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Abstract: Tree growth potential is crucial for maintaining forest health and sustainable development. 
Traditional expert-based assessments of growth potential are inherently subjective. To address this 
subjectivity and improve accuracy, this study proposed a method of using Backpropagation Neural 
network (BPNN) to classify tree growth potential. 60 Pinus tabulaeformis (Carr.) and 60 Platycladus 
orientalis (Linn.) were selected as experimental trees in the Miyun Reservoir Water Conservation 
Forest Demonstration Zone in Beijing, and 95 Pinus massoniana (Lamb.) and 60 Cunninghamia 
lanceolate (Linn.) were selected as experimental trees in the Jigongshan Nature Reserve. The average 
annual ring width of the outermost 2cm xylem of the experimental trees were measured by discs or 
increment cores, and the wood volume increment of each experimental trees in recent years were 
calculated. According to wood volume increment, the growth potential of experimental trees was 
divided into three levels: strong, medium, and weak. Using tree height, breast height diameter, 
average crown width as input variables, using growth potential level as output variables, four sub 
models for each tree species were established; Using tree species, tree height, breast height diameter, 
average crown width as input variables, using growth potential level as output variables, a 
generalized model was established for these four tree species. The test results showed that the 
accuracy of the sub models for Pinus tabulaeformis, Platycladus orientalis, Pinus massoniana, and 
Cunninghamia lanceolate were 68.42%, 77.78%, 86.21%, and 78.95%, respectively, and the accuracy of 
the generalized model was 71.19%. These findings suggested that employing BPNN is a viable 
approach for accurately estimating tree growth potential. 

Keywords: tree growth potential; BPNN; forest management; classification model 
 

1. Introduction 

The concept of tree growth potential encompasses the vigor and vitality of tree growth, serving 
as an indicator of both growth rate and overall health status [1]. A stronger growth potential signifies 
a faster growth rate and an enhanced ability to resist diseases and pests [2]. Accurately estimating 
tree growth potential is crucial for several reasons. Firstly, it aids in maintaining forest health. By 
accurately assessing growth potential, forestry managers can selectively remove trees with weaker 
growth potential while preserving those with stronger potential, thereby promoting vitality and 
reducing the incidence of forest diseases and pests [2]. Secondly, it contributes to improved forest 
productivity and carbon storage. Accurate estimation allows forest managers to devise appropriate 

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 January 2025 doi:10.20944/preprints202501.1296.v1

©  2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202501.1296.v1
http://creativecommons.org/licenses/by/4.0/


 2 of 15 

 

management plans, such as harvesting trees with declining growth potential to control forest density 
and foster an environment conducive to the growth of remaining trees [3]. Thirdly, incorporating 
growth potential factor can significantly enhance the accuracy of tree growth models. Current models 
often overlook this factor, resulting in lower estimation accuracy, particularly for individual trees. By 
integrating growth potential as a variable, the predictive accuracy of these models can be 
substantially improved [4]. Consequently, precise estimation of tree growth potential is vital for 
sustainable forest development. 

The accurate quantification of tree growth potential is a complex challenge influenced by various 
factors, such as genetic makeup [5], environmental conditions [6], stand density [7,8], tree height [9], 
crown width [10], leaf characteristics [11], and root system development [12]. Current assessment 
methods primarily rely on qualitative grading, with limited research on robust quantitative 
approaches for tree growth potential evaluation. To address this challenge, this study proposes a 
novel approach that employs Back Propagation Neural Networks (BPNN) to classify tree growth 
potential. Tree height, DBH, and average crown width are used as input variables to predict the 
growth potential category of individual trees. The growth potential category is determined by the 
incremental increase in tree volume, which is calculated from the average annual ring width within 
the outermost 2 cm xylem of the tree trunk. The classified growth potential was used as the target 
variable for the BPNN models. Four sub BPNN models were developed for each experimental tree 
species: Pinus tabuliformis, Platycladus orientalis, Pinus massoniana, and Cunninghamia lanceolate. 
Additionally, in order to establish a universally applicable model with strong generalization ability, 
a generalized model was constructed using data of these four experimental tree species. 

2. Materials and Methods 

2.1. Overview of the Study Area 

The study areas included Miyun Reservoir Water Conservation Forest Demonstration Zone and 
Jigong Mountain Nature Reserve. 

Miyun Reservoir Water Conservation Forest Demonstration Zone (116°53′ E, 40°25′ N) is located 
in the north of Beijing, China. The region has a sub-humid, warm temperate, continental monsoon 
climate, characterized by hot, rainy summers and cold, dry winters. The average annual precipitation 
is 600 mm, and the average annual temperature is 11.8 °C. There are low mountains at an altitude of 
approximately 120 m a.s.l., with slopes ranging from 10° to 35°. The south-facing slopes are 
characterized by thin soil and exposed rocks, whereas the north-facing slopes feature shaded, deep, 
and loose soil. In 1980, a Pinus tabuliformis plantation was established on a north slope. The age of 
Pinus tabuliformis was about 44 years. This plantation exhibits an average tree height of 7.56 m and 
an average trunk diameter of 14.8 cm, with a stand density of approximately 915 trees per hectare 
and a canopy density of about 0.8. Conversely, a Platycladus orientalis plantation was established on 
a south slope in 1990. The age of Platycladus orientalis was about 34 years. The Platycladus orientalis 
trees have an average height of 6.87 m and an average trunk diameter of 9.1 cm. This plantation has 
a stand density of about 2550 trees per hectare and a canopy density of approximately 0.95. In 2024, 
8 plots of 50m * 50m were established, including 4 plots of Pinus tabulaeformis and 4 plots of Platycladus 
orientalis. The distribution map of Pinus tabulaeformis plots and Platycladus orientalis plots was shown 
in Figure 1. 
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Figure 1. The distribution map of Pinus tabulaeformis plots and Platycladus orientalis plots in Miyun Reservoir 
Water Conservation Forest Demonstration Zone. 

Jigong Mountain Nature Reserve (114°01′-114°06′ E, 31°46′-31°52′ N) is located in the south of in 
Xinyang City, Henan Province, China. This region is a typical transition area from the central 
subtropical to the northern subtropical zone in China, with a unique ecological environment, making 
it an important natural reserve. It has a subtropical monsoon climate with distinct seasons: hot and 
humid summers, and mild winters. The average annual precipitation ranges from 1100 mm to 1400 
mm, and the average annual temperature is approximately 15.2°C. The vegetation in the area is 
complex and diverse, mainly consisting of deciduous broadleaf forests, mixed coniferous and 
broadleaf forests, and evergreen broadleaf forests, with typical vegetation being the central 
subtropical forest. The soil is mainly yellow-brown soil and mountain brown soil, suitable for the 
growth of various plants. In 2022, 14 plots of 20m * 20m were established, including 8 Pinus 
massoniana plots and 6 Cunninghamia lanceolate and Cryptomeria fortune mixed forest plots. The 
distribution map of Pinus massoniana plots and Cunninghamia lanceolate and Cryptomeria fortune mixed 
forest plots was shown in Figure 2. 

(a) (b) 

Figure 2. The distribution map of the plots in the Ji gong Mountain Nature Reserve: (a) Pinus massoniana plots; 
(b) Cunninghamia lanceolate and Cryptomeria fortunei mixed forests plots. 

2.2. Data Collection 

In each plot in Miyun Reservoir Water Conservation Forest Demonstration Zone, 15 trees were 
selected as experimental trees, including 5 superior trees, 5 moderate trees, and 5 suppressed trees. 
The tree height, DBH, and crown width in the four cardinal directions (east, south, west, and north) 
were recorded for each experimental tree. Subsequently, a disc approximately 5 cm thick was cut 
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from each tree at the 1.3m height mark on the trunk. 60 Pinus tabuliformis discs and 60 Platycladus 
orientalis discs were sampled. 

In each plot in JiGong Mountain Nature Reserve, 12 trees were selected as experimental trees, 
including 4 superior trees, 4 moderate trees, and 4 suppressed trees. The tree height, DBH, and crown 
width in the four cardinal directions (east, south, west, and north) were recorded for each 
experimental tree. An increment core was extracted from each tree using an increment borer, and 
related tree information was recorded. The number of Cunninghamia lanceolate trees was less than 12 
in one of the mixed forest plots, and no tree was selected as experimental tree in the plot. Therefore, 
there were 60 Cunninghamia lanceolate trees were selected as experimental trees. One Pinus massoniana 
increment core was decayed, therefore, there were 95 Pinus massoniana trees were selected as 
experimental trees. 

In order to accurately classify the growth potential of experimental trees, the average volume 
increment of experimental trees in recent years was used to classify the types of tree growth potential. 
The discs and increment cores were polished until the annual ring lines were clear. The width of the 
annual rings in four directions (discs) or two directions (cores) was measured with the annual ring 
analysis instrument, Lintab 6.0. The average annual ring width of the outermost 2 cm xylem was then 
calculated. The volume increment was calculated using Equation (1). 

𝑉 = W × 𝐷 × 𝐻/3, (1) 

where: 𝑊 denotes the average annual ring width of the outermost 2 cm, 𝐷 denotes the DBH, and 
𝐻 denotes the tree height. 

The experimental trees of each tree species were sorted in descending order based on volume 
increment. The top one-third of the trees were classified as strong growth potential type, the middle 
one-third as medium, and the bottom one-third as weak. The statistical indicators of each growth 
potential type of each tree species are shown in Table 1. 

Table 1. The statistical indicators of each tree species. 

Tree species 
Number 
of trees 

Tree age 
range 

Growth 
potential 

type 

Tree height 
Average crown 

width DBH 

Mean 
Standard 
Deviation 

Mean 
Standard 
Deviation 

Mean 
Standard 
Deviation 

Pinus 
tabuliformis 60 44~46 

strong 9.645 0.987 2.103 0.443 15.276 2.025 
medium 8.455 1.019 1.972 0.368 13.150 1665 

weak 7.590 1.348 1.787 0.488 12.545 2.056 

Platycladus 
orientalis 60 34~36 

strong 8.402 1.025 1.430 0.420 11.675 1.892 
medium 7.929 0.793 1.213 0.372 9.850 1.787 

weak 7.713 1.227 1.115 0.392 8.130 1.425 

Pinus 
massoniana 95 41~53 

strong 24.347 4.289 3.165 0.811 39.266 6.755 
medium 21.250 4.196 2.490 0.817 30.208 7.245 

weak 17.197 4.350 2.030 0.848 19.374 6.319 

Cunninghamia 
lanceolate 60 34~49 

strong 19.757 2.164 2.706 1.036 33.705 4.824 
medium 17.100 3.212 1.781 0.624 24.255 4.688 

weak 11.185 2.434 1.766 0.788 14.140 5.404 

2.3. Establishment of BPNN Model for Predicting Growth Potential 

2.3.1. Introduction to the BPNN Algorithm 

The artificial neural network algorithm is a computational method designed to emulate the 
neural systems of the human brain. It comprises numerous artificial neurons and the intricate 
connections between them, enabling the processing and learning from input data to address 
classification or regression problems [13]. Among the various types of artificial neural networks, the 
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BPNN is notable for its excellent fault tolerance in data prediction. By employing the 
backpropagation of errors, BPNN can continuously optimize neuron weights and thresholds, thereby 
enhancing the accuracy, fairness, and objectivity of predictions [14]. The structure of the BPNN 
algorithm consists primarily of input, hidden, and output layers. Each connection between these 
layers is assigned a specific weight 𝑊൫𝑤௜௝

(௟)
൯, forming a linear mapping from input X(x1,…,xm) to 

output Y(y1,…,yn) [15]. The underlying principle of this network structure is illustrated in Figure 3. 

1x

ix

mx

1y

ny

...
...

...( )l
ijw

Positive information transfer

Reverse error transfer

input layer

hidden layer

output layer

 

Figure 3. Principle of BPNN. 

Figure 3 illustrates the weights w between layers, as shown in equation (1), where: l denotes the 
current hidden layer, i represents the neuron node in the previous layer, and j indicates the neuron 
node in the next layer. 

𝑊 = 𝑤௜௝
(௟), (2) 

In the BPNN algorithm, choosing the right activation function can increase data processing 
flexibility and enhance training efficiency. Common activation functions include Sigmoid, ReLU, and 
Softmax, with their respective formulas as follows: 

𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝑧) =
ଵ

ଵା௘ష೥, (3) 

𝑅𝑒𝐿𝑈(𝑧) = max(0, 𝑧), (4) 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧) =
௘೥೔

∑ ௘
೥ೕ

ೕ
, (5) 

where: z represents the output value of the previous layer node, i represents the index of the current 
neuron and j is used to traverse all the neuron nodes. 

2.3.2. Evaluation Indicators 

In the context of machine learning algorithms for classification, the confusion matrix serves as a 
crucial tool for summarizing prediction outcomes, particularly in classification problems. It 
effectively illustrates the degree of alignment between predictions of the model and the actual values 
in a matrix format [16]. This matrix is widely recognized as a key indicator for assessing the 
performance of supervised algorithms. Specifically, in a binary classification model, the primary task 
is to determine whether an instance should be classified as positive or negative. During the training 
phase, the model systematically compares predicted values with actual values of the samples. Within 
the confusion matrix, the rows correspond to the actual values, while the columns represent the 
predicted values. Typically, this matrix comprises four possible outcomes, which provide insights 
into accuracy of the model and error distribution. 
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 True Positive (TP): The actual class is positive, and the model predicts it as positive; 
 False Positive (FP): The actual class is negative, but the model predicts it as positive; 
 False Negative (FN): The actual class is positive, but the model predicts it as negative; 
 True Negative (TN): The actual class is negative, and the model predicts it as negative. 

The structure of the confusion matrix is shown in Figure 4. 

FN

FP

Positive Negative

Positive

Negative

A
ct

ua
l V

al
ue

Predicted Value

TN

TP

 

Figure 4. Structure diagram of confusion matrix. 

In this study, tree growth potential was categorized into three distinct levels: strong growth 
potential (denoted as A1), medium growth potential (denoted as A2), and weak growth potential 
(denoted as A3). Figure 5 illustrates the classification outcomes, where Nij indicates the number of 
samples for which the actual growth potential is Ai, while the model predicts it as Aj [17]. 
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V
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 𝐴1  

𝐴2  

𝐴3  

 𝐴1  𝐴2  𝐴3  

𝑁11  𝑁12  𝑁13  

𝑁21  𝑁22  𝑁23  

𝑁31  𝑁32  𝑁33  

 

Figure 5. Confusion matrix. 

Using a confusion matrix, several key evaluation metrics can be derived to assess the 
performance of a predictive model: 

Precision: The proportion of correctly predicted samples based on the predicted results. 
Recall: Based on actual samples, the proportion of correctly predicted positive cases among the 

total actual positive cases. 
F1: The harmonic average of accuracy rate and recall rate, which is a comprehensive index to 

judge the overall model. 
Accuracy: Represents the proportion of all correct predictions of the model. Generally, higher 

values for these four metrics suggest a more effective model. 
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The formulas for these metrics are as follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛௜ =
ே೔೔

∑ ேೖ೔
య
ೖసభ

, (6) 

𝑅𝑒𝑐𝑎𝑙𝑙௜ =
ே೔೔

∑ ே೔ೖ
య
ೖసభ

, (7) 

𝐹1௜ = 2 ∗
௉௥௘௖௜௦௜௢௡೔∗ோ௘௖௔௟௟೔

௉௥௘௖௜௦௜௢௡೔ାோ௘௖௔௟௟೔
, (8) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ ே೔೔

య
೔సభ

∑ ∑ ே೔ೕ
య
ೕసభ

య
೔సభ

, (9) 

2.3.3. Modeling Training 

To enhance the accuracy of the tree growth potential prediction model, this study employed the 
MLPC classifier from the sklearn library to model datasets of four tree species [18]. The model 
training process involved several key steps: 

Step 1: Data loading. Load the data from the excel file. The input variables selected were tree 
height, DBH, and average crown width, while the output variable was the tree growth potential 
classification class. 

Step 2: Data preprocessing. Due to the significant differences in the numerical values of tree 
height, crown width, and DBH, the input variables were normalized to eliminate the scale differences 
of each input variable and make them equally important to the model. The values of three input 
variables were converted to the range of [0,1] with MinMaxScaler. 

Step 3: Dataset dividing. The dataset was divided into a training set and a test set using the 
train_test_split function. The training set, comprising 70% of the data, was used to train the model, 
while the test set, comprising 30%, was used to evaluate t the generalization ability of the model. To 
ensure consistent dataset splits across runs, the random_state parameter was set to 22, facilitating 
experimental reproducibility. 

Step 4: Instantiating the network model. The MLPClassifier from the sklearn library was 
imported, and the model was instantiated with specific parameter settings, denoted as model = 
MLPClassifier(*). 

Step 5: Model evaluation. The accuracy of model on the test set was assessed using the 
accuracy_score function. Additionally, a classification report was generated to document the model’s 
precision, recall, and F1-score. 

Step 6: Result Visualization. Import the matplotlib library and the confusion_matrix function 
from sklearn library. Drew the confusion matrix to display the number of samples correctly and 
incorrectly classified in each cell of the matrix. Used the One-vs-Rest method to plot the ROC curve 
for each category and calculated the AUC (Area Under Curve) score to provide an intuitive view of 
the performance of the model in each tree growth potential category. 

The construction of the generalized model requires the integration of datasets from all four tree 
species, incorporating tree species information as an additional input variable. To maximize the 
amount of training data for the model while ensuring a uniform distribution of growth potential 
categories, the dataset is randomly divided into training and test sets at an 8:2 ratio. The remaining 
steps follow the same procedure as described above. 

2.3.4. Hyperparameter Adjustment 

In this study, the BPNN model initially focused on determining the number of hidden layers 
and the number of neurons per hidden layer before proceeding to search for the optimal 
hyperparameters. Selecting an appropriate number of hidden layers and neurons is crucial to 
balancing generalization and fitting effectiveness. A single layer neural network, if its limited number 
of neurons, often results in poor fitting performance. Conversely, a neural network with an excessive 
number of layers and neurons may suffer from overfitting, thereby reducing its generalization ability 
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[19]. To address this, the experiment conducted in this paper involved two groups of control 
experiments: a single hidden layer group (H1) and a multi-hidden layer group (H2). Both groups 
utilized default hyperparameters. The network structure of the model was first established, after 
which the Grid Search (GS) algorithm was employed to identify the optimal hyperparameters. 
Ultimately, the best parameter combination was determined. The default hyperparameters used in 
the experiment, along with those considered in the GS, are detailed in Table 2. 

Table 2. Hyperparameter settings. 

Hyperparameter Default GS Hyperparameters 
Activation Relu [identity, logistic, tanh, relu] 

Solver Adam [sgd, adam] 
Alpha 0.0001 [0.01,0.001,0.0001,0.00001] 

Learning_rate Constant [constant, invscaling, adaptive] 
Max_iter 200 - 

Random_state None - 

3. Results 

3.1. Results of Network Structure Adjustment 

In a single hidden layer network structure, the number of neurons can be estimated using an 
empirical formula: 

𝑛 = √𝑎 + 𝑏 + 𝑚, (10) 

where n represents the number of neurons in the hidden layer, a is the number of input nodes, b is 
the number of output nodes, and m was set an adjustable constant ranging from 1 to 60 in this study 
[20]. 

In the dataset for the four tree species, the input variables include tree height, DBH, and average 
crown width, so the input nodes were set to 3. Additionally, in the dataset for the generalized model, 
tree species information was also included, which led to the input nodes being set to 4. The output 
variable is the growth potential, divided into three categories, so the output nodes were all set to 3. 
Consequently, the number of neurons n in the single hidden layer ranged from 3 to 63. Taking into 
account factors such as the number of training set data, model accuracy, and training time, the 
number of hidden layers was set to 2 in H2, and the number of neuron nodes in each layer was within 
the range of n. Due to the extensive results obtained from varying the number of neurons, only the 
top three models with the highest accuracy in both the H1 and H2 groups are presented. The 
maximum iteration parameter, max_iter, was set to 1500 to avoid underfitting and improve the 
accuracy of model. For consistent experimental results, the random_state was fixed at 22, and the 
default values were kept for the other hyperparameters. Both H1 and H2 used the same 
hyperparameters settings. 

In the H1 group, the models were denoted as BPNN-1i (i=1,2,3), and in the H2 group, they were 
denoted as BPNN-2i (i=1,2,3). The evaluation results of the H1 and H2 models for Pinus tabuliformis, 
Platycladus orientalis, Pinus massoniana, Cunninghamia lanceolate are shown in Table 3, Table 4, Table 5 
and Table 6. 

Table 3. Model evaluation results of Pinus tabuliformis. 

Model Hidden_layer_sizes Precision (%) Recall (%) F1 (%) Accuracy (%) 
BPNN-11 (3) 68.33 64.29 63.26 63.16 
BPNN-12 (5) 70.37 63.49 64.96 63.16 
BPNN-13 (9) 71.30 69.84 68.18 68.42 
BPNN-21 (3,3) 68.89 69.84 67.58 68.42 
BPNN-22 (3,9) 65.74 63.49 62.73 63.16 
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BPNN-23 (13,9) 72.22 69.05 69.86 68.42 

Table 4. Model evaluation results of Platycladus orientalis. 

Model Hidden_layer_sizes Precision (%) Recall (%) F1 (%) Accuracy (%) 
BPNN-11 (5) 63.89 65.71 63.90 66.67 
BPNN-12 (7) 59.37 60.16 59.49 61.11 
BPNN-13 (45) 69.44 69.68 69.26 72.22 
BPNN-21 (3,5) 71.03 70.48 69.05 72.22 
BPNN-22 (3,11) 84.44 74.44 74.28 77.78 
BPNN-23 (5,3) 75.79 75.24 74.10 77.78 

Table 5. Model evaluation results of Pinus massoniana. 

Model Hidden_layer_sizes Precision (%) Recall (%) F1 (%) Accuracy (%) 
BPNN-11 (7) 73.81 71.47 71.21 72.41 
BPNN-12 (9) 79.06 75.64 75.02 75.86 
BPNN-13 (13) 79.26 79.81 78.66 79.31 
BPNN-21 (11,63) 82.32 80.77 80.37 82.76 
BPNN-22 (41,3) 81.67 82.37 81.48 82.76 
BPNN-23 (61,3) 85.24 84.94 84.59 86.21 

Table 6. Model evaluation results of Cunninghamia lanceolate. 

Model Hidden_layer_sizes Precision (%) Recall (%) F1 (%) Accuracy (%) 
BPNN-11 (3) 69.31 71.43 65.71 68.41 
BPNN-12 (5) 73.02 74.29 73.33 73.68 
BPNN-13 (7) 79.05 80.95 78.57 78.95 
BPNN-21 (3,5) 68.42 69.31 71.43 65.71 
BPNN-22 (3,11) 74.40 76.19 72.39 73.68 
BPNN-23 (5,15) 79.05 80.95 78.57 78.95 

In Table 3, the number of neurons in the three models of the H1 group is 3, 5, and 9, respectively. 
From the perspective of accuracy, BPNN-13 performs the best, with higher Precision, Recall, and F1 
score compared to BPNN-11 and BPNN-12. In the H2 group, when the number of neurons is set to 
(3, 3) and (13, 9), the accuracy of the models is the same as that of the BPNN-13 model. Among these, 
BPNN-23 achieves the highest Precision, reaching 72.22%. Although its Recall is slightly lower, the 
F1 score is greater than that of both BPNN-13 and BPNN-11. Overall, the model with (13, 9) neurons 
yields the best performance for Pinus tabuliformis. 

Similarly, the comparison of the H1 and H2 group experiments for Platycladus orientalis, Pinus 
massoniana, Cunninghamia lanceolate, and the generalized model reveals the optimal 
Hidden_layer_sizes, as shown in Table 4, Table 5, Table 6 and Table 7. It can be observed that the 
accuracy is highest when the hidden_layer_sizes for the Platycladus orientalis, Pinus massoniana, 
Cunninghamia lanceolate, and Generalized model are set to (5,3), (61, 3), (5, 15) or (7), and (33, 45), 
respectively. 

Table 7. Model evaluation results of Generalized model. 

Model Hidden_layer_sizes Precision (%) Recall (%) F1 (%) Accuracy (%) 
BPNN-11 (9) 63.78 62.74 62.77 62.71 
BPNN-12 (15) 63.64 63.83 63.40 64.41 
BPNN-13 (57) 65.93 65.41 64.40 66.10 
BPNN-21 (9,35) 64.74 65.91 64.16 66.10 
BPNN-22 (19,39) 70.17 67.33 66.28 67.80 
BPNN-23 (33,45) 71.15 70.68 69.92 71.19 
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3.2. Results of other Hyperparameters Adjustment 

GS is an exhaustive method employed to optimize the parameters of an estimation function 
through cross-validation, ultimately identifying the most effective algorithm [21]. In this experiment, 
while the network structure of the BPNN model was kept constant, GS was utilized to fine-tune the 
remaining hyperparameters. This process typically involves iterative adjustments of hyperparameter 
values to determine the optimal combination [22]. 

Through experimentation, it was found that multiple combinations of hyperparameters could 
achieve the best performance for each model. This could be attributed to the relatively small size of 
the dataset, where changes in certain hyperparameters do not significantly affect the model’s 
performance. In future studies, increasing the sample size could provide more conclusive insights. A 
set of final optimal hyperparameter combinations for the four tree species and the generalized model 
is presented in Table 8. 

Table 8. Optimal hyperparameter settings. 

Hyperparameter P. tabuliformis P. orientalis P. massoniana C. lanceolate Generalized model 
activate Relu Relu Relu Relu Relu 
solver Adam Adam Adam Adam Adam 
alpha 0.0001 0.0001 0.0001 0.0001 0.0001 

learning_rate Constant Constant Constant Constant Constant 

3.3. Analysis of Model Classification Performance 

Table 9 presents the final evaluation results of different models. Among them, Pinus massoniana 
demonstrated outstanding performance, achieving the highest accuracy of 86.21%, while also 
exhibiting strong performance in Precision, Recall, and F1-score, reaching 85.24%, 84.94%, and 
84.59%, respectively. Pinus tabuliformis achieved an accuracy of 68.42%, with a Precision of 72.22%, 
Recall of 69.05%, and F1-score of 69.86%, demonstrating a certain degree of classification capability. 
Both Platycladus orientalis and Cunninghamia lanceolate achieved accuracies approaching 80%, at 
77.78% and 78.95%, respectively. Notably, Platycladus orientalis showed excellent performance in 
Precision, reaching 84.44%, while Cunninghamia lanceolate demonstrated superior performance in 
Recall, achieving 80.95%. The generalized model also achieved a respectable accuracy of 71.19%, with 
a Precision of 71.15%, Recall of 70.68%, and F1-score of 69.92%, indicating stable performance. 

Table 9. Evaluation results. 

Model Precision (%) Recall (%) F1 (%) Accuracy (%) 
Pinus tabuliformis 72.22 69.05 69.86 68.42 

Platycladus orientalis 84.44 74.44 74.28 77.78 
Pinus massoniana 85.24 84.94 84.59 86.21 

Cunninghamia lanceolate 79.05 80.95 78.57 78.95 
Generalized model 71.15 70.68 69.92 71.19 
To provide a more intuitive understanding of the classification performance, confusion matrices 

and ROC curves (Figure 6) were generated for the BPNN models of each species. In Figure 6(a), the 
model accurately predicted the strong, medium, and weak growth categories for Pinus tabuliformis in 
4, 4, and 5 cases, respectively. However, there were two instances of strong growth misclassified as 
medium, three medium misclassified as strong, and one weak case misclassified as strong. The ROC 
curves in Figures 6(a) illustrate the performance across the three growth categories. The AUC for 
growth categories A and B is slightly lower than that for category C. This suggests that in the Pinus 
tabuliformis model, trees with weak growth potential are more easily classified, while those with 
strong or medium growth potential tend to be more easily confused. This discrepancy may be 
attributed to the growth characteristics of Pinus tabuliformis, which has a slower growth rate. At 44 
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years of age, the tree exhibits relatively uniform annual ring widths in the outermost 2 cm, leading to 
more difficulty in distinguishing its features. 

  
(a) 

  
(b) 

  
(c) 
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(d) 

  
(e) 

Figure 5. Confusion matrix and ROC curve for each model: (a) Confusion matrix and ROC curve of the Pinus 
tabuliformis model; (b) Confusion matrix and ROC curve of the Platycladus orientalis model; (c) Confusion matrix 
and ROC curve of the Pinus massoniana model; (d) Confusion matrix and ROC curve of the Cunninghamia 
lanceolate model; (e) Confusion matrix and ROC curve of the model for Generalized model. 

Similarly, in Figure 6(c), Pinus massoniana demonstrated the best classification performance. The 
model correctly predicted the strong, medium, and weak growth categories for Pinus massoniana in 
6, 7, and 12 cases, respectively. There were two strong cases misclassified as medium, one medium 
misclassified as strong, and only one weak case misclassified as medium. Moreover, the AUC for 
three growth potential is close to 1. These results suggest that while the model is generally effective 
at identifying tree growth categories, some misclassifications do occur. 

It can be seen from the confusion matrices and ROC curves of each model that trees with medium 
growth potential are easily confused with those of strong and weak growth potential. However, the 
model can better distinguish between strong and weak growth potential. This indicates that plants 
with medium growth potential may share similar characteristics with plants of strong or weak 
growth potential, making it difficult for the model to differentiate them. After all, medium growth 
potential lies between the two. 

4. Discussion 

The traditional method of determining growth potential types mainly relied on expert 
experience and classification results are subjective and inaccurate. To enhance the accuracy of growth 
potential recognition, researchers have proposed various methods. Waring et al. suggested using the 
amount of trunk wood produced per square meter of leaf area as an indicator of tree growth potential 
[23]. However, measuring leaf area is challenging, and mathematical models for estimating it often 
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yield significant errors, limiting the applicability of model. Hatch et al. proposed assessing growth 
potential through exposed crown surface area [24], but this approach only considers crown width, 
resulting in low estimation accuracy. Ding et al. utilized tree volume, incorporating tree height and 
DBH, as a measure of growth potential [2]. Nevertheless, this method fails to account for variations 
in site conditions and tree ages, leading to discrepancies in volume for trees with similar growth 
potential. In forestry management, it is crucial to develop plans tailored to different site conditions 
and tree ages, selecting trees with high growth potential as targets and harvesting those with lower 
potential. Consequently, distinguishing growth potential among trees with varying site conditions 
and ages remains challenging. 

Artificial intelligence, which studies human intelligent activities to construct systems capable of 
performing tasks requiring human intelligence, offers a feasible solution to solving complex problems 
[25,26]. The BP algorithm consists of two primary processes: forward propagation of signals and error 
backpropagation. During forward propagation, input signals are transmitted through hidden layers 
to the output nodes, undergoing nonlinear transformations to generate the predicted output. If the 
predicted output deviates from the target output, the error is propagated backward through the 
network [27]. The error is distributed across the units of each layer and is used to adjust the weights 
of the units. Specifically, the adjustment involves modifying the connection strengths between input 
and hidden nodes, as well as between hidden and output nodes, along with the thresholds. These 
adjustments are made to minimize the error through gradient descent. Through iterative training, the 
optimal network parameters, including weights and thresholds, are determined [28]. Consequently, 
the BPNN possesses the capability for highly complex pattern classification and excellent 
multidimensional function mapping [29], making it one of the most widely used neural network 
models [30–32]. In this study, a growth potential prediction model was established using a BPNN, 
with tree height, DBH, and average crown width as input variables and growth potential type as the 
output variable. The test results showed that the accuracy of the sub models for Pinus tabulaeformis, 
Platycladus orientalis, Pinus massoniana, and Cunninghamia lanceolate were 68.42%, 77.78%, 86.21%, and 
78.95%, respectively, and the accuracy of the generalized model was 71.19%. These findings 
suggested that employing BPNN is a viable approach for accurately estimating tree growth potential. 
However, the discrimination accuracy of some tree species was not high. In future research, the 
number of experimental trees can be increased to improve the discrimination accuracy of the model. 

5. Conclusions 

The growth potential of trees can be estimated by tree height, crown width and DBH. The higher 
the tree height, the larger the crown width and diameter at breast height, and the better the growth 
potential of the tree. The traditional method of determining growth potential types mainly relied on 
expert experience. The discrimination results were subjective and had low accuracy. This paper 
proposed a method for determining tree growth types based on BP neural network. The test results 
showed that the accuracy of the sub models for Pinus tabulaeformis, Platycladus orientalis, Pinus 
massoniana, and Cunninghamia lanceolate were 68.42%, 77.78%, 86.21%, and 78.95%, respectively, and 
the accuracy of the generalized model was 71.19%. These findings suggested that employing BPNN 
is a viable approach for accurately estimating tree growth potential. 
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