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ARTICLE INFO ABSTRACT
Article history: The ANNSs are networks of artificial neurons conedctogether to operate as sim
Received 10 December 2015 processing elements in order to perform a spetifék. There are different types
Accepted 28 January 2016 ANNSs, including Multilayer Perceptron (MLP), and some MbBtworks, may hav
Available online 10 February 2016 special connections called Skip Layer, where somguti signals have a dire
connection to the output layén this sense, the aim of this study was to implenaad
Keywords: evaluate artificl neural networks (ANN) adjusted by Skip Layer @ections
Artificial intelligence, natural forests, algorithm, in the volumetric estimation of eleveorest formations occurring in tt
forest mensuration state of Minas Gerais. The computer system usédgtement Skip Layer Connectio

algorithm was 3.3 NeuroF@e in which we tested networks with recurrence
without recurrence. For comparison purposes, volimequations were applie
Accuracy measures and residual graphs construoted the ANNs, showed simili
results to the adjusted networks with anthaut recurrence, both of which are suite
for production modeling of natural stands. In gahefor all forest types analyze
despite the slight tendency to overestimate thamel of smaller trees, ANNs show
equivalent or better results compared wolumetric equations and for Arbore
Caatinga, Campo Cerrado, Cerrado, Primary Forestpriglary Forest and Lia
Transitional Forest, networks were superior toukeal regression model. This stt
confirms the applicability of artificial neural mearks with Skip Layer Connection
proving its potential for production modeling oftiva stand:

INTRODUCTION

One way to reduce the deforestation process irsfdogmations is to promote its rational use frdm
preparation of management plans. Therefore, itiemely important to know the structure and thenpercial
stock of thesevegetation, since the latter can be supplied froenvtariables total and commercial volume
volume of the parts of the tree (Ru et al.,2010).

However, the estimation of the volume of native atatjon, may be hampered by high variability am
species and among individuals of the same speciesechamong other factors, by changes in the truak
canopy shapes (Rezeneteal.,2006). This variability justifies the developmerfitedficient methods to quanti
the production, giving managers tools to assishéndecisio-making process.
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The procedures widely used to estimate the variablume in forest inventories are based on trauki
statistical methods, which use regression modalsl{@o et al.,1994; Rezendet al., 2006; Imafia-Encinast
al., 2009). However, techniques of artificial and comapional intelligence as Artificial Neural Networks
(ANNSs), have also been used to estimate the volafneees, with higher accuracy compared to the lusua
regression techniques (Diamantopoulou andMiliog,02®zceliket al., 2010; Gorgengt al., 2014; Binotiet
al., 2015).

The ANNSs are networks of artificial neurons corteddogether to operate as simple processing eksriren
order to perform a specific task. The knowledgeu&regl by the network from its environment is simila the
processing of neurons in the human brain, whererindition is obtained from a learning process aondedt
from connection strengths between neurons, al$eccaynaptic weights (Braga al.2007; Haykin, 2001).

There are different types of ANNSs, including Mialtier Perceptron (MLP), which has been widely used
solving regression problems (Diamantopoulou, 2@i2pti et al., 2014; Castrcet al., 2015). This network
model has an input layer (source nodes), one orerhidden layers (compute nodes) and an output layer
(compute nodes). Since the input layer has thetiimof receiving input signals and the output dmdiden
layers are responsible for processing and propag#ie received signals (Braghal.,2007; Haykin, 2001).

Some MLP networks, may have special connectiotiscc&kip Layer, where some input signals have a
direct connection to the output layer, ie implemm@ntthe hidden layer (Ripley, 1996). Though easy to
implement, few studies have been developed byntpdtie application of network model, which requires
research to explore their potential.

In this sense, the present study aimed to evathateccuracy of total volume estimates of elevaest
formations occurring in the state of Minas Geraisjng Artificial Neural Networks with Skip Layer
connections, as well as to compare, based on tataticriteria, with the estimates obtained by vo&u
equations.

MATERIALSAND METHODS

Data base:

Data were obtained from a forest inventory coneldidiy the Fundacéo Centro Técnoldgico de Minasisera
(CETEC) - Technological Center Foundation of Mi@esais (Cetec, 1995), of eleven forest formatiocmuaing
in this state. The number of cubed trees per fdi@shation was established according to the praogpoat
distribution of trees per diameter classes, toga@®80 cubages, as follows: 414 trees of Cerrad®, &
Cerradéo, 414 of Campo Cerrado, 266 of Primarydtp#el8 of Secondary Forest, 365 of Riparian FoB82
of Dry Forest, 3010of Liana Transitional Forest, 381Jaiba Transitional Forest, 309 of Arboreal @®agt and
300 trees of Shrubby Caatinga.

Information about species, diameter at 1.30 mhtdigcm €bh), total height in mi{t), number of primary
branches, heights of each section (m) and thepedie diameters. Individual volumes were obtaitgd
applying theSmalianformula (Huschet al., 1982). The minimum commercial diameter with baoksidered
was 4 cm and the sections along the stem were meghatiintervals of 1 m.

Artificial Neural Networks:

To obtain the volume per tree by the ANN, we ugedntitative input variables, thgbh the ht, the
weighted variable 1dap2h) and the number of branches. As categorical vexjake considered the diameter
class (Table 1).

The database of each forest formation was randdimigled into two groups: 80% for training and 2686
generalization, and in this last group, networksegated in training were applied in order to assbss
capability of the network to produce suitable otsgdor unknown entries (Haykin, 2010).

The computer system used to implement the algoridEAT was NeuroForest 3.3 (Binoti, 2012). The
system adjusts networks recurrence and no recwyenrc artificial neural networks which have (or ot
feedback connections (feedback loops) between niodixe same layer or different layers (Bragaal., 2007;
Haykin, 2001).

We trained five ANNs for each formation and tegt{metworks with recurrence and without recurrence)
totaling 110 ANNs adjusted. The number of neurarthe input layer varied according to the forestdation,
one neuron for each numeric variable and catedoviagable class, and a fixed neuron representhy t
activation threshold or bias, as Haykin (2001). fibawvorks were composed of only one hidden layén ®ight
neurons and the activation function used in thedrdlayer and in the output one was Sigmoidal (ahswn as
Logistics).

As stopping criterion, we set the number of time8000 or root mean square error equal to 0.0001,
other words, the training of each ANN was finisleiten one of the two criteria was reached.



73 Ana Carolina da Silva Cardoso Aratjoet al, 2016
Australian Journal of Basic and Applied Sciences,d(1) January 2016, Pages: 71-79

Artificial Neural Networkswith Skip Layer connections:

Considering a multilayer network (MLP), can be ressgnted mathematically (Equation 1), the signal
received from the nodes of the input layer, byhtdgen layer, wherein each input variable is mliégh by a
respective weight and its sum is added to a biayKid, 2001):

Vi = ¢k(271=1 wyj. X + by) 1)

wherex; ........xn, are input signalsy, is the synaptic weight where tkéndex represents the neuron and
thej index at the input terminal which relates to theight (here the hidden layei);is the bias which has the
effect of increasing the net inflow of activationnttion, in case it assumes positive value or dsa® if
negative;p(.) refers to the activation functiom;, is the output ok neuron.

Assuming that the signals processed by the hitidgr are the inputs of the output layer and thatsignal
processing is performed in the same way, the owgibe represented as follows (Velten, 2009):
yi= ¢i(bi + T wy -¢k(271=1 wyj. X + by)) (2
where:w;; is the synaptic weight where the indepepresents the neuron and the intée input terminal
which refers to the weight (here the output laykyis the bias added by the node of the hidden layer
Equations 1 and 2 represent, in mathematical tetimesoutput of a neuron of a MLP network i
the hidden and outlet layer, respectively. With itheusion of Skip Layer connections in equation i,
the output is as represented in equation 3 (Vesabid Ripley, 2002; Velten, 2009)

yi = Gi(bi + Xty Wi xp + Xy wy -¢k(271=1 wyj. X + by)) 3

Table 1: Diameter classes of the eleven forest formatiors as categorical variables for the adjustmernt@®NNs.
Forest Formation Diameter classes
<=5
Shrubby Caatinga >5<=11
<5
>=5<10
>=10<15
Arboreal Caatinga >=15<20
>= 20
<5
>=5<10
> =10
>=5<10
>=10<15
Cerraddo >=15<20
> =20
<8
>=8<15
Cerrado T
<5
>=5<10
Riparian Forest >=10<15

Campo Cerrado

Primary Forest >=20<25

Secondary Forest >=15<25

Dry Forest >=15<25

Liana Transitional Forest >=15<20

Jaiba Transitional Forest >=15<20

The Skip Layer connection appears in the equatidarmswy,. x;, where the result of the input node k is
processed by the output node |, ie the networklogyoSkip Layer has some direct connections of inmdes
to the output ones, transposing the hidden laydepgted in Figure 1.
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Fig. 1: Network model Skip Layer considering three inputialales, the bias, a neuron in the hidden layel
output variable and a Skip Layer connection (adhpteHaykin 2001).

Volumetric Model:

By having represented the most accurate model lfdorest types studied, we applied Schumacher
Hall (1993) equations in its nonlinear form, fiiby Cetec (1995):
V = BydbhPrHtP2¢

where:V = volume (m3);3; = regression parameters, for i = 0.1 2;dbh=diameter at breast heig ht =
total height (m) ; arnd= randomerrcr, e ~ N(0,02).

Statistical Evaluation:
The accuracy of the estimates was assessed usngotfficient ofcorrelation between observed ¢
estimated volumes, and also by the square rodteofriean squared error percentage (RMSE %), asvia
n _ 7.2
RQEQM(%) = 22 [B=t= T @)
Where:V It is the average of the observed total volunV; is the volume observed in the inventories at
ith observation;V; is the volume estimated by the ANN at the ith obaton and n the total number
observations.
In order to assess the preseof outliers and possible bias in the estimatesgeserated scatter plots
percentage errors. The formula for calculatingrtiative percentage error is represented in Equat
_ Vi
e% = 100 ( > ) )
Where:Y,is the volume estimated by the ANN at the ith obaton; Y, is the volume observed in tl
inventories at the ith observation

RESULTS AND DISCUSSION

The description of the ANNs and the statistics wigiéh during the training and the generalization
presented in Table 2. The parameter estimatestatistiss calculated by applying the equationsmesente(
in Table 3.

Table 2: Characteristics and statistics of accuracy of &t frtificial neural networks adjusted by the &thon Skip Layer conngions to estimate total volume with bark in diffet
formations of the state of Minas Gerais.

. Recurrence Trainning Generalization
Formation ANN T RQEQM% ; RMSE%
ShrubbyCaatinga 3 WtR 0.971 15.12 0.963 15.71
Shrubby Caatinga 8 WR 0.971 15.14 0.964 15.37
ArborealCaatinga 2 WIR 0.996 12.25 0.992 16.20
Arboreal Caatinga 9 WR 0.993 15.53 0.992 14.41
Campo Cerrado 1 WIR 0.989 20.82 0.983 20.81
Campo Cerrado 9 WR 0.989 20.78 0.984 18.68
Cerraddo 4 WtR 0.993 15.54 0.975 25.74
Cerraddo 8 WR 0.997 10.82 0.973 22.29
Cerrado 2 WtR 0.991 24.14 0.981 23.13
Cerrado 5 WR 0.992 23.65 0.985 20.99
Riparian Forest 1 WtR 0.991 32.63 0.995 23.19
Riparian Forest 10 WR 0.991 31.62 0.994 24.20
Cerrado 2 WtR 0.991 24.14 0.981 23.13
Cerrado 5 WR 0.992 23.65 0.985 20.99
Riparian Forest 1 WtR 0.991 32.63 0.995 23.19
Riparian Forest 10 WR 0.991 31.62 0.994 24.20
Primary Forest 1 WIR 0.995 16.65 0.986 22.73
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Primary Forest 10 WR 0.995 15.94 0.984 23.41
Secondary Forest 5 WIR 0.993 19.55 0.997 16.11
Secondary Forest 10 WR 0.992 20.78 0.997 16.58

Dry Forest 3 WtR 0.993 18.61 0.995 24.50
Dry Forest 10 WR 0.991 20.17 0.989 27.85
Liana Transitional Forest 2 WtR 0.995 18.29 0.988 11.45
Liana Transitional Forest 10 WR 0.996 18.25 0.988 11.56
Jaiba Transitional Forest 5 WLR 0.992 15.12 0.988 15.26
Jaiba Transitional Forest 6 WR 0.992 15.61 0.988 14.85

r = Pearson's linear correlation coefficient. RMSE&square root of the mean squared error percentdtR: no recurrence. WR: with
recurrence.

Table 3: Parameter estimates of Schumacher and Hall modebtatistics of accuracy calculated for total vodumith bark in different
formations of the state of Minas Gerais.

Formation Coefficients
Bo By 2 r RMSQ%

Shrubby Caatinga 0.000076 2.016673 0.761171 0.947 19.70
ArborealCaatinga 0.000041 2.235526 0.823993 0.980 25.19
Campo Cerrado 0.000055 2.607496 0.402432 0.951 42.03
Cerradao 0.000071 1.986487 0.904408 0.907 53.15
Cerrado 0.000066 2.475268 0.300031 0.981 33.88
Riparian Forest 0.000066 2.084681 0.752201 0.985 39.81
Primary Forest 0.000245 2.265779 0.150005 0.989 23.87
Secondary Forest 0.000074 1.707353 1.168725 0.973 40.68
Dry Forest 0.000075 1.818557 1.061158 0.984 27.94
Liana Transitional Forest 0.000007 1.644977 2.234670 0.991 24.13
Jaiba Transitional Forest 0.000058 1.911893 1.075100 0.983 24.07

The accuracy measures and the residual graphstreoted from the estimates obtained by the ANNs in
training and generalization, showed similar resattpisted for networks with and without recurrenae, the
feedback in this case, showed no significant diffiees, presenting estimates with a good degreecafacy by
both methods.

However, the formations Riparian Forest, PrimamyreSt, Secondary Forest, Dry Forest and Liana
Transitional Forest showed greater coefficientafelation and less error (RMSE%) from the adjustetvork
without recurrence, and the other formations adpistom the networks with recurrence. In Figure & w
represented the residual graphs of the best testfth formation.

For Shrubby Caatinga formation, the ANNs showeslv&d satisfactory statistical indices when compared
to non-linear Schumacher and Hall equation. Lin@l#), testing the application of artificial neuratworks
with Backpropagationalgorithm in estimating the volume of Shrubby Cagd in Pernambuco, found in
generalization stage RMSE (%), around 30, whichashthe good fit obtained from Skip Layer connecsion
algorithm. The residual graphs (Figure 2a) showvt tha network fitted with the equation, despite tfeod
distribution of residuals, showed the greater dexia for lower volume trees.

For Arboreal Caatinga, the graph built with théreated volumes by the network with recurrence staw
better distribution of residuals than equation,véihg no bias as shown in Figure 2b. The same haubtnthe
estimates obtained by the equation for Campo Cerfaiination, with lower coefficient of correlatiogreater
residual amplitude and high tendency to underestineaver volume trees (Figure 2c).

Cerrado showed for both fitting methodologies,hhigalues of coefficients of correlation. Howevdre t
estimates obtained by the equation and networkferdin terms of RMSE (%), presenting lower residua
amplitude from the ANNSs (Figure 2d). Rufigi al(2010), researching volumetric equations for theggons of
Cerrado in the strictest sense of the Sdo Frands=in, percentage error ranging from 26.19 to 6%.6
showing the good results obtained by the netwoltkickvshowed an average error of 23.9 and 22.06%en
training and generalization phases.

For Cerradéo, residual graphs built with the eatés obtained by the network with recurrence (Edid),
show that in the generalization stage, ANNs showied to overestimate the trees of lesser volumeneSa
behavior was observed by the equation, which shiogk residual dispersion, increasing the amplitode
RMSE (%) calculated.

High coefficient of correlation values (r > 0.98¢re found for the Riparian Forest in the trainand
generalization phases. Imafia-Encinas and Kleinl(R@&timating the volume in three gallery fordstated in
the Midwestern region of Brazil, they claim thatstpossible to estimate the volume of this typeegdetation
with a high degree of accuracy, since the sectidrstems usually have geometric shapes next to\tieder.
However, even with good statistical indices, realdyraphs (Figure 2f) showed bias, overestimatimgviblume
of smaller trees. The equations also showed hidgkerations in the lower classes, but with opposignd
presented by the ANNs (underestimating the smakes).

Statistics calculated for the estimates obtaingthb networks and equation for Primary Forest faiom
were similar. However, analyzing the residual geffigure 2g), we observed that the traditionalhmétof
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fitting, showed astrong tendency to overestimate the volume of @naiées, unobserved behavior by netw
without recurrence in thigaining and generalizati stages.

The estimates obtained with the application of ek for Secondary Forest, presented RMSE lower
and coefficient of correlation greater than the atimpm. The residual graphs also show a more uni
distribution and less deviation for trees of greatdume, as shown in Figure :

For Liana Transitional Forest and Jaiba Transitiéaiest, loth fitting methods differentiate primarily
terms of RMSE (%), with smaller error from the esttes obtained with the application of networkssieal
graphs built for Liana Transitional Forest, corradie this result, showing a distribution even e uniform than
the equation (Figure 2j).

For Jaiba Transitional Forest, we observe thatitbegpod statistical indices obtained from the aaion
of networks, residual graphs showed a slight tecyglém overestimate the volume of smaller treesuie 2k).

In general, all types analyzed had higher deviatiarlower volume classes, and, for ANNs we obskieva
overestimation tendency for this group of treescakding to Machadcet al. (2008), individual trees wit
smaller in diameter have differerglationship between the variables volume, dbh leight. This behavior i
expected because smaller trees despite havinghe ®tal height, can have different proportionsrofvn anc
diameter, what influences the variable volume, éasing its vaability. Other work related to volumetr
modeling showed similar behavior, Camget al(2001), estimating the volume of mixed stands im&4
Gerais found the same overestimation for volumelbh classes up to 20 cm, similar trend was foun:
Rezendeet al. (2006) and Scolforet al. (1994).

Good results obtained by the application of aitifibeural networks in different areas of scientifieans
are due to other factors, the use of continuouscateljorical variables that have biological renships and /
or mathematics with the variable to be estimated, @so the ability that they have to deal with ptar nor-
linear relationships and presence of n (Haykin, 2001). Diamantopoulou and Milios (20108timating tota
volume with and withou pine bark, discuss some characteristics thatigeoadvantages to networks
comparison to conventional methods, the ability deal with data that have nonlinear relationst
multicollinearity, or presence of noi
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Fig. 2: Dispersion of percentage errol-axis) in relation to observed values of volume (fof)Schumacher
Hall nonlinear equations and by the best netwankthé training and generalization for differentefst
formations occurring in Minas Gere WtR: no recurrence. WR: with recurrence.

Other research has been directed to the evaluafiartificial neural networks applied to the managat
of forest resources. In studies carried out by Bdagd and Dean (1999) aiCorneet al(2004), they tested the
potential of ANNs in the prediction of forest fortimas attributes considering topographic and caepkjic
variables. Comparing the results with traditionathods of classification and regression, Blackard Bear
(1999) found a 78% hit percentage for ANN against 58.38% by ttaistical method. Cor et al. (2004)
also found superior results with the applicatiorAdfNs, presenting classifications with hit percg@aanginc
from 80% to 90%.

Ozgelik et al (2010), estimating stem volume of four native speaf Turkey, by ANNs and statistic
models, found error values (RM$#) for the best statistical method analysed, rapfiom 1.57 to 7.35% ar
for the best ANN model frord.3¢ to 14.41%. However, degpithe best results in terms of mean error
RMSE (%), authors found best results from residwaphs, a tendency of the model to overestimatedahane
of trees. Ozcelilet al. (2010) also discuss the most difficulty requiredtbg statistical methc field, which
requires the measurement of different diameterstamghts along the stem, variables not required\Ns,
which required only three measurements to get gmodracy in estimate

Satisfactory results were also found by Diamanttgue et al. (2015), when they evaluated the potentia
ANNSs in the prediction of diameter distribution afpure stand in Turkey. The authors estimated We
function parameters and compare the results wiblsettobtained by the method of maximum likelihood
moments, finding higher coefficient of correlatidess error and better distribution of residuadsrfthe ANNs

Conclusions:

Accuracy measures, the residual graphs and histegbauilt fromANNS, in the training and generalizati
phases, wersimilar for networks fitted with and without recence, .e. for forest formations studied, netwo
with and without recurrence estimate volume witipad degree of accura

For forest formations, despite the slight tendetacypverestimate the volur of smaller trees, the ANN
when compared to nonlinear equations of Schumaahdr Hall, presented good results, and for Arbc
Caatinga, Campo Cerrado, Cerrado, Primary Forespr&lary Forest and Liana Transitional Forest, oi¢s
were superior tahe usual regression moc

Results of this study confirnthe applicability of artificial neural networks WwitSkip Layer Connection
proving its potential for production modeliof native stands.
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