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Accurate wood volume estimation is essential for sustainable forestry management, supporting resource planning, carbon sequestration analysis, and economic evaluation. Traditional regression models often struggle to capture the complex, nonlinear relationships between tree metrics and wood volume. This study evaluates the efficacy of Artificial Neural Networks (ANNs) for wood volume estimation in Eucalyptus camaldulensis plantations at Usmanu Danfodiyo University, Sokoto, with three specific objectives; which includes; establishing the relationship between the measured variables; Training the Artificial Neural Networks (ANNs) Model to estimate wood volume, and comparing its performance with traditional regression models. Using a complete enumeration approach, data on Diameter at Breast Height (DBH) and Total Height (TH) were collected from 142 trees. Regression analysis, including both simple and multiple linear models, were employed to establish the relationship between the measured variables. DBH was identified as the primary predictor of wood volume, explaining 69% of its variance (R² = 0.6892), while TH accounted for 7.66%. A combined regression model improved prediction accuracy (R² = 0.7365). Regression models including Chapman-Richards, Gompertz, Exponential, and Logarithmic models were developed alongside an ANN model implemented in MATLAB 2024b. Model performance was assessed using Root Mean Square Error (RMSE) and Coefficient of Determination (R²). The ANN model outperformed traditional models, achieving RMSE values of 0.0201 (training), 0.0150 (validation), and 0.0216 (testing), with the highest R² (0.7290) during testing. These results demonstrate the superior accuracy of ANNs in modeling nonlinear relationships and highlight their potential to advance precision forestry and sustainable resource management. Future studies could explore integrating remote sensing data for broader application.
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1.1 Background of the Study:
Wood volume is the quality that best describes the yield of a growing forest (be it natural or planted forest). It is the amount of wood contained in a tree, log, or piece of timber, typically measured in cubic meters (m³) or cubic feet (ft³) (Husch et al., 2003). It is an important measurement in forestry, timber harvesting, and wood processing industries. The volume of wood contained in the stem of a tree is one of the most important measurements made in forestry, because; wood is the principal commercial product of forests, and the stem contains a very large biomass of a tree (West, 2004). Accurate estimation of the wood volume in forest stands is a crucial task in forestry management, as it provides crucial information for sustainable timber production, planning of harvest, carbon sequestration capabilities of stands, economic analysis and decision making for sustainable forest management.
The application of ANNs for wood volume is a topic of ongoing research and discussion. While the existing studies have shown promising results, there is a need for further investigation to understand the factors that influence the performance of ANNs in this context and to optimize their application for enhanced wood volume estimation (Gopal et al., 2021). ANNs can be seen as a complex system of massively distributed data processing units that aims to simulate the functions of the neurons in the human brain based on mathematical values or equations (Diamantopoulou et al., 2009). Artificial Neural Networks (ANNs) are computational models inspired by the human brain's neural architecture, designed to recognize patterns, classify data, and make predictions based on input data. It has gained immense popularity across various fields, including finance, healthcare, and artificial intelligence, due to their ability to learn from data and improve over time (Goodfellow, Bengio & Courville, 2016). They are composed of interconnected nodes, known as artificial neurons, which are organized into layer, where the input layer receives the data, the hidden layer(s) process the information, and the output layer generates the predictions or decisions (Goodfellow et al., 2016). The artificial neural network model is a learning method supervised by training data in order to produce models that generate prediction for the response variable (Mugnai et al. 2015). Their flexibility and capacity to handle nonlinear relationships make them particularly useful in scenarios where traditional statistical methods may fall short, such as in the estimation of wood volume in Eucalyptus stands (Diamantopoulou, 2009). 
In recent years, the application of machine learning techniques particularly artificial neural networks (ANNs), has shown promising results in enhancing the accuracy and efficiency of wood volume estimation (Diamantopoulou, 2009; Gopal et al., 2021). ANNs have the ability to capture complex non-linear relationships between various stand and tree-level variables, which are essential for accurate wood volume estimation (Diamantopoulou, 2005). The use of ANN as an estimation method considering biological relationships has shown to be promising in the modeling of tree volume (Batista et al., 2022; Júnior et al., 2021), diameter distribution (Binoti et al., 2014) stem shape (Binoti et al., 2014) and forest productivity (Gonçalves et al., 2014) with emphasis on species such as Eucalyptus and teak species. Other studies which has demonstrated the potential of ANNs in improving the accuracy of wood volume estimation across different forest types, including Eucalyptus stands (Sharma et al., 2017; Gopal et al., 2021; Bautista et al., 2022; Júnior et al., 2021).
Eucalyptus is one of the most widely cultivated tree species globally, with a significant economic and environmental impact in the forestry industry (Gonçalves et al., 2013). Their fast-growing rates, adaptability to diverse edaphic and climate conditions as well as multiple end use applications make them a valuable renewable resource (Binkley et al. 2017; Slik et al., 2002). The wood of Eucalyptus is utilized for a variety of purposes, including pulp and paper production, construction materials (lumber, plywood etc.), utility poles, bioenergy generation and even essential oils (FAO, 2010). The economic impact of Eucalyptus plantations is substantial, generating revenue through the production and exportation of wood products, creating jobs in rural communities, and contributing to foreign exchange earnings (Baustista et al., 2011). Accurate estimation of wood volume in Eucalyptus stands is essential for their sustainable management, as it informs decisions related to harvesting, afforestation, and bioenergy production (Gopal et al., 2021). Knowing the volume of wood available within a stand empowers forest managers to make informed decisions regarding harvesting cycles, resource allocation, and overall forest health. Precise volume estimates also enable sustainable management practices, preventing overexploitation and ensuring the regeneration of the forest resource (McClure et al., 2009). To accomplish this purpose, various techniques have been used in the past. Wykoff et al. (1982) reported that volume tables, which offer precalculated volumes based on tree diameter at breast height (DBH) and occasionally height, provide a simple and rapid method. These tables are constrained to the range of data utilized in their development and frequently target specific species. According to Parresol (2001), regression models are developed by statistical analysis to ascertain the correlations between variables measured and real volume data. These models can provide greater flexibility. The intricate, nonlinear growth patterns seen in Eucalyptus trees, however, may not be adequately represented by conventional models, which frequently rely on linear correlations (Zeng et al., 2011). These restrictions call for the use of more accurate and effective techniques for estimating the volume of wood.
[bookmark: _Toc187646122]1.2	Statement of the Problem
Traditional methods of wood volume such as manual measurements and the regression-based models, often suffer from limitations in terms of accuracy, time-consumption and labor-intensive requirements (Sharma et al., 2019). The estimation of wood volume accurately in forest plantation is necessary for achieving sustainable forest management, monitoring and planning of timber production as well as sustainable harvest, and carbon accounting, thus, it is important to use a method that will estimate this variable at a low cost and high accuracy (Ivaldo et al., 2019; Sharma et al., 2017). The emergence of advanced technologies such as remote sensing and machine learning techniques (such as ANNs) has opened new avenues for efficiency and accuracy of wood volume estimation (Baskent and Kadiogullari, 2007),. However, the estimation of wood volume accurately in Eucalyptus plantation remains a challenge, as these trees exhibits significant variability in growth patterns, stem forms and environmental conditions. By harnessing the power of artificial neural networks (ANN), it may be possible to enhance the accuracy and efficiency of wood volume estimation in Eucalyptus plantation, leading to improved forest management and sustainability. This study aims to bridge the gap left by traditional methods of volume estimation by investigating the efficacy of ANNs for estimating wood volume in Eucalyptus plantation.
[bookmark: _Toc187646123]1.3	Objectives of the Study
The main objective of this research study is to estimate the wood volume contained in Eucalyptus stands by leveraging the capabilities of artificial neural networks. The study aims to achieve the following specific objectives;
1. Establish relationship between the variables measured.
2. Train Artificial Neural Networks (ANNs) Model to estimate wood volume
3. Evaluate the Performance of the ANN model against Conventional Methods


[bookmark: _Toc187646124]1.4	Justification
Recent studies have highlighted the importance of improving timber volume estimation techniques to support sustainable forestry. In forestry, the Artificial Neural Network (ANNs) technique is considered a promising and very efficient alternative for defining the best management of forest resources (Menzies et al., 2007; Bhering et al., 2015; Miguel et al., 2015; Ribeiro et al., 2016 and Çatal & Saplioğlu, 2018). Their purely massive structure distributed in layers and ability to learn and generalize situations, tolerance of flaws and noises, and their flexibility in modeling categorical (qualitative) and numerical variables provide the methodology with a favorable context regarding the capacity to solve problems of any size (Binoti et al., (2013). For instance, a study by Maltamo et al. (2019) emphasizes the need for advanced modeling approaches to enhance the accuracy of timber volume estimation in managed forests. Furthermore, the advancements in remote sensing and digital technologies, coupled with the emphasis on data-driven decision-making in the forestry domain, have created an opportune environment for the application of advanced techniques like ANNs for forest resource assessment (Latifi et al., 2021). The successful implementation of the ANN-based wood volume estimation model can offer several substantial benefits to the forestry industry. Firstly, the model has the potential to provide more accurate volume estimates compared to traditional methods, leading to enhanced resource planning and utilization. A recent study by Özçelik et al . (2020) demonstrated the superior performance of ANN-based models over conventional regression-based approaches in estimating timber volumes in Eucalyptus plantations. Secondly, the automation and scalability of the ANN-based approach can reduce the need for labor-intensive field measurements, resulting in significant cost savings and improved efficiency (Xie et al., 2018). Moreover, the continuous monitoring and tracking of timber volumes enabled by the model will support sustainable management practices and ensure the optimal utilization of forest resources (Dube et al., 2021).
This research has the potential to improve the accuracy and efficiency of timber volume estimation in Eucalyptus stands. By leveraging the ability of ANNs to learn complex relationships from data, this in turn, can inform profitable and sustainable forest management practices for Eucalyptus production. This research will contribute to advancements in sustainable and precision forestry by introducing a machine learning-based approach for wood volume estimation. In addition, this study is highly relevant due to the increasing demand for sustainable forest management practices, coupled with the growing demand for timber and wood products, there is a pressing requirement for efficient and accurate methods to estimate timber volumes by forest managers, particularly in the context of fast-growing Eucalyptus plantations. In conclusion, this research on harnessing artificial neural networks for enhanced wood volume estimation in Eucalyptus stands is paramount in the current era, offering substantial benefits to the forestry sector and the academic environment. The study's findings also have the potential to contribute significantly to the sustainable management of forest resources and advancements in the field of forest biometrics, as evidenced by recent research in this domain.
[bookmark: _Toc187646125]1.5	Scope of the Study
This research focused on evaluating an ANN model for estimating wood volume at the Department of Forestry Eucalyptus Plantations located within Usmanu Danfodiyo University, Sokoto, Sokoto State.
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[bookmark: _Toc187646128]2.1	Concept of Wood Volume Estimation 
Wood volume is a cubic measure of the amount of usable wood present in an individual log, tree or group of trees and is used to assess economic value (FAO 1997). Wood volume refers to the amount or quantity of wood present in a tree, log, or piece of timber. It is an important measurement in forestry, timber harvesting, and wood processing industries. Wood volume is the amount of wood contained in a tree, log, or piece of timber, typically measured in cubic meters (m³) or cubic feet (ft³) (Husch et al., 2003). The volume of wood in a tree or log is influenced by factors such as tree species, tree diameter, tree height, and stem form (Avery & Burkhart, 2015). Wood volume can be measured using various methods, including log scaling, tree volume equations, and remote sensing techniques (Burkhart & Tomé, 2012). Sustainable forest management is critical for ensuring the long- term health and productivity of the forest while meeting the needs of local communities and supporting economic development (Andrade et al., 2019; Liu et al. 2018; ter Steege et al., 2016). Therefore, quantifying volumetric production is a fundamental part of the sustainable forest management planning process since it provides quantitative information about the forest that facilitates decision-making and helps minimize environmental impacts (Rodrigues et al., 2022). In addition to ensuring the sustainable management of forest resources, accurately estimating merchantable volumes at both the tree and stand levels is fundamental to the implementation of laws regulating forest management (Weiskittel et al., 2011; Burkhart and Tomé, 2012).
[bookmark: _Toc187646129]2.2.0	Wood Volume Estimation: A Review of Approaches and Techniques
The accurate estimation of wood volume is a critical component of sustainable forest management, as it informs decision-making processes related to resource planning, yield assessment, and commercial transactions (Clutter et al., 1983). Over the years, researchers have explored various approaches and techniques to address this very important task. These approaches can be categorized into direct and indirect methods and the use of Allometric models
[bookmark: _Toc187646130]2.2.1	Direct Measurement Methods for Estimating Wood Volume
Conventionally, this is the most widely used approach by forestry practitioners and researchers, and the most common direct measurement methods is the caliper measurement approach (Husch et al., 2003). This technique involves directly measuring the diameter of individual trees using calipers, typically at breast height (1.3 meters above the ground). Once the diameter measurements are obtained, volume equations, such as the Smalian or Newton formulas, are applied to estimate the volume of each tree (Avery & Burkhart, 2015). This method is relatively straightforward and can provide reasonably accurate results for simple tree forms. However, the caliper measurement approach is not without its limitations. It is a labor-intensive and time- consuming process, particularly in dense or complex forest environments, where accessibility and visibility can be challenging (Næsset, 2004). Additionally, the accuracy of the volume estimates can be influenced by factors such as tree taper, irregularities in tree shape, and the potential for human error during the measurement process. Another direct measurement technique is log scaling, which is commonly used in commercial timber operations (Avery & Burkhart, 2015). This approach involves measuring the length and diameter of harvested logs to calculate their individual volume, which can then be used to determine the total stand volume. Log scaling is often considered more accurate than caliper measurements, as it directly assesses the volume of the harvested timber. However, log scaling is limited to the assessment of felled trees and may not accurately represent the volume of standing trees in the forest. Furthermore, this method is primarily focused on the commercial value of the timber and may not provide a comprehensive understanding of the total wood volume within a forest stand. A third direct measurement approach is the use of volume tables or yield equations, which are developed based on empirical data collected from sample plots or field measurements (Husch et al., 2003). These tables or equations relate tree characteristics, such as diameter, height, and form factor, to the estimated volume of individual trees or stands. While volume tables can provide a more efficient and standardized approach to volume estimation, they are often developed for specific forest types or regions and may not be readily applicable to all forest conditions.
The main limitations of these direct measurement methods are their labor-intensive nature, the potential for human error, and their inability to capture the full complexity of tree and stand structures (Næsset, 2004).
[bookmark: _Toc187646131]2.2.2	Allometric Models for Estimating Wood Volume
Allometric models establish relationships between easily measured tree characteristics and the volume of individual trees or stands. Allometric models are based on the principle that various morphological features of a tree, such as diameter, height, and crown dimensions, are correlated with the tree's overall volume (Chave et al., 2005). By establishing these relationships through empirical data collection and statistical analysis, researchers and forestry practitioners can develop predictive models that can be used to estimate wood volume without the need for direct, labor-intensive measurements. A common allometric model used for estimating wood volume is the diameter-based approach, which relates the diameter at breast height (DBH) of a tree to its volume (Zianis & Mencuccini, 2004). These models are often in the form of power functions, where the volume (V) is expressed as a function of the diameter (D) and a set of coefficients (a and b):
V = a x Db
The coefficients (a and b) are typically determined through regression analysis using empirical data such as diameter at breast height, total height, crown diameter etc., collected from sample trees, and they can vary depending on factors such as tree species, stand characteristics, and geographic region (Chave et al., 2005). In addition to diameter-based models, researchers have also explored the inclusion of height in the allometric equation, which incorporate tree height as an additional predictor variable (Feldpausch et al., 2012). The model take the form:
V = a x Db x Hc
Where, H represents the tree height, and a, b, and c are the estimated coefficients.
The inclusion of height information can improve the accuracy of volume estimates, as tree height is also a significant determinant of wood volume (Feldpausch et al., 2012). However, the measurement of tree height can be more challenging and time-consuming than diameter measurements, particularly in dense or complex forest environments. Beyond the traditional diameter and height-based allometric models, researchers have also explored the use of more complex allometric equations that incorporate additional tree characteristics, such as crown dimensions, wood density, and form factors (Chave et al., 2005; Goodman et al., 2014). These more comprehensive models aim to capture the multidimensional nature of tree structure and improve the accuracy of volume estimation, particularly for diverse forest types or regions.
One of the key advantages of allometric models is their ability to provide efficient and cost- effective volume estimation, as they rely on easily measured tree characteristics rather than direct, labor-intensive volume measurements (Zianis & Mencuccini, 2004). Additionally, these models can be scaled up to the stand or landscape level by applying the individual tree-level relationships to inventory data or remote sensing observations (Goodman et al., 2014). However, the accuracy of allometric models is heavily dependent on the quality and representativeness of the empirical data used to develop them (Chave et al., 2005). Factors such as tree species, age, environmental conditions, and management practices can all influence the relationships between tree characteristics and volume, and these variations need to be accounted for in the model development process. Furthermore, the transferability of allometric models across different forest types or regions can be limited, as the underlying relationships may not be consistent (Feldpausch et al., 2012). This challenge has prompted the need for the development of more flexible and adaptable allometric modeling approaches, as well as the integration of allometric models with other volume estimation techniques, such as remote sensing and terrestrial laser scanning (TLS).
[bookmark: _Toc187646132]2.3.0	Artificial Neural Networks (ANNs)
Artificial Neural Networks (ANNs) are computational models inspired by the human brain's neural architecture, designed to recognize patterns, classify data, and make predictions based on input data. They have gained immense popularity across various fields, including finance, healthcare, and artificial intelligence, due to their ability to learn from data and improve over time (Goodfellow, Bengio, & Courville, 2016). An ANN consists of layers of interconnected nodes or neurons. The input layer receives the input data, where each neuron represents a feature of the input. Following this, the hidden layers process the inputs received from the input layer. There can be multiple hidden layers, with each neuron applying a transformation to the inputs using weights and activation functions. Finally, the output layer produces the final output of the network, with the number of neurons corresponding to the number of classes in a classification problem or a single neuron for regression tasks (LeCun, Bengio, & Haffner, 2015).
[bookmark: _Toc187646133]2.3.1	Structure of Artificial Neural Networks (ANNs)
The structure of a typical ANN consists of an input layer, one or more hidden layers, and an output layer, with each layer containing a number of nodes and connections between them (Hornik et al., 1989; Cybenko and G., 1989). An ANN is an information-processing system, which consists of a number of interconnected processing elements, commonly referred to as artificial neurons, these neurons are logically arranged into two or more layers, and interact with each other via weighted connections. Each neuron is connected to all the neurons in the next layer. There is an input layer where data are presented to the ANN, intermediate layers, also known as hidden layers, which compute complicated associations between patterns and an output layer that holds the response of the network to the input. (Chungen et al., 2003).
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Fig. 1. Structure of the biological neuron (left) and artificial the neuron (right).	
Source: (Datacamp, 2024)
[bookmark: _Toc187646134]2.3.2	Activation Function, Types and their various equations
Activation functions are mathematical functions applied to the weighted sum of the inputs in each neuron. Activation functions are responsible for introducing non-linearity into the network, allowing it to learn complex patterns. Common activation functions include sigmoid, which maps input to a value between 0 and 1; tanh, which maps input to a value between -1 and 1; and ReLU (Rectified Linear Unit), which outputs the input directly if positive and zero otherwise (LeCun et al., 2015). ANNs applications can be seen in image recognition, ANNs, particularly Convolutional Neural Networks (CNNs), are widely used for tasks such as image classification and object detection; in natural language processing, Recurrent Neural Networks (RNNs) and Transformers leverage ANNs for tasks like language translation and sentiment analysis. Additionally, in healthcare, ANNs are employed for predictive analytics in disease diagnosis and treatment recommendations. In finance, they are used for stock price prediction, fraud detection, and credit scoring (Zhang & Zhao, 2021).
[bookmark: _Toc187646135]2.3.3	Artificial Neural Networks (ANNs) Architecture
The architecture of ANNs is typically structured into three main types of layers, these includes; the input layer, hidden layers, and the output layer. The input layer receives the data, with each neuron representing a feature of that data. Hidden layers, which can vary in number and size, process the inputs through activation functions, allowing the network to learn complex patterns. The output layer generates the final predictions, with the number of neurons corresponding to the number of classes in classification tasks or a single neuron for regression tasks (Goodfellow et al., 2016). Each neuron within these layers operates by receiving inputs, applying weights and a bias, and then passing the result through an activation function. This process can be mathematically expressed as
y=f ( )
where y is the output, wi are the weights, xi are the inputs, and b is the bias term. Weights determine the strength of connections between neurons, while biases help the model fit the data more effectively. During training, these parameters are adjusted using optimization algorithms like gradient descent (Glorot & Bengio, 2011).
[bookmark: _Toc187646136]2.3.4	Artificial Neural Networks (ANNs) Learning process and Algorithm
The learning process in ANNs involves two main phases: forward propagation and backpropagation. During forward propagation, input data is passed through the network, and the output is computed based on the weights and activation functions. This output is then compared to the actual target values to calculate the error. In the backpropagation phase, the network minimizes this error by adjusting the weights. The error is propagated backward through the network, and optimization algorithms, such as gradient descent, are employed to update the weights accordingly (Goodfellow et al., 2016).
[bookmark: _Toc187646137]2.3.5	Multilayer Perceptron
A Multilayer Perceptron (MLP) is a type of artificial neural network (feed forward neural network) consisting of multiple layers of connected neurons with a nonlinear kind of activation function (Datacamp, 2024). Multilayer Perceptron (MLP) is a type of artificial neural network characterized by multiple layers, including an input layer, one or more hidden layers, and an output layer. Each layer consists of interconnected neurons that process input data through weighted connections and activation functions. The neurons in the MLP typically use nonlinear activation functions, allowing the network to learn complex patterns in data. MLPs are significant in machine learning because they can learn nonlinear relationships in data, making them powerful models for tasks like classification, regression, pattern recognition among others. 
Below is typical structure of a multilayer perceptron:

[image: ]
Figure 2. Multilayer Perceptron
Source: (Datacamp, 2024)
MLPs are trained using the backpropagation algorithm, which computes gradients of loss function with respect to the model’s paramaters and updates the parameters iteratively to minimize the loss, hence making them particularly effective for supervised learning tasks (Datacamp, 2024). In forestry, MLPs can model complex relationships between input features, such as tree measurements, environmental variables, and remote sensing data, to predict wood volume accurately. Their ability to learn non-linear patterns enhances their effectiveness in capturing the variability inherent in forest ecosystems. Several studies have successfully employed MLPs for wood volume estimation. Kumar et al. (2016) utilized MLPs to estimate the volume of teak trees based on various biometric parameters, demonstrating high accuracy in their predictions. Dandois et al. (2015) applied MLPs to remote sensing data for estimating forest biomass, which correlates closely with wood volume, showing that MLPs can effectively leverage spectral information to improve volume estimation. Their results indicated that MLPs provided reliable estimates, contributing to better forest management practices. Furthermore, Niemann et al. (2014) explored the application of MLPs for predicting timber volume using a combination of ground measurements and remote sensing data, highlighting the model's robustness in various forest types. Zhang et al. (2018) also reported successful applications of MLPs in estimating the volume of mixed-species forests, emphasizing the model's adaptability to different ecological contexts. González et al. (2019) utilized MLPs in conjunction with satellite imagery to estimate forest biomass and volume, demonstrating the advantages of integrating remote sensing data with machine learning techniques. Additionally, García et al. (2021) applied MLPs for estimating wood volume in plantations, showcasing their effectiveness in operational forestry settings.
[bookmark: _Toc187646138]2.3.6	Advantages and Limitations of Artificial Neural Networks (ANNs)
Artificial Neural Networks (ANNs)  is best known for learning capability, generalization ability and fault tolerance; ANNs have the ability to capture non-linear relationships, which makes it able to learn and model nonlinear, complex relationships help model the world relations between input and output. Also, ANNs have the potential to provide more accurate and reliable wood volume estimates, hence, giving them the property of improved accuracy and robustness. Furthermore, ANNs are adaptable to diverse data sources because, they can effectively integrate a wide range of data sources, such as field measurements, remote sensing data and environmental variables, this makes them superior in terms of predictive power compared to other conventional wood volume estimation models. In addition, once trained, ANNs are exceptionally good at organizing large amounts of data by processing, sorting and categorizing the data. They have gained popularity, due to their known advantages, that is, setting the modeler free from assumptions that needed to be followed in other modelling methods, such as regression analysis. As resulted from the relative research through the application of the ANN methodology to real life problems, the most attractive feature of ANNs are their ability to learn from noisy data and their potential to accurately describe the behavior of complex non-linear systems. Until now, in the field of forest modelling, the implemented research and the related findings led to the same conclusion, that artificial neural network models (ANNs) can be considered as a significant alternative modeling technique for many characteristics of trees against to classical modeling methods, both in classification tasks (Schmoldt et al. 1997; Sarigul et al. 2003; Liu et al., 2003; Cosenza et al. 2017), and for estimation and prediction problems (Özçelik et al., 2008; Pertsen et al. 2010; Leite et al. 2011; Soares et al., 2013; Reis et al. 2016; Özçelik et al. 2017; Ercanli et al., 2018; Monteiro da Silva et al. 2018; Zhou et al. 2018; Socha et al. 2020). Other advantages of ANNs are; their scalability and automation, ability to learn hidden relationships and ability to generalize data.
However, it is important to note that ANNs also have some limitations, and this must be considered before applying them to wood volume estimation; these are; Requirement for large and representative datasets for training in order to capture the underlying patterns and relationships accurately. Also, they are prone to overfitting; especially if the ANN model is too complex or the training datasets are insufficient, the model may overfit the data, hence, leading to poor generalization performance, though, techniques like dropout and regularization can help mitigate this issue. The performance of ANN models can be highly dependent on the selection of appropriate hyperparameters, such as; the network architecture, learning rate and regularization techniques. Furthermore, the computational complexity of training deep neural networks requires significant resources and time. Finally, the interpretability of ANNs remains a concern, as they are often seen as "black boxes," making it difficult to understand their decision-making processes (Goodfellow et al., 2016). In conclusion, Artificial Neural Networks represent a powerful tool for solving complex problems across various domains.
[bookmark: _Toc187646139]2.3.6	Empirical Studies on the Use of ANNs in the forestry
The potential of artificial neural networks (ANNs) for wood volume estimation has been explored in numerous studies across various forest types, including their performance and the various ANN-based approaches for volume estimation compared to traditional regression-based models. In the context of Eucalyptus, several studies have demonstrated the superior predictive accuracy of ANNs for wood volume estimation. Binoti et al. (2013) developed ANN models to estimate the height of Eucalyptus stands in Brazil, reporting that the ANN approach outperformed conventional height-diameter regression models. The authors attributed the improved performance to the ANN's ability to capture the complex, non-linear relationships between tree and stand characteristics and wood volume. Similarly, Görgens et al. (2015) compared the performance of ANN and other machine learning methods for estimating forest volume using airborne laser scanning (ALS) data in Eucalyptus plantations. The study found that ANN models exhibited the highest accuracy, with R- squared values exceeding 0.90, highlighting the potential of integrating remote sensing data with ANN techniques for large-scale wood volume estimation in Eucalyptus stands. Beyond Eucalyptus, the application of ANNs for wood volume estimation has been explored in various other forest types. Diamantopoulou and Milios (2010) developed ANN models to predict the total volume of dominant pine trees in reforested areas in Greece, demonstrating that the ANN approach outperformed traditional regression models in terms of accuracy and robustness. Özçelik et al. (2010) conducted a comparative study on the use of ANNs and nonlinear regression models for estimating tree bole volume of four different species, including Crimean juniper, in Turkey. The results showed that the ANN models provided more accurate and reliable volume estimates compared to the regression- based models, particularly for complex, non-linear relationships. While these studies have highlighted the potential of ANNs for wood volume estimation, it is important to note that the performance of ANN models can be influenced by several factors, such as the quality and quantity of training data, the selection of appropriate model architectures and hyperparameters, and the specific characteristics of the forest stands being studied. For instance, Görgens et al. (2010) found that the accuracy of ANN models for estimating tree bole volume and biomass in Eucalyptus plantations was highly dependent on the quality and resolution of the ALS data used as input. The authors emphasized the need for careful data preprocessing and feature engineering to optimize the performance of ANN-based wood volume estimation models. Additionally, Soares et al. (2016), investigated the impact of stand structural heterogeneity on the productivity and wood volume estimation in Brazilian Eucalyptus monoclonal stands. The study revealed that increased structural complexity can pose challenges for traditional volume estimation methods, suggesting the potential for ANN-based approaches to better capture the inherent variability within Eucalyptus stands. In summary, the existing empirical studies have consistently demonstrated the potential of ANNs to outperform traditional regression-based models in wood volume estimation, particularly in the context of Eucalyptus stands. However, the successful implementation of ANN-based approaches requires careful consideration of the data quality, model architecture, and the specific characteristics of the forest ecosystem being studied.
[bookmark: _Toc187646140]2.4.0	Eucalyptus Camaldulensis
Eucalyptus camaldulensis, commonly known as the river red gum, is native to Australia and is primarily found along riverbanks and in floodplains. Eucalyptus camaldulensis belongs to the family Myrtaceae, found in tropical and subtropical regions. It is a tree with white or cream-colored bark. It is a fast-growing species, native to Australia that can grow under a wide range of climate and edaphic condition (Minhas, Yadav & Bali, 2020; Dawar et al., 2007; Ferreira, Boyero & Calvo, 2019). Its natural distribution extends across eastern and southern Australia, particularly in regions with a Mediterranean climate, characterized by hot, dry summers and mild, wet winters. The species thrives in areas with varying soil types but prefers well-drained, fertile soils near water sources. Factors influencing its growth includes, water availability, nutrient rich and well-draining soils, temperature extremes and seasonal rainfall patterns, and presence of other vegetation can influence its growth and development
[bookmark: _Toc187646141]2.4.1	Botanical Characteristics of Eucalyptus Camaldulensis
[bookmark: _Toc187646142]2.4.1.1	Taxonomic classification:
Eucalyptus camaldulensis belongs to the family Myrtaceae, which has about 800 species of eucalyptus. Its taxonomic classification are as follows:
Kingdom: Plantae
Division: Angiosperms (i.e. flowering plant) 
Class: Dicotyledonae (dicotyledon)
Order: Myrtales Family: Myrtaca
Sub-family: Myrtoideae
Genus: Eucalyptus (approximately 800 species, mostly endemic to Australia) Species: E. camaldulensis
[bookmark: _Toc187646143]2.4.1.2	Morphological features:
Eucalyptus camaldulensis, commonly known as the “River Red Gum, Murray Red Gum, Red Gum” is a medium to tall tree, typically growing up to 20-30 meters in height, but can reach up to 45 meters or greater in some cases. Its key morphological features includes: the specie’s bark is smooth, white or cream-colored with patches of yellow, pink or brown. The bark sheds in long strips, revealing a fresh, smooth surface beneath; the tree also possess juvenile leaves (petiolate, alternate, broadly lanceolate) which are lance-shaped, 80-180mm long and 13-25mm wide. Adult leaves (petiolate, alternate) are lance-shaped to curved, 50-300mm long and 7-32 mm wide, with a dull green or greyish-green color on both sides, the buds are hemispherical with a beaked cap, scar present; the flowers buds are arranged in groups of seven, nine or sometimes eleven. they are oval to spherical, green to creamy yellow, with a prominently beaked operculum. The flowers are white and mainly bloom in summer; the fruit is a wood, hemispherical capsule, 2-5mm long and 4-10mm wide, with raised disc and projecting valves.
[bookmark: _Toc187646144]2.4.1.3	Ecological adaptation:
Eucalyptus camaldulensis is highly adaptable to various environmental conditions, which contributes to its widespread distribution. It is commonly found along watercourses and floodplains, where it benefits from periodic, flooding. The species is well adapted to withstand drought due its deep root system that can access underground water reserves. It can also tolerate a range of soil types, from sandy to heavy clay soils.
[bookmark: _Toc187646145]2.4.2	Economic and Ecological importance of Eucalyptus camaldulensis
The wood of Eucalyptus is valued for its durability and strength, high timber quality, fast growth rate, thus, making it suitable for various economic uses and applications in various industries such as in timber production and processing (furniture, flooring and construction materials), pulp and paper, fuelwood for heating and energy source. The wood is utilized for plywood, telephone transmission poles, medicine, building and fencing posts, rails, tannin, perfumery and environmental conservation; honey production (Boland et al., 1984; Mason et al., 2017; Kumar et al., 2020, FAO 2010). Eucalyptus camaldulensis plays a significant ecological role; it provide various services such as water regulation especially in the riparian zones where it helps stabilize the riverbanks and reduce erosion; carbon sequestration, it also serves as a habitat for numerous birds and animal species (Gibbons & Boak, 2002; Shafique et al. 2020; Laclau et al. 2010). Furthermore, due it fast growth rate, adaptability and benefits, eucalyptus is widely adopted in agroforestry and reforestation initiatives; the specie provides shade and improves soil fertility through leaf litter (Nair, 1993), also as a multipurpose tree, it is a rich source of byproducts like honey, medicinal extracts and perfumes.

[bookmark: _Toc187646146]CHAPTER THREE
[bookmark: _Toc187646147]METHODOLOGY
[bookmark: _Toc187646148]3.1	Description of Study Area
The study was conducted at the department of Forestry and Environment’s Plantation and Agroforestry Teaching and Research Plot, at the Faculty of Agricultural Science, Usmanu Danfodiyo University Sokoto. Usmanu Danfodiyo University, main campus is located between longitude 5º11” 30’ E and 5º14” 30’ E and latitudes 13º8” 30’ N and 13º7” 0’ N. Sokoto State lies on an altitude of 308 m above sea level, within the Sudan savanna belt (Abdullahi et al., 2011). The study area is mixed plantation 	with species of Eucalyptus Camaldulensis, Azadirachta Indica, Acacia Senegal, and Phoenix dactylyfera. The study area is located on Latitude 13º08’05.3” N and Longitude 5º12’45.7”E.
[bookmark: _Toc187646149]3.1.1	Climate
The rainfall ranges from 500mm to 1300mm annually, and temperature ranges between 28ºC to 45ºC (NMA,2010). There are two major seasons in the State; that is, the rainy and dry season. The dry season starts from October and lasts up to April in some parts but may extend to May or June in other parts. While, the rainy season, begins in most part of the State in May and lasts up to September or October. The Harmattan, a dry, cold and dusty wind is experienced in the State between November and February. Heat is more severe in the State in March and April. But the weather in the State is always cold in the morning and hot in the afternoon except at the peak of harmattan (SSG, 2024).
[bookmark: _Toc187646150]3.1.2	Vegetation and Soils 
The vegetation is characterized as Sudan Savanna which is composed of scattered tall trees and shrubs (Yakubu et al., 2018). The soils are mostly sandy to loamy in texture with some patches of clayey subsoil (Ango et al., 2014). An assortment of various species of grasses and legumes, patches of bushes and sparsely distributed indigenous tree species majority of which are thorny tree species, such trees include Acacia nilotica, Faidherbia albida, Zizipus spp, Tamarindus indica, Balanites aegyptiaca,  etc., Ango et al., (2014).
[bookmark: _Toc187646151]3.2	Sampling Procedure
In this study, a complete enumeration approach was adopted for data collection. That is, every tree within the study area was measured. This method was chosen because the training process for Artificial Neural Networks (ANNs) requires a large dataset to achieve robust and accurate model performance. By using complete enumeration, a sufficiently large dataset was ensured, which is very important for training and evaluating the ANN model.
[bookmark: _Toc187646152]3.3	Data Collection and Processing
Data used for this study comprised 142 observations of Eucalyptus camaldulensis stands, collected from the Department of Forestry and Environment Agroforestry and Plantation Teaching and Research Plot at the Faculty of Agriculture in Usmanu Danfodiyo University, Sokoto. The measured variables were Diameter at Breast Height (DBH) and Total Height (TH) was measured using the Laser Ace Hypsometer. The collected data were screened out using Microsoft Excel. The volume of each individual tree was computed using the Newton’s Formula:
V = (Db2 + 4Dm2 + Dt2)							(equation 1)
		24
Where: V = Volume (m3), H= Total Height (m), Db = Diameter at the base, Dm= Diameter at the middle and Dt = Diameter at the top 
[bookmark: _Toc187646153]3.4	ANN Model Development 
The ANN model was developed using the Matlab Software Package version 2024b, utilizing the Neural Network Fitting Tool. This app provides an interactive environment for training, validating, and testing ANNs, allowing easy experimentation with architectures and optimization algorithms by automatically setting the best numbers of neurons in the hidden layer and the best activation functions
[bookmark: _Toc187646154]3.4.1	 ANN Architecture
The model features an input layer with two neurons to represent DBH and Total Height, a single hidden layer containing 10 neurons, and an output layer with one neuron to predict the wood volume. It uses the Levenberg-Marquardt algorithm for training, ensuring fast optimization, especially suitable for small datasets. The datasets used for the process was partitioned into three sets 70% (100 observations) for training, 15% (21 observation) and 15% (21 observation) for the validation
[bookmark: _Toc187646155]3.4.2	Training Algorithm
The Levenberg-Marquardt algorithm was selected due to its efficiency in minimizing error for small-to-medium-sized datasets. The algorithm iteratively updates weights to minimize the mean squared error (MSE)

[bookmark: _Toc187646156]3.5	Regression Models:	
Simple Linear Regression: Vol = - 0.06747 + 1.17591 x DBH
				Vol = -0.00582 + 0.00983 x TH
Multiple Linear Regression: Vol = -0.13506 + 1.15364 x DBH + 0.00775 x TH
[bookmark: _Toc187646157]3.6	Data Analysis and Model Evaluation
The performance of the ANN model was evaluated using Coefficient of Determination R- Squared (R2), Root mean squared error (RMSE), Mean Squared Error (MSE) as the performance metric to assess the accuracy and reliability of the ANN model


[bookmark: _Toc187646158]CHAPTER FOUR
[bookmark: _Toc187646159]4.0					         RESULTS
[bookmark: _Toc187646160]4.1	Summary Statistics
[bookmark: _Hlk184560188]The summary statistics (Table 1) provide an overview of the statistical distribution of the measured variables; Diameter Breast Height (DBH), Total Height (TH) and Volume. The range, which is the difference between the Minimum (Min) and Maximum (Max) indicates variability within the variables, while standard deviation and variance quantify the dispersion of the variables. The low standard errors for all the variables indicate precision in the mean estimates.
Table 1. Summary Statistics of the measured variables
	[bookmark: _Hlk184559959]Variables
	Mean
	Max
	Min
	Range
	SD
	SE
	Variance

	DBH
	0.120
	0.190
	0.05
	0.140
	0.030
	0.002
	0.001

	Total Height
	9.100
	12.500
	5.74
	6.76
	1.166
	0.098
	1.359

	Volume
	0.080
	0.200
	0.01
	0.290
	0.05
	0.004
	0.003


(Where SD= Standard deviation, SE=Standard Error, Min.=Minimum, Max = Maximum)
[bookmark: _Toc187646161]4.2	Regression Analysis between the measured variables
Table 2. Summarizes the regression analysis results for predicting wood volume. The regression equation with DBH and TH only as the predictor variable have an R2-value of (0.6892) and (0.0766) respectively. And the equation with DBH and TH combined have an R2-value of (0.7365).
 Table 2. Regression Analysis
	Models
	R2
	Adj. R2
	p-Value
	RSE

	V= −0.06747+1.17591×DBH
	0.689
	0.687
	0.000
	0.023

	V=−0.00582+0.00983×TH
	0.076
	0.070
	0.001
	0.039

	V= −0.13506+1.15364×DBH+0.00775×TH
	0.736
	0.732
	0.000
	0.021


(Where V=Volume, DBH=diameter at breast height, TH=Total Height, R2= coefficient of determination, Adj. R2= Adjusted Coefficient of determination, RSE= Residual Standard Error)

[bookmark: _Toc187646162][bookmark: _Hlk184814862]4.3	Artificial Neural Networks (ANN) Model Training
Table 3 presents the performance metrics for the ANN model training, testing and validation. The RMSE values are; 0.0201, 0.0216 and 0.0150
Table 3. Performance metrics for ANN Training, Validation and Testing phases
	Dataset
	RMSE
	R2
	Adj. R2

	Training
	0.0201
	0.7859
	0.7801

	Testing
	0.0216
	0.7290
	0.6984

	Validation
	0.0150
	0.7765
	0.7517



[bookmark: _Toc187646163][bookmark: _Hlk184816026]4.4	Artificial Neural Networks (ANNs) Model and adopted Baseline Model Performance 
Table 4. Compares the model performance with traditional models such as the Chapman-Richards, Gompertz, Exponential and Logarithmic models. The ANN consistently outperforms all baseline models, demonstrating superior predictive accuracy and fit
Table 4 Artificial Neural Networks (ANNs) Model and adopted Baseline Model Performance
	Model
	RMSE
	R2
	Adj. R2

	ANN (Training)
	0.020
	0.785
	0.780

	ANN (Validation)
	0.015
	0.776
	0.751

	ANN (Testing)
	0.021
	0.729
	0.698

	Chapman-Richards
	0.023
	0.695
	0.690

	Gompertz
	0.023
	0.695
	0.691

	Exponential
	0.024
	0.653
	0.651

	Logarithmic
	0.024
	0.657
	0.654



4.5	Validation Performance Plot
Figure 3 illustrates the training process of the ANN model, it tracks the Mean squared error (MSE) across 10 epochs. Initially, the training, validation, and testing curves shows a consistent decline in error, indicating effective learning. At epoch 4, the validation curve (green) achieves its lowest MSE value of 0.00022526, marking the optimal performance of the model on unseen data. Beyond epoch 4, the curve begins to diverge slightly, signaling the onset of overfitting. Despite this, the model’s overall performance remains stable, with minimal changes in error across all datasets
[image: ]
Figure 3. Validation Performance Plot
[bookmark: _Toc187646164]4.6	Residual Plots for the Four Based Models
Figure 4 illustrates the comparison between actual wood volume data and predictions from four baseline regression models; Chapman-Richards, Gompertz, Exponential, and Logarithmic. The Chapman-Richards and Gompertz models align closely with the actual data across most DBH ranges, showcasing better accuracy and fit. In contrast, the Exponential model under predicts at lower DBH values and deviates significantly as DBH increases, while the Logarithmic model struggles at both ends of the DBH spectrum, indicating systematic errors and a poorer overall fit.
[image: ]
Figure 4. Baseline model’s residual plots
[bookmark: _Toc187646165]4.7	Relationship between DBH and Volume
[image: ]R2 = 0.6892

Fig. 5 Scatter plot of DBH and Volume
[bookmark: _Toc187646166]4.8	ANN Regression Plot
Figure 6 depicts the relationship between the actual (target) and predicted values for training, validation, testing and the combined data sets. The result shows that ANN model is effective in modelling the relationship between the input variables (DBH and Total Height) and the response variable (volume)
[image: ]
Figure 6. ANN Regression Plot
[bookmark: _Toc187646167]
CHAPTER FIVE
[bookmark: _Toc187646168]DISCUSSION
[bookmark: _Toc187646169]5.1	Summary Statistics
The statistical summary presented in Table 1 provides key insights into the variability and distribution of the measured variables Diameter at Breast Height (DBH), Total Height (TH), and computed Volume collected from 142 Eucalyptus camaldulensis tree stands at the Department of Forestry and Environment's Plantation and Agroforestry Teaching and Research Plot, Faculty of Agriculture, Usmanu Danfodiyo University, Sokoto. Complete enumeration method was employed for data collection; this was due to the small number of samples present on the plantation and the requirement for large datasets for the modelling, as Artificial Neural Networks requires large data sets for training in order to achieve optimal performance (Goodfellow et al., 2016). The DBH values range from a minimum of 0.05 m to a maximum of 0.19 m, with a mean of 0.12 m. The range (0.14m) indicates moderate variability within the dataset, suggesting a mix of younger and more mature trees in the area. Total Height (TH) exhibits a wider range, spanning from 5.74 m to 12.5 m, with a mean height of 9.10 m. The range (6.76m) reflects significant heterogeneity in tree height, likely attributed to variations in site quality, silvicultural practices, competition or genetic differences within the population. The computed volume values range from 0.01 m³ to 0.2 m³, with a mean of 0.08 m³. The range (0.29 m³) and standard deviation (SD = 0.05) are higher relative to DBH and TH, which is expected, given that volume is influenced by both DBH and TH, magnifying any variability in these measurements. The standard error (SE = 0.004) indicates reliable estimates of the mean volume, consistent with findings by Milios and Diamantopoulou (2012), who noted that volume computations derived from DBH and height tend to amplify the variability inherent in their base measurements.
The variability observed in DBH, TH, and Volume reflects the heterogeneity of the plantation, despite being a managed stand. Such variability highlights the importance of incorporating robust statistical methods and advanced modeling techniques, such as Artificial Neural Networks (ANNs), for accurate volume estimation. Traditional parametric models may struggle to accommodate this level of variability, as noted by Gorgens et al. (2009), further validating the choice of ANNs for this research. The low standard errors across all variables confirm the reliability of the collected data, ensuring that subsequent analyses, including ANN training and validation, are based on precise and representative measurements.
[bookmark: _Toc187646170]5.2	Relationship between the Measured Variables
The relationship between the predictor variables Diameter at Breast Height (DBH), Total Height (TH), and the response variable wood volume was examined using regression analysis. The models evaluated in this study offer insights into how well these variables can predict wood volume, with a focus on comparing the performance of single-variable and combined models to determine the volume. The results revealed varying degrees of explanatory power depending on the predictor variable used, with DBH consistently playing a more dominant role than TH. When DBH was used as the sole predictor for wood volume, the regression model achieved an R² of 0.6892, meaning that approximately 69% of the variance in wood volume could be explained by DBH alone. The adjusted R² of 0.687 confirmed the robustness of the model, while the residual standard error of 0.02319 suggested that DBH is a reliable predictor. These results align with findings of Soares et al. (2015), who emphasized the important role of DBH in volume prediction. Similarly, studies such as Temesgen et al. (2014) highlighted the significance of diameter as a predictor in height-diameter modeling for multi-species forests. Fortier et al. (2017) further validated the importance of DBH in estimating stem volume through site-specific and general allometric equations for hybrid poplars. Moreover, Santana et al. (2023) demonstrated that DBH is a paramount variable in machine learning-based woody volume prediction for Eucalyptus, confirming its applicability in both traditional and advanced modeling techniques. On the other hand, the regression model using Total Height (TH) alone explained only 7.66% of the variance in wood volume (R2 =0.0766), with a residual standard error of 0.03997. The adjusted R2 value of 0.0700 further highlighted TH’s limited predictive power as a standalone predictor. Despite a p-value of 0.000858, which indicates statistical significance, TH’s contribution is weak when considered separately. Studies by Flewelling (1998) and Sullivan et al. (2021) have similarly shown that while height measurements can marginally improve model performance, DBH remains the primary predictor of wood volume, particularly in monoculture plantations. Furthermore, research has demonstrated that models heavily relying on TH tend to exhibit limited predictive accuracy and higher variability due to its constrained range and measurement errors in uniform stands (Oxford Academic, 2023; Frontiers in Forestry, 2023). These findings are consistent with the work of Özçelik et al. (2013), Milios and Diamantopoulou (2012), who observed that while TH can contribute to volume estimation, its impact is secondary to that of DBH, particularly in monoculture plantations
When combined with DBH, TH does improve the model’s performance slightly, but its marginal effect is evident from its small coefficient in the combined model. This underscores the conclusion that DBH is the dominant variable for volume estimation, with TH providing only supplementary information. Both DBH and TH were used as the predictor variables in the regression model, the explanatory power significantly increased, with an R²-value of 0.7365, meaning that 73.65% of the variance in wood volume was explained by the two variables. The adjusted R² of 0.7327 confirmed that this combined model better captured the variance in wood volume, while the residual standard error of 0.02143 demonstrated improved accuracy. The significance of both variables (i.e. DBH and Total Height) was confirmed by the low p-values (0.000; 0.000), which suggests that both variables jointly contribute to explaining the volume. These results align with studies by Binoti et al. (2014) and Soares et al. (2015), which indicated that while DBH plays a dominant role, the inclusion of TH can further improve prediction accuracy (Feldpausch, et al., 2012).
From the above discussion, it can be seen that while DBH remains the strongest predictor of wood volume, incorporating TH improves model accuracy, indicating that the combined effect of both predictors provides a more reliable estimate of volume. This insight is especially important for the development of Artificial Neural Networks (ANNs), which can capture the nonlinearities and interactions between these variables, offering even more precise predictions. This approach has been supported by studies like those of Binoti et al. (2014), Soares et al. (2015) and (Laura N. Sotomayor, 2023,).who demonstrated the power of machine learning models in improving forest volume predictions by accounting for complex variable interactions.
[bookmark: _Toc187646171]5.3	Artificial Neural Networks (ANN) Model Training
The Artificial Neural Network (ANN) model was trained using Diameter at Breast Height (DBH) and Total Height (TH) as input variables to predict wood volume (V). The training results demonstrated effective learning, as reflected by the low mean squared error (MSE) and Root Mean Squared Error (RMSE) values across all datasets. Specifically, the MSE for training, validation, and testing were 0.0201, 0.0150, and 0.0216 respectively, indicating that the model is able to capture the underlying patterns in the data. These findings are consistent with previous research on the use of ANN models in forest volume prediction, such as the work of Soares et al. (2015), who noted that ANNs are highly effective in capturing complex relationships between predictor variables and response variables. The validation results indicate that the model generalizes well to new, unseen data. The low validation MSE of 0.0150 at epoch 4 reflects this strong ability to generalize, confirming the model’s effectiveness in predicting wood volume. As observed by Binoti et al. (2014), one of the strengths of ANN models is their ability to generalize beyond the data used during training, making them more suitable for real-world applications where new data is continually encountered.
The validation performance plot (Fig. 3) provides a visual representation of the ANN model’s training process. It tracks the MSE across 10 epochs and illustrates how the model learns over time. In the early epochs, the training, validation, and testing curves show a consistent decline in error, suggesting effective learning during the initial stages of training. This is in line with findings from Gorgens et al. (2009), who discussed the importance of monitoring learning curves in machine learning models to ensure that the model is converging toward optimal performance. At epoch 4, the validation curve (shown in green) achieves its lowest MSE value of 0.0002, marking the optimal performance of the model on unseen data. This is an important result, as it demonstrates the model’s ability to find the best balance between fitting the training data and maintaining generalizability to unseen data. Zhang et al. (2018) emphasize that the point of lowest validation error is crucial for model selection, as it minimizes both overfitting and underfitting. Beyond epoch 4, the curves begin to diverge slightly, signaling the onset of overfitting. This is common in ANN models and indicates that the model is beginning to adapt too closely to the training data, potentially reducing its ability to generalize effectively. However, the model’s overall performance remains stable, with minimal changes in error across all datasets. 
To this extent, the ANN model demonstrated strong predictive performance, with low MSE and RMSE values for training, validation, and testing datasets. The validation results confirmed the model’s generalizability, while the stability of its performance across epochs highlights its robustness. This aligns with the conclusions of Leite et al. (2011), who highlighted the significance of ANNs to model complex, nonlinear relationships in forestry applications.
[bookmark: _Toc187646172][bookmark: _GoBack]5.4	Artificial Neural Networks (ANNs) Model and adopted Baseline Model Performance
The comparison of the Artificial Neural Network (ANN) model with traditional regression models viz. Chapman-Richards, Gompertz, Exponential, and Logarithmic models illustrate the superior predictive accuracy and fit of the ANN model in estimating wood volume. The performance metrics, summarized in Table 3 and Table 4, clearly demonstrate that the ANN consistently outperforms the baseline models across training, validation, and testing phases.
The ANN model achieved the best performance in all phases of the training and evaluation process. In the training phase, it had a Root Mean Square Error (RMSE) of 0.0201 and an R-Squared value of 0.7859, indicating that approximately 78.59% of the variance in the wood volume was explained by the model. The adjusted R-Squared of 0.7801 further confirms the model's robustness, with minimal overfitting. In the validation phase, the RMSE improved to 0.0150, and the R-Squared value was 0.7765, reflecting the model's excellent generalization ability to unseen data. The adjusted R-Squared of 0.7517 also indicates good model fit without excessive complexity. Similarly, during testing, the model demonstrated strong performance, with an RMSE of 0.0216 and an R-Squared of 0.7290, showing that it maintained high predictive accuracy even with new, unseen data. These findings underscore the robustness and versatility of the ANN model, which consistently outperformed traditional models in predictive accuracy and model fit, as highlighted by Leite et al. (2011), Özçelik et al. 2017; Ercanli et al., 2018; Monteiro da Silva et al. 2018; and Soares et al. (2015) in their studies on ANN applications in forestry for estimation and prediction problems.
When comparing the traditional models, we see that the Chapman-Richards and Gompertz models performed similarly, with RMSE values of 0.0231 and 0.0230, respectively, and R-Squared values of 0.695. These models explain approximately 69.5% of the variance in wood volume, which is noticeably lower than the ANN’s performance. Despite their utility in forestry applications, these traditional models have limitations in capturing more complex, nonlinear relationships in the data. As reported by Gorgens et al. (2009) and Zhang et al. (2018), these models can fail to account for the intricate interactions between DBH and TH, which the ANN captures more effectively. The Exponential and Logarithmic models showed lower performance compared to the other traditional models, with RMSE values of 0.0245 and 0.0244, and R-Squared values of 0.653 and 0.657, respectively. These models explain only 65.3% and 65.7% of the variance in wood volume, which is considerably less than what the ANN model achieves. The Logarithmic model, in particular, struggled with capturing the complex, nonlinear relationship between the predictors and the response variable, a limitation often observed in simpler regression models, as pointed out by Ozcelik et al. (2013).
The results clearly indicate that the ANN model is the most effective tool for wood volume estimation, outperforming traditional regression models like Chapman-Richards, Gompertz, Exponential, and Logarithmic in terms of both RMSE and R-Squared. The ANN's ability to model complex, nonlinear relationships between DBH and TH leads to more accurate and reliable predictions, particularly when compared to traditional models that rely on simpler linear assumptions. These findings reinforce the potential of machine learning techniques, such as ANN, for improving accuracy in forest volume estimation, as demonstrated by Binoti et al. (2014) and Soares et al. (2015) in their respective studies. Thus, the ANN model’s superior performance makes it the preferred choice for predicting wood volume in Eucalyptus camaldulensis plantations, highlighting the advantages of leveraging nonlinear models in forestry applications.
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[bookmark: _Toc187646174]SUMMARY, CONCLUSION AND RECOMMENDATION
[bookmark: _Toc187646175]6.0	Summary
This research focused on leveraging Artificial Neural Networks (ANNs) for enhancing wood volume estimation in Eucalyptus camaldulensis plantations at Usmanu Danfodiyo University, Sokoto. The specific objectives were to establish the relationship between the measured variables (Diameter at Breast Height (DBH) and Total Height (TH), develop an ANN-based volume estimation model, and evaluate its performance against traditional regression models. Data was collected from 142 trees, with measurements of DBH and TH used as key predictors for wood volume estimation. The relationship between the measured variables was first assessed using regression analysis. Results showed that DBH was the dominant predictor of wood volume, explaining approximately 69% (R² = 0.6892) of the variance. In contrast, TH accounted for only 7.66% (R² = 0.0766), indicating its limited predictive power when used alone. However, combining DBH and TH in a multiple regression model improved the predictive accuracy, yielding an R² of 0.7365, which highlighted the benefit of incorporating both predictors to enhance model performance.
The ANN model was then developed using a multilayer perceptron architecture, with DBH and TH as input neurons, a single hidden layer containing 10 neurons, and a single output neuron predicting wood volume. The model was trained using the Levenberg-Marquardt algorithm, achieving superior performance metrics across all datasets. The model achieved low Mean Squared Error (MSE) and Root Mean Squared Error (RMSE) values during training (0.0201), validation (0.0150), and testing (0.0216). The validation plot identified epoch 4 as the point of optimal generalization, demonstrating the ANN model's capacity to learn effectively without overfitting. A comparison with traditional regression models, including Chapman-Richards, Gompertz, Exponential, and Logarithmic models, confirmed the ANN model's superiority. The ANN consistently outperformed these models, achieving the lowest RMSE and highest R² values across all datasets. For instance, during testing, the ANN model achieved an RMSE of 0.0216 and R² of 0.7290, compared to the Chapman-Richards model, which had an RMSE of 0.0231 and R² of 0.695. These findings highlight the ANN model's ability to capture nonlinear relationships and complex interactions between DBH and TH, enabling more accurate wood volume predictions. In short, the research demonstrates the effectiveness of ANNs in addressing the limitations of traditional regression models for wood volume estimation, providing a robust and accurate tool for forestry applications
[bookmark: _Toc187646176]6.2	Conclusion
In conclusion, this research successfully demonstrated the superiority of Artificial Neural Networks (ANNs) over traditional regression models in wood volume estimation for Eucalyptus camaldulensis. By leveraging DBH and TH as input variables, the ANN model effectively captured complex, nonlinear relationships, achieving superior performance metrics (RMSE and R²) across training, validation, and testing datasets. Compared to traditional models such as Chapman-Richards, Gompertz, Exponential, and Logarithmic, the ANN consistently outperformed in predictive accuracy and model fit, confirming its robustness and adaptability. The findings highlight that while DBH remains the dominant predictor of wood volume, incorporating TH improves estimation accuracy, particularly when modeled with advanced machine learning techniques like ANNs. The study underscores the significant potential of ANNs in forestry applications, offering a reliable tool for sustainable forest management and decision-making. 
[bookmark: _Toc187646177]6.3	Recommendation
This study highlights the effectiveness of Artificial Neural Networks (ANNs) in enhancing the accuracy and efficiency of wood volume estimation for Eucalyptus camaldulensis stands. Based on the findings, the following recommendations are proposed:
1. Artificial Neural Networks should be used for estimating wood volume for Eucalyptus camaldulensis stands.
2. Artificial Neural Networks should also be used for wood volume estimation in other tree species. 
3. To address the limited knowledge of machine learning techniques among forestry researchers, it is vital to provide specialized training. The training should focus on practical implementation of machine learning tools and statistical evaluation techniques.
4. Furthermore, future studies could explore integrating remote sensing data to expand the applications of ANNs in forestry, offering new possibilities for forest monitoring and management
5. Researchers from this department are encouraged to explore broader applications of Artificial Neural Networks (ANNs) in forestry, such as biomass prediction, species classification, and growth forecasting. This expansion of focus will enhance innovation in precision forestry and promote sustainable management practices.
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