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Abstract 10 

Wood is a typical viscoelastic material that shows a clear mechanical hysteresis loop 11 

during cyclic loading, which implies the irreversibility of the process and is important for 12 

the processing and long-term utility of wood. We examined the changes in the physical 13 

state of wood during multiple tensile load-unload cycles based on the eigenvalue 14 

distribution of the near-infrared spectra. The set of eigenvalues H = {λ1, λ2, …, λn}, 15 

calculated from the spectral matrix successively acquired during the cycling test, was 16 

treated as the Hamiltonian, which represents the energy eigenstate of the wood. Using 17 

statistical physics and random matrix theory, the variation in the physical state of wood 18 

was discussed from both macroscopic and microscopic perspectives. Unlike traditional 19 

methods, the energy state of wood can be followed in real time during cyclic loading; in 20 

other words, the Helmholtz free energy and Shannon entropy varied with load changes. 21 

The commutator, defined by the density and diagonal matrix of H, could be used to 22 

quantitatively evaluate the irreversible changes in wood during the cyclic processes. The 23 

proposed method is independent of a specific coordinate system, and can therefore be 24 

applied using a wide variety of chemical information other than that obtained from the 25 

near-infrared spectra. 26 

Keywords: Symmetry breakage; Cellulose crystallinity; Helmholtz free energy; 27 

Entropy; Liouville-von Neumann equation. 28 
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1. Introduction 29 

Repeated cycles, such as adsorption-desorption of moisture and removal of load, 30 

are inevitable when using wood for extended periods. To understand how wood 31 

undergoes changes in such repeated processes is of particular interest. For example, the 32 

effects of repeated wetting and drying cycles on the physical and mechanical properties 33 

of thermally modified wood and wood-plastic composites have been extensively 34 

studied.1–3 In addition, cyclic loadings, assuming long-term use of wood, have been 35 

investigated to elucidate the lifetime of wood products, such as furniture and 36 

construction components.4–6 On a larger timescale, these discussions have evolved to 37 

studies of archaeological timber.7–9 Moreover, detailed examinations of cell wall 38 

components have been extended to the microscopic level.10–13 39 

A notable phenomenon in the cyclic process of wood is hysteresis.4,14 For 40 

example, during cyclic changes in relative humidity, the path of moisture in the drying 41 

process is clearly different from that in the wetting process.15,16 In addition, wood 42 

never returns to its original state strictly at the end of a cycle, indicating that it changed 43 

irreversibly. Therefore, the physical state of harvested green wood changes constantly 44 

with time.17 This irreversible change can be macroscopically recognized as a 45 

permanent deformation during the loading-unloading cycle. The area surrounded by 46 

the paths indicate the energy loss of the system during the cycle.4 Although irreversible 47 
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changes at the molecular level have been examined10,12, the relationship between the 48 

macroscopic and microscopic properties remain unclear. This study discusses the 49 

changes in the state of wood under irreversible processes, both macroscopically and 50 

microscopically, based on statistical physics coupled with random matrix theory. 51 

Considering that a given wood can be characterized by various properties, such as 52 

wood density, mechanical properties, chemical components, and anatomical features, 53 

changes in one property can induce corresponding changes in many other properties.18 54 

For example, when monitoring the load changes during the load-unload cycles, other 55 

properties, such as the configuration of molecules in the cell wall, are expected to 56 

change as a result of such changes. In this regard, the irreversibility of wood in cyclic 57 

processes is not difficult to visualize because wood is a highly heterogeneous 58 

composite material consisting of three major natural polymers. Therefore, we 59 

evaluated the change in multiple characteristics with respect to others to comprehend 60 

the physical state of wood at every moment. 61 

Fujimoto et al. proposed a method based on the distribution of eigenvalues to 62 

comprehensively evaluate the change in multiple wood characteristics.19–22 In this 63 

method, the multi-dimensional data obtained from wood were identified as state 64 

vectors, representing the physical characteristics of the system. A matrix composed of 65 

several state vectors can be classified as an operator representing the physical quantity 66 
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of the statistical ensemble.23 The eigenvalues calculated from the matrix must reflect 67 

every interrelation between the numerous properties of wood. Moreover, the set of 68 

eigenvalues represents the energy state of the system in the context of physics24–27; thus, 69 

changes in wood can be analyzed from the perspective of thermodynamics and 70 

statistical mechanics.28–30 The eigenvalue distribution at each point in time was 71 

calculated during the stress relaxation test, which was used to quantitatively evaluate 72 

the time dependencies of the Helmholtz free energy and entropy.20 73 

A notable point of this method is that n-dimensional data from wood do not 74 

necessarily have to exhibit a one-to-one correspondence with the wood properties. This 75 

is supported by many previous studies that have estimated various wood properties 76 

with indirect information, such as near infrared (NIR) spectra and acoustic spectra.31–34 77 

As the statistical model obtained in these studies is a covector35, the idea is also 78 

supported by the mathematical concept of duality. This indirect manner of evaluating 79 

the actual variation in wood properties comprehensively provides great advantages and 80 

is consistent with one of the characteristic features of the analytical mechanics, in 81 

which the nature of the coordinates that translate a given physical situation into an 82 

abstract mathematical situation is not specified.36,37 Moreover, the characteristic 83 

equation to solve the eigenvalue problem is invariant with respect to changes in the 84 

basis.38 Therefore, the set of eigenvalues reveals the intrinsic variation of the wood 85 
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ensemble. 86 

In this study, we investigated changes in the physical state of wood under multiple 87 

tensile load-unload cycles based on the eigenvalue analysis of near-infrared spectral 88 

matrices. Unlike traditional procedures, this method can be used to quantitatively 89 

evaluate the energy state at each point in time. From a geometric perspective, wood 90 

characterized by n variables can be defined as a point in the n-dimensional real number 91 

space ℝn to be an n-tuple of numbers (x1, x2, ..., xn), where n is a positive integer19; in 92 

other words, we can identify the changes in wood under cyclic processes as the motion 93 

of the mass point in the configuration space.36,37 The symmetry of the process is 94 

discussed based on this geometrical picture. 95 

2. Material and methods 96 

2.1. Sample preparation 97 

The samples were prepared according to previously reported procedures19–22: 98 

Twenty blocks of dimensions 20 mm (radial) × 20 mm (tangential) × 50 mm 99 

(longitudinal) were cut from the logs of 20 50-year-old Japanese larch (Larix kaempferi) 100 

trees. The blocks were selected to have a wide range of variation in the Young's modulus. 101 

Several thin sections (thickness = 200 μm) per block were sliced from the 102 

radial-longitudinal surface using a microtome. All the sections were conditioned to 103 

equilibrium in a thermo-hygrostat (LH-114, ESPEC Co., Osaka, Japan) maintained at 104 
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20 °C and 60% relative humidity. The average moisture content of the sections in the 105 

subsequent test was approximately 12%. 106 

2.2. Mechanical test 107 

Prior to the cyclic tensile test, the destructive test was conducted parallel to the 108 

grain using a thin section corresponding to each sample block. The load was applied 109 

along the longitudinal direction at a rate of 0.01 mm/min and the deflection was 110 

measured by crosshead movements. The load and deflection data were recorded at 1 s 111 

intervals using a data logger (NR-500, KEYENCE Co., Osaka, Japan). 112 

Cyclic loading was performed for the one-sided tests4; in other words, uniaxial 113 

tensile loads along the longitudinal direction were applied such that the magnitude 114 

increases to some pre-determined level and returns to zero during a complete cycle. 115 

The ultimate load of the cycle was constantly set at 50% of the maximum load 116 

obtained from the destructive test. The load and unload rates were the same as those in 117 

the destructive test. The cycle test was repeated five times and conducted at room 118 

temperature (~25 °C and 60% relative humidity). 119 

2.3. NIR measurement 120 

Diffuse reflectance spectra were acquired using a Fourier-transform infrared 121 

spectrophotometer (MATRIX-F, Bruker Optics Co., Tokyo, Japan) equipped with a 122 

fiber-optic probe (spot diameter ≈ 3.5 mm). The probe was positioned on the 123 
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radial-longitudinal phase of the section, and the spectra were obtained at intervals of 8 124 

cm-1 over the wavenumber range of 10000–4000 cm-1. Zero-filling of two, 125 

corresponding to a spectral interval of 4 cm−1, was applied. Thirty-two scans were 126 

collected to improve the signal-to-noise ratio and averaged into a single average 127 

spectrum. We obtained a single spectrum after approximately 10 s under these 128 

conditions. The number of measurement points per half cycle were fixed at six for each 129 

sample; namely, the same position was repeatedly measured 6 times. Therefore, the 130 

total number of measurements over five cycles were 60. 131 

The following analyses focused on the wavenumber range of 9000–4500 cm−1 to 132 

reduce the computational complexity.19–21 The original spectra were processed vector 133 

normalization prior to the spectral analyses. A total of 1168 data points were used as 134 

spectral variables across the spectral range of 9000–4500 cm−1. 135 

2.4. Data analysis 136 

The 20 × 1168 spectral matrix A was obtained at each measurement point in time 137 

t1, t2, …, t60. An eigenvalue decomposition was applied to the variance–covariance 138 

matrix C calculated from the spectral matrix A (C = ATA). The eigenvalue problem 139 

was solved by maximizing the quadratic form uT
iCui with respect to the eigenvector ui 140 

(i = 1,⋯, N).26,39 The set of eigenvalues {λ1, λ2, …, λN} was considered to belong to an 141 

energy function, termed the Hamiltonian H.23–27 Once H is defined, the distribution 142 
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function Z can be calculated as follows28–30: 143 

𝑍𝑍 = � exp( − 𝛽𝛽𝜆𝜆𝑖𝑖)
𝑁𝑁

𝑖𝑖=1

 (1) 

where β is the inverse temperature defined as β = (kT)-1 (k represents the Boltzmann 144 

constant and T is the absolute temperature). Thermodynamic functions, such as the 145 

Helmholtz free energy and entropy, can be obtained from the distribution function, as 146 

mentioned below. Based on the time evolution of these thermodynamic functions, we 147 

discuss the macroscopic and microscopic changes in the energy state of wood during 148 

the cyclic process. These calculations were performed using the standard functions of 149 

R version 3.6.1. 150 

3. Results and discussion 151 

3.1. Cyclic tensile test 152 

Figure 1 shows the load-displacement curve during the cyclic tensile test. Because 153 

wood is a typical viscoelastic material, the cycle exhibited a clear mechanical 154 

hysteresis loop. For example, the gap between the loading and unloading paths at a 155 

load level of 60 N was approximately 30% in the first cycle, indicating a significant 156 

delay in displacement during unloading. The path and residual displacement delays 157 

were greatest in the first cycle and decreased after the second cycle. The slope of the 158 

loading curve increased from the first to the second cycle and remained high thereafter. 159 
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One of the causes of these results may be the microfractures that formed by clamping 160 

the specimen. These results are frequently observed in cyclic tests. 161 

In the traditional method, the energy that is lost during the load-unload cycle is 162 

evaluated by the area of the hysteresis loop.4,40,41 The ratio of lost to stored energy (i.e., 163 

energy recovered through elastic contraction of the specimen) is referred to as tan δ in 164 

the dynamic mechanical analysis. Alternatively, this study attempted to monitor the 165 

changes in the energy state of wood at each point in time based on the eigenvalue 166 

distribution from the NIR spectral matrix. Indeed, the area of the hysteresis loop shown 167 

the similar tendency with the Helmholtz free energy (Figure 4(a)). 168 

3.2. Variation of NIR spectra 169 

Figure 2 shows the variation in the NIR spectra acquired during the loading and 170 

unloading process for a representative sample. The absorbance intensity in the entire 171 

wavenumber range gradually increased with load (the color of the spectra changes 172 

from yellow to red, as shown in Fig. 2(a)) and subsequently decreased with unloading 173 

(the color of the spectra changes from yellow to blue, as shown in Fig. 2(b)). The 174 

second derivative spectra (data not shown) emphasized the variations in the absorbance 175 

intensity at specific bands. For example, pronounced increases with load were found 176 

for peaks at 7003 cm−1 and 5220 cm−1. The former was assigned to the first overtone of 177 

the O–H stretching mode of the amorphous regions in cellulose and water.42 The latter 178 
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was attributed to the combined O–H stretching and deformation modes in water.42 179 

These results indicate that the NIR spectra vary mainly because of the densification of 180 

the specimen.43 The peak at 4808 cm−1, which was attributed to the combined O–H 181 

stretching and C–H deformation modes in the semi-crystalline or crystalline regions in 182 

cellulose, gradually increased with load.42 This also suggests the substantial changes of 183 

molecules in the cell wall. Therefore, the spectral matrices presumably contained 184 

information on both reversible and irreversible changes. 185 

In this study, we examined the spectral variation based on statistical mechanics. 186 

Therefore, we did not consider the spectral variation as an individual variable (i.e., 187 

wavenumber), but rather as a whole for the wood system. Statistical mechanics 188 

consider the physical properties of systems consisting of an enormous number of 189 

microscopic elements.30,44,45 Here, we assumed that the spectral variables were 190 

microscopic elements of the wood system. Therefore, rather than considering a single 191 

dynamic system, we considered a collection of systems that correspond to the same 192 

Hamiltonian, which is referred to as a statistical ensemble. A Gibbs ensemble of 193 

systems can be represented by a point cloud in the n-dimensional phase space17; thus, 194 

the NIR spectral matrix of an ensemble of wood samples can be identified with a point 195 

cloud. Based on this suggestion, spectral variables function as generalized coordinates 196 

in analytical mechanics.36,37 In the following section, we discuss how the cloud flows, 197 
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changing its shape during the load-unload cycle, through the eigenvalue distribution. 198 

For these reasons, many spectra that exhibited almost identical variation patterns 199 

were simulated based on bootstrap resampling.46 Only 20 samples were collected, and 200 

1,000 samples were simulated as follows20: the absorbance values for each 201 

wavenumber presumably obeyed the empirical distribution of the measured data, and 202 

the mean of the bootstrap samples was obtained repeatedly (1000 times) using the 203 

simpleboot package in R version 3.6.1.47 Consequently, spectral matrices with 1000 204 

rows and 1168 columns were obtained for each measurement point at times t1, t2, …, 205 

t60; thus, we can examine the time evolution of the statistical ensemble. 206 

3.3. Eigenvalue distribution 207 

As an example, Figure 3 shows the trajectory of several eigenvalues during the 208 

loading and unloading process in the first cycle. While increasing the load level, the 209 

eigenvalues diffused without intersecting one another (Fig. 3(a)). Conversely, the 210 

distribution of eigenvalues decreased with unloading (Fig. 3(b)). These results were 211 

consistent with any cycle, indicating that the regularity of the NIR spectral variations 212 

changes with the load level. Therefore, the spectral matrix varies in a more orderly 213 

manner as the load increases. 214 

As mentioned above, the set of eigenvalues can be identified using an energy 215 

function H, and the distribution function Z can be calculated as the summation of the 216 
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Boltzmann factor exp(−βλi). Then, the Helmholtz free energy F is defined as a 217 

function of β conditioned by the variance-covariance matrix C: 𝐹𝐹(𝛽𝛽|𝑪𝑪) =218 

−𝛽𝛽−1 log𝑍𝑍(𝛽𝛽|𝑪𝑪).28–30 Based on the random matrix theory, the first eigenvalue λ1 of 219 

matrix C can be evaluated by F in the limits of β→∞ as follows26: 220 

 𝜆𝜆1 = 2 lim
𝛽𝛽→∞

𝐹𝐹(𝛽𝛽|𝑪𝑪). (2) 221 

Figure 4(a) shows the variation in λ1 over five cycles. The red and blue lines 222 

correspond to the loading and unloading processes, respectively. The first eigenvalue 223 

λ1 increased with load and decreased with unloading. Moreover, the convex changes in 224 

λ1 during a single cycle gradually decreased as the cycle progressed. These results 225 

suggest that the Helmholtz free energy varied relative to the removal/application of 226 

load, and thus the amount of energy loss can be monitored directly as opposed to the 227 

area measurements from the load-displacement charts. 228 

The randomness of the system can be evaluated from the eigenvalue distributions. 229 

Using the distribution function Z as a normalization factor, we calculated the 230 

probability of the system of interest to occupy the energy eigenstate i as follows44,45: 231 

𝑝𝑝𝑖𝑖can =
1
𝑍𝑍

exp( − 𝛽𝛽𝜆𝜆𝑖𝑖). (3) 

The 𝑝𝑝𝑖𝑖can is equivalent to a canonical distribution in statistical physics. Therefore, we 232 

can calculate the Shannon entropy S as a function of the probability 𝑝𝑝𝑖𝑖can as follows28: 233 
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𝑆𝑆 = −�𝑝𝑝𝑖𝑖can
𝑁𝑁

𝑖𝑖=1

log𝑝𝑝𝑖𝑖can . (4) 

The inverse temperature β was set to be constant in this study (β = 104). As expected, 234 

the entropy S pattern was opposite to that of the Helmholtz free energy (Fig. 4(b)); in 235 

other words, S decreased with load and increased with unloading, and the concave 236 

changes in S during a single cycle gradually increased as the cycle progressed. These 237 

results imply that irreversible changes in wood gradually accumulate with an increase 238 

in the load-unload cycle. 239 

Notably, the eigenvalue distribution method can evaluate the variation in the 240 

energy state of wood accompanying load/unloading in real time. In addition, NIR 241 

spectra contain microscopic information regarding molecules in the cell wall, as 242 

previously noted. All variations generated by the various chemical components in 243 

wood during the multiple cyclic processes were aggregated into a set of eigenvalues. 244 

Consequently, the eigenvalue distributions provide a macroscopic understanding of 245 

complex phenomena occurring at the microscopic scale via thermodynamic functions. 246 

3.4. Evaluation of the irreversibility 247 

As mentioned above, an ensemble of wood samples can be identified using a 248 

point cloud in an n-dimensional space. Suppose that the motion of a wood system with 249 

m points is expressed by the following Hamilton’s equation: 250 
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𝑑𝑑𝑞𝑞𝑖𝑖
𝑑𝑑𝑑𝑑

=
𝜕𝜕𝜕𝜕
𝜕𝜕𝑝𝑝𝑖𝑖

,
𝑑𝑑𝑝𝑝𝑖𝑖
𝑑𝑑𝑑𝑑

=
𝜕𝜕𝜕𝜕
𝜕𝜕𝑞𝑞𝑖𝑖

, (5) 

where 𝒒𝒒 = (𝑞𝑞1,⋯ , 𝑞𝑞𝑛𝑛) represents the generalized coordinates and 𝒑𝒑 = (𝑝𝑝1,⋯ ,𝑝𝑝𝑛𝑛) 251 

represents the momenta. A space with 2n dimensions spanned by q1, …, pn is termed 252 

the phase space. The point cloud can be described as a continuous fluid with a density 253 

of 𝜌𝜌(𝑞𝑞1,⋯ , 𝑞𝑞𝑛𝑛,𝑝𝑝1,⋯ ,𝑝𝑝𝑛𝑛, 𝑡𝑡) in the phase space.36,44 Based on quantum mechanics23, 254 

the density matrix is calculated as follows: 255 

𝜌𝜌 = �𝒖𝒖𝑖𝑖T𝑝𝑝𝑖𝑖can
𝑛𝑛

𝑖𝑖=1

𝒖𝒖𝑖𝑖, (6) 

where ui (i = 1, …, n) is the eigenvector corresponding to eigenvalue λi, and the 256 

superscript notation T indicates the transposed matrix. The time evolution of the 257 

density matrix is given by the following Liouville-von Neumann equation23,44: 258 

𝑖𝑖ℏ
𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

= [𝜌𝜌, 𝐻𝐻], (7) 

where 𝑖𝑖 = √−1 is an imaginary unit, ℏ is the reduced Planck constant, H is the 259 

diagonal matrix whose elements are eigenvalues λ1, λ2, …, λN, and [, ] is the 260 

commutator defined by two operators [A, B] = AB – BA. This can be interpreted as a 261 

volume change of fluid in the phase space. 262 

Liouville's theorem states that the fluid volume in the phase space is invariant if 263 

the system satisfies the law of conservation.36 Therefore, the density matrix ρ is the 264 

first integral of Hamilton’s equation (5), determined by Hamiltonian H if and only if [ρ, 265 
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H] = 0. The right side of Eq. (7) was calculated for each cycle and was a non-zero 266 

matrix. Indeed, the matrix norms of commutator [ρ, H] for cycle 1, 2, 3, 4, and 5 were 267 

5.72 × 10-6, 5.25 × 10-6, 5.30 × 10-6, 4.93 × 10-6, and 5.15×10-6, respectively (Figure 5). 268 

Because energy invariance refers to the symmetry of a process from a geometrical 269 

perspective (Noether’s theorem), the results infer that symmetry breakage during the 270 

cyclic process was greatest in the first cycle and decreased after the second cycle. 271 

Consequently, we conclude that wood cannot be restored to its original state. The load 272 

was easily restored during the cycle; however, even if the load returns to the initial 273 

point, not all other properties are restored to their original states. 274 

4. Conclusion 275 

This study proposed an algebraic approach to evaluate changes in the physical 276 

state of wood under multiple tensile load-unload cycles using NIR spectra. The NIR 277 

spectral matrix from a sample group was considered an operator representing the 278 

physical quantity of the statistical ensemble, and the set of eigenvalues calculated from 279 

the matrix was regarded as an energy function. Based on the distribution of 280 

eigenvalues accumulated for all microscopic changes, we monitored the variation of 281 

the energy state of wood in response to the load level. The commutator was defined by 282 

two operators, namely the density and diagonal matrix of the eigenvalues, and could 283 

quantitatively evaluate the irreversible changes of wood during the cyclic processes. 284 
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Considering that the eigenvalue distributions did not depend on a specific coordinate 285 

system, the proposed method is suitable for multi-dimensional data other than that 286 

obtained from the near-infrared spectrum. 287 
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Figure Captions 

Figure 1. Load-displacement curves during the cyclic tensile test. The red and blue 

lines indicate the loading and unloading process, respectively. The color 

becomes lighter as the cycles increase. 

Figure 2. Variation of the diffuse reflectance NIR spectra obtained from (a) the loading 

and (b) unloading process. The color of the spectra changes from yellow to red 

(or blue) as the process progresses. 

Figure 3. Trajectory of representative eigenvalues during (a) the loading and (b) 

unloading process. The results of the first cycle are shown as an example. 

Figure 4. Variation of (a) the first eigenvalue and (b) entropy over the five cycles. The 

red and blue lines indicate the loading and unloading process, respectively. The 

gray lines indicate the mean value of the first eigenvalue and entropy in each 

cycle. 

Figure 5. Matrix norms of commutator [ρ, H] for each cycle. 
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