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Abstract: Accurately predicting tree growth is crucial for sustainable forest management and
addressing climate-related impacts on ecosystems. This study explores the use of Long Short-Term
Memory (LSTM) neural networks to forecast the Diameter at Breast Height (DIA) for white oak and
red oak trees in Missouri, USA, which is a key indicator of tree health, growth, and timber value.
Using historical data from 1999 to 2020 for training and 2021 data for validation, the model
demonstrated its capability to capture growth patterns effectively. Results revealed that the LSTM
model achieved higher predictive accuracy for white oak, attributed to its more consistent growth
trends, whereas red oak predictions were influenced by greater sensitivity to environmental
variability. These findings emphasize the potential of LSTM models in forestry analytics providing
detailed insights into species-specific growth dynamics and supporting enhanced forest resource
monitoring and management. The study contributes to advancing machine learning applications in
forestry by showcasing how LSTM networks can address challenges in predicting tree growth across
diverse species and environmental conditions. This research highlights the transformative role of
data-driven models in fostering sustainable forest management practices and improving decision-
making processes in the face of ecological and climate uncertainties.

Keywords: LSTM neural network; diameter at breast height (DIA); white oak; red oak; DIA forecast

1. Introduction

Forests play a critical role in the global ecosystem by regulating the climate, storing carbon and
providing habitats for the countless wildlife [1]. Oak forests contribute significantly to the
environment by preventing soil erosion, sustaining biodiversity and offering a renewable source of
timber [2,3]. White Oak and Red Oak trees are especially important because of their widespread use
in industries like construction and furniture making.

However, oak forests face growing challenges from both natural and human-made threats.
Diseases like oak wilt and changing climate conditions are major concerns [4]. Climate change has
led to more severe droughts, which increase tree mortality, especially in areas already under
environmental stress [5,6]. Studies indicate that drought-induced mortality in oak forests is becoming
more frequent, impacting the health and stability of these ecosystems [7,8].

A significant issue is oak decline which has become a pressing concern in regions like the Ozark
Highlands, where tree mortality rates have risen sharply [9]. Red oaks are particularly vulnerable as
they are more susceptible to pests and environmental stressors, often leading to sudden tree deaths.
On the other hand, white oak exhibits stable growth patterns, which make them easier for predictive
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modeling. In addition, to pests and climate factors, the soil characteristics play a significant role in
oak decline [10]. Soil texture and water availability can directly affect the health and stand density of
oak trees. The soil related stressors combined with biotic pressures such as pests and pathogens can
further intensify oak decline particularly in dense forest stands [11,12].

Forest management practices such as prescribed burning have been implemented to promote
oak regeneration, but their effectiveness varies depending on species and regional conditions [13,14].
While fire and other silvicultural practices can help maintain forest health, more research is needed
to optimize these approaches [15].

Machine learning, especially Long Short-Term Memory (LSTM) networks, has emerged as a
promising tool for predicting forest dynamics and growth patterns [16,17]. Traditional statistical
models like linear regression struggle to capture non-linear relationships in environmental data).
LSTMs, on the other hand, excel at handling time-series data with long-term dependencies [18,19].

One key metric in forest management is the diameter at breast height (DIA) of trees. It refers to
the diameter of a tree’s trunk which is typically measured at 1.3 meters (4.5 feet) above ground level,
which provides insights into tree growth, health, and timber value [20]. Accurate DIA predictions
enable forest managers to make informed decisions about conservation efforts, timber harvesting,
and land management. This study aims to improve the accuracy of DIA forecasts for white and red
oaks by applying LSTM models to annual growth data.

The DIA of oak trees varies across regions due to differences in environmental conditions,
competition, and forest disturbances [21]. Red oak trees tend to have more variable growth patterns
compared to white oak, making it harder to model their development accurately [22]. By
Incorporating environmental variables such as soil type, rainfall, and temperature, the predictive
power of the models can be enhanced.

LSTM models offer a significant advantage over traditional models by retaining information
over time, which is especially useful in forecasting forest growth [23]. The ability to capture temporal
dependencies enables LSTM networks to uncover complex relationships in historical data that might
otherwise remain hidden. This study focuses on using LSTM models to predict the DIA of white and
red oaks in Missouri. By doing so, it aims to provide valuable insights for forest managers, helping
them maintain healthy oak populations and improve forest management practices for the future.

1.1. Overview of Neural Networks

Neural networks draw inspiration from the structure and functioning of the brain. They consist
of layers of nodes, known as neurons, that process input data to produce an output. Each connection
between neurons is given a weight that signifies its significance in making predictions. During
training, these weights are adjusted by the network to reduce the error between predicted and actual
results. Various kinds of networks are tailored for specific data types and tasks. Feedforward neural
networks, the basic type, process data in a linear manner from input to output. However, they are
less effective for tasks where the order of data points matters like in time series forecasting.

Recurrent Neural Networks (RNNs) are designed to handle data where the sequence of data
points is crucial. Unlike feedforward networks RNNs incorporate loops that enable them to
remember inputs making them well suited for tasks such as natural language processing and time
series forecasting. Long Short-Term Memory (LSTM) networks represent a form of RNNs created to
address issues faced by traditional RNNss like the vanishing gradient problem that impedes learning
long term dependencies. LSTMs achieve this by incorporating a memory system that can retain data
across extended sequences, which proves highly efficient for activities such as forecasting the growth
of trees, where historical data plays a crucial role, in determining growth patterns.

1.2. Objective

This study focuses on the growth patterns of white and red oak trees across various counties in
Missouri, which is a state chosen for its extensive oak population and diverse climatic conditions.
The primary objective of this study is to analyze the growth patterns of white and red oak trees across
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various counties in Missouri and develop a predictive framework for estimating the Diameter at
Breast Height (DIA) of these species. The study aims to leverage advanced machine learning
techniques to improve the accuracy of growth predictions and explore the impact of incorporating
environmental factors such as soil type, rainfall, and temperature on predictive performance.

This research hypothesizes that Long Short-Term Memory (LSTM) neural networks will
outperform traditional statistical models, such as linear regression and ARIMA, in predicting DIA
due to their ability to capture complex temporal and nonlinear dependencies in growth patterns.
Furthermore, it is hypothesized that including environmental variables alongside historical growth
data will significantly enhance the accuracy and reliability of the predictions, demonstrating the
importance of ecological factors in tree growth modeling.

2. Materials and Methods
2.1. Study Area

Our study area consists of Missouri state, which is in the mid-west region of USA. We chose
this study area because Missouri is an ideal location for analyzing oak species due to its representative
environmental conditions, which include variations in soil types, precipitation levels and
temperatures across the state. The range of climate and geographic conditions in Missouri supports
a mix of white and red oak forests, each with unique growth characteristics that vary by local
environmental factors. By selecting Missouri as the study area this research captures a comprehensive
dataset that accurately reflects how these trees respond to environmental variability across different
regions of the state.

We selected white and red oaks because they are both ecologically and economically significant,
but their growth dynamics differ due to physiological and environmental sensitivities. White oak
trees (Quercus alba) are recognized for their adaptability and stable growth patterns, thriving in a
variety of soils and environmental settings [24]. This adaptability makes white oaks resilient to
moderate drought and climate fluctuations, thus providing reliable forest cover, reducing soil
erosion, and supporting local wildlife [25]. Conversely, red oak species, including northern red oak
(Quercus rubra) and black oak (Quercus velutina) exhibit a higher sensitivity to environmental stressors
such as drought, pest infestations and disease outbreaks [26]. This susceptibility affects red oak
populations and growth consistency, especially in regions with variable water availability and pest
pressure.

The distinct responses of these oak species to environmental changes highlight the need for
species-specific predictive models that can account for these differences in growth dynamics.
Missouri’s diverse oak population with its varied responses to environmental factors provides an
ideal case study for predictive modeling. By focusing on Missouri's unique oak ecosystem, this
research aims to enhance understanding of species-specific growth patterns in relation to climate
variability. The insights gained from this study can contribute to forest management strategies that
anticipate the impacts of environmental change on forest dynamics, ensuring the preservation of
these valuable oak populations and the ecological and economic benefits they provide.
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Figure 1. Missouri state outline map with counties.

2.2. Data Acquisition and Processing

The dataset for this study was acquired from the Forest Inventory and Analysis data compiled
by USDA Forest Service providing DIA measurements for white oak and red oak trees from 1999 to
2021 [27,28]. This dataset includes comprehensive forest attributes supplemented with environmental
variables such as soil type, rainfall, and temperature data, which are critical for understanding
growth patterns in these tree species [29,30]. The data was collected across various Missouri counties.
This dataset reflects the state’s diverse environmental conditions offering a rich base for model
training and validation that captures both geographic locations and temporal variability. However,
the locations of white and red oak trees within the plot system are recorded within one mile of its
actual positions to protect the privacy of landowners [31].

The dataset contains various forest attributes, current diameter (DIA), species code (SPCD) and
survey years across various counties. The data was filtered to include white oak trees (SPCD 802) and
red oak trees (SPCD 812, 813, and 833) species code. We used the aggregate DIA by county and year
from 1999 to 2020 [32]. Data Analysis was conducted using Python employing TensorFlow and scikit-
learn libraries for model training and evaluation.

The data focuses on identifying tree species such as white oak and red oak using the species
code (SPCD). DIA serves as the target variable for the prediction. It includes year and county which
enables tracking of DIA overtime. Also, Environmental variables like soil type, annual precipitation,
average temperature and other conditions to better understand the influence of these variables on
tree growth.
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Figure 2. This figure depicts the Aggregated DIA for White Oak and Red Oak from 1999 to 2021: (a) It depicts
the total aggregate DIA (in cm) for white oak from the year 1999 to 2021. X-axis represents the Year & Y-axis
represents the Aggregated DIA (in cm); (b) It depicts the total aggregate DIA (in cm) for red oak from the year
1999 to 2021. X-axis represents the Year & Y-axis represents the Aggregated DIA (in cm).

2.3. Model Implementation
2.3.1. Model Architecture

The LSTM neural network architecture developed for predicting the DIA of oak trees is tailored
to handle time-series data, which is crucial for accurately capturing growth patterns in DIA over time.
To perform data analysis and model training, Python was utilized, specifically leveraging essential
libraries such as NumPy for numerical computations, Pandas for data manipulation, TensorFlow and
Keras for building and training the LSTM model, Scikit-learn for data preprocessing and calculating
performance metrics and Matplotlib for visualizing model performance and growth patterns.

The architecture begins with an input layer that processes lagged DIA values. These lagged
values represent historical measurements, enabling the model to capture temporal dependencies and
learn trends over the years effectively. The core of the model is composed of two Long Short-Term
Memory (LSTM) layers, each with 128 hidden units. These LSTM layers allow the model to retain
long-term dependencies, which is particularly important for tree growth prediction, as past data
significantly impacts future growth. To prevent the model from overfitting the training data, a
dropout layer with a 20% dropout rate is applied after the LSTM layers. This layer randomly
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deactivates neurons during training, which helps the model generalize better by preventing excessive
reliance on specific patterns within the training data.

After the LSTM layers, the output is fed into a fully connected (dense) layer with 64 units, using
a rectified linear activation function (ReLU). This dense layer introduces non-linearity, allowing the
model to capture complex relationships within the data. A final dense layer with a single unit
produces the DIA prediction, completing the architecture and delivering a single output that
represents the forecasted diameter increment for a given year. This prediction is then compared to
actual DIA values during training to guide the learning process through error minimization. Data
standardization was performed based on the training set to ensure consistency and prevent data
leakage. The model incorporates lagged DIA values as input features, where, for instance, a lag-1
feature reflects the DIA value of the previous year. This approach helps the model identify and learn
from annual growth trends.

To optimize the model, the Adam optimizer was selected for its dynamic adjustment of learning
rates, improving convergence efficiency and stability. The Mean Squared Error (MSE) was chosen as
the loss function to measure the variance between predicted and actual DIA values, guiding the
model’s parameter updates. Early stopping was also employed to monitor performance, halting
training when no improvement was observed over a set patience threshold. This measure prevents
overfitting and unnecessary computations, ensuring a balance between accuracy and
generalizability.

The model was trained for up to 500 epochs with a batch size of 32, processing multiple training
samples before each parameter update. To assess the model's accuracy, the 2021 test data was
evaluated using MSE and R? metrics.

3. Results
3.1. Model Performance for White Oak

The LSTM model was trained on data from 1999 to 2020 and tested on data from 2021 to predict
the DIA of white oak trees. The model's performance was evaluated using Mean Squared Error (MSE)
and R-squared (R?) metrics, which are standard measures for assessing the accuracy and explanatory
power of predictive models.

The model obtained an MSE of 9,659,823.0 on the white oak test dataset. The R-squared value of
the model was 0.85 indicating that around 85% of the variation in DIA for white oak trees can be
understood by the model. The residual unexplained variance implies that there are influences, such
as environmental or biological factors affecting DIA, that are not considered by the model. Higher R?
values signify model performance so this outcome indicates that while the model is effective there is
still room for enhancement.

Figure 3 illustrates how well the model performed by comparing the DIA values with the actual
DIA values for White Oak in 2021. The scatter plot shows that although the predictions align with
the data there are clear deviations. At times, the model underestimates growth while in instances it
overestimates it. This variability in accuracy could be attributed to factors such as changes or unique
conditions specific to individual trees not fully accounted for by the model.
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Figure 3. Actual vs Predicted values (Dotted line) for White Oak in the year 2021. X-axis represents the Actual
DIA (in cm) and Y-axis represents the Forecasted DIA (in cm).

3.2. Model Performance for Red Oak

The LSTM model was also applied to predict the DIA of red oak trees using the same training
and testing periods. However, the performance metrics indicate that the model was less successful
in predicting DIA for red oaks compared to white oaks.

The model achieved an MSE of 4,018,403.0 for the red oak test data. While this MSE is lower than
that for white oak, it should be noted that MSE values are not directly comparable across datasets
with different scales and variances. The lower MSE here could be due to the overall smaller variance
in the DIA of red oak trees in the dataset rather than better model performance. The model may be
capturing the general growth trends but like white oak there is still significant error due to factors
the model did not account for. The R? value for red oak was significantly moderate at 0.55. This
suggests that the model explains 55% of the variance in DIA for red oak trees leaving 45% of the
variance unexplained. This moderate R? value indicates that the model is not capturing the key
drivers of growth for red oak trees as effectively as it does for white oaks. This could be due to
differences in growth patterns between the two species or the influence of external factors that were
not adequately captured by the model.

Figure 4 shows the comparison between the expected and observed DIA for Red oak trees in the
year 2021. The scatter plot displays a spread of data points compared to the plot for white oaks
suggesting that there is less agreement between the predicted values and the actual measurements.
This variation in data points implies that the models forecast for oak trees are more erratic and less
dependable, due to the intricate and unpredictable growth patterns specific to red oaks that were not
accurately captured by the model.
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Figure 4. Actual vs Predicted values (Dotted line) for Red Oak in year 2021. X-axis represents the Actual DIA (in

cm) and Y-axis represents the Forecasted DIA (in cm).

3.3. Comparison with Actual Data for White Oak and Red Oak

To assess how useful the model is in practice we compared the LSTM model forecasts for 2021
with the DIA data collected during that year. This analysis helps us understand how accurately the
model predicts real world outcomes.

When looking at white oak we found that while the LSTM model captured the trend of DIA
growth effectively there were discrepancies between the predicted values and the actual data in
various counties. In some instances, the model overestimated growth while in others it
underestimated DIA levels. On the hand for red oak there was a more noticeable difference between
predicted and actual DIA values. The model tended to underestimate DIA levels in areas due to its
limited ability to account for the complex growth patterns of red oak trees. This indicates that
improving the model by including variables or enhancing feature engineering could help it better
capture red oak growth nuances.

Forecasted DIA for Missouri Counties in 2021 Actual DIA for Missouri Counties in 2021

Tt t

125 km 125 km
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Figure 5. The above plots depict the Forecasted DIA (in cm) and Actual DIA (in cm) for white oak across the
Missouri counties in the year 2021: (a) Forecasted DIA for white oaks across the Missouri counties in the year
2021; (b) Actual DIA for white oaks across the Missouri counties in the year 2021.
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Figure 6. The above plots depict the Forecasted DIA (in cm) and Actual DIA (in cm) for Red oak across the
Missouri counties in the year 2021: (a) Forecasted DIA for Red oak across the Missouri counties in the year 2021;
(b) Actual DIA for Red oak across the Missouri counties in the year 2021.

4. Discussion
4.1. Effectiveness of LSTM Networks in Predicting DIA

The findings of this study indicate that LSTM networks are effective for predicting the DIA of
white oak with moderate accuracy, while struggling to forecast red oak growth accurately. These
results align with prior research suggesting that white oaks exhibit more stable growth patterns
compared to red oaks, making them easier to predict. Similar studies in the Ozark Highlands have
shown that white oaks tend to be less susceptible to rapid environmental changes, which enhances
the predictability of their growth [33].

In contrast, the low predictive accuracy for red oak aligns with evidence from other research
highlighting the vulnerability of oak to environmental stressors such as drought and pest outbreaks
[34]. Studies on oak mortality have consistently found that red oak species are more prone to sudden
mortality during dry periods, making it difficult for predictive models to accurately forecast growth
trends [35-37]. This variability is also evident in past works that used simpler regression models,
which showed similar difficulties in predicting red oak growth patterns.

Remote sensing data, combined with LSTM models, has proven beneficial in similar research.
These studies found that integrating satellite imagery and ground-based data enhanced predictive
accuracy by capturing dynamic environmental factors like soil moisture and vegetation health. While
our model did not incorporate remote sensing data, doing so in future research could improve
predictions, particularly for red oaks, by providing additional insights into changing environmental
conditions.

This study’s findings align with our research that suggests hybrid models combining machine
learning algorithms, such as LSTM and Random Forest, perform better than single models alone.
Incorporating ensemble methods may improve DIA predictions for Oak trees by leveraging different
algorithms, strengths, particularly in handling non-linear environmental interactions.

The findings regarding DIA predictions for white oak also reflect trends observed in other
studies, which suggest that deeper root systems and greater drought tolerance contribute to the stable
growth of white oak species [38]. These characteristics allow white oaks to maintain growth even
during periods of environmental stress which may explain the higher prediction accuracy observed
in this study [39-41].
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Studies have also employed spatial analyses using Ripley’s K function to identify mortality
patterns, reinforcing our findings that incorporating spatial tools enhances forest management
strategies. These tools are particularly useful for identifying high-risk areas, allowing predictive
models to focus on regions where oak mortality is more likely to occur [42].

However, this study differs from some earlier research by adopting an LSTM-based approach
rather than traditional statistical models such as regression trees. Past studies have found that
regression-based models perform well for white oaks but struggle with red oaks due to their erratic
growth responses. Our findings confirm that LSTM networks offer a significant advantage over
traditional models in capturing time-dependent patterns, though challenges remain for red oak
predictions.

The inclusion of environmental variables, such as soil type and precipitation, is crucial for
improving the model’s performance, aligning with findings from previous works [43]. While our
model incorporated some environmental data, future research could benefit from using real-time
data sources, such as satellite-based monitoring systems, to further enhance prediction accuracy [44].

4.2. Research Limitations

Despite the promising results, several limitations were identified in this study that may have
influenced the accuracy of the predictions. While LSTM networks are powerful tools for time-series
forecasting, they are sensitive to hyperparameter selection, which can affect model performance. The
reliance on annual DIA data limits the model’s ability to capture intra-annual growth variations
which may be significant for red oaks. Future studies could explore using more frequent data points
such as monthly or seasonal measurements to improve prediction accuracy [45].

The data used in this study was acquired from the United States Forest Service (USFS) which
conducts annual surveys. While the USFS provides valuable data but inconsistencies in data
collection methods across counties may introduce bias into the model [46]. Additionally, some
counties had fewer than 10 years of data which limits the amount of historical information available
for model training.

This study relied on historical data which may not fully capture current environmental changes.
Integrating real-time data sources such as satellite imagery could significantly improve the model’s
ability to forecast DIA accurately [47,48].

The study focused on oak forests in Missouri which may limit the generalizability of the findings
to other regions. While Missouri’s climate provides diverse conditions but oak forests in other parts
of the U.S. may experience different environmental challenges that are not captured by the model.

The varying growth patterns of white and red oaks present unique challenges for predictive
modeling. The model’s moderate performance for white oak may not translate to other species which
require tailored models to account for their specific growth dynamics [49,50].

Although early stopping was implemented to prevent overfitting there is still a risk that the
model may have learned patterns specific to the training data reducing its generalizability.

5. Conclusions

This research emphasizes the effectiveness of Long Short-Term Memory (LSTM) networks in
forecasting the DIA of oak trees, an essential metric for assessing forest well-being and timber asset
management. By examining data spanning from 1999 to 2020 the LSTM model highlighted its
capability to provide precise forecasts for 2021. This accomplishment holds importance due to the
intricate nature of tree growth impacted by a multitude of environmental variables and past trends.

One notable aspect of this study is its focus on using machine learning techniques, such as
LSTMs in a field that has typically relied on simpler statistical methods. The findings indicated that
although the LSTM model performed admirably particularly when compared to approaches like
linear regression and Random Forest there is still room for improvement. The elevated Mean Squared
Error (MSE), and moderate R-squared values imply that while the model captures some of the
underlying growth patterns it fails to encompass all the inherent variability found in nature.
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Furthermore, this study highlights the significance of model advancement. With the
advancements in machine learning methods there are chances to boost our forecasting abilities.
Delving into blended models that merge the advantages of LSTMs with machine learning techniques
could present an avenue for enhancing predictions and offering more understandable outcomes.
Likewise exploring deep learning structures such as transformers may uncover ways to grasp the
essential long-term relationships crucial more effectively in time series prediction.

In summary, highlighting the effectiveness of LSTM models, this research has broader
implications for the management of oak forests in Missouri. Accurate predictions of DIA support
informed decision-making in forest conservation, timber harvesting and biodiversity preservation
ensuring the long-term health of these ecosystems. Future research should explore integrating more
environmental variables such as soil moisture, temperature etc., while expanding the model to other
regions and species. These tools can better support sustainable forestry practices and Key
stakeholders including forest managers, landowners and policy makers will benefit from these tools
to guide sustainable forestry practices and policy development.
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