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Height-Diameter Allometry of Trees in Sacred Grove Forest in North Central Nigeria


ABSTRACT
This study examined the diameter at breast height (DBH) and total tree height (THT) characteristics of trees in the sacred grove (Ipinu-Igede) forest, Benue State, Nigeria, and modelled their height–diameter relationships using both nonlinear regression (NLR) and artificial intelligence (AI) approaches. The descriptive analysis revealed a mean DBH of 40.92 cm (range = 8.91–130.51 cm, SD = 26.98 cm) and a mean THT of 18.76 m (range = 7.50–33.00 m, SD = 5.55 m), indicating a structurally diverse and uneven-aged forest stand. The DBH distribution was positively skewed (1.08) with moderate kurtosis (0.41), while tree height showed near symmetry (skewness = 0.08) and slightly platykurtic form (–0.34). The relationship between DBH and THT was curvilinear, showing diminishing height increment beyond approximately 50 cm DBH. Among the seven NLR models fitted, the Weibull model (M2) had the best overall statistical performance with a coefficient of determination (R² = 0.89), lowest Akaike Information Criterion (AIC = 453.3), and good residual distribution, followed closely by the Chapman–Richards model (M1) (R² = 0.857, AIC = 453.9). The Michaelis–Menten model (M7) also performed competitively with minimal residual bias and biological realism. For the AI models, the XGBoost algorithm (Model 11) outperformed all others, achieving R² = 0.865, RMSE = 1.623 m, MAE = 1.210 m, and MAPE = 9.37%, indicating the highest predictive accuracy and lowest bias, followed by Random Forest (R² = 0.842, RMSE = 1.827 m). Residual analyses confirmed that XGBoost and the Naslund NLR model (M7) exhibited homoscedastic residuals and no systematic bias. The results show that both machine learning and traditional regression approaches can effectively predict tree height from diameter, though the AI-based XGBoost model provided superior accuracy for the heterogeneous forest conditions observed.
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INTRODUCTION
Tree height is a fundamental variable in forest measurement, playing a key role in estimating aboveground biomass, carbon stocks, site quality, and stand dynamics. Measurements of stem diameter and wood density can be obtained easily. However, tree height measurements in tropical forests are time-consuming and difficult, as the top of some emergent trees cannot be viewed easily. This often results in the exclusion of tree height as a key variable of trees in tropical forests (Chenge, 2021). To overcome this challenge, height-diameter allometry models are used.
[bookmark: _Hlk213010592][bookmark: _Hlk213010609]Height-diameter allometry is frequently used to indirectly estimate tree height from more readily measured tree diameter at breast height (DBH) (typically stem diameter at breast height, 1.3 m above the ground) to lower field measurement costs and increase efficiency in forestry research and practice. It has long been established that there are statistically significant correlations between tree height and stem diameter (Meyer, 1940; Arabatzis and Burkhart, 1992). However, the suitability of the chosen model, which must consider the structural and biological features of the forest under study, has a significant impact on how accurately height forecasts turn out. Many height-diameter models have been cdeveloped utilizing a variety of growth functions for various tree species and forest stands based on this connection (Chapman, 1961; Fang and Bailey, 1998).
[bookmark: _Hlk213010629][bookmark: _Hlk213010647][bookmark: _Hlk213010698][bookmark: _Hlk213010672][bookmark: _Hlk213010720][bookmark: _Hlk213010686]Tree height–diameter relationships in temperate (Sharma et al., 2019; Ogana and Gorgoso-Varela, 2020) and tropical forests (Mensah et al., 2018; Mugasha et al., 2019) forests have been modeled using functions and techniques. These functions are site-specific and result in significant errors when used to estimate tree height at other sites, even if they can yield acceptable fits for forest locations where sample data were collected (Zhang, 1997). Traditionally, the least squares regression method has been used to fit height-diameter models. Other fitting techniques, however, have been employed with success. These include quantile regression (Zhang et al., 2020), mixed-effect regression (Corral Rivas et al., 2019; Bronisz and Mehtätalo, 2020), neural networks (Özçelik et al., 2013; Thanh et al., 2019), and reduced major axis regression (Chen, 2018). 
[bookmark: _Hlk213010779][bookmark: _Hlk213010802][bookmark: _Hlk213010789][bookmark: bbib0059]Height–diameter correlations can differ between geographical regions and sites (Liu et al., 2017), between species (Lam et al., 2017), impacted by site quality (Duan et al., 2018) and stand density. Therefore, developing a site-specific model for a unique forest ecosystem (sacred grove forest) is necessary to minimize errors. Since the species composition, growth dynamics, and cultural preservation of sacred grove forests in Guinea savanna (North Central), Nigeria, differ from those of plantation or production forests, none have been developed for these types of forests.
[bookmark: _Hlk213010834][bookmark: _Hlk207691202][bookmark: _Hlk207691168][bookmark: _Hlk213010868]Existing studies (Ige et al., 2013; Chenge, 2021; Ogana and Ercanli, 2022; Ogana et al., 2024) on height–diameter allometry in Nigerian forests have largely overlooked sacred groves, resulting in a lack of locally calibrated models for these culturally significant ecosystems. Similarly, existing models (Mensah et al., 2018; Mugasha et al., 2019) often rely on simple statistical methods, neglecting the potential of advanced artificial intelligence (AI) approaches to capture complex growth patterns. Ogana et al. (2024) modelled H-D relationships in the complex tropical rainforest of Nigeria using a deep learning algorithm. However, their study was limited in scope, since the sacred grove forest was not considered.
[bookmark: _Hlk213010893][bookmark: _Hlk213010903][bookmark: _Hlk213010922]Sacred groves are areas of unaltered forests with abundant biodiversity guarded by native communities based on taboos and societal and religious beliefs (Onyekwelu, 2021). It is a community of trees with significant religious, social, and cultural importance in society (Manyam and Japheth, 2022). Sacred groves can be found across diverse societies and cultures, taking various forms, such as remnants of ancient forests, sites designated for deity worship, celebrations of religion and culture, cemeteries for kings and chiefs, and ancestral worship centres, among others. Sacred groves serve as sanctuaries for endangered native flora and fauna species, as well as a significant genetic resource (Onyekwelu, 2021). Quite often, sacred groves are less disturbed than other forest ecosystems and can serve as models for effective forest management to mitigate climate change and sequester carbon (Aioub and Naghi, 2021).
The comparative performance of advanced AI algorithms against traditional nonlinear regression models for height estimation in such unique forest types remains underexplored. This gap limits the precision of biomass and carbon stock assessments, which are crucial for forest conservation planning and climate change mitigation. Thus, this study aims to evaluate seven nonlinear regression models alongside five AI algorithms to estimate tree height. The results provide robust, site-specific models for improving biomass and carbon stock estimates, supporting sustainable forest management, and preserving the ecological integrity of the sacred grove in the study area. The integration of traditional statistical and AI-based approaches offers practical tools for forestry applications and contributions to the broader scientific understanding of tree allometry in culturally significant ecosystems.
MATERIALS AND METHODS
Location of the Study Area
[bookmark: _Hlk213010983][bookmark: _Hlk195020320][bookmark: _Hlk195020396][bookmark: _Hlk195020446][bookmark: _Hlk195020466]This study was carried out in Igeche sacred grove (Ipenu Igede) forest. The forest covers approximately 49 ha. The study area is located between Latitude 6.803° N to 6.811° N; and Longitude 8.438° E to 8.448° E (Figure 1) in Oju Local Government Area of Benue State, in the Guinea Savanna (North-central) ecological zone of Nigeria. Benue State covers an estimated area of 34,059 square kilometers of land (Dau and Chenge, 2016). Steep mountains, deep valleys, and rugged contours are the typical geographic characteristics of the study area (Benue State, 2021). Benue State has a high drainage density, and many streams are seasonal and flow over impermeable geological environments, indicating low groundwater components and very high runoff (Akpen et al., 2019). The State is underlain by basement and sedimentary rocks, which vary in character across the State (Grant, 1971). 
[bookmark: _Hlk195020558][bookmark: _Hlk213011049][bookmark: _Hlk195020606][bookmark: _Hlk195020640][bookmark: _Hlk213011071]Benue State is classified as a tropical savanna climate (AW climate), with two seasons, the wet and the dry season, according to the Köppen climatic classification. The wet season runs from April to October, with annual rainfall ranging from 1120 to 1500 mm; the dry season is from November to March, with annual rainfall ranging from 1120 to 1500 mm (Amonum and Japheth, 2019). The climate is characterized by high temperatures fluctuating between 27-38 0C as the mean annual, and relative humidity is between 60-80% (Dau and Chenge, 2016). The study area is a natural forest with minimal disturbance managed by traditional priests and communities. The forest management practice of the study area emanates from three basic indigenous conservation systems, namely: observance of laws and taboos, application of punitive measures, and Agroforestry (Tee et al., 2014). Timber exploitation for commercial or domestic purposes is prohibited in the study areas; the dynamics and functioning of the forests continue under minimum disturbance. Harvesting forest products (wood and wildlife) is prohibited in this area. No, silvicultural practices were carried out in the study area. 
[bookmark: _Hlk195020622]The vegetation in the research area consists of the Southern Guinea Savanna type, characterized by dense forests, tall grasses, and herbs, along with riparian forests near a stream. Prosopis africana, Detarium microcarpum, Khaya senegalensis, Daniellia oliveri, Terminalia avicennioides, Lannea acida, African peach (Nauclea latifolia), Parkia biglobosa, vitellaria paradoxa; Pterocarpus erinaceas, Ficus sur, Parinaricuratellifolia (Amonum et al., 2016).


[bookmark: _Hlk195473224][image: ]
Figure 1: Map of Igeche Sacred Grove (Ipenu-Igede) (Inserts: Nigeria showing Benue State; and Benue State showing the location of Oju L.G.A).
Data Collection
[bookmark: _Hlk213011114]The systematic sampling technique (Avery and Burkhart 2002) was used for the establishment of ten sample plots of 30 x 30 m in the forest. A systematic grid with ten plot points spaced at regular intervals of 221 meters apart was overlaid on the map of the forest using GIS software. The coordinates of the plots were extracted and inputted into a global positioning system (Garmin GPSMAP 78). The plots were thereafter relocated to the forest with the aid of the GPS. The coordinates of each plot were retaken at the plot center and recorded. All live trees in the sample plot with stem diameter at breast height (D) of ≥ 10 cm were identified and measurements taken for D and Total tree height (H). The D was measured using a diameter tape, and H was measured using a Spiegel relaskop. 
Data Analysis
Seven non-linear height-diameter models (Table 1) were fitted to the height-diameter data of the inventoried trees. The models include the Chapman-Richards (Model 1), Weibull (Model 2), Gompertz (Model 3), Logistic (Model 4), Exponential (Model 5), Logarithmic (Model 6) and Naslund (Model 7) models. The models were selected based on their appropriate mathematical properties, plusible biological interpretation of parameters (upper asymptote, maximum or minimum growth rate), and satisfactory prediction for tree height-diameter relationships in previous studies. Parameter estimations of the models were accomplished using the ordinary nonlinear least squares (ONLS) procedure, where the starting value of each parameter was iteratively set and the optimum value with the smallest sum of square deviations was chosen as the final parameter estimates.
Table 1: Non-Linear Regression Models for Height-Diameter Prediction
	Model No.
	Equation
	Model
	Reference

	[bookmark: _Hlk213011170][1]
	
	Chapman-Richard
	Chapman, 1961; Richards, 1959

	[2]
	
	Weibull
	[bookmark: _Hlk213011228]Bailey, 1979

	[bookmark: _Hlk213011250][3]
	
	Gompertz
	Huang and Titus, 1992

	[4]
	
	Logistic
	[bookmark: _Hlk213011261]Batista et al., 2001

	[5]
	
	Exponential
	[bookmark: _Hlk213011270]Fang and Bailey, 1998

	[6]
	
	Logarithmic
	[bookmark: _Hlk213011354]Feldpausch et al, 2011

	[7]
	
	Naslund
	[bookmark: _Hlk213011363]Naslund, 1936


H = total tree height (m); D = DBH (cm); a, b and c are parameters to be estimated; ln = the natural logarithm of a number, exp = the base of natural logarithm raised to a power of a number (exponent)

[bookmark: _Hlk213011384][bookmark: _Hlk213011400]Various artificial intelligence (AI) models (Table 2) were employed to estimate height with high precision using diameter measurements from the study area. Among these models, an Artificial Neural Network (ANN) was used, a computational framework inspired by the neural networks of the human brain. This approach enables advanced data processing and predictive capabilities, enhancing the accuracy of the height estimations. It consists of interconnected layers of nodes (neurons) that process input data to predict outcomes. ANN is highly effective for capturing complex nonlinear relationships in datasets (Thanh et al., 2019). Random Forest (RF) is an ensemble learning method that constructs multiple decision trees during training and outputs the average prediction of the individual trees. It improves prediction accuracy and reduces overfitting by leveraging the power of multiple models. Extreme Gradient Boosting (XGBoost) is a powerful ensemble machine learning algorithm that is built upon gradient boosting. It builds trees sequentially, where each tree corrects the errors of the previous ones. XGBoost is known for its high performance and efficiency in handling large datasets. Support Vector Regression (SVR) is an adaptation of Support Vector Machines (SVM) for regression problems. It aims to find a function that deviates from the actual targets by a value no greater than a specified margin, while maintaining model simplicity. These AI models have been successfully applied in predictive modelling, including the estimation of tree height-diameter relationships in forestry research (Chenge et al., 2023; Ogana et al., 2024).
Table 2: AI Models Used for Height-Diameter Prediction
	Equation No.
	Model
	Equation/Algorithm Used
	Reference

	[8]
	ANN
	Artificial Neural Network (Multi-layer Perceptron)
	Zhang et al., 2006

	[9]
	RF
	Random Forest Regression
	Breiman, 2001

	[10]
	XGBoost
	Extreme Gradient Boosting Regression
	Chen and Guestrin, 2016

	[11]
	SVR
	Support Vector Regression
	Drucker et al., 1997


[bookmark: _Toc439842285][bookmark: _Toc439844553][bookmark: _Toc455089936][bookmark: _Toc455092272][bookmark: _Toc455092955][bookmark: _Toc455095150]Evaluation of height-diameter models
A model check for homogeneity of variance using the scatter plots of residuals against predicted height was carried out to check that the standard assumptions of regression were not violated. The evaluation criteria for the comparison of the models were based on the goodness of fit statistics such as Coefficient of determination, Root mean square error, Akaike information criteria and Bias as follows:
The coefficient of determination (R2) provides a measure of how well observed outcomes are replicated by the model, as the proportion of total variation of outcomes explained by the model. R2 was estimated using equation [12] as thus:

								Equation  		[12]

Root means squared error (RMSE) represents the sample standard deviation of the differences between predicted and observed values, and analyses the precision of the estimates. RMSE was estimated based on equation [13] as thus:

								Equation		[13]
[bookmark: _Hlk213011439]Akaike information criterion (AIC) is a measure of the relative quality of statistical models for a given set of data. It estimates the quality of each model relative to each of the other models. Using equation [14], AIC was estimated as (Burnham and Anderson, 2002):


										Equation     [14]
Bias is a measure of the mean difference between observed and predicted values. The smaller the differences the better the model fits the data. Equation [15] was use to estimate bias from the developed allometry as thus:

									Equation	 [15]
  = observed height, = predicted height, n = number of observations and K = number of parameters in the model 
The best model was selected based on the highest R2, lowest RMSE, Bias and AIC values.
Mean Absolute Error (MAE)
Mean Absolute Error (MAE) is a widely used metric for evaluating the accuracy of regression models. It measures the average magnitude of the errors between predicted and observed values, without considering their direction (i.e., it does not penalize over-predictions or under-predictions differently). MAE is expressed in the same unit as the data being predicted. MAE is sensitive to the scale of the data. A smaller MAE indicates better model performance. Equation [16] was used to estimate MAE as thus:
        Equation  			[16]
				
Where: n = number of observations, yi = observed value, ŷi = predicted value, 
Mean Absolute Percentage Error (MAPE)
Mean Absolute Percentage Error (MAPE) is a commonly used metric for assessing prediction accuracy, especially when comparing model performance across datasets with different scales. MAPE expresses prediction errors as a percentage, making it scale-independent as shown in equation [17]. MAPE provides an intuitive percentage-based error. It is not suitable when yi values are zero or near zero, as it can result in division by zero or extremely large values. MAPE equation is as thus:
        Equation	[17]  
Where: n = number of observations, yi = observed value, ŷi = predicted value.
RESULTS
Summary of Tree Growth Variables
Table 1 presents the descriptive statistics for diameter at breast height (DBH) and total tree height (THT) measured in the sacred grove forest. The mean DBH was 40.92 cm, indicating that, on average, the trees in the study area possess moderately large stem diameters. However, the relatively high standard deviation of 26.98 cm and wide range (from 8.91 cm to 130.51 cm) reflect considerable variability in stem sizes, suggesting the presence of both young and mature trees within the stand. The distribution of DBH is positively skewed (skewness = 1.08), meaning that most trees have smaller diameters, while a few exceptionally large individuals pull the mean upward. The kurtosis value (0.41) indicates a distribution that is slightly more peaked than the normal distribution, but not excessively so.
For total tree height, the mean was 18.76 m, with values ranging from 7.50 m to 33.00 m. The standard deviation (5.55 m) and relatively low skewness (0.08) indicate that tree height is more symmetrically distributed compared to DBH. The negative kurtosis (-0.34) implies a slightly flatter distribution than the normal curve, indicating a relatively even spread of tree heights rather than a strong clustering around the mean. These statistics reveal a structurally diverse forest stand, with substantial variation in both tree diameter and height. This diversity is characteristic of natural, uneven-aged forests and is ecologically important as it reflects different stages of growth, potential for carbon sequestration, and resilience against environmental stress. Such variability also has implications for height–diameter modelling, as models must be robust enough to accommodate a wide range of tree sizes and growth forms.
Table 3: Summary statistics of measured growth variables
	Parameters 
	Dbh (cm)
	THT (m)

	Mean
	40.92
	18.76

	Standard Error
	1.78
	0.37

	Median
	33.42
	20.00

	Mode
	47.75
	20.00

	Standard Deviation
	26.98
	5.55

	Sample Variance
	727.90
	30.85

	Kurtosis
	0.41
	-0.34

	Skewness
	1.08
	0.08

	Range
	121.59
	25.50

	Minimum
	8.91
	7.50

	Maximum
	130.51
	33.00

	Count
	229
	229



Relationship Between Tree Height and Diameter
The scatter plot (Figure 2) shows the relationship between Diameter at Breast Height (Dbh) and Total Tree Height (THT) for tree species recorded in the sacred grove (Ipinu-igede) forest in Benue State, Nigeria. The pattern of the scatter plot shows a non-linear relationship between tree diameter and height. As DBH increases, tree height also increases in a somewhat proportional manner. However, beyond a certain threshold (around 50 cm Dbh), the increase in height appears to slow down, indicating a tapering effect. 

Figure 2: Scatter plot showing the relationship between tree Height (H) and Diameter (D)
Model Parameter Estimates and Statistical Performance
The result of the estimated parameters and goodness-of-fit statistics for the seven nonlinear regression (NLR) models in the study area are shown in Table 3. The parameters (a, b, and c) represent model-specific constants derived from the fitting process, each influencing the curvature, slope, or asymptotic behaviour of the height–diameter function. The coefficient of determination (R²) values indicate that all models achieved relatively high explanatory power, ranging from 0.743 in Model [6] to 0.893 in Model [2]. Models [1] and [2] performed well, both attaining R² values above 0.85, indicating that they account for a large proportion of the observed variation in tree height.
Akaike’s Information Criterion (AIC) values, which account for model parsimony and penalize overfitting, further support the superior performance of Model [2] (AIC = 453.3) and Model [1] (AIC = 453.9). The lowest RMSE values were observed in Models [5] and [7] (RMSE = 2.641), indicating better predictive accuracy in terms of minimizing average residual errors. However, performance ranking differs slightly when considering all metrics collectively. For instance, while Model [2] achieved the highest R² and lowest AIC, Models [5] and [7] exhibited the smallest RMSE, suggesting that these latter models may produce more precise point predictions, albeit with slightly lower explanatory power compared to Model [2]. The results indicate that multiple NLR models provide strong fits to the height–diameter data, but Model [2] stands out as the most balanced in terms of explanatory strength, model simplicity, and goodness-of-fit criteria, making it a strong candidate for practical application in height estimation within the study area.
Table 4: Estimated model parameters and statistical fits for the tested NLR models
	Equation (Model) No
	Parameters
	R2
	AIC
	RMSE

	 
	a
	b
	C
	 
	 
	 

	Model [1]
	25.50
	0.0322
	0.8531
	0.772
	453.9
	2.665

	Model [2]
	25.84
	0.0511
	0.8927
	0.772
	453.3
	2.662

	Model [3]
	24.47
	1.655
	0.0499
	0.766
	459.7
	2.699

	Model [4]
	24.07
	2.987
	0.0644
	0.760
	465.4
	2.733

	Model [5]
	3.388
	-18.74
	4.191
	0.776
	449.8
	2.641

	Model [6]
	1.580
	0.3778
	-
	0.743
	480.7
	2.820

	Model [7]
	1.692
	0.1658
	1.888
	0.776
	449.8
	2.641



Model Parameter Estimates and Statistical Performance
The result of the comparative performance of the four artificial intelligence (AI) models (RF, ANN, SVR, and XGBoost) in predicting tree height shows (Table 4) that Model [11] (XGBoost) had the highest R² (0.865), implying that it explained 86.5% of the variation in observed tree height values. This model also recorded the lowest RMSE of 1.623 m, MAE of 1.210 m, and MAPE of 9.37%, signifying superior predictive accuracy and minimal bias in estimations. The model’s tuned parameters (100 boosting rounds (nrounds), maximum tree depth of 6 (max_depth), and learning rate (eta) of 0.3) likely contributed to its ability to capture complex nonlinear relationships. Model [8] (RF) ranked second in predictive performance (R² = 0.842, RMSE = 1.827 m, MAE = 1.322 m, MAPE = 10.76%). Although marginally less accurate than XGBoost, RF demonstrated robustness and stability due to its ensemble of 500 decision trees (ntree) and the random feature selection size of √p (mtry).
Model [9] (ANN) had R² of 0.809, with moderate prediction errors (RMSE = 1.955 m, MAE = 1.488 m, MAPE = 11.89%). The network architecture, comprising two hidden layers with 5 and 3 neurons respectively, and a Rectified Linear Unit (ReLU) activation function, allowed the ANN to model nonlinear patterns; however, it was more prone to underfitting compared to tree-based models.
Model [10] (SVR) exhibited the lowest performance among the four (R² = 0.794, RMSE = 2.025 m, MAE = 1.568 m, MAPE = 13.12%). Using a radial kernel with cost parameter C = 1.0 and epsilon ε = 0.1, SVR was less effective in capturing variability in the height–diameter relationship for this dataset, possibly due to sensitivity to parameter tuning and outlier influence. Thus, the results revealed that XGBoost was the best-performing model for this application, followed by Random Forest, with ANN and SVR providing relatively lower, yet acceptable, predictive accuracies.

Table 5: Performance Metrics of Machine Learning Models
	Model
	Key Parameters
	R²
	RMSE
	MAE
	MAPE (%)

	Model [8] (Random Forest)
	ntree = 500, mtry = √p
	0.842
	1.827
	1.322
	10.76

	Model [9] (ANN)
	hidden = c(5, 3), activation = ReLU
	0.809
	1.955
	1.488
	11.89

	Model [10] (SVR)
	kernel = radial, C = 1.0, ε = 0.1
	0.794
	2.025
	1.568
	13.12

	Model [11] (XGBoost)
	nrounds = 100, max_depth = 6, eta = 0.3
	0.865
	1.623
	1.210
	9.37



Model Curve Fits for Selected Nonlinear Regression Models
Figures 3 and 4 show the fitted curves of selected nonlinear regression models against the observed height–diameter data, providing a visual assessment of model performance. In Figure 3, the Chapman–Richards model (M1) and the Weibull model (M2) are presented. The Chapman–Richards curve (M1) shows a smooth, sigmoidal growth pattern, with height increasing rapidly at intermediate diameters before gradually approaching an asymptote at larger diameters. This form is consistent with theoretical expectations for tree growth, where physiological limitations slow height increments as trees mature. The Weibull model (M2) similarly captures the general trend, with slightly greater flexibility in accommodating variation at mid-diameter ranges. Both models exhibit close alignment between predicted and observed values, confirming their high explanatory power as reflected in the statistical fits in Table 3.
Figure 4 presents the curve fits for the Gompertz model (M3) and the Logistic model (M4). The Gompertz model (M3) also displays a sigmoidal trajectory, though with an earlier inflection point compared to Chapman–Richards, leading to more rapid height stabilization. This suggests it may better describe species or stands with slower height gain beyond intermediate diameters. The Logistic model (M4), while retaining the S-shaped form, tends to slightly underestimate heights for larger diameters, which may indicate a less optimal fit for trees at the upper size range in this dataset. Figures 5 and 6 depict the fitted curves for the Power Model (M5) and the Exponential Model (M6), while Figure 7 presents the fit for the Michaelis–Menten Model (M7). These figures show the functional flexibility of nonlinear equations in describing height–diameter allometry in the study area.
In Figure 5, the Power Model (M5) demonstrates a monotonic, concave growth pattern, with height increasing steadily as diameter expands but without the asymptotic flattening typical of sigmoidal functions. This shape suggests that the model is less effective at representing biological saturation in height growth, which may explain its slightly lower fit statistics compared to M1–M4. Figure 6 shows the Exponential Model (M6), which predicts rapid height increase at smaller diameters, followed by diminishing increments at larger sizes. While this general form aligns with expected growth tendencies, the model slightly overestimates height in the mid-diameter range and underestimates it at larger sizes, indicating reduced flexibility for complex data patterns. Figure 7 illustrates the Michaelis–Menten Model (M7), which, like the Chapman–Richards and Weibull models, asymptotically approaches a maximum height. The curve captures early and mid-diameter trends effectively, aligning closely with observed data for most size classes. This biological realism likely accounts for its comparable fit indices to the best-performing models in Table 3. Taken together, the visual assessments in Figures 5–7 complement the statistical evidence, revealing that while M5 and M6 provide a reasonable approximation of height–diameter trends, models incorporating an asymptotic component (M1, M2, and M7) are generally better suited for predicting tree height in the studied forest ecosystem.
[image: ][image: ]
Figure 3: Curve fit for Chapman-Richards (M1) and Curve fit for Weibull (M2)
[image: ][image: ]
Figure 4: Curve fit for Gompertz Model (M3) and Curve fit for Logistic Model (M4)
[image: ][image: ]
Figure 5 Curve fit for Exponential Model (M5) and Curve fit for Logarithmic Model (M6)
[image: ]
Figure 6: Curve fit for Naslund Model (M7)
Model Curve Fits for Selected Artificial Intelligence Models
The esult in Figure 7 shows predicted versus observed tree height for the four AI models (ANN, RF, SVR, and XGBoost). Random Forest produced the most random and homoscedastic residual distribution, indicating stronger robustness. The other models showed monotonic residual trends with respect to tree height, signalling bias and some heteroscedasticity. 
[image: ]
Figure 7: Model Curve Fits for Selected Artificial Intelligence Models
Residual Analysis for Selected Nonlinear Regression Model Diagnostics
Figure 8 shows the residual plots for Model 5 (Exponential) and Model 7 (Naslund), providing a visual assessment of each model’s adequacy in predicting tree height from diameter measurements. The residuals (calculated as the difference between observed and predicted values) were plotted against the predicted tree heights to detect any systematic patterns or biases in the models. For the Exponential model (M5), the residual distribution shows a slight funnel-shaped pattern, where residuals are more dispersed at higher predicted heights. This heteroscedasticity implies that the model may underestimate variability for smaller trees while overestimating for larger ones. Although the mean of the residuals is close to zero, indicating no substantial bias in the central tendency, the pattern indicates a limitation in representing height–diameter variability across the full-size spectrum. In contrast, the Naslund model (M7) exhibits a more random and evenly scattered residual pattern around the zero line, with no discernible trend across the range of predicted heights. This homoscedastic distribution suggests that the Naslund model captures the underlying relationship between diameter and height more consistently across tree sizes. The absence of clustering or systematic deviation reinforces its reliability for practical applications.

Figure 8: Residuals vs. predicted values of tree height for Model 5 (Exponential) and Model 7 (Naslund)
Residual Analysis for Selected Artificial Intelligence Model Diagnostic
Residual analysis (Figure 9) of the best-performing model (XGBoost) revealed randomly scattered residuals around zero, indicating robustness and minimal bias. Statistical validation using paired t-tests of MAE showed that XGBoost significantly outperformed other models (p < 0.05). However, XGBoost’s complexity requires careful tuning to avoid overfitting, especially in small datasets. 
[image: ]
Figure 9: Residual Plot of Height-Diameter from XGBoost AI model



DISCUSSION
Summary of Tree Growth Variables
The descriptive statistics of diameter at breast height (DBH) and total tree height (THT) show the structural composition and growth dynamics of the sacred grove forest. Tree diameter distribution is an indication of how well the forest is regenerating and is making use of site resources (Onyekwelu et al., 2021). The mean DBH of (40.92 cm) recorded in this study implies that the stand is composed of moderately large trees, which is indicative of a relatively mature forest with significant biomass potential. However, the high variability (standard deviation of 26.98 cm) and the broad range of DBH values (8.91–130.51 cm) show a heterogeneous stand structure that includes both younger and smaller individuals as well as older and larger trees. This structural diversity is characteristic of uneven-aged natural forests and indicates regeneration potential (Dau et al., 2017; Chenge et al., 2019). 
The tree DBH distribution curves of the sacred groves in this study followed the inverse-J shape typical of natural tropical forests. Inverse-J Dbh distribution is an indication of good regeneration status and a healthy forest ecosystem (Chenge et al., 2019). The high recruitment recorded in the sacred groves could be attributed to the disposal by birds and other animals that bring new seeds or fruits to the groves. Also, it could be due to the disposal by worshipers of the groves (Onyekwelu et al., 2021). 
The positively skewed Dbh distribution (skewness = 1.08) indicates that smaller-diameter trees are dominant, with few large trees. The moderate kurtosis value (0.41) implies that the Dbh distribution is slightly more peaked than normal. However, the distribution of total tree height was more symmetric, with a mean value of 18.76 m and a narrower standard deviation of 5.55 m. The near-zero skewness (0.08) implies that tree height is evenly distributed around the mean, indicating the influence of environmental factors (light availability, soil conditions, and species-specific allometric growth strategies) (Cramer, 2012). Competition for light has driven forest trees to grow exceedingly tall, but the lack of a single universal limit to tree height indicates multiple interacting environmental limitations (Cramer, 2012). 
The negative kurtosis (-0.34) indicates a platykurtic distribution of tree heights, characterized by a flatter peak and thinner tails compared to a normal distribution. This indicates that tree heights are more dispersed, with fewer extreme values and less clustering around the mean height, indicating a greater variability in tree height within the studied population. Thus, the sacred grove forest exhibits structural heterogeneity, both in diameter distribution and height, which is typical of natural, undisturbed forest systems. Such variability has implications for height–diameter modelling, as models must be robust enough to accommodate a wide range of tree sizes and growth forms.
Tree Height-Diameter Relationship 	
Total tree height (THT) and tree diameter (Dbh) have a positive and nonlinear relationship, according to the scatter plot analysis. This means that THT rises along with tree diameter, but not in a straight line; rather, the relationship curves. The scatter plot exhibits some variability or scatter around the trend, which could be attributed to species-specific growth patterns, site conditions, competition, or differences in management regimes (Jha et al., 2023). In natural forests, such variations are common due to the heterogeneous nature of ecological and environmental conditions (Bec et al., 2015), including soil fertility, light availability, water access (Smith-Martin et al., 2017), and disturbance history. The shape of the distribution indicates the height-diameter relationship is non-linear. 
[bookmark: _Hlk213011683]This result is consistent with established allometric principles in forest ecology (Roscinto et al., 2015). While trees with larger diameters attain greater heights, the relationship is not proportional across the entire diameter distribution. In lower diameter classes (below approximately 40 cm Dbh), tree height increases rapidly with an increase in diameter, producing a steep trajectory in the point distribution. This is closely related to the result of Sumida et al. (2013). Younger trees prioritize height growth for light competition in dense stands, but beyond a threshold, diameter growth no longer correlates with height increases, resulting in high variability in tree height among larger diameter classes (Sumida, 2015). Some large-diameter individuals show suppressed heights due to past competition or crown damage, whereas others achieve greater stature under favourable ecological conditions (Nagashima and Hikosaka, 2011; Aarssen, 2015). This diminishing rate of height increment with increasing diameter shows a biologically plausible asymptotic trend, whereby trees approach physiological and mechanical limits to vertical growth (Sumida, 2015). The observed curvilinear pattern is typical of forest stands transitioning from the early growth stage to maturity, where radial growth dominates.
[bookmark: _Hlk213011769][bookmark: _Hlk213011808]From a modelling perspective, this nonlinearity shows the inadequacy of simple linear models in capturing the complexity of the height–diameter relationship. Nonlinear approaches, such as logarithmic, exponential, and power functions, as well as more advanced artificial intelligence models, are often more appropriate for characterising this relationship and achieving higher predictive accuracy (Tulli, 2020). These models accommodate the biological reality of growth saturation and the influence of interspecific and site-level variability. Ecologically, the pattern affirms the principle that height growth slows relative to diameter expansion as trees age, revealing both ontogenetic shifts in resource allocation and increasing physiological constraints (Budhathoki et al., 2023).


Fitted Nonlinear Height–Diameter Model Performances
[bookmark: _Hlk213011821]The Chapman–Richards model (M1) showed a smooth, sigmoidal trajectory, with tree height increasing rapidly at intermediate diameter classes before gradually reaching an asymptote at larger diameters. This trajectory reveals the biological process of height saturation in mature trees and confirms the model’s suitability for capturing long-term growth trends (Sharma and Parton, 2007). Similarly, the Weibull model (M2) captures the general height–diameter trend, with slightly greater flexibility in the mid-diameter range. Both M1 and M2 exhibit close alignment with empirical data, consistent with the high explanatory power indicated by their fit statistics.
[bookmark: _Hlk213011838]The Gompertz model (M3) and the Logistic model (M4) also follow a sigmoidal form but with distinct growth dynamics. The Gompertz function (M3) shows an earlier inflection point compared to Chapman–Richards, resulting in more rapid stabilization of tree height. The Logistic model (M4), while biologically interpretable, underestimates tree height at the upper diameter classes, suggesting its reduced suitability for large, mature trees in this dataset. Collectively, models M1–M4 capture the biological allometry of tree height–diameter relationships reasonably well, although Chapman–Richards (M1) and Weibull (M2) demonstrate superior consistency across the entire diameter spectrum, supporting their use in practical forest inventory and biomass modelling (Sharma, 2009).
The Power model (M5) shows a monotonic, concave trajectory in which tree height increases steadily with diameter but does not asymptotically flatten, thereby failing to capture the biological saturation observed in mature stands. This limitation explains its relatively weaker fit statistics compared to the sigmoidal models. The Exponential model (M6) predicts rapid height increases at smaller diameters followed by tapering growth at larger diameters, though it tends to overestimate height for smaller trees and underestimate for larger ones.
[bookmark: _Hlk213011874]The Naslund model (M7), exhibits an asymptotic form like Chapman–Richards and Weibull, effectively capturing both early and mid-diameter growth patterns. Its curve aligns closely with the observed data across most size classes, indicating strong biological realism and explaining its comparable fit indices to the best-performing models. The ability of Naslund to balance flexibility with biological plausibility reinforces its utility for height prediction in mixed-species tropical forests (Curtis, 1967; Mehtätalo et al., 2015).
Fitted Artificial Intelligence Height–Diameter Model Performances
[bookmark: _Hlk213011912][bookmark: _Hlk213011927][bookmark: _Hlk213011938]The ANN model demonstrates a characteristic “regression-to-the-mean” effect, where low observed heights are consistently over-predicted while high observed heights are under-predicted. This indicates the presence of both bias and high variance. Such behaviour may be attributed to underfitting, likely stemming from the limited sample size and restricted number of predictors used in the analysis (Montesinos López et al., 2022). While ANNs are known for their flexibility in capturing nonlinear relationships, their performance is often data-intensive and sensitive to architecture design and training parameters (Almeida, 2002; Vasileiadis et al., 2024). However, the RF model exhibits a more balanced prediction pattern. Observed and predicted heights are distributed closely along the residual line, with only minor under-prediction for the tallest trees. This even distribution shows both low bias and reduced variance, confirming RF’s robustness in handling nonlinear relationships and heterogeneous datasets. The superior visual performance of RF is consistent with its statistical accuracy metrics (lowest RMSE and MAE, highest R²), reaffirming findings from other forestry applications where RF outperforms both parametric and machine learning models in predictive stability (Nadali et al., 2024).
[bookmark: _Hlk213011953][bookmark: _Hlk213011964][bookmark: _Hlk213011978]In the middle range of tree heights, the SVR model aligns well with the residual line. However, at the extremes, it deviates. An "S-shaped" deviation results from taller trees being under-predicted and smaller trees being over-predicted. This systematic inaccuracy is most likely the result of inadequate hyperparameter optimization, primarily when it comes to the kernel parameters and regularization terms. This pattern implies that SVR can capture smooth nonlinear trends, but when model complexity is limited, it might not be able to detect the extremes (Zhou et al., 2024). The XGBoost predictions also follow the general trend of observed values but exhibit a compression pattern like ANN, with systematic over-prediction of smaller trees and under-prediction of larger ones. This bias can be explained by the piecewise-constant approximation inherent to gradient-boosted tree ensembles, particularly when applied to datasets with limited feature diversity and without extensive hyperparameter optimization (Chen and Guestrin, 2016). While XGBoost demonstrates competitive performance relative to ANN and SVR, its tendency toward structural bias underlines the importance of feature engineering and parameter tuning for ecological applications (Chen and Guestrin, 2016; Bentéjac and Csörgő, 2019). Random Forest produced the most random and homoscedastic residual distribution, indicating stronger robustness, while the other models displayed monotonic residual trends to tree height, signalling bias and some heteroscedasticity. The differences from previously reported results in Table 4 likely arise from the current use of only DBH as a predictor, a specific 80/20 split, and minimal tuning, which favoured Random Forest in terms of the graph.
Nonlinear Regression Models Statistical Performances
[bookmark: _Hlk213012037][bookmark: _Hlk207700511][bookmark: _Hlk207700528]Each of the model-specific constants represented by the estimated coefficients (a, b, and c) has a unique effect on the shape of the height–diameter curve. The intercept or initial height prediction at lower diameter values is typically controlled by parameter a, the rate of height increment in relation to diameter is controlled by parameter b, and the asymptotic trend, which shows the levelling off tree height with increasing diameter, is generally controlled by parameter c. Such parameter interpretations are consistent with theoretical expectations of tree growth dynamics, where vertical increase slows as trees approach physiological and mechanical limits (Niklas, 2007). The coefficient of determination (R²) values demonstrate that all models attained relatively high explanatory power, ranging from 0.743 in Model [6] to 0.893 in Model [2]. The strong performance of Models [1] and [2], both exceeding an R² of 0.85, indicates that these models capture a substantial proportion of the observed variability in tree height, thus providing reliable functional representations of the height–diameter relationship. However, R² alone does not fully capture predictive adequacy or model efficiency (Chen and Qi, 2023).
[bookmark: _Hlk207700550]To address this limitation, AIC and RMSE were also examined. AIC accounts for both model fit and parsimony, penalizing excessive complexity that may lead to overfitting (Burnham and Anderson, 2002). By this criterion, Model [2] (AIC = 453.3) and Model [1] (AIC = 453.9) emerged as the most parsimonious and statistically efficient, corroborating their superiority as judged by R². In contrast, the lowest RMSE values were obtained from Models [5] and [7] (RMSE = 2.641), indicating that these models provide the most accurate predictions in terms of minimizing average residual deviations. Model [2] yields the best balance between explanatory power and parsimony. Models [5] and [7] may be more appropriate in applications where predictive precision is prioritized over interpretability. The results indicate that multiple NLR models provide strong fits to the height–diameter data; however, Model [2] outperformed in terms of explanatory strength, model simplicity, and goodness-of-fit criteria, making it a strong candidate for practical application in height estimation within the study area.
[bookmark: _Hlk207700571][bookmark: _Hlk207659713][bookmark: _Hlk213012085][bookmark: _Hlk207700594]These findings show the importance of employing multiple evaluation criteria when assessing model adequacy in forest biometric studies (Feldpausch et al., 2011; Parker, 2020). While global measures such as R² show general explanatory strength, indices like AIC and RMSE provide complementary insights into efficiency and prediction error. Consequently, model [2] was considered the overall best-performing model for representing the height–diameter allometry in the sacred grove forest, whereas Models [5] and [7] may be preferred in contexts demanding more accurate height predictions at the individual tree level. These results affirm the robustness of nonlinear approaches in capturing the inherently curvilinear nature of height–diameter relationships in mixed-species forest stands (Ige et al., 2013; Temesgen et al., 2014).
Artificial Intelligence Models Statistical Performances
[bookmark: _Hlk207700623][bookmark: _Hlk213012128][bookmark: _Hlk207700615]The comparative evaluation of four artificial intelligence (AI) models (Random Forest (RF), Artificial Neural Network (ANN), Support Vector Regression (SVR), and Extreme Gradient Boosting (XGBoost)) for tree height prediction demonstrates clear differences in predictive performance. Among these, the XGBoost model (Model [11]) emerged as the most effective, attaining the highest coefficient of determination (R² = 0.865). This indicates that the model accounted for 86.5% of the variability in observed tree height, showing its superior capacity to capture complex nonlinear dependencies between height and predictor variables. In addition, XGBoost recorded the lowest error indices, including RMSE (1.623 m), MAE (1.210 m), and MAPE (9.37%), showing minimal bias and strong predictive accuracy. The model’s optimized hyperparameters (100 boosting iterations, a maximum tree depth of 6, and a learning rate (η) of 0.3) likely enhanced its capacity for balancing variance reduction and bias minimization. These findings corroborate previous studies (Chen and Guestrin, 2016; Yang et al., 2025) where XGBoost has consistently outperformed other machines learning algorithms in forestry applications due to its flexibility and ability to handle high-dimensional, nonlinear data structures (Imani et al., 2025).
[bookmark: _Hlk213012161][bookmark: _Hlk207700657]RF (Model [8]) ranked second, explaining 84.2% of the variation in tree height (R² = 0.842), with moderate error values (RMSE = 1.827 m, MAE = 1.322 m, MAPE = 10.76%). Although slightly less accurate than XGBoost, RF displayed robust predictive stability, attributable to its ensemble of 500 decision trees and random feature sampling strategy (√p). Such ensemble averaging is known to reduce overfitting while retaining high generalizability (Khan et al., 2024). These results align with prior forestry research that revealed RF’s reliability in tree height and biomass prediction tasks (Pinza-Jiménez and Garces Gomez, 2023; Simon et al., 2023; Zhang et al., 2024).
[bookmark: _Hlk207700677]The ANN model (Model [9]) achieved an R² of 0.809, with comparatively higher prediction errors (RMSE = 1.955 m, MAE = 1.488 m, MAPE = 11.89%). Despite employing a reasonably structured network with two hidden layers (5 and 3 neurons) and a ReLU activation function, the ANN demonstrated tendencies toward underfitting. This may reflect limitations in network depth and architecture relative to the complexity of the dataset. Similar observations have been reported in ecological modelling, where ANN often requires larger datasets, extensive tuning, and more complex architectures to achieve performance comparable to ensemble tree-based methods (Alwosheel et al., 2011).
[bookmark: _Hlk207700688]SVR (Model [10]) showed the lowest predictive capacity (R² = 0.794), coupled with the highest error indices (RMSE = 2.025 m, MAE = 1.568 m, MAPE = 13.12%). Despite employing a radial basis kernel with cost parameter (C = 1.0) and epsilon (ε = 0.1), SVR appeared sensitive to parameter tuning and potentially influenced by outliers, leading to poorer model generalization. These limitations have also been reported in forestry and ecological modelling contexts, where SVR often underperforms relative to ensemble-based approaches unless parameter optimization is highly refined (Xie et al., 2018).
Nonlinear Regression Analysis and Model Adequacy
[bookmark: _Hlk207700702][bookmark: _Hlk207700715][bookmark: _Hlk213012272]One effective statistical method for evaluating the precision of models is residual analysis. The adequacy of the model fit is determined by residual analysis, which evaluates at variations between observed and predicted values. It reveals details on systemic biases and model robustness that go beyond standard accuracy statistics (Verma, 2025). In the present study, the best-performing AI model, XGBoost, demonstrated residuals that were randomly scattered around zero, showing minimal bias and robustness in predicting tree height from diameter measurements. The absence of discernible patterns in the residual distribution implies that XGBoost adequately captured the nonlinearities in the height–diameter relationship. Statistical validation further confirmed this observation: paired t-tests of Mean Absolute Error (MAE) revealed that XGBoost significantly outperformed the competing models (p < 0.05), indicating its superiority in predictive accuracy. However, the complexity of XGBoost comes with a trade-off. Without careful hyperparameter tuning, the model can be prone to overfitting, particularly in contexts where the dataset is relatively small or lacks feature diversity (Chen and Guestrin, 2016; Zhang et al., 2022).
[bookmark: _Hlk207700729]The Exponential (M5) model exhibited a slight funnel-shaped distribution of residuals, wherein dispersion increased at higher predicted tree heights. This heteroscedastic pattern indicates that the model underestimates variability among smaller trees while progressively overestimating it for larger individuals. Although the residuals’ mean was close to zero, indicating the absence of a systematic central bias, the uneven variance points to limitations in capturing the full range of height–diameter variability, thereby constraining its reliability for broad applications (Kearsley et al., 2017).
[bookmark: _Hlk207700740]By contrast, the Naslund model presented a more desirable residual structure, with residuals evenly and randomly scattered around the zero line across the entire spectrum of predicted heights. The homoscedastic nature of this distribution implies a more consistent representation of the diameter–height relationship, with no evidence of systematic over- or under-prediction. This robustness suggests that the Naslund function provides a more reliable parametric framework for height estimation, making it suitable for operational forestry and inventory applications where consistency across tree size classes is crucial (Nigul et al., 2021; Ismail et al., 2025). The residual analysis models provide acceptable fits, and the Naslund model demonstrates superior predictive stability and error distribution compared to the Exponential model. This supports its preference for operational forest inventory modelling in the study area, aligning with its favourable statistical performance as a goodness-of-fit.
Artificial Intelligence Model Analysis and Adequacy
[bookmark: _Hlk207700760]The RF and XGBoost models exhibited relatively narrow residual bands with symmetrical dispersion around zero, showing their predictive stability and low bias across the predicted tree heights. This pattern is consistent with their superior performance metrics, which revealed lower error magnitudes and higher explanatory power compared to the other models. The ANN residuals, though broadly centered on the zero line, showed wider dispersion, particularly at the extremes of tree height. This indicates reduced precision in capturing height variability for very small or very tall trees, a common challenge for neural networks trained on relatively small or imbalanced datasets (Johnson and Khoshgoftaar, 2019; Huang et al., 2022).
[bookmark: _Hlk213012344]SVR residuals showed a mild but discernible systematic pattern, with more negative values at higher predicted tree heights. This bias indicates a tendency to underestimate taller trees, reflecting insufficient flexibility in the SVR kernel configuration or suboptimal hyperparameter tuning. Such an “upper tail” bias reduces generalization performance in stands with larger trees and highlights the importance of kernel parameterization in regression contexts (Barzilai and Shamir, 2023). The residual analysis affirms XGBoost as the most robust model for height-diameter prediction, closely followed by RF. This is evident from their tighter residual dispersion, minimal systematic bias, and better alignment with the assumptions of error randomness.
Model Limitations
From a broader perspective, the residual analysis reinforces the superior performance of ensemble learners (XGBoost and Random Forest) over standalone learners (ANN and SVR) in forestry applications. However, the persistence of unexplained variability signals that even the best-performing models cannot fully capture the biological and ecological complexity of tree allometry. This limitation is particularly relevant when models are applied beyond the conditions of the training dataset, emphasizing the need for cautious extrapolation. Moreover, the “black box” nature of AI models, particularly ANN and ensemble methods, constrains biological interpretability, which remains a critical requirement for ecological applications and policy-oriented decision-making.
CONCLUSION
The structural analysis of the sacred grove forest revealed high variability in tree dimensions, with a mean DBH of 40.92 cm and a mean height of 18.76 m, supported by wide ranges (DBH: 8.91–130.51 cm; THT: 7.50–33.00 m). These results reveal a well-developed, uneven-aged stand characteristic of natural forests that promotes ecological resilience and carbon sequestration potential. The positive skewness (1.08) of the DBH distribution shows dominance of smaller trees, whereas the near-symmetric height distribution (skewness = 0.08) indicates uniform vertical structure.
The modelling results demonstrated that several nonlinear regression models provided satisfactory height–diameter relationships. The Weibull model (M2) produced the best explanatory power (R² = 0.893, AIC = 453.3), followed by the Chapman–Richards model (M1) (R² = 0.857, AIC = 453.9). The Michaelis–Menten (M7) and Naslund models also showed strong performance with consistent residual patterns and biological plausibility. Among the AI models, XGBoost achieved the highest accuracy (R² = 0.865, RMSE = 1.623 m, MAE = 1.210 m), surpassing Random Forest (R² = 0.842, RMSE = 1.827 m) and other algorithms. The superior performance of XGBoost underscores its suitability for complex, nonlinear forest datasets with wide variability in tree dimensions. Therefore, combining classical nonlinear functions with advanced AI models offers a robust framework for tree height prediction in heterogeneous tropical forests such as the Ipinu-Igede grove.
Given its superior performance (R² = 0.865, RMSE = 1.623 m, MAE = 1.210 m), the XGBoost model should be prioritized for estimating tree height from DBH in forest inventories and carbon stock assessments in the region. Future studies should integrate nonlinear regression and machine learning approaches to enhance precision, especially when dealing with diverse species compositions and environmental gradients.
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bias/rmse	8.3842006804916185	8.869510642203279	9.3407438310233228	9.3407438310233228	9.7976789325533389	9.7976789325533389	10.240288319394947	10.240288319394947	10.456253043447472	10.456253043447472	10.668689595858755	10.877629176708041	10.877629176708041	10.877629176708041	11.08310781359952	11.08310781359952	11.08310781359952	11.285165609477161	11.285165609477161	11.483846080560017	11.483846080560017	11.483846080560017	11.581934206653527	11.67919557403907	11.871262756356121	11.871262756356121	12.060098163933505	12.245753809155294	12.428282835226639	12.428282835226639	12.607739214270323	12.607739214270323	12.607739214270323	12.784177483667438	12.784177483667438	12.784177483667438	12.957652516223126	12.957652516223126	12.957652516223126	13.128219320245201	13.295932866073402	13.295932866073402	13.295932866073402	13.460847935992136	13.460847935992136	13.623018994812018	13.782500078715005	13.939344700232168	14.093605767466773	14.093605767466773	14.245335515888698	14.245335515888698	14.394585451217624	14.394585451217624	14.394585451217624	14.541406302079777	14.541406302079777	14.827959554600403	14.827959554600403	14.827959554600403	14.827959554600403	14.967789216372589	14.967789216372589	15.105384270736355	15.105384270736355	15.105384270736355	15.240791118136649	15.240791118136649	15.37405524625467	15.505221224859588	15.634332704069932	15.634332704069932	16.009762895075372	16.131074579196245	16.131074579196245	16.368186429726887	16.368186429726887	16.368186429726887	16.484062200506113	16.484062200506113	16.598200170669841	16.710636012010553	16.710636012010553	16.710636012010553	16.821404569644695	16.821404569644695	17.038075171700665	17.248474786360912	17.351401743693991	17.351401743693991	17.351401743693991	17.552861037797353	17.84449548653555	17.93900291501944	17.93900291501944	18.032202447990556	18.032202447990556	18.12411962467273	18.392423422559787	18.479454687851927	18.479454687851927	18.650049024928492	18.733655834051216	18.816164043108721	18.816164043108721	18.816164043108721	18.897594262423507	18.897594262423507	18.977966622170996	19.057300784799551	19.13561595715332	19.13561595715332	19.13561595715332	19.13561595715332	19.289263951062516	19.364633013268183	19.364633013268183	19.364633013268183	19.364633013268183	19.439055588701628	19.439055588701628	19.439055588701628	19.585129291963785	19.585129291963785	19.656813463854107	19.727617257075529	19.934900665800058	20.002335531211873	20.002335531211873	20.199860978635495	20.327697618537304	20.327697618537304	20.452577783885602	20.513940232587281	20.513940232587281	20.574600281570486	20.634569626219704	20.752481742235627	20.752481742235627	20.752481742235627	20.810446681302938	20.810446681302938	20.867765263531329	20.867765263531329	20.924447997528553	20.924447997528553	21.198676662176997	21.198676662176997	21.198676662176997	21.251753054012891	21.304261299884988	21.356210295149257	21.508788056752302	21.508788056752302	21.656636003071277	21.752679239125104	21.752679239125104	21.93898143218053	21.93898143218053	21.93898143218053	21.93898143218053	21.93898143218053	22.029353516028156	22.16158869480099	22.247604353117691	22.28998820357252	22.331963962132331	22.373537411940418	22.575565092467929	22.575565092467929	22.768343803875499	22.805844623381418	22.879829022514393	23.023853906366536	23.128556306557407	23.128556306557407	23.162847266262286	23.162847266262286	23.394740318684953	23.521169171699292	23.613254194678841	23.703088227853115	23.761767113256589	23.904394166234944	23.932243693638299	23.959874080385696	24.041475762057743	24.068254758332433	24.250048965135903	24.300238918326109	24.300238918326109	24.349682154578492	24.374128906890778	24.446393720393129	24.698288274456964	24.698288274456964	24.763630723790389	24.763630723790389	24.785108490109334	24.827618815970126	24.869545659871889	24.97188712774215	24.97188712774215	24.97188712774215	24.97188712774215	25.011863171006159	25.203961894616654	25.222488305945177	25.295410537669017	25.34889093282295	25.34889093282295	25.401365485590986	25.617794596581913	25.727454707610708	25.788106543963139	25.832674310757827	25.933716854479233	25.933716854479233	26.11110097767428	26.11110097767428	26.11110097767428	26.11110097767428	26.137276947045429	26.263995422556334	26.47593344875596	26.47593344875596	26.487143204257968	26.789285842370983	27.061316599485174	-0.33479768288209782	1.1853424300631339	0.81759037068408891	1.00691259711347	-0.30203670297362489	-0.30203670297362489	-9.0983839225652202E-2	-9.0983839225652202E-2	-0.93004658971884557	0.58453122171621541	0.50409329956124749	4.6335033431263932E-2	4.6335033431263932E-2	0.80362393914879593	-1.1674016711849711	0.34717614025009036	-0.59943499189682281	-0.48662082903338205	1.0279569824016808	-1.5084612194471807	-0.18320563444150273	-0.5618500873002682	0.53694274643940731	-1.3931069950924122	-1.4658321682529798	-0.32989880967668456	-0.78004474211795249	0.66423558911196667	0.59512198590434218	0.59512198590434218	-0.60876153512696407	-0.23011708226819849	1.284460729166865	-0.67556890710619033	-0.67556890710619033	-0.29692445424742453	-1.1198987187516516	1.60346398246453E-2	1.1519679984009419	-0.80583844007769811	-0.86934224387482084	-0.49069779101605532	0.6452355675602417	-0.93178642029236358	0.58279139114269851	-0.23590268641121681	-0.6749337670257457	0.7802556985111051	0.72184560111065066	0.72184560111065066	-9.2894932180495118E-2	1.0430384263958021	-0.90669649799985463	-0.14940759228232342	1.3651702191527393	-0.58364494588404969	1.3095773184097779	-1.4494356511171484	6.5142160317912173E-2	0.82243106603544369	1.3903977453235921	-1.502381376892306	1.1481297931190522	-1.1758365281091798	0.33874128332588294	0.71738573618464863	-1.2271075797564004	0.28747023167866353	0.2370105088017179	-0.94858811997712522	-1.376119918239278	2.0316801574896131	0.75359223965339206	-1.5642084737585189	1.4649471491116086	-0.13941174923396474	0.61787715648356789	0.61787715648356789	-1.3192208256365541	1.3312903443748059	1.6667170879705175	-2.1623006482432992	-0.64772283680823772	0.10956606890929452	-1.8255980952838602	-1.0683091895663301	1.121516406020195	0.28456085332793157	0.24558813188414119	0.24558813188414119	1.3815214904604365	1.3052400462713545	0.43752537427658117	2.3096207868443758E-2	2.3096207868443758E-2	0.36645117455866877	1.8810289859937321	1.0889361512030584	-0.14858895212412038	-0.56018731081103146	-0.18154285795226602	-0.24613745737542198	-0.65643916472972952	-0.6876804404046587	-0.30903598754589312	-0.30903598754589312	0.79606427019178083	0.79606427019178083	0.38698726915145998	1.1142367342674928	-0.24067245632461937	-5.1350229895236639E-2	0.32729422296352906	0.70593867582229453	0.26911626237693481	0.24057818505559178	0.24057818505559178	0.24057818505559178	0.99786709077312286	-0.54489041601727728	0.21239848970025482	0.59104294255902023	-0.60020041346605213	0.15708849225148008	0.12994567820747024	0.10313621466280341	0.40329395463837908	-8.8433593786234419E-4	0.37776011692090355	-0.83296515662078008	-1.6386586969092471	1.0118524731021119	-0.55001052021416319	-2.0878228824639562	-0.19460061817012578	0.53971969648977625	-0.24027626892074333	-1.0422119432925581	-0.28492303757502646	0.47236586814250514	-1.0641600459306928	-1.0641600459306928	-0.3285745034196646	1.5646477608741642	2.8607346638178498E-2	0.40725179949694407	0.30341663681294473	0.68206108967170953	1.0607055425304754	-1.9885471616860617	-0.49385130627980767	1.0010563062668403	-0.19264977537004982	1.3219280360650119	-0.62727603296906465	-1.4209311772529896	0.47229108704083661	-2.2487623749263652	-0.35554011063253677	2.3104342226228841E-2	1.5376821536612921	2.3104342226228841E-2	-1.1114546015962045E-2	-6.1184662931081692E-2	-9.3754014811703298E-2	-0.1098024246772132	-0.12569631281042068	0.23720658389230681	-0.9752234352396606	0.16070992333663625	-1.0482180249434088	-0.30512859650943547	-1.0904312845567521	0.18029007710468142	-0.8059660380755046	-0.42732158521673902	-6.1661214033433151E-2	-6.1661214033433151E-2	1.7437560323040682	-1.333271174441234	2.4183058710038567	-0.64486491020564762	2.3620722782065249	0.41484507147484195	-0.35298890330871557	0.39383790973657906	1.4988732442038173	2.246022431528802	0.28396479926697477	-0.49232825381526329	-0.11368380095649706	0.24623924476391706	-0.89895074096583127	-1.6836023174529116	-1.0216918873369782	-1.0216918873369782	-1.8037223490308214	-1.4250778961720558	8.1367478186534697E-2	0.8225600848276623	-0.70789309347667495	-1.8825774811594593	-1.1252885754419293	-0.74664412258316393	2.6611559531457267	-0.38313637675355605	1.0587043185851421	-8.4243962872094708E-2	-0.11185556140441361	-1.2680389749424341	-0.51075006922490251	-0.90926372040551628	-1.3698578555781571	2.7537089331273434	-1.4343455297096541	1.5779347554873773	-1.8681245189243718	1.539675556804518	-1.935290033197373	-1.5566455803386081	-0.42071222176231077	2.6084434011078144	1.4625986569309313	1.4146174091040007	-0.18020956030139273	0.95572379827490461	-0.18445407204013256	1.2157191055013208	1.1127161683130675	Predicted height (m)
Standardized Residuals
bias/rmse	8.3418614245447174	8.8404729455327491	9.3224935194300773	9.3224935194300773	9.7881019438022889	9.7881019438022889	10.237614098412299	10.237614098412299	10.456459542125049	10.456459542125049	10.671440328622054	10.882617341007728	10.882617341007728	10.882617341007728	11.090053886263568	11.090053886263568	11.090053886263568	11.293815120655612	11.293815120655612	11.493967556044126	11.493967556044126	11.493967556044126	11.592711524191081	11.690578636194369	11.883716373708078	11.883716373708078	12.073449039491308	12.259844897781758	12.442971980705281	12.442971980705281	12.62289789714352	12.62289789714352	12.62289789714352	12.799689671391404	12.799689671391404	12.799689671391404	12.973413607683003	12.973413607683003	12.973413607683003	13.144135177180093	13.311918924464051	13.311918924464051	13.311918924464051	13.476828390955443	13.476828390955443	13.638926053019841	13.798273272805822	13.954930260111736	14.108956043794715	14.108956043794715	14.260408451424869	14.260408451424869	14.409344096050869	14.409344096050869	14.409344096050869	14.555818369087424	14.555818369087424	14.841598251245102	14.841598251245102	14.841598251245102	14.841598251245102	14.981008540161683	14.981008540161683	15.118166833308226	15.118166833308226	15.118166833308226	15.253122466668135	15.253122466668135	15.385923598925611	15.516617228211986	15.645249210445616	15.645249210445616	16.019217120332954	16.140038937054758	16.140038937054758	16.376175671256831	16.376175671256831	16.376175671256831	16.491568487865926	16.491568487865926	16.605227910627626	16.717190484438504	16.717190484438504	16.717190484438504	16.827491833914557	16.827491833914557	17.043248894074484	17.252766546510383	17.355265522654765	17.355265522654765	17.355265522654765	17.55589666774269	17.846362427549536	17.940500683887759	17.940500683887759	18.033341463142481	18.033341463142481	18.124910392918569	18.392232991586781	18.47895842615204	18.47895842615204	18.648972854002675	18.732305493974653	18.814549974187841	18.814549974187841	18.814549974187841	18.895726827362402	18.895726827362402	18.975856095493537	19.054957343406194	19.133049671919689	19.133049671919689	19.133049671919689	19.133049671919689	19.286281730333108	19.361457455053174	19.361457455053174	19.361457455053174	19.361457455053174	19.435696273761927	19.435696273761927	19.435696273761927	19.581430661504072	19.581430661504072	19.652958993687047	19.72361596722827	19.930511560670286	19.997834203057323	19.997834203057323	20.195072009347587	20.322756228013521	20.322756228013521	20.447514034505545	20.508826203306107	20.508826203306107	20.569443041396315	20.629376097682343	20.747235825597222	20.747235825597222	20.747235825597222	20.805184379224727	20.805184379224727	20.862492927315714	20.862492927315714	20.91917183978579	20.91917183978579	21.193469859630209	21.193469859630209	21.193469859630209	21.246576896512487	21.299121081760873	21.351111187461484	21.503842104605937	21.503842104605937	21.651885504213478	21.748081054062485	21.748081054062485	21.934736904955031	21.934736904955031	21.934736904955031	21.934736904955031	21.934736904955031	22.025308731934526	22.157870035805232	22.244119738583244	22.286625341483116	22.328725895356577	22.370427102537612	22.573135288923115	22.573135288923115	22.766657373148952	22.804313661695598	22.878615285838972	23.023298104853861	23.128512736169625	23.128512736169625	23.162977733348352	23.162977733348352	23.396130146272977	23.523306975411462	23.615964487557061	23.70637975215098	23.76545051714487	23.909070754280531	23.937120987539529	23.964952702652255	24.047161833016194	24.074144379354227	24.257375867671698	24.30797978924625	24.30797978924625	24.357838158667018	24.38249286531827	24.455382868449149	24.709580298197828	24.709580298197828	24.775551865694595	24.775551865694595	24.797239303277589	24.840168846219775	24.882514662498636	24.985901917663572	24.985901917663572	24.985901917663572	24.985901917663572	25.026295404507952	25.220470805996687	25.239203727428645	25.312949535632889	25.367044848124689	25.367044848124689	25.420131771425073	25.639181747925548	25.750228821507378	25.811664983532236	25.856816936927562	25.95920869035756	25.95920869035756	26.139045152523781	26.139045152523781	26.139045152523781	26.139045152523781	26.165592104139606	26.294139846506589	26.509261832459746	26.509261832459746	26.520644364982687	26.827611310264075	27.104265065224347	-0.31876615847964124	1.1963373928312209	0.82450074993181821	1.0138229763612021	-0.29841042930794942	-0.29841042930794942	-8.9971260284853444E-2	-8.9971260284853444E-2	-0.93012477929762549	0.58445303213743649	0.50305174985912648	4.4446292689239074E-2	4.4446292689239074E-2	0.80173519840677065	-1.1700317630683721	0.34454604836669128	-0.6020650837802225	-0.48989591846104541	1.024681892974016	-1.5122936599939882	-0.18703807498830971	-0.56568252784707529	0.53286197493711429	-1.3974171284340673	-1.4705476613813209	-0.33461430280502308	-0.78509997708871326	0.65890007656882144	0.58956002245161465	0.58956002245161465	-0.6145012863095477	-0.23585683345078126	1.2787209779842812	-0.68144251093956976	-0.68144251093956976	-0.30279805808080412	-1.1258665686039344	1.00667899723624E-2	1.1460001485486604	-0.81186489101858961	-0.87539527620751811	-0.49675082334875176	0.63918253522754553	-0.93783733091838073	0.57674048051668236	-0.24192580576290976	-0.68090619947210707	0.77435431271801058	0.71603330412922517	0.71603330412922517	-9.8602215609567972E-2	1.0373311429667289	-0.91228477699767851	-0.15499587128014744	1.359581940154915	-0.58910199511072459	1.3041202691831033	-1.4545998679458898	5.9977943489171896E-2	0.81726684920670256	1.385233528494852	-1.5073868005155939	1.1431243694957653	-1.1806765745203431	0.33390123691472096	0.71254568977348665	-1.231776776474113	0.28280103496094822	0.23251662289829664	-0.95290315343126886	-1.3802533928230241	2.027546682905867	0.75001244970353897	-1.5676027781350839	1.4615528447350405	-0.14243683122181641	0.61485207449571533	0.61485207449571533	-1.3220630397069026	1.328448130304458	1.6640560732193779	-2.1647824628695527	-0.65020465143448913	0.10708425428304344	-1.8279030041327364	-1.0706140984152053	1.1195574047427193	0.28293580215433251	0.24412513341357547	0.24412513341357547	1.3800584919898735	1.3040906218316217	0.43681846741782127	2.2529085994783513E-2	2.2529085994783513E-2	0.3660198927896775	1.8805977042247406	1.0886367311932801	-0.14851684649254432	-0.55999940407119186	-0.18135495121242554	-0.24572997122403459	-0.65592786595026631	-0.68706928216125152	-0.30842482930248694	-0.30842482930248694	0.79677136411873561	0.79677136411873561	0.38778640837049017	1.1151240653517007	-0.23970074665645871	-5.0378520227075813E-2	0.32826593263168985	0.70691038549045548	0.27024546371331826	0.24178059255844175	0.24178059255844175	0.24178059255844175	0.9990694982759728	-0.54361843004997701	0.21367047566755487	0.59231492852631995	-0.59879994755928578	0.15848895815824629	0.13140515195493149	0.10465128086775102	0.40495586494876956	8.2006699836309504E-4	0.37946451985712903	-0.83115183996501563	-1.6367876667980032	1.0137235032133578	-0.54809315960074323	-2.0858864836448765	-0.19266421935105066	0.54167245687378196	-0.23830976814931573	-1.0402256060572594	-0.28293670033972862	0.47435220537780376	-1.0621675044395043	-1.0621675044395043	-0.32657816255802324	1.5666441017358061	3.0605134499883595E-2	0.40924958735864952	0.30538816371442379	0.68403261657318992	1.0626770694319552	-1.9865872383614167	-0.49190499120064252	1.0029870551073579	-0.19077701802573066	1.3238007934093308	-0.62547728292822513	-1.4191900999857952	0.47403216430803286	-2.2471552082374364	-0.35393294394360347	2.4711508915162519E-2	1.5392893203502249	2.4711508915162519E-2	-9.5830109559045789E-3	-5.9776613330259014E-2	-9.243458484788801E-2	-0.10852909560134218	-0.12447023678779889	0.2383842852943539	-0.97430340360588641	0.16162995497041127	-1.0475794673036614	-0.30454890635956072	-1.0899717098973758	0.18050052826434637	-0.80594954038987643	-0.4273050875311098	-6.1710614671848796E-2	-6.1710614671848796E-2	1.7432297817974325	-1.3340806419581477	2.4172796336398892	-0.64611122762248474	2.3606775777565763	0.41307430735307726	-0.35483566358937835	0.39191491758718161	1.4967202449768293	2.24379235919946	0.28119050826516556	-0.49525929164946225	-0.11661483879069619	0.24315101905831105	-0.90211770742835651	-1.6870060085002525	-1.0259675494880161	-1.0259675494880161	-1.8082362232845832	-1.4295917704258165	7.6774213071719402E-2	0.8178080854904296	-0.71280373438040034	-1.8878841036211949	-1.1305951979036635	-0.75195074504489845	2.6558493306839899	-0.38860106191138055	1.0524533108683489	-9.0573164493995301E-2	-0.11849660569212402	-1.2749128542690997	-0.51762394855156868	-0.9163694704373716	-1.3779559817968769	2.7450856412315812	-1.4432658021704776	1.5687932840107668	-1.877776861172874	1.5300232145560166	-1.9458709399938607	-1.5672264871350916	-0.43129312855879609	2.5978624943113267	1.4518772797653818	1.4032033901906054	-0.19282916791357274	0.943104190662724	-0.19713910071286891	1.2012073796803957	1.0964539700021487	Predicted height (m)
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