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Abstract. Age is a powerful variable that can be of signi® cant value when
modelling the health of forest-dominated ecosystem. Traditional investigations
have attempted to extract age information fromremotely sensed data by regressing
the spectral values with in situ derived age data. Traditional statistical approaches
assume (a) normally distributed remote sensing and in situ data, (b) no collinearity
among variables, and (c) linear data relationships. Arti® cial neural networks
(ANNs) are not bound by such assumptions and may yield improved predictive
modelling of forest stand biophysical parameters if properly utilized. This study
investigated traditional statistical and ANN approaches to perform the predictive
modelling of the age of loblolly pine (Pinus taeda) for large stands in southern
Brazil using Thematic Mapper (TM) data. An extensive comparison of pattern
associator and back-propagation ANNs versus both linear and nonlinear regres-
sion analysis was conducted. Various neural network architectures were investi-
gated to determine the optimal con® guration for this particular dataset. Certain
back-propagation ANNs modelled stand age signi® cantly better than traditional
statistical approaches because of their ability to take into account nonlinear, non-
normally distributed data. The results suggest that ANN analysis may be of
signi® cant value when using remote sensing data to model certain forest variables.

1. Introduction

Vegetation plays an important role in the energy water exchange process of the
terrestrial ecosystem (Peterson et al. 1988). Information on vegetation taxonomy, its
spatial distribution, and temporal dynamics are critical for successful modelling of
the ecosystem. Many studies have attempted to assess and predict forest biophysical
characteristics such as: net primary production (Running 1990), leaf area index
(Gong et al. 1995), forest growth rate (Ahern et al. 1991), percentage vegetation
ground cover (Sanden et al. 1996), and nitrogen and lignin contents (Peterson et al.
1988). Variations occurring among these studies were often related to plant age or
maturity. Therefore, forest age had been pursued by many researchers as a surrogate
for these variables (Ahern et al. 1991, Danson and Curran 1993, Niemann 1995).

It is recognized that changes in leaf chlorophyll and internal structure during the
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phenological cycle of a plant signi® cantly a�ect its spectral response pattern (Grant
1987). Mature plant canopy leaves tend to increase the contrast between near-
infrared (NIR) and red re¯ ectance (Knipling 1970, Gausman 1974). Therefore, it is
not surprising that the Normalized Di�erence Vegetation Index (NDVI) and simple
Vegetation Index (VI) are often used to compare the biomass of plants at di�erent
growing stages (Jensen 1996). A strong, positive correlation is also often found
between these vegetation indices and forest age, net primary production, wood
volume, leaf area index, and percentage vegetation ground cover (Goward et al.
1985, Jensen et al. 1986, Running 1990, Davis 1996).

Interestingly, a few investigations on coniferous forests revealed an inverse cor-
relation between plant maturity and these fundamental indices. For example, Ahern
et al. (1991) found a negative relationship between spruce-® r volume and NIR
re¯ ectance, with the smallest spruce-® r volume yielding the highest NIR response.
Danson and Curran (1993) reported a strong inverse relationship between NIR
re¯ ectance and tree age, diameter-at-breast-height, and height of coniferous forest.
Using airborne spectrometer data, Niemann (1995) investigated the change of
re¯ ectance with the age of Douglas ® r up to 160 years old and identi® ed a general
linear decreasing trend in NIR re¯ ectance. These results are contradictory to the
usual positive relationship between the NIR re¯ ectance and green above-ground
biomass. Explanations for this apparent discrepancy vary from study to study.

This study compares the use of arti® cial neural network (ANN) analysis tech-
niques with traditional statistical techniques to predict the age of loblolly pine (Pinus
taede) stands in southern Brazil using Landsat Thematic Mapper (TM) spectral
data. ANNs are theoretically capable of handling the non-normality, nonlinearity
and collinearity in the system (Haykin 1994). The initial application of ANNs to
remote sensing involved multispectral and multitemporal digital image classi® cation
(Benediktsson et al. 1990, 1993, Civco 1993, Foody et al. 1995, Gong 1996, Gong
et al. 1996, Kaminsky et al. 1997). Recently, ANNs have been used more broadly
for feature extraction (Benediktsson and Sveinsson 1997), the evaluation of variables
a�ecting classi® cation accuracy (Arora and Foody 1997), nonlinear mixture model-
ling and subpixel land cover mapping (Foody et al. 1997, Atkinson et al. 1997), and
temporal feature tracking and recognition (Cote and Tatnall 1997). Pertinent to this
paper are two studies on biomass and forest stand parameter extraction using
microwave remote sensing data (Jin and Liu 1997, Wang and Dong 1997). These
studies used ANNs to extrapolate some biomass parameters in space and time. This
study is unique because it compares regression versus ANN analysis for predicting
loblolly pine forest stand age using multispectral remote sensor data.

2. Study area and data

The study area is located near the town of Tres Barras of Santa Catarina state
in southern Brazil ( ® gure 1 (a)). The area is temperate with little topographic vari-
ation, and mainly composed of forest stands of di�erent age and species. The forest
species of primary interest is plantation loblolly pine which dominates the study
area. The age of the loblolly pine ranges from 1 to 40 years. Sub-dominant species
include eucalyptus (Eucalyptus) and a natural Brazilian pine (araucaria). Forest
management has been practised to maintain a balanced level of timber production
in this area.

A Landsat TM image (WRS 221/78) was acquired on 29 August 1995. The
30Ö 30mspatial resolution was suitable for forest predictive modelling at the regional
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scale. TM bands in the visible, near-infrared and mid-infrared typically provide the
ability to quantitatively enhance vegetation discrimination and characterize forest
properties (Ahern et al. 1991). The ® rst ® ve TM bands were used in this research.
The study area was free of clouds and under uniform atmospheric conditions. The
subscene was recti® ed to a UTM coordinate system based on 25 carefully selected
ground control points with a root mean square error (RMSE) of Ô 0.779. The data
were recti® ed using nearest-neighbour resampling (® gure 1 (b)).

In situ forest stand data were provided by Westvaco, Inc. forest management.
This included 1:10,000 ® eld-surveyed forest stand maps and detailed per-® eld attrib-
ute information. All stand maps were digitized and registered to the recti® ed TM
image (® gure 1 (b)). The age of loblolly pine was chosen as the subject of this research
because of its economical interest to the forest management personnel.

The digital forest stand information served as g̀round reference’ data to model
the structural characteristics of the spectral data and to infer loblolly pine age in the
entire study area. Only stands > 3 years were analysed. Pine stands < 3 years were
not considered due to their spectral similarity to bare soil and grass.

3. Methodology

3.1. Statistical approach
Correlation and regression statistical analyses are common methods used to

relate (model) forest parameters with remotely sensed data. A well formulated model
can be used to predict the parameters at new locations. However, most models
developed are descriptive in nature, often due to the violation of the following
assumptions: normal distribution, linearity, and absence of collinearity among input
variables (Johnston 1980). Although some mathematical transformations for normal-
ity and linearity may be used, complex nonlinearity inherent in some data can never
be approximated.

3.2. T he ANN approach
An ANN is de® ned by neurones, topological structure, and learning rules. A

neurone is the fundamental processing unit of an ANN for computation. Analogous
to human brain’s biological neurone, an arti® cial neurone is composed of inputs
(dendrites), weights (synapses), processing units (cell bodies), and outputs (axons)
(Haykin 1994, Hagan, et al. 1996). The topological structure of an ANN de® nes the
overall architecture of the network, including the framework and interconnection of
neurones that are organized into layers. A typical ANN consists of three or more
layers: one input layer, one output layer, and usually one or two hidden layers
(® gure 2). Neurones within and between layers can be connected to form a user-
de® ned, task-oriented network. Decision processes can be duplicated or approxi-
mated through an ANN’s ability to learn and recall. Learning is made possible by
providing the input layer with training data. By comparing the current activation of
neurones in the output layer to a desired output response, the di�erence can be
obtained and used to adjust weights connecting neurones in the network. It is the
weights that primarily determine the behaviour of the network. The goal of learning
is to achieve a set of weights that will produce an output most resembling the target.
This adaptive learning process repeats until changes in the network weights drop
below a predetermined threshold, which indicates a user-de® ned accuracy. Once
learned, the network can recall stored knowledge to perform either classi® cation or
prediction based on new input data (Haykin 1994, Lloyd 1996).
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Figure 2. The topology of a typical multiple layer neural network consisting of one input
layer, two hidden layers and one output layer.

The desirable properties of non-normality and nonlinearity of an ANN can be
attributed not only to the network’s massively parallel distributed structure but also
the transfer function for each neurone (Haykin 1994). A neurone is basically a
nonlinear device that may take continuous and di�erential functions as the transfer
function. Therefore, ANNs are capable of modelling any complex system, be it
physical or human. Image classi® cation using ANNs takes advantage of this relation-
ship to incorporate non-normally distributed numerical and categorical GIS data
and image spatial information (texture and context) into the process (Benediktsson,
et al. 1990, Bischof et al. 1992, Civco 1993, Gong 1996, Gong et al. 1996). Predictive
modelling using remotely sensed data may reveal how ANNs can be used to model
and assess nonlinearity with collinear independent variables. To achieve this goal,
this research examined two commonly used ANN learning paradigms: (1) a pattern
associator based on a least mean square algorithm, and (2) an error back-propagation
algorithm.

3.2.1. T he pattern associator ANN algorithm
A pattern associator model is a primitive form of neural network, consisting of

only one input layer and one output layer and operating under the assumption of
linearity (Haykin 1994). It is based on the Least Mean Square (LMS) algorithm
proposed by Widrow and Ho� (1960). The LMS algorithm is driven by the di�erence
between the target activation and the obtained activation. The idea is to adjust the
weights of the connection to reduce the mean square error. First, the network is
initialized by setting all the weights to zero (Haykin 1994):

wÃ k(1)=0, for k=1, 2, ..., p (1)

where p is the number of inputs, and wk(1) is the weight associated with input k in
the ® rst iteration. For every iteration t, t=1, 2, ..., the obtained activation y can be
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calculated as

y(t)= �
p

j= 1

(xj (t)wÃ j (t)) (2)

where xj (t) is the value of input j at iteration t.
Thus, the di�erence between the desired activation d(t ) and obtained activation

y(t ) at iteration t that represents the error signal of iteration t can be computed as

e(t)=d(t)Õ y(t) (3)

Then, in the next iteration t+1, the weight of input k is adjusted as

wÃ k(t+1)=wk(t )+g.e(t).xk(t ) (4)

where g is a positive constant known as the learning rate.
If y(t) is greater than d(t), e(t) computed from equation (4) becomes negative.

When applied to (5), wk(t+1) will be adjusted (penalized) to a smaller number given
that xk(t) is a positive number. If d(t) is greater than y(t), wk(t+1) will be adjusted
(rewarded) to a larger number. The di�erence between the desired and obtained
activation is thus minimized at the learning-rate g. The ideal choice for g is the
largest value that does not lead to oscillation (Benediktsson 1990).

The traditional pattern associator usually utilizes a linear transfer function in its
output neurone, so that the activation of the output neurone is simply equal to the
net input. In this sense, the LMS learning process emulates a linear regression
analysis, except that it is free from any assumption of data distribution. Like regres-
sion analysis, the traditional pattern associator also fails to achieve a good result
when the data being modelled are not linear in nature. Variants to the linear pattern
associator adopt nonlinear transform functions such as a continuous sigmoidal
function that resembles a regression with logarithmic transformation. These variants
have the ability of modelling simple nonlinearity without distribution constraints.

3.2.2. T he error back-propagation ANN algorithm
Back-propagation neural networks were ® rst proposed by Werbos (1974) to

improve the e� ciency of multilayer network training. This network has a hierarchical
architecture with fully interconnected layers. Typically, one or more hidden layers
are used to enable the network to learn complex tasks. The training is based on an
error-correction learning rule, a generalization of the LMS algorithm. Each neurone
in the network may include a nonlinear transfer function at the output end, producing
smooth signals to other neurones. One of the common forms of nonlinearity is a
sigmoidal transfer function de® ned by the logistic function (Haykin 1994, Hagan,
et al. 1996):

f (net)=
1

1+e (
Õ

net) (5)

Initialized with all the synaptic weights and thresholds set to small random numbers,
the network is fed with training patterns. Each learning iteration of the network
consists of two passes: a forward pass and a backward pass. In the forward pass,
the net input of jth neurone of layer l is calculated as

net( l )
j (t )= �

p

i= o
(y( l

Õ
1 )

i (t)w ( l)
j i (t)) (6)
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and the output activation is computed using the transfer function (equation (5)):

y( l )
j (t)= f (net( l)

j (t )) (7)

The di�erence between the desired response and output activation of neurone j at
output layer can be obtained by

ej (t )=dj (t )Õ oj (t ) (8)

In the backward pass, a local error gradient, d, is computed layer by layer:

d( L )
j (t )=e( L )

j (t)oj (t) [1Õ oj x(t)] for neurone j in output layer L

d( l )
j (t)=y( l )

j (t ) [1Õ yj (t)] �
k

d( l+ 1 )
j (t )w ( l+ 1 )

kj (t ) for neurone j in hidden layer l (9)

With this information the synaptic weights in layer l can be adjusted according to
a generalized LSM rule (Haykin 1994, Hagan, et al. 1996):

w ( l )
j i (t+1)=w ( l )

j i (t)+a[w ( l )
j i (t)Õ w ( l )

j i (t Õ 1)]+gd( l )
j (t)y( l

Õ
1 )

i (t) (10)

where g is the learning rate, and a is the momentum rate for speeding up learning
without running into the risk of oscillation. In a special case when a equals zero,
the generalized LSM rule becomes the standard LSM rule. In the backward pass,
weights are adjusted in a manner that changes are proportional to the error gradient.
Because this pass is started from the output layer and error correction is propagated
backward to the previous layer, this process is called èrror back-propagation’. The
knowledge inherent in the training data is obtained through the iteration of forward
and backward passes until all the parameters in the network are stabilized. This is
signi® ed by the decrease of average squared error to a minimum or acceptable level.

4. Experimental results

Three spectral bands responsive to plant growth were selected for this study,
including TM band 3 (Red), band 4 (NIR) and band 5 (MIR). In addition, NDVI
and VI statistics derived from bands 3 and 4 were included. Sometimes the spectral
radiance is converted into re¯ ectance to remove the atmospheric and topographic
attenuation before vegetation index computation and predictive modelling (Jensen
1996). In this study, however, raw radiance was used because of the apparently
uniform distribution of topographic and atmospheric conditions over the study area.

The mean and median spectral values of each loblolly pine stand were extracted
using map algebra zonal functions (Tomlin 1990):

MN k =zonemean (BVk , Zone)
MDk =zonemedian (BVk , Zone) (11)

where MN k and MDk is a layer representing the zonal mean and median of the
brightness values of band k. BVk is the input layer of raw data or vegetation index
for band k. Zone is the spatial de® nition of a loblolly pine stand. There were two
reasons for the mean and median values of each stand to be used for modelling
loblolly pine age. First, because the ground date for pine age was provided in polygon
format (i.e., forest stands), traditional sampling methods (e.g., random or strati® ed
random sampling) were not applicable. Second, the spectral values within a stand
were summarized to minimize possible bias caused by within-stand variation. The
loblolly pine stands planted after 1991 (< 3 years old) were excluded from the analysis
because of their spectral similarity to bare soils and due to the low canopy closure.
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After the removal of outliers such as newly cut stands that were not consistent with
the ground reference data, the spectral characteristics of 57 loblolly pine stands were
selected as training data. Spectral characteristics from an additional 18 stands were
used as validating (test) data.

4.1. Statistical analysis results
Pearson Product Moment correlation coe� cients between pine age and the

spectral data are summarized in table 1. The median statistics revealed a better
correlation with age than their mean counterparts. The reason for this may be that
outliers have a more pronounced e�ect on the mean than on the median (Ahern
et al. 1991). Second, among all ® ve spectral measurements, NIR showed the highest
negative correlation (Õ 0.87 and Õ 0.89 for mean and median measurements) with
pine age, signifying a decrease of re¯ ectance in this band as pine matures. The
vegetation indices also demonstrated a strong negative correlation with age for both
mean and median spectral measures, but second to that of NIR. The TM red band
exhibited virtually no relationship with age, while the MIR radiance showed a weak
negative and insigni® cant relationship.

4.2. Regression with age
Three regression models, i.e., bivariate linear regression, multiple linear regression,

and multiple regression with logarithmic transformation, were tested. A bivariate
linear regression was performed to model the relationship between the median
radiance of loblolly pine in the NIR and stand age. The regression yielded the
following linear function at a signi® cant level of 0.001:

Age=58.74Õ 1.023Ö B4 (12)

where B4 is the brightness value of Landsat TM band 4. The error distribution of
the training model revealed that the 1-year di�erence between the actual age and
the model-predicted age had the highest frequency. The largest age di�erence, 5, had
only one observation, whereas the age error < 2 years contained 77.2% of the stands
(table 2). The RMSE of the 57 observation training data was 1.875, while the RMSE
for the 18 validating dataset was 1.929 (table 3).

The multiple linear regression included all three spectral bands as independent
variables and yielded the following linear combination:

Age=57.59+0.17559Ö B3 Õ 1.02735Ö B4 Õ 0.06193Ö B5 (13)

where B3 , B4 and B5 are the brightness values of Landsat TM band 3, band 4 and
band 5, respectively. Compared to the regression using NIR alone, this model
retained, and was dominated by, the same absolute contribution of NIR to the

Table 1. Coe� cients and signi® cant levels of correlation between spectral variables and pine
age. Note the strong inverse relationship between age and the NIR, NDVI and VI parameters.

Age Red NIR MIR NDVI VI

Mean R 0.108 Õ 0.871 0.095 Õ 0.507 Õ 0.553
calculated p 0.421 0.001 0.481 0.001 0.001

Median R 0.215 Õ 0.886 0.136 Õ 0.618 Õ 0.678
calculated p 0.107 0.001 0.310 0.001 0.001
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Table 2. Error (e) distribution and cumulative percentage of stands with e< 2 years for each
method for pine age modelling with training data.

Absolute age error (years)

Model type 0 1 2 3 4 5 e< 2 (%)

Bivariate linear regression 13 20 11 9 3 1 77.2
Multiple linear regression 16 17 11 9 4 0 77.2
Mult. regression w/ log trans. 16 17 12 9 3 0 82.5
Pattern associator (3:1) 15 23 11 7 1 0 86.6
Back propagation (3:1:1) 17 20 12 5 2 0 87.7
Back propagation (3:1:1:1) 17 20 13 5 2 0 87.7
Back propagation (3:2:1) 10 29 11 5 2 0 87.7
Back propagation (3:2:2:1) 23 16 10 7 1 0 86.0
Back propagation (3:4:1) 25 15 14 1 2 0 94.7
Back propagation (3:4:4:1) 30 17 8 1 1 0 96.5
Back propagation (3:6:1) 27 21 6 2 1 0 94.7
Back propagation (3:6:6:1) 24 21 9 2 1 0 94.7
Back propagation (3:8:1) 24 14 8 1 1 0 96.5
Back propagation (3:8:8:1) ² 32 15 9 1 0 0 98.2

² (3:8:8:1) indicates a neural network model consisting of three input neurones, eight
neurones in hidden layer 1 and eight neurones in hidden layer 2, and one output neurone.

Table 3. RMSE for training and validation data (the value in brackets indicates the number
of input vectors).

Model type Training (57) Validating (18)

Bivariate regression 1.857 1.929
Multiple linear regression 1.859 1.913
Multiple regression w/ log trans. 1.782 1.893
Pattern associator (3:1) 1.892 1.897
Back propagation (3:1:1) 1.643 1.845
Back propagation (3:1:1:1) 1.642 1.845
Back propagation (3:2:1) 1.587 1.829
Back propagation (3:2:2:1) 1.487 1.797
Back propagation (3:4:1) 1.424 1.501
Back propagation (3:4:4:1) 1.123 1.423
Back propagation (3:6:1) 1.173 1.553
Back propagation (3:6:6:1) 1.213 1.511
Back propagation (3:8:1) 1.107 1.441
Back propagation (3:8:8:1) ² 1.052 1.440

² (3:8:8:1) indicates a neural network model consisting of three input neurones, eight
neurones in hidden layer 1 and eight neurones in hidden layer 2, and one output neurone.

explanation of age variance. The Red and MIR re¯ ectance contributed little to the
model. As a result, the multiple linear regression showed little improvement on model
predictability. Although there seemed to be an increased concentration toward the
low end of the age error scale, the age error < 2 years still remained 77.2% (table 2).
There was a slight decrease (i.e., from 1.929 to 1.913) in validation RMSE with 18
data records.

The nonlinearity of the age± spectra relationship was studied in order to seek a
better explanation for the large residuals. When visualized in a scatterplot (® gure 3),



J. R. Jensen et al.2814

Figure 3. Nonlinear relationship between loblolly pine and TM band 4 zonal median data.

there was a visible nonlinear trend between NIR radiance and age, forming a convex
curve toward the origin of the axes. This trend suggested a larger decreasing rate
in NIR re¯ ectance when loblolly pine is old than when it is young. To remove
this nonlinear relationship, the independent variables were transformed using a
logarithmic function and regressed again to yield the following nonlinear function:

Age=201.457+0.71Ö log B3 Õ 48.952Ö log B4 Õ 1.422Ö log B5 (14)

There was a slight improvement when nonlinearity was accounted for using the log
transformation: loblolly pine stands with age error < 2 years increased to 82.5%
for the training dataset (table 2), and the RMSE decreased in both training and
validating categories (table 3).

4.3. Neural network pattern associator
The 57 zonal median re¯ ectance values were used to train a linear pattern

associator neural network model. Training data should be standardized so that
variables can be treated as equally important inputs to the neural network (Lloyd
1996). Therefore, the training data were scaled to a range of 0.1± 0.9 (rather than
0.0± 1.0) in case there were some test data that were outside the range indicated by
the training set. The network consisted of three input and one output neurones. The
input neurones represented the independent variables (e.g., the Red, NIR, and MIR
re¯ ectance). The output neurone represented the target of the prototype, i.e., pine
age. A linear transformation function was used to calculate the activation of output
neurone. A high learning rate accelerates the training process of a neural network
but may cause the system to oscillate widely, while a low learning rate may
not allow the network to train to its potential, thus increasing the learning
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time. Therefore, the learning rate in the pattern associate network started with a
high value (e.g., 0.9) and decreased in accordance with the network instantaneous
performance accuracy until a default minimum learning rate (e.g., 0.04) was reached.

Compared to its traditional counterpart (i.e., the multiple linear regression), the
pattern associator model signi® cantly increased the number of pine stands with an age
error < 2 years: an increase from 77.2 to 86.2% (table 2). This improvement may be
attributed to the ability of the model to handle the possible collinearity among the
spectral bands, that might have degraded the predictability of the multiple linear
regression model. The overall results (indicated by a training RMSE of 1.892), however,
were only comparable to, if not worse than, its traditional counterpart (table 3).

The activation levels of all three input neurones were examined for the sensitivity
of individual input variables. It was found that the NIR band scored Õ 131, a high
negative activation, while Red and MIR had an activation level of 14 and 22,
respectively. This is comparable to the ® ndings from the correlation and regression
analyses, i.e., spectral response in the NIR region was most sensitive to age.

4.4. Neural network back-propagation
A back-propagation neural network model was used to account for the possible

nonlinearity in the data that was not considered in linear regression analyses or
pattern associator neural networks. All three TM bands were used as inputs based
on the observation that neural networks tend to maximize the use of uncorrelated
portions to increase the predictability of the model and are generally insensitive to
the correlation among inputs. Ten back-propagation models with di�erent architec-
tures were evaluated. These models were constructed with three input neurones for
the three spectral bands, one output neurone for pine age, and a varying number of
neurones for one or two hidden layers. The input values were standardized before
entering into the network. A sigmoidal transformation function was used to calculate
the activation of each hidden neurone. Unlike the parameters for the pattern associ-
ator model, weights connecting the neurones in the back-propagation network need
to be initialized as small random numbers. If all the weights are equal, the error
signal would be identical for each hidden neurone because the error signal propagated
from the output neurones to the hidden neurones is proportional to the weights.
Since the error signal determines the weight changes in the next iteration, the weights
connecting the hidden layer and output layer would tend to be identical to each
other, slowing down the training processes (Holliday 1994).

An adaptive method of controlling the momentum rate proposed by Heermann
and Khazenie (1992) was used over the training epochs. If the total sum squared
error increased, the momentum rate was disabled. Otherwise the momentum directed
the search in the wrong direction. The learning rate was reduced to ® nd the proper
direction to move. Once the error began to decrease, the momentum rate was
included and the learning rate was increased with each step.

The determination of the number of hidden layers and the number of neurones
for these layers is not an easy task for a given set of data. These parameters are
usually data dependent. To study the network behaviour in relation to these para-
meters in the pine age model, the number of hidden neurones was incremented
progressively while the number of hidden layers was switched between one and two.
Thus, this study ® rst examined one-hidden-layer models with one, two, four, six and
eight hidden neurones in the hidden layer and then two-hidden-layer models with
one, two, four, six and 8 in each hidden layer so that their impact on the modelling
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results could be tested (tables 2 and 3). Two hidden layers in the models were used
to model possible convoluted nonlinearity in the data. The parameter setting and
procedure of running remained the same for all 10 models. All the models were
stopped automatically if further training did not improve the performance of the
network, that is indicated by the fact that the absolute rate of change in the average
squared error per epoch was su� ciently small.

The results demonstrated that increasing the number of neurones in the hidden
layer(s) yielded the most signi® cant improvement in training accuracy. Stands with
age error < 2 years went from 87.7 to 96.5% when the number of neurones changed
from one to eight in the one-hidden-layer setting (table 2). The two-hidden-layer
architecture yielded improvement in training and validation errors over the corres-
ponding one-hidden-layer model (table 3 and ® gure 4). However, this improvement
was so insigni® cant that it suggests the existence of simple curvilinearity in the data
that may be almost completely accounted for by one-hidden-layer models. For both
the one-hidden-layer and the two-hidden-layer architectures, the validation error
with 18 input vectors followed a pattern similar to the training error.

The prediction surfaces, constructed with TM band 3 and band 4 against the
network output, revealed a few interesting points with respect to the network behavi-
our (® gure 5). The 3:1:1 model (® gure 5 (a)) gave a ® rst-derivative approximation to
the curvilinearity in the training data (® gure 3), resulting in a training accuracy
improvement of 10.5% over the multiple linear regression. Each subsequent incre-
ment in the number of the hidden neurones yielded an additional concave or convex
portion to the prediction surface, producing a growing undulation that increasingly
approximated the nonlinear pattern exhibited in the training data. The addition of
a second hidden layer did not seem to change the overall morphology but tended
to generalize the surface. This is especially evident when model 3:1:1 changed to
3:1:1:1. Relating the RMSEs of the back-propagation models (table 3), this con® rmed
the fact that the number of neurones in the hidden layer had the most in¯ uence on
the predicting accuracy.

5. Discusion
5.1. Correlation between age and NIR

This study revealed a strong inverse relationship between loblolly pine age and
NIR re¯ ectance. This relationship was suggested by both the correlation coe� cients

Figure 4. RMSEs associated with training and validation data for the 10 back-propagation
models.
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and the input neurone activation levels of the pattern associator neural network.
The same results were also found in earlier correlation studies of coniferous forests
in other geographic locations (Ahern et al. 1991, Danson and Curran 1993, Niemann
1995). Danson and Curran (1993) attributed the results to the increment of gap
within the canopy of older stands due to the forest thinning activity, while Ahern
et al. (1991) ascribed this negative relationship to the larger deciduous proportion
within younger coniferous stands.

The nonlinearity of the relationship was revealed by the nonlinear trend in the
age± NIR scatterplot (® gure 3) which showed a decrease of radiance slope with age.
This nonlinearity was also suggested by the decreasing RMSE with the increase of
the number of neurones in the hidden layer. These results coincide with those
reported by Niemann (1995), which suggested that the changes in the canopy needle
composition are very apparent when pines are young until it reaches a stabilization
at the age of approximately 40 years.

5.2. L inear modelling with single and multiple independent variables
The linear regression and the pattern associator model produced similar results.

This may be accounted for by the fact that these two approaches are similar in their
common goal, i.e., to reduce the overall least square mean. The regression procedure
modelled the relationship using all the observations simultaneously to compute a
global best ® t equation. In comparison, pattern associator learned the pattern embod-
ied in the data by presenting the network with each individual observation. The
instantaneous least square mean from each observation was calculated and used to
adjust the connection weights of the input neurones in each iteration. The network
reached a solution when the prediction matched the target expectations at a satisfact-
ory level, or further learning did not improve the network (Lloyd 1996). In terms of
total least square ® t, regression was the best linear model because it was designed
to reduce overall prediction error with a global function. The pattern associator
approximated the result of regression given a su� ciently small learning rate. The
advantage of a pattern associator model is that it is distribution-free and also has
the capability of handling collinear inputs and therefore can process data in any
measurement scale. This is observed from the improvement of validating accuracy
(table 3) and training performance in terms of percent error < 2 years (table 2) to
the linear regression mode.

5.3. Nonlinear modelling
Among all the modelling methods experimented in this study, the back-

propagation model was the best paradigm to model nonlinearity in the data. In the
statistical approach, mathematical transformations may be applied to the data so
that a linear regression can be performed. However, it is always di� cult to ® nd
appropriate transform models for the problem at hand, and any ideal mathematical
models can only approximate the inherently complex nonlinearity to some degree.
Transformation of higher orders is possible but tends to complicate the computation
and modelling process, making it di� cult to interpret the model and the errors. The
nonlinear modelling with hidden layers in back-propagation took an entirely di�erent
approach. Each neurone in the hidden layer was nonlinear in nature when a nonlinear
transfer function (e.g., sigmoid function) was used. Since the modelling was discrete
and adaptive in nature, an appropriate set of neurones in the hidden layer simulated
any local ¯ uctuations, functioning as a set of piece-wise nonlinear simulators that
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Figure 5. Prediction surfaces of the 10 back-propagation neural network models after the
same number of training iterations (1500) with 57 pine age prototypes. Prediction
surfaces for back propagation (a) 3:1:1, (b) 3:1:1:1, (c) 3:2:1, (d) 3:2:2:1, (e) 3:4:1,
( f ) 3:4:4:1, (g) 3:6:1, (h) 3:6:6:1, (i ) BP 3:8:1, ( j) BP 3:8:8:1.

detected any miniature patterns characterizing the data. Furthermore, a network of
multiple hidden layers manifested itself as a nested sigmoidal scheme suitable
for simulating very complicated general functions. Indeed, this architecture can
approximate any continuous high order multivariate function.

One caution must be made regarding the application of the back-propagation
neural network to forest stand predictive modelling. Because an ANN is capable of
learning the characteristics of the training data, it is very easy for the network to be
over-trained. That means that the network has learned beyond what the training
data can provide to represent the population properly, so that noise in data is also
treated as part of the data. Over-training can be detected by presenting a new set of
data as validation data to the trained network. Training should stop when the error
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associated with validation starts to go up. Over-training was avoided in this study
since all the back-propagation models were stopped when the validation error was
stabilized.

6. Conclusion
Four primary results were identi® ed in this study: (1) the NIR band (band 4) of

TM data exhibited the highest sensitivity to the variation of loblolly pine age,
surpassing the commonly used vegetation indices; (2) there was an negative (rather
than positive) and nonlinear (rather than linear) relationship between the NIR
re¯ ectance and the maturity of loblolly pine, which should be properly modelled
and explained; (3) ANNs modelled the complex nonlinearity of biophysical processes,
including the growth pattern of loblolly pine using remotely sensed spectral data;
and (4) the prediction from ANNs was comparable to and improved over the
conventional statistical approach, demonstrating the potential of neural network in
remote sensing biophysical analysis.

This research also highlighted two major advantages of ANNs. First, the parallel
and distributed architecture of the network and the nonlinear transfer functions that
individual processing units can take on, make ANN an ideal method to model the
latent complexity and nonlinearity of the plant biophysical characteristics changes
during the plant life cycle using remotely sensed spectral data. Such complexity and
nonlinearity tend to be overlooked by the traditional statistical methods, since these
methods are usually not adequate for complex problems. Second, the architecture
of an ANN allows highly correlated inputs to be used to enhance the modelling
capability. Such inputs usually degrade the predictive power of the traditional
regression analysis resulting in the use of factor analysis. Although caution should
be taken in their use, ANN analysis techniques have potential for more accurately
modelling certain biophysical forest parameters (such as age) using remote sensor
data.
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