distribution of the fungal decay 
By multiplying the pixels of a hyperspectral image with the regres

sion coefficients of a PLS model, it is possible to show a mass loss pre
diction for each pixel of the image. This allows for visualization of the 
spatial aspects of the fungal decay. Fig. S4 shows the predicted mass loss 
per pixel for the front and the back sides of specimen B132, which was 
also shown in Fig. 1. 

4. Discussion 

4.1. Data exploration 

Fig. 3 and Fig. S3 show a trend of decreasing absorbance for 
increasing decay. This trend is similar to the results of another diffuse 
reflection spectroscopy study (Kelley et al., 2002). The apparent 
absorbance decreases due to the decrease in wood density as the wood 
decays. Less dense wood results in a lower absorbance, like earlywood 
showing less absorbance than latewood (i.e. earlywood looks lighter 
than latewood in the short-wave infrared). The Beer-Lambert law dic
tates that for similar pathlengths, a lower density leads to a lower con
centration and thus lower absorbance. Another effect is that the decrease 
in wood density leads to a greater surface roughness, which for the setup 
as in Fig. 1, leads to more light scattering in the direction of the camera 
and thus a higher reflectance. 

4.2. PLS results for one image per specimen 

4.2.1. Scores 
The PLS scores in Fig. 4 resemble a sideways and asymmetric V shape 

because the components of a PLS model are created such that they 
maximize the correlation with the response variable. In contrast to PLS, 
a principal component analysis (PCA) of the data leads to a score plot 
shaped like a symmetric and non-sideways V, because in a PCA, the 
components are created such that the variance of the projected data is 
maximized (PCA results not shown). In ( J. Sandak et al., 2016) figure 5, 
a PCA is shown for the infrared spectra of spruce wood decayed by 
brown rot, white rot and no fungi. In their data analysis, the decay is for 
a single harvest point, and the three groups do not overlap at all. The 
third component of the PCA mostly defines the difference between 
non-decayed and decayed specimens and can be interpreted to represent 
the mass loss, which is represented by the first component of the PLS. 

The scores of component 2 become more extreme as the decay time 
increases, for white rot more so than for brown rot. This asymmetry 
occurs because component 1 (mass loss) predominantly describes the 
spectral change of brown rot decay (see Figs. 4b and 7b), and component 
2 describes the difference of the white rot spectral change relative to the 
brown rot spectral change. The PLS uses the brown rot decay spectral 
characteristic to model mass loss because the brown rot samples are 
more influential. This is because the brown rot changes the shape of the 
wood spectrum more than the white rot does, because brown rot is more 
selective in the depolymerization of the wood cell wall polymers 
(Rowell, 2005; Zabel and Morrell, 2020). 

4.2.2. Loadings 
The spectral range 1460–1600 nm is key in defining the spectral 

change due to mass loss. This spectral range is heavily linked to cellulose 
in literature (Schwanninger et al., 2011) and this can also be observed 
from the cellulose spectrum in Fig. 2. Because cellulose has much 
absorbance in this range, it leads to relatively less absorbance in this 
spectral range as the cellulose disappears when the decay fungi break it 
down. This can be seen in the loadings of component 1, which are 
negative for these spectral bands. Simply put: Increasing mass loss due to 
basidiomycete decay means more of component 1, which means less 
absorbance for ‘cellulose bands’ and therefore less cellulose. 

The bigger spectral peaks around 1680 and 2265 nm are related to 
lignin (Fig. 2) (Schwanninger et al., 2011). For brown rot, the relative 
amount of lignin increases as the cellulose disappears, which leads to 
positive loading values for these peaks in component 1. PLS component 
2 shows an inverse for the lignin peaks (Fig. 4). This shows a difference 
between the brown rot and the white rot decay fungi, which can be 
explained by the fact that white rot breaks down lignin, while brown rot 
does not. Less lignin leads to less relative absorbance for lignin wave
lengths, and thus a higher score of component 2, which means a more 
‘simultaneous white-rot’ spectral characteristic. 
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per specimen (Fig. 4b) and are not shown here. 
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The USGS lignin library spectrum (Fig. 2a) shows the smaller lignin 
spectral peaks at 1726, 1791, 2140, 2336, 2385, 2489 nm (peaks not 
marked in Fig. 2a) that are also listed in the band assignments review 
(Schwanninger et al., 2011), which gives confidence in the interpreta
tion of spectral changes observed around 1680 and 2265 nm. 

4.2.3. The effect of water 
Even though the specimens are kept in a desiccator between drying 

and hyperspectral scanning, it seems that the humidity was not 
controlled well enough to eliminate the effect of water entirely from the 
extremely hygroscopic dried wood specimens. In fact, even the rela
tively low moisture content of the specimens has a quite large effect on 
the measured spectra, because the absorbance of water in the short-wave 
infrared is so strong. 

In the loadings plot in Fig. 4, a large peak is observed around 1930 
nm for the loading of component 2, which differentiates brown rot and 
white rot decayed wood. Absorbance around 1930 nm is very strongly 
related to the O–H bonds of water, and to a lesser degree to the O–H in 
the lignin and cellulose (Curran, 1989). Note that in the milled lignin 
spectrum, this ‘water band’ is shown at 1920 nm in Fig. 2 (Kelley et al., 
2002; Schwanninger et al., 2011). 

The positive peak in the loading suggests that white rot decayed 

wood tends to hold more water and that the water content in the dried 
specimens increases with progressing white rot decay. This may happen 
because the dried white rot decayed specimens have a lower density 
than the other dried specimens, and because carbohydrates, such as 
(hemi)cellulose, are better at binding water than lignin (Rowell, 2005). 
The assessment of the specimen sizes from the hyperspectral images 
(Fig. S2) shows that the white rot specimens are approximately equal in 
size for all harvests, while the brown rot specimens shrink by up to 10% 
due to a difference in the decay mechanisms (Winandy and Morrell, 
1993). With the mass loss approximately the same, the white rot spec
imens have therefore a lower density than the brown rot specimens. 
Note that the density calculation is based on the number of hyper
spectral image pixels and is a rough volume estimation that is only based 
on the length and width of the specimens and not the thickness of the 
specimens. 

The third component of the PLS model (not depicted) predominantly 
describes the water content. The amount of third component is seem
ingly randomly distributed among the samples. This means that despite 
the attempt at humidity control, the humidity leads to a relatively large 
variation in the spectra. In order to use more than two PLS components 
for more accurate prediction of decay, the effect of water on the spectra 
should be filtered out. This can be achieved by, for example, variable 
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selection (e.g. removing or down-weighing the water bands), or by more 
advanced pre-processing (e.g. EMSC). 

4.3. Brown rot model 

The loading of the first component is nearly identical to that of the 
complete model: more absorbance in the cellulose range 1460–1600 nm, 
and a higher relative presence of lignin, visible around 1670 nm and 
2255 nm. (Figs. 4b and 7b). 

The second component is of course quite different, because for the 
brown rot model it describes the differences between the front sides and 
the back sides of the specimens. The second component has small peaks 
corresponding to water (1430 and 1930 nm), which could indicate that 
the back sides of the specimens contain relatively more water than the 
front sides. Note that for the brown model, the first component accounts 
for 80% of the variance in the mass loss, which is lower than for the 
other models. Brown rot has a bigger difference between front sides and 
back sides, and while the front sides have a higher predicted mass loss up 
to week 10, the back sides have a higher predicted mass loss from week 
12. This non-linearity can also be seen in the regression plot of Fig. 5, 
where the predictions become a bit less accurate for mass losses higher 
than 35%. 

Fig. S4 shows the spatial distribution of the fungal decay for a brown 
rot inoculated specimen of week 16. The mass loss of the specimen is 
53%, while the predicted mass loss is approx. 54%. The predicted mass 
loss from just the front side is about 2% lower, while the predicted mass 
loss for the back side is about 2% higher. The predicted amount of decay 
is not uniformly spread over the front and the back sides of the spec
imen, and it is not uniformly spread over the surfaces either. Earlywood 
and latewood are a factor in distribution of the mass loss over the 
specimen, as well as the edges of the specimens. The image shows that 
the decay of the back side was faster for this specimen, and that the 
decay is more in the center of the specimen, compared to the decay of 
the front side. 

Another diffuse reflectance study reports a fairly strong negative 
correlation of the 1480, 1920 and 2090 nm peaks with the mass loss due 
to brown rot in spruce, i.e. a lower absorbance for a higher mass loss 
(Kelley et al., 2002). Similarities are the use of a two component PLS 
regression model, and strong negative correlation around 1480 and 
2090 nm, shown at 1510 and 2080 nm. A notable difference in the re
sults is for 1920 nm. This is probably due to the presence of water in this 
experiment, which then compensates for reduction of absorbance due to 
carbohydrate vibrations. Note that although (Kelley et al., 2002) likely 
had better humidity control, there are numerous other differences be
tween the studies that could partially account for the difference in re
sults, such as wood species, specimen size and spectroscopic instrument. 

4.4. White rot model 

The white rot model is quite different from the two other models, 
because the PLS model that used all samples was dominated by the 
spectral changes due to the selective depolymerization of polymers by 
the brown rot fungus. In contrast, the white rot fungus is non-selective 
and depolymerizes all the wood components. 

The first component in Fig. 8b also shows the loss of absorbance 
around 1500 nm due to the loss of cellulose. This is the major similarity 
between the brown rot and white rot models and the main correlate for 
the mass loss when calibrating a model using all samples. 

At 2500 nm, the first component shows an increase in absorbance for 
increasing mass loss, even though this wavelength was also associated 
with cellulose absorbance. This may be because the amount of water 
seems to increase, which may be seen in the peaks around 1440 nm and 
1930 nm. Water also has a strong absorbance for 2500 nm, and this may 
offset the loss of absorbance due to the decrease in cellulose. 

The second component shows the differences between the front sides 
and the back sides. This component largely seems to consist of a bit more 

cellulose, a bit less lignin and a bit more water. 
Note that after only two weeks of decay, there is hardly any spectral 

difference between front side and back sides of the white rot specimens. 
The mass loss at this point is almost 0%. For the brown rot, however, 
there was already quite a spectral difference after two weeks even 
though the mass loss for those specimens was also around 0% after two 
weeks. The change in spectra, even without mass loss, is due to the faster 
depolymerization by the brown rot (Witomski et al., 2016). 

4.5. Suggestions for further studies 

Even though the dried specimens were stored in a desiccator, the 
water content of the specimens plays a key role in the spectral analysis of 
the changes in the wood. It is critical to estimate the water content from 
the spectra to enable reliable prediction of mass loss due to fungal decay 
from spectral images. In addition to the water content, the lignin and 
cellulose content could be estimated from the spectra. The prediction of 
these values would provide additional insights in the wood composition. 

In this study, the physical effects such as light scattering were partly 
removed by MSC, which removes offset and scaling effects from the 
spectra. Better identification and elimination of the physical effects 
would require wavelength-dependent approaches. In addition, the 
estimation of the physical properties of the specimens might be just as 
valuable as the estimation of the chemical properties for the prediction 
of the condition of the decaying wood. 

The average spectra of the images were used as input to the models in 
this study, which reduces the input data to the modelling by a few or
ders. More advanced processing could exploit the images to an extent 
beyond the front and back sides of the specimens and reveal the spatial 
aspects of progressing fungal decay with considerably more detail. 

PLS models with two components were chosen for the modelling. A 
coarse interpretation of the meaning of the first loading components was 
relatively easy and due to the third component being mostly water 
related, a two-component model was found to be the most robust. A 
more common method to determine optimal number of model compo
nents is by cross-validation, which can find additional relevant patterns 
that are not found by human interpretation of the loadings. 

Datasets 1 and 2 (Fig. S1) are available on Mendeley Data (Joc
hemsen, 2022). 

5. Conclusions 

It was found that the mass loss could be predicted from the SWIR 
spectra, i.e. a SWIR hyperspectral camera is suitable for quantification of 
basidiomycete decay. A single component PLS model was sufficient to 
capture 90% of the mass loss from the spectral change. Adding a second 
model component improves the cross-validation results and provides 
information on whether the mass loss was due to brown rot or white rot. 
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