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Abstract 

The forestry sector is one of the agribusiness sectors that generates the most wealth for 

the national economy, as it brings benefits to society, from the wood itself for industries, 

biomass for energy production, and to the environment, reducing pressure on native 

forests and the reuse of land degraded by agriculture. In view of this, this study was 

carried out to predict the different basic densities in tree species under the influence of 

two factors, nine different tree species in relation to three different density methodologies 

using the Neuro-Fuzzy System. Tree basic density modeling was carried out using 

effective species parameters and different calculation methodologies adapted to the 

Neuro-Fuzzy Inference System (ANFIS). In the ANFIS model, 67% and 33% of the total 

data were considered as training and test data, respectively. The numbers of pertinence 

functions were selected 9 for species and 3 for methodologies for the input data. ANFIS 

training was carried out using the hybrid method. The average R2 determination 

coefficients were 87.32% and 97.42% for the field and ANFIS models, respectively. The 

model obtained using ANFIS showed a high accuracy of 4.36%. Compared to the field 

data, the ANFIS model was highly accurate and can be used to estimate the basic density 

of the trees in this study. 
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Introduction 

Within the industrial wood production process, some items 

must be considered when producing wood in the field, such as 

uniformity in color characteristics, mechanical resistance, 

workability and even basic density (Alves, Oliveira and 

Carrasco, 2017). The density of wood reflects its anatomical 

structure, as it has a direct influence on wood anisotropy 

(Moutinho et al., 2017). Therefore, Benin, Watzlawick & 

Hillig (2017) report that the higher the density of the wood, 

the greater the volumetric shrinkage and swelling, with a 

practically linear relationship between these properties. 

Density can be expressed mathematically as the ratio of the 

body's mass to its volume according to Alves, Oliveira and 

Carrasco (2017). There are two forms of density, the basic 

density of wood, which can be called specific mass, an 

important physical property, as it has relationships with other 

properties, such as mechanical strength and dimensional 

variation. (Moutinho et al., 2017). Another characteristic is 

qualitative, as it varies according to the environment and its 

genotype, as well as variation within the species and even 

within the tree itself. (Silva et al., 2017). 

Basic density is of major importance in a qualitative 

assessment of wood (Benin, Watzlawick and Hillig 2017), 

because it reflects the combination of various anatomical 

factors, as well as others such as age, origin, spacing, growth 

rate, among others (Santos et al, 2021). 

For this reason, it is essential to know the quality of the 

wood, especially the basic density, which can be determined 

using the stereometric method, the gravimetric method 

(hydrostatic balance method) and the maximum moisture 

content, which, unlike the other two, does not use volume in 

its determination (Vivian et al., 2022 and Silveira, Rezende 

and Vale, 2013) 

Considering some limitations in analytical methods, in the 

relationships between tree species, in the use of different soil 

parameters, or even in the preparation of the best sample for 

data collection, researchers are including in their work the use 

of artificial intelligence to predict the best method for 

evaluating basic density in the species used. 

Madhu, Sowmya Dhanalakshmi and Mathew (2020) stated 

systems based on artificial intelligence tend to work with 

functions of great difficulty in various areas of knowledge, 

looking for patterns, identifications, classifications, image 

processing, among others, and in this case fuzzy logic and its 

ANFIS system stand out.  

The fuzzy logic ANFIS system works with neural 

networks that produce ambiguous models when given training 

data, while fuzzy logic requires an expert in the field to 
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recognize the system developed (Huang et al., 2022). 

However, ANFIS combines fuzzy logic with neural networks, 

in other words, ANFIS is a fuzzy system that explains 

qualitative expression, like neural networks with variable 

structures (Vasaki et al., 2021). 

The parameters of the pertinence functions of this system 

are developed through algorithms combining it with the least 

squares method (Shaban et al., 2021). As the models presented 

to describe the relationship between the different basic density 

methodologies and the various tree species, especially when 

evaluating the physical and physiological aspect of each tree 

species, may not be precise and, in many cases, have been 

presented for a single density method for any tree species, they 

may result in incomplete data and no real application of a 

relationship between basic density in relation to a particular 

species. 

In view of this, this study was carried out to predict the 

different basic densities in tree species under the influence of 

two factors, nine different tree species in relation to three 

different density methodologies, using the Neuro-Fuzzy 

System. 

Materials and methods 

The field experiment was conducted on trees cut down 

under an electrification network during its periodic 

maintenance by the local electrification company. The 

collection area is located at 23°16’ S e 48° 38’ W, city of 

Itatinga, state of São Paulo, Brazil. In this study, to measure 

and determine the factors influencing basic density in each 

species and methodology applied, a statistical design was used 

with 27 treatments, arranged in a 3 x 9 factorial scheme, with 

3 basic density methods and 9 species.  

The species used in the experiment were scientifically 

identified at the Wood Anatomy and Quality Laboratory of the 

Institute of Science and Engineering of the São Paulo State 

University as: Cecropia sp. (Embaúba), Myrcia sp. (Cambuí), 

Copaifera sp. (Copaíba), Inga sp. (Ingá), Nectandra 

megapotamica (Canelinha), Stryphnodendron adstringens 

(Barbatimão), Anadenanthera falcata (Angico-do-cerrado), 

Moquiniastrum polymorphum (ex. Gochnatia polymorpha) 

(Cambará) and Libidibia ferrea (ex. Caesalpinia ferrea) (Pau-

ferro). The methodologies used to determine basic density 

were the Hydrostatic Balance Method, the Stereometric 

Method and the Maximum Moisture Content Method. 

In this section, Matlab® software was used under license 

from the AGROENERBIO research group at the Faculty of 

Animal Science and Food Engineering at the University of São 

Paulo, within the ANFIS toolbox to predict basic density, 

considering the nine tree species and the three methodologies 

for determining basic density as the influence of the following 

factors. For this analysis, 67% of the total data obtained in the 

field was used as training data and the remaining 33% was 

used for validation. By partitioning the grid of method, type 

and number of pertinence functions, the following were 

determined for the input and output parameters in the Neuro-

Fuzzy System. Two inputs were considered for the 

development of the system: species and methodologies. For 

the membership functions (MFs), nine were considered for 

species and 3 for methodologies. In this model, the "gauss2mf" 

type was selected for the association of input and output 

parameters. To train the ANFIS structure, the hybrid 

optimization method was applied, which is a combination of 

the least squares method and backpropagation (reduction 

method) (Adedeji et al., 2020), according to Figure 1. 

 

Figure 1. Combination of the least squares method and 

reduction. 

Results and discussion 

Figure 2 shows a relationship between the root mean 

square error and the optimization process for the training and 

verification steps, together with the error of the training data 

with the signal (*). 

 

Figure 2. Training errors. 

After training and validating the ANFIS model for 

different input parameters, the root mean square error (RMSE) 

for the training data was 0.06585 and for the validation data it 

was 0.043616. The output obtained from ANFIS was 

compared with the training and verification data, and the 

results are shown in Figure 2. In Figure 3, the training data is 

marked with (O) and the modeling data is marked with (*). 
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Figure 4 shows the structure of the Neuro-Fuzzy System 

developed. In this model, 27 rules were built based on the 

pertinence values of each input (species and methodology). All 

the rules are activated, correlating one by one. 

Figure 5 shows the type and range of dedicated 

membership functions for species parameters and 

methodologies. These pertinence functions help to convert 

linguistic variables into numerical variables. The variables 

were developed from the artificial intelligence of ANFIS. 

The model used to develop the ANFIS system is the 

incorporated hydride, as it presents a greater degree of 

hybridization, where it is not possible to separate the systems, 

as shown in Figure 6. 

The response surface and contour map of the results are 

shown in Figures 7 and 8, respectively, according to the 

species and methodologies. 

Figure 7 is presented in 3D format, which improves the 

visualization of the plotted points. This tool is considered 

efficient and effective for specialists working with 

optimization processes in various production processes. 

The Neuro-Fuzzy (ANFIS) model developed in this study 

shows the complete advantage of the ANFIS system in 

predicting basic density as supported by the statistical 

parameters applied in the system. The results also showed that 

the Neuro-Fuzzy System (ANFIS) has a great advantage over 

the factorial statistical model and can be used reliably as a tool 

for modeling basic density in these species evaluated, thus 

combining the advantages of the Neural Network and Fuzzy 

Logic that offer good results. 

The results presented indicate that experimental data is 

reliable for AI computational analysis. Traditionally, data used 

for AI modeling can be divided into training (calibration), 

testing (verification) and validation for a large data set, while 

for a limited data set when applied to the field it is smaller, but 

can be employed for AI development in a Neuro-Fuzzy use, as 

reported in several studies (Nassef et al., 2020, Nardez et al., 

2018, Anh et al., 2018, Rousseau-Figueroa et al., 2016 and 

Landin, 2017). Using the Neuro-Fuzzy model and field data, 

it was possible to validate the basic density values, obtaining 

coefficients of variation of R2 = 0,8732 for the field results and 

R2 = 0,9742 for the Neuro-Fuzzy modeling results. 

 

 

Figure 3. Changes in the error of training and validation data. The star and filled circle symbols mark the training and validation 

data, respectively. 

 

 

Figure 4. Structure of the Neuro-Fuzzy System for volumetric density. 
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Figure 5. (a) Pertinence functions of the input variable – Species; (b) Variable pertinence functions – Methodologies. 

 

 

Figure 6. Built-in hydro system. 
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Figure 7. Optimized 3D basic density fuzzy set response. 

 

 

Figure 8. Contour map of the fuzzy surface, applied to the Neuro-Fuzzy model for basic density. 

 

Conclusions 

This study considered the prediction of basic density 

values using species parameters and methodologies in a field 

experiment and Neuro-Fuzzy. The results predicted by the 

Neuro-Fuzzy model showed values that were close to or even 

better than the field values. The model error and coefficient of 

determination obtained by the ANFIS model were 4.36% and 

0.9742, respectively. The use of the Neuro-Fuzzy System 

(ANFIS) can be successfully applied as a powerful tool and 

the data resulting from the model has very high compatibility 

with experimental data. The model presented in this study can 

be used as a fast, accurate and low-cost method by researchers. 

References 

Adedeji, P. A., Akinlabi, S. A., Madushele, N., & Olatunji, O. O. (2020). Neuro-

fuzzy resource forecast in site suitability assessment for wind and solar energy: 

A mini review. Journal of Cleaner Production, 269, 122104. 
https://doi.org/10.1016/j.jclepro.2020.122104 

Alves, R. C., Oliveira, A. L. C., & Carrasco, E. V. M. (2017). Propriedades 

Físicas da Madeira de Eucalyptus cloeziana F. Muell. Floresta e Ambiente, 24. 
https://doi.org/10.1590/2179-8087.015312 

Anh, N., Prasad, M., Srikanth, N., & Sundaram, S. (2018). Wind Speed Intervals 

Prediction using Meta-cognitive Approach. Procedia Computer Science, 144, 
23–32. https://doi.org/10.1016/j.procs.2018.10.501 

Benin, C. C., Watzlawick, L. F., & Hillig, É. (2017) Physical and mechanical 
properties of Eucalyptus benthamii wood under the effect of the planting 

spacing. Ciência Florestal, 27, 1375–1384. 
https://doi.org/10.5902/1980509830219 

Huang, H., Band, S. S., Karami, H., Ehteram, M., Chau, K., & Zhang, Q. (2022). 
Solar radiation prediction using improved soft computing models for semi-

arid, slightly-arid and humid climates. Alexandria Engineering Journal, 61, 
10631–10657. https://doi.org/10.1016/j.aej.2022.03.078 

Landin, M. (2017). Artificial Intelligence Tools for Scaling Up of High Shear 
Wet Granulation Process. Journal of Pharmaceutical Sciences, 106, 273–277. 
https://doi.org/10.1016/j.xphs.2016.09.022 

Madhu, P., Sowmya Dhanalakshmi, C., & Mathew, M. (2020). Multi-criteria 

decision-making in the selection of a suitable biomass material for maximum 

bio-oil yield during pyrolysis. Fuel, 277. 
https://doi.org/10.1016/j.fuel.2020.118109 

Moutinho, V. H. P., Filho, M. T., Brito, J. O., Ballarin, A. W., Andrade, F. W. 

C., & Cardoso, C. D. C. (2017). Caracterização e correlação estatística entre 

as propriedades físicas e mecânicas do carvão de clones de eucalyptus e 
corymbia. Ciência Florestal, 27, 1095–1103. 
https://doi.org/10.5902/1980509828684 

Nardez, N. de N., Krueger, C. P., Jafelice, R. S. da M., & Schmidt, M. A. R. 

(2018). Obtenção dos parâmetros horizontais do PCO de antenas GNSS por 

meio de sistemas baseado em regras fuzzy. Boletim de Ciências Geodésicas, 
24, 367–382. https://doi.org/10.1590/s1982-21702018000300024 

 

https://doi.org/10.1016/j.jclepro.2020.122104
https://doi.org/10.1590/2179-8087.015312
https://doi.org/10.1016/j.procs.2018.10.501
https://doi.org/10.5902/1980509830219
https://doi.org/10.1016/j.aej.2022.03.078
https://doi.org/10.1016/j.xphs.2016.09.022
https://doi.org/10.1016/j.fuel.2020.118109
https://doi.org/10.5902/1980509828684
https://doi.org/10.1590/s1982-21702018000300024


Godinho et al. Brazilian Journal of Biosystems Engineering (2024), 18 1226 
 

6 

 

Nassef, A. M., Sayed, E. T., Rezk, H., Inayat, A., Yousef, B. A. A., 

Abdelkareem, M. A., & Olabi, A. G. (2020). Developing a fuzzy-model with 

particle swarm optimization-based for improving the conversion and 

gasification rate of palm kernel shell. Renew. Energy, 166, 125–135. 
https://doi.org/10.1016/j.renene.2020.11.037 

Rousseau-Figueroa, P. A., Ramírez-Hernández, J., Infante-Prieto, S. O., Villa-

Angulo, R., & Hallack-Alegría, M. (2016). La influencia del efecto de borde 
en el pronóstico de precipitaciones utilizando DWT diádica, MODWT, ANN 
y ANFIS TT. Tecnología Y Ciencias Del Agua, 7(3), 93–113. 

Santos, J. R. F., Sousa, B. M. L., Fagundes, J. L., Backes, A. A., Silva, J. W. T., 

Andrade, G. S., Santos, A. L. H., Florencio, R. S. R., & Silva, V. C. (2021). 
Establishment of paiaguas palisadegrass in monoculture or in an integration 

system with other crops. Ciência Animal, 22. https://doi.org/10.1590/1809-
6891V22E-68211 

Shaban, W. M., Yang, J., Elbaz, K., Xie, J., & Li, L. (2021). Fuzzy-metaheuristic 

ensembles for predicting the compressive strength of brick aggregate concrete. 
Resources, Conservation and Recycling, 169, 105443. 
https://doi.org/10.1016/j.resconrec.2021.105443 

Silva, M. C. C., Andreotti, M., Costa, N. R., Lima, C. G. da R., & Pariz, C. M. 

(2017) Soil physical attributes and yield of winter common bean crop under a 

no-till system in the Brazilian Cerrado. Revista Caatinga, 30, 155–163. 
https://doi.org/10.1590/1983-21252017V30N117RC 

Silveira, L. H. C., Rezende, A. V., & Vale, A. T. do (2013). Teor de umidade e 

densidade básica da madeira de nove espécies comerciais Amazônicas. Acta 
Amazonica, 43, 179–184. https://doi.org/10.1590/S0044-
59672013000200007 

Vasaki E, M., Karri, R. R., Ravindran, G., & Paramasivan, B. (2021). Predictive 

capability evaluation and optimization of sustainable biodiesel production 

from oleaginous biomass grown on pulp and paper industrial wastewater. 
Renew. Energy, 168, 204–215. https://doi.org/10.1016/j.renene.2020.12.038 

Vivian, M. A., Cardoso, A. S., Modes, K. S., & da Silva Júnior, F. G. (2022). 

Evaluation of the potential of Pinus greggii wood for pulp production. Rev. 

Ciências Agroveterinárias, 21, 56–65. 
https://doi.org/10.5965/223811712112022056 

https://doi.org/10.1016/j.renene.2020.11.037
https://doi.org/10.1590/1809-6891V22E-68211
https://doi.org/10.1590/1809-6891V22E-68211
https://doi.org/10.1016/j.resconrec.2021.105443
https://doi.org/10.1590/1983-21252017V30N117RC
https://doi.org/10.1590/S0044-59672013000200007
https://doi.org/10.1590/S0044-59672013000200007
https://doi.org/10.1016/j.renene.2020.12.038
https://doi.org/10.5965/223811712112022056

