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ABSTRACT

The heterogeneous behavior of wood during drying is a process difficult to control. The objective
of this study was to evaluate the accuracy of the neuro-fuzzy hybrid system for monitoring
wood moisture during drying. Eucalyptus urophylla x Eucalyptus grandis samples (2 x 2 x 4 cm)
were saturated and dried in climatic chamber for 15 days. Basic density was determined by the
dry mass/saturated volume ratio. Two neuro-fuzzy systems were developed to monitor wood
moisture, the first based on the genetic material and drying period and the second based on
basic density and drying period. The drying rate of wood samples was higher at the initial period
and all reached equilibrium moisture content after 15 days. Density showed relationship with
wood moisture during the study period. Both systems have the potential to monitor moisture,
however, neuro-fuzzy system based on basic density and drying period showed better results
and is therefore more suitable.
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1. INTRODUCTION

Drying is an important step before wood can be
used (Cavalcante et al., 2016). All fresh cut timber
has great amount of water (Brand et al., 2011;
Zanuncio et al., 2014). This hampers wood transport
(Zanuncio et al,, 2017) and use for power generation
(Swithenbank et al., 2011).

Environmental factors such as temperature, relative
humidity and air speed (Bedane et al., 2011; Korkut et al.,
2013) and wood factors, such as anatomical structure
(Moya et al,, 2012), basic density (Costa et al., 2014)
and size (Zanuncio et al., 2015) influence wood drying.
Water interacts with wood in different forms. Free water
is connected by capillarity and is present in vessels and
lumen fibers (Skaar, 1988), while adsorption water is
attached to the cell wall by hydrogen bonds (Kollmann
& Coté, 1968). Many factors considered in wood drying
make the wood behavior difficult to monitor.

Regression models can be used for wood moisture
monitoring (Zanuncio et al.,, 2013), but the neuro-fuzzy
hybrid system shows good results in various fields of
knowledge, such as industry (Aliabadi et al., 2015),
water treatment (Khaki et al., 2015), construction
(Naji etal.,, 2016) and forest sciences (Vieira et al., 2014;
Aratjo etal., 2016), thus, this technique shows potential
to be used to monitor wood moisture during drying.

Neuro-fuzzy can be considered a hybrid system,
combining artificial neural networks and fuzzy logic
(Fullér, 1995). Artificial neural networks are suitable to
recognize patterns, but not to explain how decisions were
made. Fuzzy logic systems can explain decisions with
imprecise information, but they cannot automatically
adjust their decision rules. Thus, a hybrid system that

incorporates the advantages of these two tools can be
applied to a greater number of situations or problems
individually solved by one of them.

The objective of this study was to propose models
with neuro-fuzzy hybrid system based on the wood
characteristics and drying period to monitor wood

moisture during drying.

2. MATERIAL AND METHODS

Seven two-years-old (A, B, C, D, E, E G) and
three seven-years-old (H, I, J) Eucalyptus urophylla x
Eucalyptus grandis clones were selected, collecting three
trees per clone. Two and seven-year-old materials were
used to guarantee heterogeneity of materials, which
condition facilitates the evaluation of a neuro-fuzzy
hibrid system. A 40 cm log was removed from 1.3 meters
above ground level and then, a central plank was
removed to prepare five samples (2 x 2 x 4 cm) per

tree and 15 per clone (Figure 1).

Samples were saturated until mass stabilization,
conditioned at 23°C with 50% relative humidity and
weighed twice daily for wood moisture determination

in dry basis using Equation 1:
U(%):[MJ*IOO (1)
Ms

where: U(%)= wood moisture content in dry basis;
Mu= wet mass;
Ms= dry mass.

Basic density was determined by the dry mass/saturated
wood volume ratio, according to NBR 11941: 2003
(ABNT, 2003). The relationship between basic density

Figure 1. Removal of wood samples for saturation and drying evaluation.
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and moisture was evaluated by the Pearson correlation

coeflicient.

Neuro-fuzzy inference systems were used to build
prediction models for moisture using the MATLAB
software. The first model was based on genetic material
and drying period and the second based on basic
density and drying period. Six and ten membership
Gaussian-type functions were used in the neuro-fuzzy
modeling considering clone and drying days as input
variables, respectively (Zadeh, 1965). Six membership
Gaussian-type functions were used for the model
considering variables basic density and drying period.
The Grid Partition method was adopted due to its small
number of input variables (Mesiarova-Zemankova &
Ahmad, 2010).

About 70% of data were used for training and the
remaining were used to assess the quality of trained
neuro-fuzzy systems. Residual graphs were used to
validate the model and the correlation coefficient (r),

and the root mean square error (RMSE) was calculated.

3. RESULTS AND DISCUSSION

The moisture content in saturated wood ranged
from 129.4 to 214.6%. The drying rate varied among
clones, but all of them reached equilibrium moisture
content (10.7 to 11.3%) after 15 days of drying period
(Table 1).

Moisture losses were higher at the beginning of the
drying period. Clone B showed higher initial moisture
and lost 107.8% moisture after one day of drying, while
clone ] showed the lowest initial moisture content (129.4%)
and lost 40% over the same period. During this period,
wood has large amount of free water, easily removed
due to weak capillary connections with wood, which
intensifies the drying process (Engelund et al., 2013).

The initial moisture content of clones with high
basic density was lower. The higher basic density
increases the wood mass per volume unit, leaving
fewer spaces to be filled with water, which reduces the
maximum wood moisture content (Watanabe et al.,
2012). The correlation coeflicient between basic
density and moisture for saturated wood and after
0.5 and one day of drying period was -0.958, -0.915
and -0.717, respectively. However, fewer void spaces in
wood with high basic density impair the exit of water
from these materials and thus, after 2.5 and 4 days of
drying periods, materials with high initial moisture
content reached the moisture content of other materials.
Materials with lower basic density started to present
lower moisture after six days of drying, a trend that
continued until the end of this process.

The relationship between basic density and moisture
was directly proportional at the beginning and inversely
proportional below the fiber saturation point. This shows
the importance of this parameter as variable in the
neuro-fuzzy system to monitor and predict moisture
content. The relationship between basic density and

Table 1. Basic density (g.cm™?) and moisture of ten Eucalyptus grandis x Eucalyptus urophylla clones in the most

representative periods for the 15 days of drying (D).

Wood moisture content during drying (%)

Sat. wood
A 0.418 177.9 152.7 113.1
B 0.372 214.6 168.8 106.8
C 0.399 187.5 158.9 125.2
D 0.422 170.0 127.7 96.7
E 0.408 189.6 165.0 137.4
F 0.469 150.8 131.8 107.6
G 0.405 190.3 159.7 109.0
H 0.492 135.8 117.0 96.6
I 0.484 136.6 115.0 77.8
] 0.537 129.4 108.7 79.4
r* - -0.958 -0.915 -0.717

43.6 17.8 12.4 11.9 11.1
29.0 13.8 12.0 11.6 10.9
52.9 20.1 12.3 11.8 10.7
34.5 15.6 12.4 12.0 11.2
78.5 32.0 12.5 11.8 10.9
55.2 24.8 13.1 12.2 11.3
30.0 14.1 11.9 11.6 10.9
51.2 22.6 12.8 11.9 11.0
23.2 14.8 12.2 12.0 11.1
33.2 18.7 13.0 12.1 11.3
-0.134 0.108 0.663 0.776 0.643

CL.= Eucalyptus grandisx Eucalyptus urophylla clone; B.d.= basic density; Sat. wood= Saturated wood; D= Days; r*= Pearson
correlation coefficient between basic density and respective wood moisture.
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Figure 2. Relationship between observed values and those estimated by the neuro-fuzzy system. (A) neuro-fuzzy
system based on clone and drying period; (B) = neuro-fuzzy system based on basic density and drying period;

r = correlation coefficient; RMSE= root mean square error.

moisture was also reported for Eucalyptus urophylla
logs (Zanuncio et al., 2015) and Cryptomeria japonica
lumber (Watanabe et al., 2012).

Both neuro-fuzzy systems showed similar correlation
coefficient and root mean square error for training
and validation (Figure 2). The largest deviations were
found for wood with higher moisture, which data
were more heterogeneous, making the prediction of
results using the neuro-fuzzy system more difficult.
However, networks predicted the results without
trend or heterocedasticity, highlighting their quality
and potential for monitoring the moisture content of
wood during the drying process.

Neuro-fuzzy systems based on basic density
and drying period showed higher accuracy. Basic
density can vary within the same clone, resulting in
different drying rates. Neuro-fuzzy systems based on
basic density can access wood characteristics more
accurately, increasing the moisture prediction efficiency.
Furthermore, neuro-fuzzy systems based on clone and
drying period can be used only for genetic materials
used in its construction, but neuro-fuzzy systems based
on basic density and drying period can be used for all
wood materials. The use of the basic density was also

effective to monitor the moisture of E. urophylla logs
during 90 days of air drying (Zanuncio et al., 2015).

4. CONCLUSION

The wood drying behavior varies with the genetic
material and drying period, with higher rates during
the first drying days and in low-density materials.
Both neuro-fuzzy systems were effective to monitor
and predict wood moisture; however, system based
on basic density and drying period was more efficient
and thus, more adequate for this process.
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