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Abstract In this study, thermogravimetric (TG) and dif-

ferential scanning calorimetry (DSC) curves, obtained by

means of a simultaneous TG/DSC analyzer, and statistical

functional nonparametric methods are used to classify

different wood species. The temperature ranges, where the

highest probability of correct classification is reached, are

also computed. As each observation is a curve, a non-

parametric functional discriminant technique based on the

Bayes rule and the Nadaraya–Watson regression estimator

is used. It assigns a future observation to the highest

probability predefined class (supervised classification). The

smoothing parameter needed in this nonparametric method

is selected according to the cross-validation technique. The

method proposed is applied to a sample of 49 wood items

(7 per wood class) and also to classify between hardwoods

and softwoods. In all the cases, the samples have been

successfully classified, obtaining better results with the TG

curves. The results are compared with those obtained with

other nonparametric methods based on boosting algorithm.

A discussion about the relation of the obtained results with

the referenced wood component degradation temperature

ranks is presented.

Keywords Wood � Nonparametric classification �
Functional data analysis � Thermal analysis

Introduction

The identification of wood is one of the most difficult tasks

to perform related with the technology of this material, due

to the wide variety of species and anatomical heterogeneity

of its elements. Wood identification can often be made on

the basis of readily visible characteristics such as color,

odor, density, presence of pitch, or grain pattern. This

analysis is typical in the furniture industries and the wood

panel production. Often, the performed analysis has a non-

uniform accuracy because of the operator. To achieve a

correct classification is essential to use microscopy tech-

niques, physical hardness tests, and chemical analysis [1–3].

Therefore, the implementation of quantitative models and

automatic recognition methods of wood samples are justi-

fied and can be immediately useful. While there are various

computational procedures to evaluate and rate the quality of

a timber by inspecting its defects with the help of image

processing techniques and spectral analysis [1, 4–8], these

are not so generally used for species identification, despite

several studies addressing this problem exist [2, 9–13].

A first step in a classification problem is to choose a

discriminant feature from which it will be possible to

classify. In the case of wood species classification, this

discriminant feature could be the output of an experimental

technique that really differentiates between them. In the
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Departamento de Matemáticas. Facultad de Informática,
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literature, wood samples are mainly classified based on the

results of two techniques: image- and spectrum-based

processing systems. A method of classification of 20 types

of tropical timber from image processing, using extracting

textural wood features, has been successfully tested in [9].

Those authors obtained a good classification proportion of

95%. On the other hand, in [2], the Fourier Transform

Raman (FTR) spectroscopy and neural network technology

have been coupled for spectral feature extraction and non-

supervised classification. This represents the first time that

both methodologies are combined. Later, neural networks

and the FTR spectra for hardwoods and softwoods to dif-

ferentiate temperate woods from tropical woods were also

used [13]. Genetic algorithms and principal components

analysis were used to classify 98 Raman spectra of tem-

perate softwoods, hardwoods, and Brazilian and Honduran

tropical woods [10]. Recently, in [12], an automatic

wood type classification system based on the analysis

of the fluorescence spectra, using nearest neighbor classi-

fiers, linear and quadratic classifiers, and support vectors

machines (SVMs) has been designed. However, it seems

that the possibility of using thermal analysis as a source of

data for statistical classification of wood species has not

been sufficiently studied yet. In this article, the thermo-

grams obtained by thermogravimetric analysis (TG) and

differential scanning calorimetry (DSC) are used as a dis-

criminant characteristic. These curves can be processed in

a relatively simple way with functional analysis [14, 15,

16] and, as shown below, the shape of the TG curves is

directly related to the wood composition. Therefore, TG

analysis becomes an interesting option to discriminate

between classes of timber.

In general, wood is defined as the set of xylem tissues

forming the trunk, roots, and branches of woody plants,

excluding the bark. The tubular cells size, shape and dis-

tribution, along with other anatomical elements such as

wood radios, the presence of resin canals or vessels, pores,

etc., in addition to the variable proportion of its chemical

components, define the different wood species and their

properties [1, 3, 13, 17–23]. Also, the different wood types

can be generally divided in two broad categories: soft-

woods or conifers (gymnosperms) and hardwoods (dicot

angiosperms) which can be subdivided into boreal, austral,

and tropical hardwood types [1, 3]. Is it possible to observe

these differences among species in the shape of the TG

curves in a pyrolysis test? According to existing studies,

the answer is yes [13, 17–23].

The wood degradation in an inert atmosphere is domi-

nated by the degradation behavior of its three main com-

ponents [17]. These are cellulose, lignin, and hemicellulose

[13, 17–24]. Cellulose represents about 40 and 60% in the

overall weight of dry wood (it accounts for 23–33% of

the mass of softwoods), 23–33% of lignin in softwoods

(16–25% in hardwoods), and 25–35% of hemicellulose

(more in hardwoods than in softwoods) [3, 19, 25]. The three

components decompose in temperatures ranging between

240–350 �C, 280–500 �C, and 200–260 �C, respectively

[17, 19–23, 25]. As was reported in [13, 18], the TG curve

describing the pyrolysis of wood nearly coincides with the

sum of the degradation of its constituents. In many cases, no

significant interaction between them has been concluded

[21]. The proportion of each wood component varies

depending on the species, to a greater or lesser extent [19, 20,

22, 23]. Therefore, it is expected that the TG curves are

different depending on the type of wood to which they

belong. While the effect of the wood structure appears to

exist [22], this is much lower than that of the components

[13, 18, 21]. Furthermore, differences in the pyrolysis of

lignin and hemicellulose depending on whether these come

from softwood or hardwood, or even of different species,

were observed [20, 23]. These results suggest the use of

discriminant characteristic TG curves.

Accordingly, the objectives of this study are

1. Evaluating the potential of functional nonparametric

methods of discriminant analysis for the classification

of hardwoods and softwoods and then for the classi-

fication of European oak, European chestnut, eucalyp-

tus, scots, and insignis pine on the basis of TG and

DSC data.

2. Comparing the accuracy performance of TG or DSC

curve classification to discriminate between wood

species or between major groups. The supervised

kernel nonparametric classification and kernel non-

parametric classification using the k-nearest method to

select the bandwidth h are used in [14]. In addition,

two methods based on the boosting algorithm are also

used to complete the study: using principal compo-

nents analysis (PCA) and by the representation of

functional data on a b-spline basis [15, 16, 26].

3. Finding the temperature range in TG and DSC curves

where the highest probability of correct classification

is reached.

4. Relating the results of classification analysis in each

interval with the referenced cellulose, lignin, and

hemicellulose degradation temperature ranks in a

nitrogen atmosphere.

Experimental

Materials

Tests for five different hardwoods (European beech or Fagus

sylvatica, European oak or Quercus robur, chestnut or

Castanea sativa, Eucalyptus globulus, and jatobá or
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Hymenaea courbaril) and two softwoods (scots pine—Pinus

silvestris and insignis pine—Pinus radiata) are carried out.

Seven samples per each one of the above mentioned species,

obtained from wood of different trees are tested. The aim of

this sampling process is to obtain a compromise between

capturing the existing variability and minimizing the time of

experimentation. The samples are not dried to avoid disturb

as much as possible their structure and composition, and to

test the automatic classification method with a minimal

sample preparation, under the worse conditions.

Measurement methods

The test is performed on a SDT 2960 TA Instruments

thermo balance. This apparatus provides both TG and DSC

curves used in the classification analysis. A heating ramp of

20 �C min-1 is applied in the range from 20 to 600 �C at a

rate of 50 mL min-1 of N2 [27]. The nitrogen is purged for

10 min, before starting the heating program for establish-

ing an inert environment. The used heating rate is chosen to

obtain a proper balance between time test and resolution

[27]. It aims to assess the discriminatory power of the

resulting curves, using the minimum experimental time.

The sample mass chosen is between 6 and 8 mg. Alumina

crucibles are used. In particular, TG and DSC measure-

ments are affected by some experimental parameters such

as heating rate, amount of mass, type of atmosphere, or

sample geometry [27]. Therefore, all these parameters are

remained constant to obtain a better classification.

Classification techniques

Nonparametric functional techniques based on kernel

methods [14] and two nonparametric methods based in the

boosting algorithm are applied to construct a classification

rule to discriminate between hardwoods and softwoods, and

between the different species: European beech, European

oak, European chestnut, eucalyptus, jatobá, scot, and insig-

nis pine, based on a sample of 49 TG and DSC curves. A DSC

or TG curve is classified as belonging to the specie or the

group to which the highest posterior probability is obtained.

The functional Nadaraya–Watson kernel nonparametric

method (K-NPFDA), shown in (1), is applied. Given a new

TG or DSC curve, x = x(t), obtained from a material to

classify, the estimator of the posterior probability of

belonging to a class g, with g 2 f0; 1; . . .;Gg, is given by:

r̂
ðgÞ
h ðxÞ ¼

Pn
i¼1 I Yi¼gf gK

x�Xik k
h

� �

Pn
i¼1 K x�Xik k

h

� � ; ð1Þ

where the observed TG/DSC curves, Xi ¼ XiðtÞ, are a

sample of explanatory variables, while the response sample

consists of the observations Yi of a discrete random

variable taking values in the set f0; 1; . . .;Gg; the

different classes. The parameter h is the bandwidth or

smoothing parameter and �k k denotes the following

distance between curves:

dðXi;XjÞ ¼
Zb

a

XiðtÞ � XjðtÞ
� �2

dt; ð2Þ

where [a, b] is one of the 1,280 temperature intervals

studied.

After a careful examination of the TG/DSC curves,

further processing of the data has been found useful for

standardizing the curves [28]. Denoting by f(x) a curve, a

linear transformation, ~f ðxÞ ¼ af ðxÞ þ b with

a ¼
ffiffiffiffiffiffiffiffiffiffiffi
b� a
p

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
R b

a f ðtÞ � 1
b�a

R b
a f ðsÞds

� �2

dt

r

and

b ¼ 1�
R b

a f ðtÞdt

ffiffiffiffiffiffiffiffiffiffiffi
b� a
p ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

R b

a f ðtÞ � 1
b�a

R b

a f ðsÞds
� �2

dt

r ;

is done to achieve

1

b� a

Zb

a

~f ðtÞdt ¼ 0

and

1

b� a

Zb

a

~f ðtÞ � 1

b� a

Zb

a

~f ðsÞds

0

@

1

A

2

dt ¼ 1

This transformation should act on the mean and variance to

improve the discriminant power of the curves.

In our research, the Gaussian kernel, K, is used. On the

other hand, the smoothing parameter, h, is chosen as the

value that minimizes the probability of misclassifying a

future observation and it is selected according to the cross-

validation method [29]. This method consists in minimiz-

ing the cross-validation function:

CVðhÞ ¼ n�1
Xn

i¼1

I Yi 6¼d�i
h
ðXiÞf g;

where dh
-i is the classification rule built up without the i-th

observation:

dhðxÞ ¼ argmax
0� j�G

r̂
ðjÞ
h

n o
:

It can be useful and efficient to replace the h parameter, a

real number, by an integer parameter k from a finite subset.
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A way to achieve this is to consider a k Nearest Neighbors

(kNN) version of the kernel estimator [14]. In this study, it

is named KNN-NPFDA method. The number of neighbors

and the bandwidth is selected using the cross-validation

method.

When the kNN estimator is used, the parameter h is

replaced by hk, which is the bandwidth allowing us to take

into account k terms in the weighted average [14]:

p̂
ðgÞ
k ðxÞ ¼

Pn
i:Yi¼gf g K h�1

k � dðx;XiÞ
� �

Pn
i¼1 K h�1

k � dðx;XiÞ
� � ;

where hk is a bandwidth such that

# i : dðx;XiÞ\hkf g ¼ k;

with # the cardinal of the set.

Two additional nonparametric methods based on the

boosting algorithm, the B method and the B-PCA method, are

implemented to be compared with the kernel methods. They

are specially designed to perform a nonparametric supervised

classification for functional data. The boosting algorithm

used is the Adaboost algorithm for classification [26].

In the B method, the boosting algorithm estimates the

optimal number of basis and the optimum depth of the tree

partition using Functional Data Object for obtaining the

best possible estimation.

In the B-PCA method, the Adaboost algorithm is applied

to a set of data using Principal Component Analysis. The

optimal number of Principal Components and the optimum

depth for one or more classifiers are estimated.

The free statistical software R [30] is employed to

implement the nonparametric functional methods used in

this article. Mainly, the R packages fda and fda.usc are

used to perform the classification applying nonparametric

functional analysis. Adaboost algorithm is a modified

algorithm of the function adabag.M1 of adabag R

package that fits adaboost algorithm with classification

trees as individual classifiers.

Results and discussion

In this section, the methods previously presented are

applied to the TG and DSC curves to classify between

different species and main groups. First, a descriptive

analysis of the data is shown. It is important to note that

each method is validated through cross-validation, which is

the technique widely used for the validation of an empirical

model. It works by leaving out one TG/DSC curve; then a

model is trained with the remaining thermograms and,

finally, the developed model is used for the classification of

the left out TG/DSC curve. This is repeated until all the

curves have been left out once. As the data set available

contain 49 samples, 48 samples are used for training and 1

sample for testing. This process is repeated 49 times, and

the percentage (measured as per one) of correct classifi-

cation are calculated.

Descriptive analysis of the TG curves

Figure 1 shows the 49 TG curves obtained (7 per class). As

can be observed, each curve represents a functional data. A

particular wood specie is highlighted in each panel. The last

panel (in row 4, column 2) shows all the TG curves. Dif-

ferent trends are observed for almost all types of wood. Even

so, the variability in each class prevents from discerning

clearly in some intervals. Apart from this, some species such

as oak and beech tend to overlap. This is correlated to their

similar densities, hardness and mechanical properties. In

addition, they belong to the broader group of boreal hard-

wood [1].

In Fig. 2a, the means of the TG curves for each class of

wood, as defined by Fraiman and Muniz [31], are plotted.

They can report on the possible degree of overlapping

among the degradation trends for the different species and

in what intervals this happens. In fact, it appears that dif-

ferences between species are starting to take place from

200 �C onwards, coinciding with the beginning of the

hemicellulose degradation [22, 25]. These differences

become maxima in the range of temperatures where the

cited maximum decomposition rate of the cellulose and

lignin occurs [13].

As the storage period is long enough (over a year) and

the storage conditions of all wood samples are the same,

through the TG curves is possible to measure the water

absorption capacity of each timber. In fact, it is observed

that the height of the first step is slightly different for

some species, being able to build two groups: oak, beech,

insignis pine and, on the other hand, chestnut, eucalyptus,

and jatobá. It can be observed that the existing residue in

the range of 400–600 �C is different depending on the

species (chestnut and jatobá [ eucalyptus [ oak, scots

pine, beech and insignis pine).

Figure 3a shows the variability in each class. By

working with functional data, the variance of the TG

curves for a class is not a value, but a curve. The greatest

variability occurs in the range of temperatures where the

maximum decomposition rate of the cellulose and lignin is

produced, according to Yang et al [13]. Therefore, the use

of classification methods should work worse at these

temperatures (320–370 �C, see Fig. 3a), but this depends

on the magnitude of the variability among species in this

interval, which is also higher (see mean differences in

Fig. 2a). This variability is expected given the heteroge-

neity of wood [1, 3].

Figure 4 shows the DSC curves obtained for every

sample tested, in the same form as in Fig. 1. There is a
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wide variability in each class, higher than in the TG curves.

Therefore, it is expected that the DSC curves discriminate

worse than TG between classes of wood. According to the

literature, the endo and exo DSC events of hemicellulose,

cellulose, and lignin overlap in the 220–520 �C range

[13, 22, 25]. The differences among species can be set
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Fig. 1 Original TG curves

(7 per class), where each

particular wood specie is

highlighted in the corresponding

panel. In the last panel
(row 4, column 2) all

the curves are presented
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according to the displacement and magnitude of these three

previous peaks (see Fig. 5), which may be due to different

weight percentage of hemicellulose, cellulose and lignin,

interactions, or differences in the structure [19, 20, 22, 23].

There are also differences in the peak corresponding to the

water loss (see Fig. 5). The classification methods imple-

mented may determine whether these differences are

reliable.

By implementing a location-scale transformation, a

reduction of the variance in each class is sought. Figures 6

and 7 show the TG and DSC data after this processing step.

A reduction in the dispersion of the curves in each class is

observed (Fig. 3). There is also an increasing distance

between curves from different classes in certain tempera-

ture ranges.

Result of the data transformation

We apply nonparametric kernel methods for functional

data (K-NPFDA and KNN-NPFDA) and methods based on

boosting algorithm (B and B-PCA). It is observed that the

transformation of the data [28] significantly helps to dis-

tinguish among the different groups (hardwoods and soft-

woods) and also among species. For example, if the TG

curves are analyzed by the K-NPFDA method, classifying

samples from seven kinds of wood, then a probability of

correct classification equal to 0.79 is obtained in the best of

possible intervals (180–330 �C); on the other hand, if we

use the transformed data, then a probability of 0.88 is

obtained in the range 192.5–292.5 �C This is repeated for

all models and data analysis; therefore, the results using the

transformed data are shown, see Table 1.

TG curve classification

In Table 2 the probabilities of correct classification and

the temperature ranges for which they are maxima are

shown. They are computed in two settings, classifying

among the seven different species and in the more

general case of classifying into three different groups.

This is the result of evaluating the probabilities at 1,280

intervals of eight different sizes, from 50 to 400 �C. The

four methods of classification described above are

calculated.

The results in Table 2 can be grouped in two blocks,

those techniques based on a kernel and the Nadaraya–

Watson estimator and those based on boosting algorithm. In

the case of classification in three groups or general classes
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of wood, the K-NPFDA (with 0.0005 \ h \ 0.001) and

KNN-NPFDA techniques, with an optimal number of

neighbors equal to 1, are the best methods with an estimated

probability of success of almost equal to 1 (0.94). It is

interesting to note that the four methods practically coincide

in the optimal range (192.5–292.5 �C and 210–310 �C),

which in turn coincides with the region of hemicellulose

degradation reported by several authors [22, 25]. The
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(7 per class), where each particular

wood specie is highlighted in the

corresponding panel. In the last

panel (row 4, column 2) all the

curves are presented
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hardwoods tend to have a higher content of hemicellulose

[3, 19, 25] and their weight proportion influences the total

degradation of wood. Classification between hardwoods

and conifers has been successfully achieved. Also, the

correct classification among austral, boreal and tropical

hardwoods is obtained. In fact, there is very small confusion

between the groups. In Table 3, the classification matrices

in the optimal intervals presented in Table 2 using 3 dif-

ferent classes (boreal hardwoods, softwoods and other hard

woods) are shown. It can be observed that using the K-

NPFDA method the probability of classifying a boreal as a

tropical or austral hardwood is only 0.05 and the probabil-

ities of correct classification in each group are very high in

this case (0.95 for boreal hardwoods, 0.86 for softwoods and

1 for other hardwoods). This result is similar to that

obtained by other techniques using image- and spectrum-

based processing systems [2, 9–13].

The overall probabilities of correct classification when

one wants to discriminate among the seven existing spe-

cies of wood is also very high. Especially interesting are

the results obtained using the methods K-NPFDA and B

(7 elements in the basis and depth of tree equal to 3). In

the first case, a probability of correct classification of 0.88

for the interval 192.5–292.5 �C is obtained (see Table 2).

This could be due to the different hemicellulose content

and differences in hemicellulose degradation depending

on the species, but we must do more experiments to prove

it. The optimal interval (217.5–417.5 �C) obtained by the

method B includes the degradation processes of the

hemicellulose, cellulose and lignin getting a slightly

higher probability of correct classification. In fact,

according to Müller [20], the differences in wood species

are mainly due to the different thermochemical behavior

of lignin degradation and that of the first step of the

hemicellulose degradation.

Table 4 shows the classification matrices in the optimal

intervals presented in Table 2 using seven different classes.

It can be observed that the results obtained by Methods B

and K-NPFDA are complementary. The probabilities of

correct classification of each kind of wood are relatively

high in both cases. The K-NPFDA method only fails to

discriminate the scots pine class (P = 0.58). Instead, a

probability of correct classification equal to 1 of the scots

pine class is obtained by the B method. Among other

things, it can be due to the much larger optimal temperature

range, encompassing much of the lignin degradation which

provides more information to differentiate the species. On

the other hand, the K-NPFDA method classifies slightly

better oak and jatobá woods than the B method (see

Table 4).

In general, it appears that the cited range of decompo-

sition of the hemicellulose and, to a lesser extent, of lignin

and cellulose is the temperature range where more differ-

ences between species exist.

Apart from using leave-one-out cross-validation, the

prediction power of the K-NPFDA method is measured.

For this, the whole set of 49 curves is divided into two

groups: a training sample of 42 curves, and a test sample

of seven curves (one for each class of timber). Our aim

is try to classify correctly the test sample using the

training sample. This problem is more common in

industry. Table 5 shows the classification matrix obtained

when classifying among the seven considered species. In

this table, the results in the temperature interval of

207–307 �C are shown. This is the optimal interval using

cross-validation with the training sample. It can be

observed that the 100% of the test sample is successfully

classified using the K-NPFDA method. Same results for

the case of classifying among the three main groups are

shown in Table 6 (in the interval 192.5–292.5 �C),

obtaining the same success.

In conclusion, it is proved that using TG curves as

discriminant characteristic is possible to classify different

species of wood.

DSC curves classification

Tables 7, 8, and 9 show similar results to those presented in

Tables 2, 3, and 4, respectively, but using the DSC curves

obtained by a simultaneous SDT. It can be observed that

DSC curves have less discriminating power than TG curves.

Nevertheless, very good results are obtained when we try to

distinguish among boreal hardwoods, softwoods, and trop-

ical or austral hardwoods (Tables 7 and 8). The kernel

nonparametric functional methods (K-NPFDA and KNN-

NPFDA) work better than the others based on the boosting

algorithm. A good classification probability equal to 0.80 is

obtained in the temperature range of 322.5–485 �C. This
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interval corresponds to the region of maximum degradation

rate of cellulose and lignin, reported by several authors [13,

22, 25]. Therefore, the DSC curves have a higher classifi-

cation power in this area; there are more differences between

species. These differences may be due to the nature and

weight percentage of lignin [11].

When we want to classify among the seven species,

the DSC results are worse than the TG ones. The best

100 200 300 400 500 600

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

Temperature/°C
100 200 300 400 500 600

Temperature/°C

100 200 300 400 500 600

Temperature/°C
100 200 300 400 500 600

Temperature/°C

100 200 300 400 500 600

Temperature/°C
100 200 300 400 500 600

Temperature/°C

100 200 300 400 500 600

Temperature/°C
100 200 300 400 500 600

Temperature/°C

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 h
ea

t f
lo

w

−
0.

5
0.

0
0.

5
1.

0
1.

5
2.

0

T
ra

ns
fo

rm
ed

 m
as

s

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Chestnut
European oak
Insignis pine
Scots pine
European beech
Eucalyptus globulus
Jatobá

Fig. 6 Location-scale

transformed TG curves

Functional nonparametric classification of wood 95

123



methods are again K-NPFDA and KNN-NPFDA with a

maximum probability of correct classification equal

to 0.60 for the interval 322.5–347.5 �C Thus, using the

K-NPFDA method, good classification results are only

obtained in the case of eucalyptus, chestnut and jatobá

(Table 9) but the two kinds of pine are often misclas-

sified and the beech curves are often classified as

oak curves (P = 0.29). In fact, both pairs of species

have very similar mechanical properties, hardness and

density [1].
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Table 1 Correct classification probabilities using original and transformed data, with 3 or 7 classes

Data Original data Transformed data

Number of classes Corr. class. prob. Number of classes Corr. class. prob.

TG 3 0.94 3 0.94

TG 7 0.79 7 0.88

DSC 3 0.42 3 0.79

DSC 7 0.24 7 0.57

Table 2 Correct classification probabilities and optimal intervals obtained by each classification method

Methods 3 Groups classification 7 Groups classification

Optimal interval/�C Corr. class. prob. Optimal interval/�C Corr. class. prob.

K-NPFDA 192.5–292.5 0.94 192.5–292.5 0.88

KNN-NPFDA 192.5–292.5 0.94 182.5–282.5 0.88

B 210.0–310.0 0.90 217.5–417.5 0.90

B-PCA 210.0–310.0 0.90 195.0–345.0 0.83

The TG data were tested with 3 (boreal hardwoods, softwoods, other hardwoods) and seven classes

Table 3 Classification matrices using 3 different classes (boreal hardwoods, softwoods, and other hard woods) obtained by different non-

parametric classification methods, using TG data

Methods Estimated Theoretical

Boreal hardwoods Softwoods Other hardwoods

K-NPFDA Boreal hardwoods 0.95 0.07 0.00

Softwoods 0.00 0.86 0.00

Other hardwoods 0.05 0.07 1.00

B Boreal hardwoods 0.97 0.00 0.23

Softwoods 0.00 1.00 0.06

Other hardwoods 0.03 0.00 0.71

Table 4 Classification matrices using seven different classes (chestnut, oak, insignis pine, scots pine, beech, eucalyptus, and jatobá) obtained by

two different nonparametric classification methods, using TG data

Methods Estimated Actual

Chesn. Oak Insig. P. Scots P. Beech Eucal. Jat.

K-NPFDA Chestnut 1.00 0.00 0.00 0.00 0.00 0.00 0.00

Oak 0.00 0.72 0.00 0.14 0.00 0.00 0.00

Insignis P. 0.00 0.00 1.00 0.14 0.00 0.00 0.00

Scots P. 0.00 0.00 0.00 0.58 0.00 0.00 0.00

Beech 0.00 0.14 0.00 0.00 1.00 0.00 0.00

Eucalyptus 0.00 0.14 0.00 0.00 0.00 1.00 0.14

Jatobá 0.00 0.00 0.00 0.14 0.00 0.00 0.86

B Chestnut 1.00 0.00 0.00 0.00 0.00 0.00 0.00

Oak 0.00 0.67 0.00 0.00 0.00 0.00 0.00

Insignis P. 0.00 0.00 1.00 0.00 0.00 0.00 0.00

Scots P. 0.00 0.00 0.00 1.00 0.00 0.00 0.00

Beech 0.00 0.00 0.00 0.00 1.00 0.00 0.00

Eucalyptus 0.00 0.00 0.00 0.00 0.00 1.00 0.17

Jatobá 0.00 0.33 0.00 0.00 0.00 0.00 0.83
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In Table 10 we measure the prediction power of a new

sample taking a training sample of 42 items. The new

sample consists of seven curves, six of which have been

classified successfully (P = 0.86). A higher misclassifi-

cation is obtained precisely in the most heterogeneous

group (other hardwoods).

Table 5 Classification matrix using seven different classes (chestnut, oak, insignis pine, scots pine, beech, eucalyptus, and jatobá) obtained by

K-NPFDA using a training sample with 42 TG curves

207–307 �C, K-NPFDA Estimated Actual

Chesn. Oak Insig. P. Scots P. Beech Eucal. Jat.

New sample P = 1 Chestnut 1.00 0.00 0.00 0.00 0.00 0.00 0.00

Oak 0.00 1.00 0.00 0.00 0.00 0.00 0.00

Insignis P. 0.00 0.00 1.00 0.00 0.00 0.00 0.00

Scots P. 0.00 0.00 0.00 1.00 0.00 0.00 0.00

Beech 0.00 0.00 0.00 0.00 1.00 0.00 0.00

Eucalyptus 0.00 0.00 0.00 0.00 0.00 1.00 0.00

Jatobá 0.00 0.00 0.00 0.00 0.00 0.00 1.00

Probabilities of correct classification of a new sample consisting of seven curves (one per class)

Table 6 Classification matrix using three different classes (boreal hardwoods, softwoods and tropical, and austral hardwoods) obtained by

K-NPFDA using a training sample with 42 TG curves

192.5–292.5 �C, K-NPFDA Estimated Actual

Boreal hardwoods Softwoods Other hardwoods

New sample P = 1 Boreal hardwoods 1.00 0.00 0.00

Softwoods 0.00 1.00 0.00

Other hardwoods 0.00 0.00 1.00

Probabilities of correct classification of a new sample consisting of three curves

Table 7 Correct classification probabilities and optimal intervals obtained by each classification method

Methods 3 Groups classification 7 Groups classification

Optimal interval/�C Corr. class. prob. Optimal interval/�C Corr. class. prob.

K-NPFDA 322.5–485.0 0.80 322.5–472.5 0.57

KNN-NPFDA 322.5–485.0 0.80 322.5–347.5 0.60

B 330.0–575.5 0.60 325.0–375.0 0.46

B-PCA 330.0–575.5 0.67 325.0–375.0 0.38

The DSC data were tested using three (boreal hardwoods, softwoods, other hardwoods) and seven classes

Table 8 Classification matrix using three different classes (boreal hardwoods, softwoods, and other hard woods) obtained by different non-

parametric classification methods, using DSC curves

Methods Estimated Theoretical

Boreal

hardwoods

Softwoods Other

hardwoods

K-NPFDA Boreal hardwoods 0.90 0.29 0.21

Softwoods 0.05 0.71 0.00

Other hardwoods 0.05 0.07 0.79
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Conclusions

Classifying different species of wood using the TG curves

as discriminant characteristic has been proved possible

(percentage of correct classification = 90%). Also, the

classification between hardwoods, softwoods, and tropical or

austral hardwoods have been successfully carried out using

these curves (percentage of correct classification = 94%).

The results are comparable to those obtained from image-

based processing systems and spectrum-based processing

systems. It was observed that the temperature ranges corre-

sponding to the higher probabilities of correct classification

basically match with those reported for the single compo-

nents decomposition (mainly hemicellulose).

The DSC curves obtained by a simultaneous SDT have

less discriminant power than that of the TG curves. Never-

theless, using these curves, very good results are obtained

when we try to distinguish among boreal hardwoods, soft-

woods, and tropical or austral hardwoods (percentage of

correct classification = 80%) and among certain types of

hardwoods (chestnut, jatobá, and eucalyptus). Moreover, the

referenced temperature range corresponding to the maxi-

mum rate of decomposition of lignin and cellulose is the

range where more differences among species were found,

using DSC curves.

In general, K-NPFDA and KNN-NPFDA methods,

based on the nonparametric Nadaraya–Watson functional

regression estimator, have provided probabilities of correct

classification superior to the others based on the boosting

algorithm, and with a shorter computing time.
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