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Abstract: In this paper, a forest prediction system for incorporating large-scale data on individual trees
into one hybrid model is proposed. The proposed algorithm incorporates both forest biometry and statistical
information, and constructs the hybrid model through combining adaptive boosting classification and support
vector regression learning from large-scale forest data. More specifically, the species of a tree is firstly
identified based on its measured features by using the adaptive boosting method. Subsequently, for each tree
species the system relates the height of trees to the diameter at breast height and annual mean temperature for
each tree species through a Support Vector Regression technique. This allows the tree’s height in the future
to be well predicted. Experimental results show that the proposed algorithm has the capability to identify the
species of trees and further predict tree growth through valid statistical inference.

Keywords: forest prediction system, large-scale forest data, adaptive boosting method, Support Vector
Machines, growth height of trees, statistical inference

1. Introduction

Forest modelling involves the biometric description of the dynamics of real forest stands through
computer programming. The degree of the description depends on the existing knowledge about the structure
and behaviour of the real system. It is meaningful and significant to construct simulated models because the
lifespan of trees is long (up to many centuries) and it is difficult to perform experiments covering these
lifespans. Through these models to simulate the forest stand dynamics, one can obtain projections of the
future state of forests, such as tree growth (shape, height, and diameter), propagation, survival of trees, the
geographical distribution and so on. This information plays an important role in inferring the influence of
large-scale factors such as global climatic change on the ecological environment. Climatic changes are likely
to have effects on tree populations and geographical distribution of some species [1-2]. Projections of the
future state of the forest is meaningful in tree planting and forestation for environmental protection, to ensure
that the natural ecosystem along with its associated goods and services is sustainable.

One approach to predict tree growth is to consider the response to temperature. This approach is
necessary if we wish to take into account the potential effects of climatic change on global forests. It is
expected that the climate change would affect tree growth and survival. Generally speaking, approaches
include: parabolic degree-day response method [3], relative temperature response method [4], carbon
assimilation method [5], empirical optimum temperature day method [6], and empirical cumulative
degree-day method [7]. However, these modelling methods lack consideration of genetic variability in tree
growth. The other method is to consider non-external-related aspects, such as diameter at breast height
(DBH), and crown size, to predict tree growth [8, 9]. Note that temperature is not only a factor used to
calculate the potential effects of climatic change on forests. It also directly influences chemical and
physiological process. In this research, we present one mixed model that considers both DBH and
temperature to make predictions of tree growth. How to achieve an accurate relationship that relates the tree
height to some known parameters is significant for a forest forecasting system. In the previous forest
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forecasting system, the model is directly assumed to be linear or other relationship. In this paper, we obtain
the model for tree growth forecasting through artificial intelligence learning from large-scale data.

For a learning based method, it is necessary to have large-scale data. However, it can be difficult to
collect sufficient data due to the long lifespan of forest stands. To strike a balance, we propose a method that
embeds Gaussian noise under a constraint of a high signal-noise-ratio (SNR) to generate large amount of
simulated data for the purpose of training and testing. Note that it can be difficult to identify the species of
trees seen in forests or gardens for most people. It is necessary first to acquire the species of trees, and
further to forecast their growth. To achieve these objectives, we propose a hybrid method by taking
advantages of both Adaptive Boosting (AdaBoost) [10] and Support Vector Regression [11] (AB-SVR)
techniques in this paper. More specifically, an AdaBoost method is firstly used to identify the species of one
tree. Adaptive boosting is a particular machine learning method used to train a series of weak classifiers.
During the training process for AdaBoost, the weights of the training samples are adaptively updated after
each boosting iteration. The weights of the training samples which are misclassified by the current
component classifier are increased, while the weights of the training samples with correct classification are
decreased. Finally, the weak classifiers are combined linearly to form a strong classifier. Secondly, the SVR
method is adopted to predict the tree growth of each species. Through observation of the collected data, we
can see that there exists non-linear statistical relationships among height, DBH and temperature. It is critical
to transform DBH and temperature to a higher dimensional space to make the relationship linearly expressed.
The proposed algorithm is to train a series of SVR models with non-linear kernel to perform prediction.
Making full use of the acquired information, the future height of tree is well predicted according to the
experimental results.

The rest of the paper is organized as follows. In Section 2, large-scale data preparation is discussed. The
proposed method to identify tree species and predict forest growth is presented in Section 3. Experimental
results are given and discussed in Section 4. Section 5 concludes the paper.

2. Large-scale Forest Data Preparation

To develop the tree growth model, the datasets from two woodland sites: United Kingdom
woodlands-Wytham Woods and Alice Holt [12] are used. These two woodland sites are monitored by the
Environmental Change Network (ECN) in the United Kingdom. Each individual tree in the ECN Wytham
Wood (ECN-W) dataset had height measured three times (1993, 2002 and 2012). For each individual tree in
the ECN Alice Holt (ECN-AH) dataset, height was measured on three occasions (1994, 2002, and 2011).
These height, DBH and temperature [13] information form the dataset for the regression model formulation.
In total, 1122 individuals of eight categories are adopted in this research to develop ecological models that
are capable of projection into the future. Table 1 lists the details of 8 species of deciduous trees in the two
sites including taxonomic code, common name, the number (Numl.) of each species, the maximum and the
minimal information of both height and DBH. In Table 1, minHeight (minDBH) and maxHeight (maxDBH)
denote the minimal and the maximal height (DBH) values of trees in each species.

Table 1 Detailed information of trees in the dataset (units are m)

Taxonomic code |[Common name Numl. i/minHeight i/maxHeight |minDBH jmaxDBH |Num?2.
ACERPS Sycamore 156 3.5 30.5 0.05 1.00 17
ACERCA Field maple 51 6.0 19.0 0.08 0.59 12
BETUSP Birch 94 4.0 22.5 0.04 0.45 \
CORYAV Common hazel 118 3.0 19.5 0.04 0.25 9
CRATMO Common hawthorn |91 3.0 15.0 0.05 0.39 5
FAGUSY European beech 63 3.5 39.0 0.06 1.62 7
FRAXEX European ash 229 4.0 37.5 0.05 0.79 17
QUERRO Pedunculate oak 320 3.5 35.5 0.05 1.54 9

Besides DBH and height, other information, such as height to bottom crown, crown radius, crown height
and so on, were measured. To identify the species of trees, DBH, height, crown height and mean crown
radius at the same time point are used as input features of one tree. Since some trees were dead or their
information was missing during the observed period, as a result, the number of trees (Num2.) with these four
features at the same time point is insufficient for a learning based classification. On the other hand, it is very
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time-consuming to collect massive amount of trees’ data. To handle this problem, we generate a large
amount of simulated data through embedding Gaussian white noise under a constraint of a high
signal-noise-ratio (SNR) for the purpose of training and testing. Fig. 1 shows an example of the simulated
trees’ DBH, height, mean of crown radius and crown height with different values of SNR for ACERPS
species. Due to an introduction of higher noise with the value of SNR equal to 16, we can see from the figure
that the fluctuation of ST signals is large compared that produced with a higher value of SNR equal to 28.
Through this method, a quantity of 657 simulated trees are generated from the original 76 trees. The detailed
procedures are concluded as follows:

Step 1: read the information {l;| i = 1, 2, 3 and 4 for DBH, height, mean of crown radius and crown height}
for each tree in 2012 from the collected dataset.

Step 2: add Gaussian white noise N; with an optimal value of SNR to each I;.
x{ =1i+Ni' i = 1, ,4 (1)
Step 3: Repeat Steps 1 and 2 until the number of generated data is equal to the predefined value.
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Fig. 1: Generated data with different values of SNR based on the additive model:
(a) ACERPS (SNR=16), and (b) ACERPS (SNR=28)

3. Proposed Forest Growth Modelling

Having a uniform method with adjustable model parameters is promising for forests in different
geographic areas since forest growth can be influenced by their environmental conditions. In this paper, the
AB-SVR is developed for classification of tree species by training a strong classifier, and further to predict
the future growth based on a trained support vector regression method. Figure 2 depicts the flowchart of the
AB-SVR model. More specifically, large-scale data are first collected as depicted in Section 2. Data are split
into training and testing sets. Features are then extracted. In the AB-SVR framework, adaptive boosting
technique is adopted for training a strong classifier to identify trees species, and SVR is employed to obtain a
regression model to predict the tree growing behaviour of each species based on the current information.

The procedures of the proposed hybrid AB-SVR model are described as follows:

Step 1: large-scale data generation based on the method described in Section 2

Step 2: split data into training set and testing set

Step 3: for each training sample, the feature vector [DBH, Height, CrownHeight, CrownRadiusMean] is
extracted

Step 4: train a strong classifier based on AdaBoost method to predict the tree species
F(x) = max, %{—; hy(v) = max. X{_1 h(v, f;, 6;, ) (2)
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where h, is the t*" weak learner, 0 is a threshold, v denotes a feature vector, and f, means that the
" component of v is used as input feature in weak learner h.(v). The optimal AdaBoost classifier for tree
species recognition is obtained through a training process [10]. Once one tree species is identified based on
the AdaBoost classifier, the achieved SVR model is subsequently employed to predict the future behaviour
of this tree.

Step 5: train a regression model to predict the tree height of each species

The main purpose of the ecological models is to make more accurate long-term predictions for tree
growth, survival, reproduction etc and use these to understand changes in the structure of the forest over time.
Note that the size of trees depends on age, light, water, access to minerals, stand structure and so on. In this
investigation, we relate the height of a tree to its DBH (diameter at breast height) and temperature through
training SVR models. SVR includes linear and non-linear regressions [11] by selecting different kernel
function, which reflects similarity between data points. Training an SVR model involves finding an optimal
function that is consistent with as many of the training data points as possible, such that the function can
predict the height information of trees more accurately. Figure 3 shows the distribution of samples in the
(DBH, temperature, height) space. From this figure, we can observe that different species of trees have
inconsistent distributions. Intra-specific SVR model is necessary to be trained for each species of trees.
Another observation from Figure 3 is that the relationship among them is non-linear. To find this non-linear
regression function, SVR adopts a kernel function [11] to map the training data points from the original data
space to a higher dimension data space where an optimal function may exist. The radial basis function (RBF)
was chosen as the kernel function to transform DBH and temperature to a higher dimensional space for
accurate prediction. RBF kernel is used in the SVR model to relate height to DBH as in eqn. (3)

f(0) = Ty weCr Ik 4 ©

where N is the number of support vectors, y is gamma parameter, w and b are coefficients. The optimal y is
obtained through validation set. The regression coefficients w and b can be obtained by minimizing the
Vapnik’s € — insensitivity loss function [11]. The SVR model with the RBF kernel was trained to
approximate the set of data (yq,x), ... (m,Xm), X € R™, ¥y € R, and explore the relationships among tree
height, DBH and temperature in a long time. Here y denotes the real tree height, / denotes the predicted tree
height, w and b are the regression coefficients. During the training process, large-scale data is firstly
clustered based on tree species. Each of them is considered as a dataset to train a SVR model for forecasting
forest growth.

Step 6: given a tree, the tree species is firstly identified based on AdaBoost classifier, and then the future

height could be predicted based on the obtained regression model.
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Fig. 2: Flowchart of the proposed hybrid AB-SVR model
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4. Experimental results and discussion

In the simulation, ten-fold evaluation is performed on the 733 trees in 2012 for AdaBoost based
classification method. The proposed algorithm is realized in MATLab. Table 2 list the classification
accuracies by using AdaBoost based classification method. From the results, we can see that the proposed
method has better classification accuracies with an average of 95%. Once the species of one tree is identified,
subsequently, future height can be predicted based on SVR learning method.

Table 2. Classification results based on AdaBoost method (%)

Fold no. 1 2 3 4 5 6 7 8 9 10
Accuracy (%) 97 |96 |8 [92 |93 |95 |9 |9 |97 |97
Average (%) 95

Table 3 lists the confusion matrix for the 7 observed tree species, respectively. From the results, we can
see that most of the species can be identified with high accuracies, such as 96% (ACERCA), 99%
(CORYAYV), 99% (CRATMO), 99% (FAGUSY), 91% (FRAXEX) and 95%(QUERROQ). For the species of
ACERPS, 14% is misclassified as other species (ACERCA, CORYAV, FAGUSY, FRAXEX or QUERRO).
In the future, we will develop the image-based model to recognize the species of one tree. The classification
accuracy could be further improved through deep learning [14, 15] from the view of visualization.

Table 3. Confusion matrix of seven tree species (%)

The predicted results of heights based on DBH and temperature for each category are shown in Figure 3.
The blue points in Figure 3 denote the real samples, and the red points denote their predicted results. The

ACERPS | ACERCA | CORYAV | CRATMO | FAGUSY | FRAXEX | QUERRO
ACERPS | 86 2 1 0 3 4 4
ACERCA | 2 96 0 1 0 0 1
CORYAV | O 1 99 0 0 0 0
CRATMO | 0 2 0 99 0 0 0
FAGUSY | O 0 0 0 99 1 0
FRAXEX | 1 5 1 1 0 91 1
QUERRO | 2 3 0 0 0 0 95

results show that the tree height could be well predicted through the learned SVR models.
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5. Conclusion

In summary, this paper presents a hybrid model for forest forecasting system. This model integrates both
adaptive boosting and Support Vector Machine regression techniques to recognize the tree species and
further predict its future growth. The SVR model considers both the potential effects of climatic change on
forests and intrinsic growth characteristics. Through regression learning, this approach achieves the
relationship that relate the tree growth height to some known parameters. It could make more accurate
long-term predictions for tree growth. For practical applications, it is important for us to predict the future
growth behaviour of forests. This would be beneficial to development of ecological environment. It is
meaningful in tree planting and forestation for environmental protection. Note that deep learning is a very
hot topic at present and the technique becomes more and more practical. For the future work, we will collect
more visual data, such as images of tree leaves, as features to automatically identify the tree species based on
deep learning with conventional neural networks. Once the species is identified from camera trap images or
network images, the future growing behaviour could be forecasted based on the proposed regression model.
On the other hand, we will focus on more elements which could affect the growth of trees to make the
regression model more accurate.
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