Construction and Building Materials 308 (2021) 125026

FI. SEVIER

Contents lists available at ScienceDirect
Construction and Building Materials

journal homepage: www.elsevier.com/locate/conbuildmat

onstruction
and Building

MATERIALS

Feasibility of portable NIR spectrometer for quality assurance in

glue-laminated timber production

Check for
updates

Jakub Sandak ®"™’, Peter Niemz ©“°, Andreas Héansel |, Juana Mai ®"!, Anna Sandak %

@ Andrej Marusic Institute, University of Primorska, Koper, Slovenia

b InnoRenew CoE, Izola, Slovenia

¢ ETH Ziirich, Ziirich, Switzerland

d Bern University of Applied Sciences, Biel, Switzerland

€ Division of Wood Science and Engineering, Luled University of Technology, Skelleted, Sweden

f Department of Wood and Wood-Based Materials, Saxon University of Cooperative Education, Dresden, Germany
8 Faculty of Mathematics, Natural Sciences and Information Technologies, University of Primorska, Koper, Slovenia

ARTICLE INFO ABSTRACT

Keywords:

Near infrared spectroscopy
Glue-laminated timber
Glulam

Delamination

Quality assurance

The feasibility of a portable NIR sensor for off-line determination of diverse wood quality aspects relevant in the
production of glue-laminated timber was demonstrated. The best performance was noticed for assessing wood
moisture content, with a lower capacity to estimate wood density and mechanical properties. NIR spectroscopy
was modestly capable of predicting surface roughness. However, the traceability of the raw resources and the
automatic classification of diverse wood defects were successfully demonstrated. The developed chemometric

model could predict the total delamination and detailed delamination length. Finally, recommendations
regarding further system development were provided with the aim of implementation and integration of the NIR
measurement into glue-laminated timber production plants.

1. Introduction

Certified glulam is an accepted term for a composite with at least four
timber lamellae glued together that were manufactured, controlled and
marked according to certain rules. Glulam consists of individual layers
of structural timber, providing a highly effective utilization of the raw
material. Individual lamellae can be end-jointed by the process of finger-
jointing to produce long lengths following the requirements of the
relevant standard. One of the greatest advantages of glulam is that it can
be manufactured in a wide variety of shapes, sizes and configurations to
provide elements for wide-span but light construction [1]. The consti-
tutive lamellae of the glulam are finger-jointed to create long compo-
nents that are afterwards glued together to produce the desired size
elements. Engineering of very large structural components (both thick
and long) is possible considering the state-of-the-art production tech-
nologies, including computer-aided design of timber structures [2],
innovative gluing solutions [3], integration of computer numerical
control machines and robots [4], or use of modified timber [5] for
glulam production. Glulam manufactured following the rules given in
national or European codes is graded in pre-defined strength classes. The
appropriate class is determined by the strength of the constitutive timber
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used and its position within the cross-section. The resulting strength and
stiffness values of various strength classes are then determined accord-
ing to the code. The European standard EN 14080 [6] specifies the re-
quirements for glue-laminated timber products used in load-bearing
structures and deviations from target size corresponding to tolerance
class requirements [7]. A critical glulam property directly affecting the
service life expectation of timber structures is its vulnerability for
cracking and delamination. Marra [8], Vanya [9], and Knorz [10] listed
the following factors influencing the extent of cracking in glulam beams:

e environmental conditions, such as variation of the ambient air
relative humidity or other cyclic changes of climatic conditions,

e material intrinsic properties, such as wood species, density, presence
of extractives, grain or ring orientation, differences of the moisture
content within/between lamellae, or different thicknesses of the
lamellae causing inner stresses,

e adhesive properties, including resin quality, chemical composition,
resistance at wet stage (e.g., during delamination test EN 391 [11] or
A4 test according to EN 302-1 [12]),
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e production parameters, for instance, pressure during curing, adhe-
sive application method, pressing parameters, curing time, presence
of primers or other additives.

An extensive review of diverse factors influencing the performance of
the glue-laminated timber has been recently presented by Hansel et al.
[3]. Knorz [10] defined the delamination test as a rapid method to
predict bond durability of laminated timber under exterior service. This
testing approach was first developed by Truax and Selbo [13] who
correlated the extent of delamination in the glue-laminated timber ele-
ments exposed to long-term (4 years) exterior weathering with delam-
ination results of the laboratory tests. The matching samples of glued
wood were treated there in a sequence of vacuum-pressure water
impregnation and soaking-drying cycles. The general objective of such a
test was to induce extreme stresses within the bond line that are
equivalent to those occurring in the real elements during the service life
of a timber structure. The experimental protocol was further elaborated
to limit the test duration to three days only [14]. Such testing procedure
was a basis to define a standardized evaluation process used routinely
for the assessment of adhesives intended for gluing laminated timber for
exterior exposure applications. The latest versions of standards allow
both evaluation of the suitability of adhesives for structurally laminated
wood [15,16] as well as quality control of the glulam production directly
in the factory [6].

An appropriate delamination testing procedure should be applied
depending on the service class foreseen for the end-product [17,18]. It
should also include an analysis of the risk levels associated with the use
of the given structural component. The objective of the delamination
test is to create stresses in the bond line by saturation of the sample in
water beyond the fibre saturation point followed by a quick drying. The
failure observed, usually as a glue bond delamination, occurs when the
bond quality is insufficient. The length of the opening in relation to the
nominal length of the bond line is called the delamination ratio and is
used to express the bond quality. The European standard EN 302-2
comprises the testing methods suitable for the assessment of glued
members used in interior and/or exterior [16]. Test protocols vary
concerning the growth tree ring alignment, glued lamella thickness, and
drying conditions (temperature and humidity). The selection of the
specific settings depends on the assessed adhesive type. The soaking of
wood in water is performed at temperatures of 20 to 25 °C under cycles
of vacuum (25 =+ 5 kPa) followed by high-pressure water impregnation
(600 + 25 kPa). The drying stage can be performed either at 65.0 +
3.0 °C or at 27.7 + 2.5 °C. Three soaking / high-temperature drying
cycles are applied for adhesive type I to be used in service classes 1, 2
and 3 [19]. Only two cycles at low drying temperature are used for other
glues. The mild testing protocol can be useful to test glued wood
members exposed to indoor conditions. It was reported that wood
delamination is often noticed within very dry climates, typical for
heated rooms, where relative humidity can reach values below 20%
during the winter season [20]. The delamination D is calculated ac-
cording to equation (1):

L
D ==1.100% @
L,

where L; - total delamination length, L, — total length of the bond lines.
Both properties are measured at the end grain surfaces and expressed in
mm.

The standard EN 1995-1-1:2004 [19] requires that timber used to
manufacture glulam is strength graded either visually or mechanically.
However, the strength class to which a glulam member is assigned de-
pends not only on the grade of the constitutive timber lamellae but also
on the build-up of the glulam section. The standard EN 1194:1999 [21]
defines the set of characteristic glulam properties required for designing
timber structures according to Eurocode 5. The glulam can be “ho-
mogenous” or “combined”. In the first case, all of the constitutive
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lamellae are graded as the same strength class. Conversely, the outer
lamellae are of higher strength than the inner in the case of combined
glulam components [1]. Manufacturing of glue-laminated timber and
minimum production requirements are defined in EN 385 [22]. The
difference in moisture content between individual laminates within a
single glulam element should not exceed 4 % (EN 386) [23]. The specific
requirements for structural adhesives are listed in EN 301 [24]. Me-
chanical properties of glue-laminated timber components should be
assured by experimental procedures prescribed in EN 408 [25]. The
strength-class grading can be based on experimental testing results
following EN 408. Alternatively, the strength-class can be assigned by
implementing the specific calculation procedure and considering the
mechanical properties of the laminated timber lamellae used in pro-
duction. Even if precisely defined in the standard, the practical imple-
mentation of quality assurance at the factory floor is far more
complicated.

Several technologies have recently been introduced by the wood
industry to assure product quality control. The optimal use of the ma-
terial and the quality inspection of final products have a significant
impact on the production economy, sustainable use of the raw resources,
and the overall satisfaction of the final customers. Quality assurance is
often considered as an additional cost to production, requiring addi-
tional resources and time for proper implementation. Initially, these
inspections were carried out by trained operators based on visual
assessment. Such a solution is highly problematic due to its subjective
nature and several limitations associated with the training level, con-
centration ability of inspectors, among others. Nowadays, developments
in the field of optics and electronics allow the replacement of human
inspection by technologies with a high degree of performance [26].
Diverse industrial scanners become an integral part of advanced
manufacturing solutions in the wood industry, allowing material sort-
ing, grading or process optimization [27,28]. Techniques adopted for
scanners include diverse techniques measuring the interaction of the
electromagnetic waves (x-ray, ultraviolet, visible light, infrared, or mi-
crowaves) as well as acoustic waves, such as sound or ultrasound.
Among those, near infrared spectroscopy (NIR) is a particularly prom-
ising technology for industrial use due to its non-destructive character
and fast measurement principle [29].

Several successful implementations of Fourier-transform near
infrared (FT-NIR) spectroscopy for the determination of diverse wood
properties were reported by numerous authors [30-34]. Campos et al.
[35] used FT-NIR to evaluate the composition of agro-based particle-
boards. Sandak et al. [36] reported the application of FT-NIR spectros-
copy for the development of an expert system capable of particleboard
classification. Portable low-cost spectrometers were successfully utilized
for the detection of wood defects [37]. The quality control of adhesives
used for the production of wood-based composites was tested from the
NIR spectroscopy perspective. Meder et al. [38] presented an at-line
measurement system for the quality control of melamine-ure-
a-formaldehyde resin in the production of composite wood panels.
Taylor and Via [39] used VIS-NIR spectroscopy to quantify phe-
nol-formaldehyde resin content in oriented strandboards. The solid
content of amino resins was determined with NIR spectroscopy by
Gongalves et al. [40]. An attempt for identification of spectral changes of
the adhesive related to ageing, curing temperature, or preservative
treatment of the glued wood was reported by Gaspar et al [41]. Pem-
berger et al. [42] used NIR to monitor the curing process of silicone
adhesives. Tomlinson et al. [43] demonstrated the feasibility of spec-
troscopy in mid-infrared (IR) and NIR ranges for monitoring the curing
process of cyanoacrylates. Even if several examples of successful NIR
implementation for product and process quality monitoring have been
reported, most of them rely on Fourier transform near infrared spec-
troscopy (FT-NIR) instruments possessing the highest spectral resolution
and providing spectra covering a broad wavelength range. The FT-NIR
technique is relatively costly (both time and investment-wise) and
with limited applicability for in-factory or at-line measurements. It is
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related to the fragile nature of interferometers used for modulating
infrared light. For that reason, an alternative to FT-NIR spectroscopy is
of great interest for wood-working industries. There are several tech-
nical solutions potentially applicable, including; diffraction-based
spectrometers, micro-electro-mechanical systems (MEMS), linear vari-
able filters (LVF), acousto optic tunable filters (AOTF), dispersive
monochromators (DM), dispersive fixed grating diode arrays (DA),
among others [36].

Portable spectroscopic equipment operating in the NIR range of
electromagnetic radiation seems to be an especially interesting tech-
nology for the wood-based sector [34]. Such instrumentation could
assist the rapid assessment of critical material properties in a non-
destructive, accurate and rapid manner. MicroNIR spectrometer pro-
duced by VIAVI demonstrated superior performance in the assessment of
biological materials in the field of agriculture [44,45], food production
[46-48], rapid plastic waste sorting [49], and recycling of polymer
commodities [50]. For that reason, it was identified as a sensor solution
potentially applicable for the assessment of engineered wood products,
such as glulam.

Besides the hardware used for the acquisition of the representative
spectra, the spectra processing algorithms, as well as chemometric
models used for qualification and/or quantification, are equally
important [34]. It is particularly challenging in the case of biological
materials such as wood, where its native heterogeneity, anisotropy and
hygroscopic properties require sophisticated data processing solutions
and a high number of replicates to assure reliable predictions. The most
common implementation of chemometric models relies on the partial
least squares (PLS) method where reference values of the predicted
property are regressed against latent variables derived from the NIR
spectra. This method usually provides optimal prediction performance
and allows interpretation of the variables’ contribution to the model. As
an alternative, machine learning algorithms are becoming popular
nowadays increasing, even more, the prediction capability of NIR sys-
tems implemented in diverse applications. A limitation of such solutions
is its “black box” nature, limiting interpretability of the neuron weights
meaning, as well as a very high number of training data indispensable to
generate a reliable model [51].

The goal of this research was to investigate the feasibility of a
portable NIR sensor (MicroNIR) for the off-line determination of diverse
wood quality aspects that are relevant in the production of glue-
laminated timber. A special focus was on the preparation of chemo-
metric models linking acquired spectra with data collected by means of
reference methodologies. Such a measurement approach can be highly
useful in the quality sorting of timber, where several critical (for
appropriate glue bond resistance) wood properties are assessed at once
with a single measurement. The early knowledge of wood suitability can
substantially contribute to improve the quality assurance of the engi-
neered wood used in timber construction and, consequently, increase
user confidence in such sustainable technologies.

2. Materials and method
2.1. Investigated wood

Materials used for characterization included beech (Fagus silvatica)
wooden boards provided by the Swiss company neue Holzbau AG
(Lungern, Switzerland). The declared origin of wood was Switzerland.
The moisture history included conventional kiln drying followed by air-
dry storage in the factory conditioning room. The wood was warehoused
for at least six months to assure relaxation of internal stresses and
moisture content equilibration. All the raw boards used in the experi-
ment were preselected to include a broad assortment of wood quality
aspects and to cover a wide range of wood densities. Experimental
samples were selected and prepared to represent six alternative exper-
imental scenarios:
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I. standard quality wood, rotary planed with sharp knives

II. poor quality wood (containing defects), rotary planed with sharp
knives

III. standard quality wood, rotary planed with a dull knives

IV. standard quality wood, sanded with P100 sanding paper

V. wooden lamellae at varying moisture contents

VL. standard quality wood, rotary planed with sharp knives and
coated with a primer before gluing

The protocol for the experiment implementation is shown in Fig. 1,
including the list of variables collected along the process. A set of 29 raw
boards was first selected with the support of the industrial partners to
identify beach boards representing various quality materials, which are
used in the daily production of glue-laminated timber products. Each
board was ID marked and quality graded following visual assessment
and stress grading through Mechanical Timber Grader MTG (Brookhuis
Micro-Electronics, Enschede, the Netherlands). In addition, external
dimensions were measured, and the presence of wood defects was
detected on each board. Experimental samples (n = 114) were cut out
from raw boards with a cross-cutting circular saw to extract elements of
650 mm length. The information regarding the raw board ID was pre-
served by marking each sample with a proper code. A whole lot of
experimental samples was transported to Bern University of Applied
Science (Biel, Switzerland) for final conditioning and sizing. The di-
mensions of experimental samples after sizing were 150 x 28 x 500
mm® (width x thickness x length, respectively). The majority of samples
(n =98) were stored in an air-conditioned storage room at a temperature
of 20 °C and 46% air relative humidity (RH). A set of beech samples (n =
20) containing diverse wood defects (knots, bark pockets, discolorations
or fibre deviations) was selected from the whole sample collection. In
addition, one subset (n = 8) of samples was conditioned at 50 °C, 40%
RH, while a second subset (n = 8) at 20 °C and 65% RH. The resulting
moisture content (MC) after conditioning was measured with a pin
moisture meter (PCE Inst., Durham, United Kingdom) in at least five
boards from each lot. Measured MC corresponded to 4%, 7% and 15%
for dry (40% RH), normal (46% RH) and wet (65%) storage conditions,
respectively. The wood density was determined for each conditioned
experimental sample by measuring its dimensions and weight at the
equilibrium moisture content state.

2.2. Preparation of glued wood surfaces

The final surface preparation of the samples’ glued areas was per-
formed on standard woodworking machines following pre-defined
experimental scenarios. A new set of cutting knives was installed on
the thickness planer D632 (Hofmann, Bad Windsheim, Germany) to
generate a set of samples with a smooth, planed surface (n = 74),
including wood samples with defects and foreseen for primer applica-
tion (scenario I, II, V, VI). In the next step, an old set of cutting knives
was installed on the same planing machine and additionally wearied by
rough planing of particle boards. Such prepared tools were utilized for
the generation of “dull-tool surfaces” on n = 20 beech wood samples
(scenario III). Finally, a subset of n = 20 experimental samples was
sanded on the wide belt sanding machine Sandeq W-200 (Homag,
Schopfloch, Germany) with P100 abrasive paper to generate samples for
the “sanded surface” scenario IV. The final thickness of wood after
machining of both sides was 25 mm. The resulting surface roughness
was measured at that stage utilizing stylus profilometer Surftest SJ-210
(Mitutoyo, Kawasaki, Japan) with a tip radius of 5 pm and tip angle of
90°. The cut-off wavelength was 4 = 2.5 mm and scanning length 12.5
mm. At least three measurements were performed on each surface along
and across fibre directions with a scanning speed of 0.5 mm-s 1. A whole
portfolio of surface roughness parameters was recorded, but only
average roughness Ra computed as an average of measurements across
fibres was used for analysis. NIR spectra were acquired in parallel to the
surface roughness measurement according to the procedure described in
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Fig. 1. Steps for preparation of experimental samples for delamination tests and collection of wood/gluing process properties.

the section 2.5.
2.3. Gluing of wood samples

Experimental samples were used for the preparation of the glue-
laminated timber blocks used for the determination of the glue bonds
resistance for delamination. Special care was directed to minimize the
time after surface preparation and glue application. Therefore, the time
between wood surface machining and pressing operation was less than
3 h. A protocol described in EN 302-2:2017 [16]was implemented here.
The set of 6 wooden boards replicated three times was used for each
experimental scenario. In total, 18 (6 scenarios x 3 replicas) blocks were
obtained after gluing wood with one-component polyurethane adhesive
1C PUR. The glue was applied on the pre-defined sides of five boards.
The last (sixth board) was not covered by glue layer but added to the set
before installation in the press. The open time of this adhesive defined
by the producer is 30 min, while the pressing time is 75 min. The
application rate of the glue was 0.18 kg/m? and followed the producer’s
recommendations. All glued surfaces of one set of wooden boards (sce-
nario VI) were coated with a primer provided by the adhesive producer
(the chemical solution was not revealed). The primer application was
manual using the spray with a rate of 0.02 kg-m~2. The primer was
applied on all surfaces involved in the bonding, including external
lamellae on one side and internal lamellae on both sides. The specific
pressure of the press was set at 1.0 MPa and the pressing time was
extended to 600 min to assure optimal curing conditions. The temper-
ature of the press was not controlled, and the process of glue hardening
was in room conditions (24 °C, 55% RH). Glued blocks were extracted
from the press and left for one week to release stresses.

It should be mentioned that n = 108 wooden pieces were used for

gluing experimental blocks, compared to n = 114 selected from the
source boards. The remaining pieces were used for additional experi-
ments such as calibration of models predicting wood moisture content.

2.4. Delamination test

Glued blocks of experimental wood samples were processed after
conditioning to select six pieces of standardized samples used for the
delamination test. The final size of each sample after processing was 145
x 150 x 75 mm? (width x height x length, respectively). No sign of
delamination was observed after such manufacturing of samples. The
delamination test followed EN 302-2:2017 [16] and consisted of the
following stages:

o Installation of experimental samples in the autoclave

Impregnation of the samples by water under vacuum (25 + 5 kPa, 20
+ 5 °C) for 15 min

Further impregnation with water in elevated pressure conditions
(600 + 55 kPa, 20 + 5 °C) for 60 min

e An additional cycle of the 15 min vacuum and 60 min high-pressure
impregnation

Installation of impregnated samples in the climatic chamber
Drying of wood for 20 £ 2 h at 65 + 3 °C and 12% +3% RH at the
atmospheric pressure

The glue bond delamination was assessed visually and measured
with a millimetre scale, separately for each glue line layer on both cross
sections of every sample. In addition, a total delamination index was
computed for each sample replica as an average ratio of the delamina-
tion length to the total glue line length.
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2.5. NIR spectra measurement

The sensor selected for NIR spectra acquisition was the MicroNIR
OnSite-W spectrometer (VIAVI Solutions Inc. (Milpitas, CA, USA)) [52].
It is a portable spectrometer that has integrated all optical components
necessary for NIR spectra acquisition. The MicroNIR uses a linear vari-
able filter for wavelength segregation and a 128-element InGaAs array
as the photodetector. The spectral information is represented as 128
values measured in the range from 1000 to 1700 nm. Two vacuum
halogen micro lamps are implemented as the source of infrared light. An
advantage is that no extra time is necessary for warming up the lamp to
stabilize the reading of the instrument as this solution allows immediate
emission of the full light power after switching on. The instrument was
manually operated with software MicroNIR™ Pro v3.0 provided by the
sensor producer. The software was installed on a portable computer
where all acquired spectra were stored. The communication between
sensor and PC was with Bluetooth interface and allowed wireless oper-
ation. The battery installed in the sensor allowed continuous operation
for up to 6 h.

The procedure for NIR spectrum acquisition included white (100%
reflectance) and black (0% reflectance) reference measurements per-
formed with a dedicated accessory (Spectralon resin). The reference
scanning was repeated every 10 min of operation. A frequent white and
black reference acquisition was performed to minimize the drift of
spectra due to temperature changes of the semiconductor InGaAs de-
tector. Spectra were collected from the wood surface by placing the
sensor on the measured spot and triggering the acquisition by pressing
the button on the MicroNIR spectrometer (Fig. 2). Each studied board
was assessed on both length sides, assuring measurement of at least 5
points located randomly on each board side.

2.6. Data evaluation

Custom software was developed in LabView 2019 (National In-
struments, Austin, TX, USA) for post-processing of NIR spectra.
Normalization of the spectra collected from each side of the scanned
board (5 measurements) were routinely implemented utilizing Extended
Multiplicative Scatter Correction (EMSC) [53]. It allowed the removal of
the non-uniform scatter effect due to wood heterogeneity and variation
of the surface roughness. In the next step, all EMSC normalized spectra
from each side of the experimental board were averaged. As a result, a
total of 216 spectra were available for analysis, considering 6 scenarios
x 3 replica/scenario x 6 bonded lamellae/replica x 2 sides/bonded
lamella x 1 (of 5 averaged) spectrum/side. The calibration set was
formed by adopting all measurements for replica #1 and #2, while the
validation spectra set included data from the remaining replica #3. It

Fig. 2. MicroNIR OnSite-W sensor used for off-line manual acquisition of
NIR spectra.
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resulted in 67% of samples used for calibration and 33% for independent
validation.

The PLS_Toolbox (Eigenvector Research Inc., Manson, WA, USA) and
Matlab R2020 (MathWorks, Inc., Natick, MA, USA) were used for che-
mometric models development. EMSC, Standard Normal Variate (SNV),
Orthogonal Signal Correction (OSC) [54], Savitzky—Golay 1st and 2nd
derivatives [55] (window size 11), and vector normalization were used
as alternative spectra pre-processing routines for data preparation
before modelling. Principal Component Analysis (PCA) was applied for
explorative analysis of raw spectra and identification of all outliers or
wrongly measured spectra. Partial Least Squares regression was imple-
mented for quantitative analysis. NIR spectra were used for the deter-
mination of the material properties represented as a reference data set
measured through dedicated protocols in parallel to spectroscopic
assessment. Furthermore, it was possible to link each NIR spectrum with
the original longboard (before cut-to-length operation) and its quality
class assigned by the industrial experts. In that case, Partial Least
Squares — Discriminant Analysis (PLS-DA) were performed for the
determination of the original board number. A similar approach was
also used for the identification of diverse wood defects studied in one
experimental scenario. For that reason, special care was directed toward
the assessment of abnormal wood, where a supplementary database of
NIR spectra was collected for further PLS-DA discriminant analysis.

The model development included cross-validation with venetian
blinds and 10 data splits. The number of latent variables (LV) tested
during calibration varied from 2 to 10. The best configuration was
determined by analysis of the cross-validation results represented as the
value of root mean square error of cross-validation (RMSECV) combined
with the explained variance analysis. Therefore, the number of LV was
decided as a compromise between the smallest RMSECV and relevant
variance explained (>1%). Each chemometric model presented below is
a result of an optimization procedure implemented with a dedicated
software tool (model optimizer), being part of the PLS Toolbox. The
optimization included confrontation of diverse PLS model configura-
tions, number of LV, pre-processing algorithms and spectral bands used.
The model with the smallest root mean squares error of prediction
(RMSEP) and simultaneously with a low number of LV was considered
optimal. In addition, the determination coefficient for calibration and
validation (Rz(cal) and RZ(val)) and the related ratio of performance to
deviation (RPD) were considered important quantifiers of the chemo-
metric models’ quality.

3. Results and discussion

The portable NIR spectroscopy was tested in this research toward
understanding its feasibility in diverse tasks relevant when producing
glue-laminated timber beams. A key question was if a single measure-
ment of NIR spectrum can be sufficient for tracking the raw resources,
prediction of relevant mechanical or physical properties, identification
of surface characteristics, as well as the projection of the glue bond
resistance. The following chapters will provide results from a series of
separate experiments focused on testing the above-mentioned
functionalities.

3.1. Source board identification

All experimental beech wood samples used for gluing tests (n = 108)
were originated from 37 different source boards. It was stated by the
production engineers at neue Holzbau AG that tracing boards along the
production process would be an interesting functionality of NIR spec-
troscopy. The specific set of chemical/physical properties unique for
each living tree, defined as a “fingerprint”, is preserved in all boards
extracted from that tree. Every wooden board can, therefore, be traced
along the supply chain if it properly recognizes its individual “finger-
print”. A dedicated PLS-DA model was built to investigate the feasibility
of this approach. Only samples used in scenarios I, III, IV and VI were
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applied for source board tracking to minimize variance related to the
abnormal wood presence (II) and/or differences in wood moisture
content (V). Finally, a set of 144 spectra corresponding to 29 source
boards was extracted from the data set with each board represented by
two spectra corresponding to two longitudinal sides of each board as
measured with the NIR spectrometer. The PLS-DA model was created
assuming EMSC and mean centre as pre-processing. It was sufficient to
use only 4 LV and spectral bands covering the whole range of MicroNIR
sensors to reach a satisfactory result for this task. A resulting confusion
matrix visualizing the performance of the algorithm in classification is
presented in Fig. 3. It is evident that the NIR spectra properly recorded
“fingerprint” for a great majority of tested source boards. Only a few
false-negative and false-positive spectra were misclassified, providing
overall success of classification for 128 among 144 spectra (success rate
= 89%). It should be mentioned, however, that the “most probable” rule
for the PLS-DA classification was implemented here. The classification
success was lower when the “prediction strict” rule was applied,
resulting in the majority of spectra being unassigned to any source board
class. It is fully justified as the variance between different source boards
is relatively small. Moreover, considering the fact that the detailed
provenance for each tested board at the log level was not known, it was
impossible to modify the definition of classes that may result in some
reasonable misclassifications.

3.2. Classification of wood defects

Wood is a natural material derived from trees. Consequently, it in-
cludes all features that the living plant formed in addition to the regular
wood during growth. It includes branches, abnormal wood tissues, or
fungi-degraded wood, among many others. Although branches are vital
for the growth of the tree, their remains in timber (knots) are considered
a serious defect. Similarly, bark, pith, spiral grain, reaction wood or
cracks are wood features negatively influencing the performance of
glue-laminated components during production and service life [56]. It is
important, therefore, to assure that the timber used for gluing is defect-
free or within the allowed range of wood imperfections. A usual solution
is to cut out zones containing defects detected by the specialized scanner
and to reassemble the board by finger-joining [57]. Even if several
commercial industrial scanner solutions are available for implementa-
tion in glue laminating production lines, the automatic detection and
classification of wood defects is still a challenge. The majority of these
scanners rely on vision, tracheid effect, laser triangulation, x-ray, mi-
crowave, or stress wave analysis [28]. NIR spectroscopy provides an

rate of predicted boards (%)

11 3 5 7 9 11 13 1517 19 21 23 25 27 29

index of original board

Fig. 3. PLS-DA discrimination beech wood boards used for tracing material
along the glue-laminated timber production process.
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alternative set of information that may complement state-of-the-art so-
lutions, increasing the overall system performance [33].

A dedicated experiment scenario (IV) was designed to assess
MicroNIR sensor capability to differentiate between normal and defec-
ted wood. An example of diverse wood defects present in studied wood
samples is shown in Fig. 4. The list of assessed defects included: knots,
pith, cracks, bark, and wet surface artificially moistened to simulate
uneven wood moisture content. Each of those was measured by the
spectrometer and the resulting spectra were analysed with a PLS-DA
discrimination algorithm. The model performance is illustrated as a
confusion matrix, where histograms of the properly and falsely classified
spectra are plotted in Fig. 5.

In analogy to the board identification, perfect discrimination by the
PLS-DA model appears as the diagonal of 100% accuracy indicating all
samples properly discriminated. The model developed was capable to
properly classify all kinds of defects, which was confirmed by the
analysis of independent validation set results. The misclassification was
noticed only in a few cases corresponding to the problematic measure-
ment circumstances, such as a relatively small area of the defect that was
smaller than the effective measurement area of the sensor. It was espe-
cially noticeable in the case of a pith that was confused with a knot and/
or bark.

3.3. Prediction of wood density

Wood density is a key physical material property determining its
technical suitability as a construction material, particularly glue-
laminated timber [56]. Unfortunately, density cannot be measured
directly from the NIR spectrum by linking to specific absorbance peaks
or other spectral features [30,34]. It can be determined, therefore, only
indirectly by interpreting the light scatter variations and/or linking to
the general infrared light absorbance pattern of the main chemical
components present in the woody polymer matrix. The reference density
data corresponding to samples tested in this experiment covered a
relatively wide range from 550 to 850 kg-m~>. The PLS model developed
for the prediction of the wood density by analysing its spectra is pre-
sented in Fig. 6. The RMSEP = 33.4 kg-m~> with determination coeffi-
cient R? = 0.46 indicate moderate model’s performance [30]. Similar or
even higher values of RMSEP were reported previously [58-61]. As in
the case of all models reported here, the validation samples (highlighted
in Fig. 6 as diamonds) were not included in the training data set (pre-
sented as black dots). It should be mentioned that surface characteristics
of samples assessed varied as these were prepared according to scenarios
L, IIL, IV and VI, corresponding to surfaces sanded and planed with sharp
and dull knives. It introduces an additional source of variance and,
consequently, alters the PLS model prediction capacity. Even with that,
the optimal number of latent variables was small (LV = 4). Some related
reports from other researchers demonstrate relatively better model
performance than reported here [62,63]. However, most of this research
was performed in the laboratory environment as well as assuring much

Fig. 4. Examples of beech wood boards containing wood defects detected with
NIR spectroscopy.
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independent sample validation
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Fig. 5. Confusion matrixes for cross-validation (a) and independent sample validation (b) of the PLS-DA model used for identification of deficiencies in BEECH wood.
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Fig. 6. Partial Least Square (PLS) chemometric model predicting the density of
beech wood used for glue-laminated timber production. Note: The regression
dashed line corresponds to the validation data set (open diamonds) and the
diagonal point line indicates the perfect correlation trend.

more homogeneous surface topography than in the case of this
experiment.

The regression of the validation points in the chart presented in Fig. 6
highlights a general problem of the PLS model related to the response
flattening combined with a relatively high bias. An alternative to PLS
regression algorithms was tested to search for a more reliable repre-
sentation of the experimental data. A prediction capacity of the neural
network model is presented in Fig. 7 as an example of such an alterna-
tive. Both the slope and intercept of the regression function are
improved. However, even if RMSECV was noticeably reduced, the
RMSEP was higher than in the case of PLS. It leads to the conclusion that
the suitability of the neural network for practical applications was
reduced. Also, it has to be mentioned that the number of training spectra
available in this test was limited. The future calibrations with an
extended dataset may result in dramatic improvement of the neural
network model’s performance [64].

3.4. Prediction of the wood mechanical properties

In analogy to density, NIR spectroscopy is not capable to assess the
mechanical properties of materials through the direct spectra interpre-
tation. Nevertheless, it was previously reported that chemometric
models were successfully implemented for the determination of the
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Fig. 7. Neural network (NN) model predicting the density of beech wood used
for glue-laminated timber production. Note: The regression dashed line corre-
sponds to the validation data set (open diamonds) and the diagonal point line
indicates the perfect correlation trend.

Young modulus (MoE) among the other physical properties of wood
[65]. A similar trial for linking NIR spectra with the dynamic MoE
assessed on wooden board source was performed in this research. It
should be mentioned that these tested boards had different dimensions
and included embedded wood defects that were cut out when preparing
samples used for gluing tests. It is an important limitation as global
(whole board) mechanical properties were used as the reference values
for calibration of the chemometric model with spectra set collected on
smaller samples extracted from such boards. However, it was considered
as the most practical solution reflecting real circumstances for the
implementation of NIR spectroscopy toward industrial testing. The
resulting PLS model is shown in Fig. 8, assuming the whole spectral
range of the MicroNIR instrument used for model calibration. Orthog-
onal Scatter Correction (OSC) was applied as a pre-processing with the
number of LV = 8 resulting from the model optimization procedure. The
error of prediction was RMSEP = 947 MPa, which corresponds to less
than +7% of misrepresentation. Such a result is encouraging as the
prediction capability may be further improved in the follow-up research
when including a higher number of data points used for a model gen-
eration as well as more accurate linkage of the mechanical properties
reference values with specific NIR spectra.
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Fig. 8. PLS model for prediction of the mechanical properties of beech wood
using NIR spectroscopy. Note: The regression dashed line corresponds to the
validation data set (open diamonds) and the diagonal point line indicates the
perfect correlation trend.

3.5. Prediction of wood surface roughness

The wood surface roughness is a material property recognized as
highly influencing the glue bond strength [66,67] and, therefore, was
assessed for the needs of this research. The roughness measurement
methodology was implemented based on the surface profile acquisition
through a stylus probe. It is commonly accepted as a standard solution,
even if it possesses important limitations [68-70]. The contact nature of
this system excludes its application toward in-line process control.
Moreover, the measurement is relatively slow, which limits the number
of characterized spots making the assessed value valid only for a specific
location over the sample area. The possibility for a rapid assessment of
the surface topography and, consequently, assurance of the superior
glue bond quality is highly interesting for glue-laminated timber pro-
ducers [71-73]. A chemometric model linking the average surface
roughness (Ra) with the NIR spectra was created to identify the pre-
diction feasibility. A resulting regression of measured values versus
predicted by the PLS model is presented in Fig. 9. Samples from exper-
imental scenarios I, III and IV (sharp and dull tool as well as sanding,
respectively) were used for the model development. Extended multi-
plicative scatter correction was used as a spectrum pre-processing
routine. Even if the calibration data points were regressed relatively
accurately, the validation data were not distributed as expected along
the diagonal of the chart. It is evidenced by the low value of the
regression line slope = 0.36. A slight model tendency to overfit the data
was recognized when combining a small slope with LV = 7 components
found as an optimal configuration. The surface roughness prediction
capacity of the MicroNIR sensor remains questionable, especially when
considering the lack of a solid physical basis for interpreting links be-
tween infrared spectra absorbance and the surface topography
expressed as roughness parameters.

3.6. Prediction of wood moisture content

Water is a polar molecule possessing a strong dipole momentum that
is heavily absorbing infrared radiation, converting it into molecular
vibrations. It is revealed in the NIR spectrum as pronounced absorbance
peaks with height correlated to the quantity of water (or other hydroxyl
functional groups) present in the subsurface of the measured material.
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Fig. 9. PLS model for prediction of the beech wood surface roughness using
NIR spectroscopy. Note: The regression dashed line corresponds to the valida-
tion data set (open diamonds) and the diagonal point line indicates the perfect
correlation trend.

Near infrared spectroscopy was successfully implemented for the
determination of the moisture content of diverse organic materials [74]
including wood [30,61,75]. A dedicated chemometric model was
developed for the needs of this research by measuring samples from
scenario V. Following the experimentation protocol, a total of 18
wooden boards conditioned in three diverse climatic conditions were
used for model preparation. Spectra collected on six of these boards were
used for model validation. The average moisture content for each
climate was used as a reference value for prediction. It resulted in the
representation of the moisture content distribution creating three clus-
ters shown in Fig. 10a. Even if both, small RMSEP and high R?, indicates
relatively good performance, the resulting model was considered as
rather weak, especially when referencing it to available literature ref-
erences [30]. The recognized reasons are related to the error in reference
values of moisture content. These were measured with a relatively
inaccurate electrical resistance method and averaged to approximate the
moisture content range. Moreover, a limited number of samples avail-
able, combined with the time passing between the collection of samples
from the storage and NIR measurement resulted in an additional
weakening of the reference values consistency. It triggered an additional
experiment dedicated to the improvement of the chemometric model. In
that case, the high number of samples (n = 250 pieces) obtained from
the extra wooden boards not used for the gluing tests were conditioned
in diverse climate conditions. It covered the equilibrium moisture con-
tent varying from 0 % to fibre saturation point (30 %). The small size of
samples (25 x 25 x 5 mm?) assured uniform moisture distribution and
fast response to the relative humidity changes. Finally, the moisture
content was very precisely assessed using the standard gravimetric
method linking the mass of embedded water related to the mass of dry
wood. A high number of accurately assessed samples resulted in a su-
perior moisture content prediction model as presented in Fig. 10b. The
obtained error was RMSEP = 0.76% with the determination coefficient
R?(val) = 0.99. The number of latent variables LV = 5 indicates a low
tendency of the model for data overfitting and indicates its high po-
tential for practical applications.
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dicates the perfect correlation trend.
3.7. Total delamination

Evaluationg or even quantifying the delamination risk in glue-
laminated timber structures is of the greatest interest for timber-
producing industries, constructors as well as building operators [76].
The ultimate use of NIR spectra collected in this research was to link the
glue bond performance assessed by the delamination test with the near
infrared absorbance on the wood surface before applying adhesives. It is
not a straightforward measurement as the delamination ratio depends
on several factors, where the state of the wood surface before bonding is
only one of those. It was impossible to integrate the combined effects of
the gluing process with the chemometric model. For that reason, the
open time between the application of adhesive and press closure, sur-
rounding air temperature and relative humidity during glue application
and pressing, pressure level and its distribution, curing time, among
other factors, were not included as model variables. Finally, the variance
to the delamination results associated with minor deviations of the test
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procedure varying between each sample lot was also neglected. Even
with all the above-mentioned constraints, the chemometric model
linking total glue bond delamination with NIR spectra was satisfactory.
Samples from scenarios I, II and III were tested to minimize the un-
wanted source of variance focussing on the effect of planed wood
characteristics. A clear differentiation between resistant (<25 %
delamination) and weak (>75 % delamination) samples is evidenced in
Fig. 11a. The PLS prediction model may be converted into discriminant
analysis classifying wooden boards to different classes containing
possibly problematic (high delamination) samples.

The total delamination ratio is a standardized quantifier of the glue
bond performance. However, it is the only global value computed as an
average of numerous measurements performed on six specimens con-
taining five glue bonds each. An alternative delamination quantifier is
the total delamination length computed separately for each glue line
layer on all the samples from the same replica. This is expressed in
millimetres and corresponds to the crack length assessed separately for
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Fig. 11. PLS model for prediction of the glue-laminated timber total delamination (a) and delamination length (b). Note: The regression dashed line corresponds to
the validation data set (open diamonds) and the diagonal point line indicates the perfect correlation trend.
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each glued lamella. The delamination length can also be predicted by
NIR spectroscopy. In that case, each bond line is assessed separately and
related to the specific pair of two near infrared spectra acquired from
both bonded surfaces. The resulting prediction model is presented in
Fig. 11b. A higher scatter of results can be noticed, even if an optimal
number of latent variables determined by cross-correlation was LV = 8.
It was an effect of the broader samples set used for model generation
including all wood samples from scenarios L, IL, III, IV and V. The second
derivative (Savitzky-Golay) was identified as an optimal spectra pre-
processing. In analogy to the total delamination, an appropriate differ-
entiation between resistant and weak bond lines can be assumed. It is
clear that from its definition, the delamination cannot extend 100%.
However, it may appear as an artefact when predicting the total
delamination with chemometric models, as evidenced in Fig. 1la.
Nevertheless, it is assumed that both models presented are suitable for
in-factory screening of materials potentially problematic for glue-
laminated timber production.

The series of chemometric models presented above are considered as
proof-of-concept results for pilot industrial trials. The complete analysis
of each model presented above, including loadings or detailed spectra
interpretation, is limited due to the already extended size of this report.
However, all the reference data used in the experimentation are avail-
able for download at the public data repository [77].

4. Conclusions

The above report allows generating a conclusion that the proof-of-
concept experiment can be considered a success. The evaluated Micro-
NIR sensor is a portable, resistant and easy-to-operate instrument. It
allowed measuring>2500 spectra used for calibration of various che-
mometric models. The user interface is very easy to learn, and a direct
assessment of wood properties is straightforward after integrating pre-
diction models with the scanner software. A single measurement cycle
takes less than 3 s, enabling this method to become an alternative
routine quality assurance solution for off-line implementation at the
production facility.

It is important to remember that from the definition, chemometric
models are approximation and generalization of the data recorded in the
spectra. It is a frequently neglected fact and, therefore, “not perfect”
models are sometimes considered as a “failure”. However, reliability of
models tuned with a small number of reference data is low. It is espe-
cially the case of wood characterization where intrinsic variance be-
tween and within samples is very high. The number of data points used
in this research was a compromise between the realistic size of mea-
surement campaign and general objective of this research aiming to
demonstrate suitability of NIR spectroscopy when implemented in the
factory. The set of presented prediction models should be considered as a
decent and trustworthy example of realistic solutions available with the
portable spectroscopic instruments. The prediction capacity, even if far
from perfection, allows fast screening of raw resources and provides
approximate values not available till now by means of alternative to NIR
fast and low-cost measurement procedures.

Even if not tested directly in this research, near infrared spectroscopy
has great potential for the identification of wood imperfections that are
not visible in current imaging systems, such as abnormal chemical
composition, uneven moisture distribution or excessive content of
extractive components. Unfortunately, due to limited access to the
reference chemical analysis, it was not possible to demonstrate the
MicroNIR sensor performance in the chemical composition analysis of
wood used in this study. Nevertheless, the post-processing of collected
NIR spectra allowed the generation of several chemometric models
capable (with different degrees of accuracy) to predict diverse wood
properties. As expected, the best performance was noticed for assessing
wood moisture content, with a slightly weaker capacity to estimate
wood density and mechanical properties. Even if the experiment was
designed to cover a broad range of reference wood characteristics
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assessed at a relatively large sample set, further focused tests may
dramatically improve the prediction capacity of such a spectroscopic
system. It was demonstrated in the case of wood moisture content pre-
diction. The chemometric model performance was optimal when a suf-
ficient number of representative samples covering a broad range of
moisture content values was provided as a calibration set. The same
improvement of performance is expected when an additional set of
density and targeted MoE reference samples will be used for a beta-
version of the PLS models’ calibration.

NIR spectroscopy was moderately capable in the prediction of wood
surface roughness. However, the wood surface characterization by
means of the stylus technique, as tested here, is rather problematic. An
alternative methodology, such as two-dimensional surface topography
scanning using optical profilometers, should be implemented instead to
reinvestigate the suitability of NIR spectroscopy for the prediction of
roughness.

A great advantage of the near infrared system is its capacity to
discriminate against wooden boards’ provenance. It was demonstrated
that the traceability of the raw resources is possible as well as the
automatic classification of diverse wood defects. The same approach can
also be extended for the screening of boards before gluing operation. The
chemometric model presented in this report was capable of predicting
the total delamination as well as detailed delamination length. Even
with that, all chemometric models presented are “proof of concept”
rather than ready-to-implement solutions compatible with industrial
expectations. The number of cases and samples necessary for the
consistent models’ development is very high and can be scrutinized only
along systematic studies performed at the specific factory.

Wood (surface) properties assessed in the presented research were
predicted with NIR indirectly. This is a very common constrain when
implementing this technology in any kind of applications. The me-
chanical properties (for example) are not directly assigned to specific
molecular vibrations but are indirectly related to the chemical compo-
sition and physical properties of the wood polymer matrix. The pioneer
implementation of the NIR spectroscopy toward prediction of the glue
bond resistance is highly challenging. The resistance is associated with
the properties of glued materials, but also other factors are highly
influencing the performance, such as adhesive type, application, gluing
process conditions, curing of the adhesive, as well as testing procedure,
among other aspects. Even if all the efforts were directed to control the
variance within the experiment, the natural variability of wood, com-
bined with the manufacturing process variations can be an explanation
of the not optimal determination coefficients RZ. Although R? is a
convenient quantifier of the regression, it is not the ultimate and unique
parameter. There are several alternative descriptors used for describing
prediction performance of chemometric models, such as root mean
square errors, Tz, Q-residuals, bias, RPD, among the others. The pre-
sented RZare not very high but corresponds to typically noticed values
when statistically analysing biological materials, such as wood.

Some limitations of the experimental set-up should be considered
before the further system development and following industrial
integration:

o the scanning frequency of the MicroNIR sensor is relatively low (0.5
Hz), which allows only off-line scanning, with limited possibility for
in-line quality assessment

o the sensor allows single point measurement with relatively broad

surface area (5 x 5 mm?), therefore, enabling detecting of only

selected defects of fairly large size

frequent calibration of the sensor is necessary to assure superior

sensor’s performance — it is recommended to manually perform

white and dark reference scans every 10 min

the increased number of internal scans (set as 100 in this test) in-

creases signal-to-noise-ratio, but also extends the measurement time

The manual NIR spectroscopy assessment of wood quality before
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gluing is a highly recommended solution for implementation in glue-
laminated timber production plants. However, further improvement of
the chemometric models and measurement routines is indispensable
before the practical implementation of the presented solution. It in-
cludes refining predicting models’ performance by enriching the refer-
ence data set with high variability samples, defining an automatic
outlier elimination algorithm and validation of alternative to MicroNIR
Sensors.
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