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Abstract

Terminalia tomentosa, an associate species of Shorea robusta, is a pivotal commercial tree in the
lowlands of Nepal, holding significant socio-economic importance. Developing an allometric volume
equation for this species is essential for accurately assessing current stock and forecasting future
growth. This study developed a stem volume function for 7. fomentosa, derived from 195 sampled trees
across managed mixed hardwood forests in the lowland regions of Karnali Province, Nepal. Various
mathematical models were evaluated using non-linear least square regression with diameter at breast
height (DBH) and total tree height (H) as predictor variables. Among the growth functions evaluated
(power, fractional, and exponential), the power function provided the best fit (R? adj = 0.97; RMSE =
0.14, AIC = -194.14), with no systematic residual trends observed. Model simulations indicated that
tree volume increases with tree height. The presented model demonstrated statistical flexibility and
biological plausibility, making it suitable for precise volume prediction of 7. tomentosa. Prediction
accuracy can be further enhanced, and the model's applicability broadened, by recalibrating it to include
additional predictor variables (e.g., site and climate factors) and incorporating more data from diverse
distributions of the species across the lowland regions of Karnali Province and beyond. Potential
differences may arise with validation using independent data reflecting diverse site and stand attributes.
The simplicity and robustness of the developed model are expected to enhance the management of 7.

tomentosa in mixed hardwood forests.

Keywords: allometric volume equation, exponential function, power function, models, non-

destructive sampling



Introduction

In the intricate domain of forestry management, the accurate estimation of forest growing stock stands
as a cornerstone, indispensable for crafting and implementing sustainable practices that balance
ecological preservation with economic utilization (Aryal et al., 2023; Zianis & Mencuccini, 2004;
Zianis et al., 2005). These estimations serve not only as vital inputs for decision support systems but
also as crucial metrics for evaluating the health and productivity of forest ecosystems (Baral et al.,
2021; Lucas et al., 2006).

Quantifying forest growing stock, often represented as stand volume, is integral to effective forest
management practices. Traditionally, this assessment has relied on direct methods such as tree
harvesting or fresh measurements on-site. However, the practicality of these approaches is often
hindered by their high costs, labor intensiveness, and susceptibility to errors, particularly in the context

of large forested areas or remote locations (Basuki et al., 2009).

In response to the challenges posed by traditional direct methods of estimating forest growing stock, the
forestry community has increasingly embraced indirect methods, particularly the utilization of
established volume models. These models establish correlations between easily measurable tree
attributes such as diameter at breast height (DBH), tree height, and crown dimensions, and the overall
stand volume. By leveraging these models, forest managers can derive estimations of growing stock
that are not only cost-effective but also reliable, facilitating informed decision-making processes

(Chaturvedi & Raghubanshi, 2012; Subedi & Sharma, 2012).

Volume models offer a practical alternative to direct methods, providing accurate estimates while
minimizing resource expenditure (Aryal et al., 2023; Chaturvedi & Raghubanshi, 2012; Subedi &
Sharma, 2012). These models are instrumental in assessing both the current stock and the future growth
potential of forest stands, crucial considerations for sustainable forest management practices (Zianis et

al., 2005).

Furthermore, precise estimations of growing stock are indispensable for maintaining ecological balance
and ensuring effective carbon accounting within forest ecosystems (Lucas et al., 2006; Baral et al.,
2018). While direct methods and forest inventories offer high precision, they often entail significant
resource investment and time consumption. Conversely, models that establish correlations between
volume and readily available tree attributes provide a more efficient and cost-effective means of

estimating growing stock (Chaturvedi et al., 2012; Subedi & Sharma, 2012).



By employing such models, forest managers can optimize resource allocation, monitor ecosystem
health, and make informed decisions regarding forest utilization and conservation efforts. Ultimately,
the adoption of volume models represents a significant step towards achieving sustainable forest
management practices, ensuring the long-term viability of forest ecosystems and the services they
provide. These mathematical relationships, commonly expressed as allometric or volume equations,
allow for the estimation of growing stock based on easily measurable tree attributes. By utilizing such
models, forest managers can optimize resource allocation and make informed decisions regarding forest

utilization and conservation efforts, thereby ensuring the long-term sustainability of forest ecosystems.

Estimating present and future stand volume and harvested volume often relies on volume
equations(Ozgelik et al., 2010). Most allometries employ diameter at breast height (DBH) as the only
independent variable(Gower et al., 1999). Precision can be increased when tree height is included as a
second predictor(Malata et al., 2017; Tewari & Singh, 2018; Thangjam et al., 2019). Recently, the
effect of crown dimensions on the estimation of the stem volume and total tree biomass has been
reported in various palnt species(Aryal et al., 2023; Ver Planck & MacFarlane, 2014; Baral et al.,
2021). However, it has been suggested to use DBH as a single predictor variable, as it is easily
obtained, has little error and is widely available in timber inventory (Ozcelik, 2008; Wagle & Sharma,
2011; Wang et al., 2015). Even though volume equations have been studied for many years, new
models are still being published as the volume-DBH relationship varies by species (Muhairwe, 1999).
Moreover, species respond differently to their growing environment and management decisions(Pérez,

2003; Skovsgaard & Vanclay, 2013).

Countries are mandated to provide updates on their forest conditions, including the amount of growing
stock, to the United Nations as part of international agreements related to climate change, biodiversity
preservation, and forest management (Aryal et al., 2023; Cysneiros et al., 2020; McRoberts et al.,
2012). This requirement underscores the crucial role of estimating forest growing stocks across
different spatial and temporal scales (Gschwantner et al., 2019). In recent years, there has been a surge
in global interest in estimating growing stock, driven particularly by concerns over carbon accounting
and the need for effective climate change mitigation strategies (Lindner & Karjalainen, 2007;

MacFarlane, 2011).

Asna(Terminalia Tomentosa) is a deciduous tree species native to the Indian subcontinent from

Myanmar in the east to Nepal, India and Bangladesh in the west(Jackson et al., 1994). The plant is



commonly found in the forests, especially in the Indian humid regions, including the sub Himalayan
tracts of North West provinces, Sikkim and Nepal, also Peninsula Southwards [Khare, 2007]. The plant
is uses for many pharmacological properties like antioxidant(Patel eta 1 2010).In Nepal, T. Tomentosa
occurs in Terai and Siwalik, in association with pure s. robusta forest or mixed hardwood forest
(Jackson et al., 1994). The excellent timber properties and multiple uses of T. tomentosa have been well
documented (Jackson et al 1994). Additionally, the government of Nepal has been promoting
scientifically sound management practices of S. robusta forests of lowlands however, no any
management practices has been noted in the case of Terminalia Tomentosa besides managing with
Shorea robusta. Traditionally, Terminalia Tomentosa with Sal forests have been managed using a
selection system characterized by the selective harvesting of mature trees and maintaining a continuous
forest structure (Gautam & Devoe, 2006). In contrast, contemporary scientific management practices
now employ planned rotations, regular silvicultural treatments, systematic compartments, and active
regeneration as key components(Poudyal et al., 2019).The principle objective is to enhance the social,
economic, and environmental benefits derived from forest management with a long-term strategy to

fulfill the timber demand of the country (Poudyal et al., 2019).

Despite its significant economic and ecological importance, 7. fomentosa has been relatively
understudied in terms of supporting forest managers' decision-making processes for effective
management. The majority of research efforts have been directed towards developing site-specific
allometric volume equations for Shorea robusta, an associate species of 7. fomentosa, with limited
attention given to 7. Tomentosa itself (Subedi, 2017; Shrestha et al., 2018; Silwal et al., 2018; Mandal
et al., 2020; Subedi et al., 2021). Additionally, few studies have focused on the biomass of small-sized
trees of Shorea robusta, while only one study by Sharma & Pukkala (1990) considered samples from

the entire country, Nepal.

These site-specific models often produce varying results and higher prediction errors when applied
beyond their study range, and they lack robust sampling and modeling approaches (Chambers et al.,
2001; Case & Hall, 2008). Recently, Baral et al. (2021) developed volume functions for the stem and
branches of Shorea robusta by consolidating destructively collected samples from four studies.
However, these studies solely utilized Shorea robusta trees from natural conditions, failing to
adequately represent trees from intensively managed forests. Moreover, none of these studies have
developed volume models for 7. Tomentosa, despite its importance as an associate species of Shorea

robusta with commercial value.



Given the differences in growing conditions and management regimes, Terminalia Tomentosa may
exhibit distinct tree architectures and stem forms (Parham & Gray, 1984). Furthermore, the limited
studies attempting to develop volume equations for 7. tomentosa or its associated species have often
encountered methodological limitations, including inadequate sampling techniques and insufficient
modeling approaches. These shortcomings compromise the reliability and applicability of resulting
volume models, especially when extrapolated to different forest conditions or management practices

(Chambers et al., 2001; Case & Hall, 2008).

Therefore, this study seeks to address these critical gaps in knowledge by developing robust volume
models specifically tailored to 7. tomentosa. By incorporating a comprehensive set of independent
variables—including DBH, tree height, and crown dimensions—this research endeavors to provide
accurate and reliable estimations of 7. fomentosa tree volume. Through this endeavor, forest managers
and stakeholders will be equipped with essential tools to support informed decision-making processes,
ultimately contributing to the sustainable management and conservation of forests and their valuable

ecosystem services.

Materials and methods

Study area

The study area is located in the tropical mixed natural hardwood forests of Surkhet district, Nepal,
specifically within Bheriganaga Municipality and Barahatal Rural Municipality in Karnali Province,
part of the Siwalik range. These forests are primarily dominated by Shorea robusta (Sal) and Terminalia
tomentosa (Asna), spanning elevations from 540 to 810 meters above mean sea level. The region
experiences a mean annual maximum temperature of 27°C, a mean annual minimum of 15.1°C, and an
average annual precipitation of 1391.9 mm (DHM, 2017). The forests exhibit significant ecological
diversity, with variations in site quality, stand age, structure, and density. Site quality varies widely,
affecting growth conditions, while stand ages range from young regenerating forests to mature stands,
reflecting different stages of forest succession. The structure and density of the forest also show
extensive variation, from dense undergrowth and thick canopies to more open areas. Additionally, the
forests are distributed across various landscape aspects, with different slopes receiving varying amounts
of sunlight, wind, and moisture, further contributing to the ecological diversity. This diverse ecological
backdrop provides a rich context for studying forest dynamics, biodiversity, and environmental impacts

within the Siwalik range, making the area a significant focus for ecological and environmental research.
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Figure 1: Location map of study area; a) Map of Nepal with Physiographic region and province boundary b)
Landuse and landcover map of Karnali Province (Source: ICIMOD, Uddin et al., 2015). d) Barahatal rural municipality e)
Bheriganga Municipality in Surkhet district.

Sampling and Measurement

A total of 195 healthy, undamaged, and live trees with a diameter at breast height (DBH) of 10 cm or
greater were selected for measurement based on subjective criteria, ensuring representativeness of
available size and quality classes. Due to legal barriers, destructive sampling was not feasible for this
study. Instead, the Dendrometer Criterion RD 1000, known for its accuracy in measuring upper
diameters along the stem, was utilized. Tree height was measured using the Vertex instrument, while

over bark diameters at 0.3 m, 0.8 m, and 1.3 m from the base of the tree were measured using a
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Diameter tape. The remaining portion of the stem was measured at 1.5 m intervals up to the clear tip

using the Dendrometer Criterion RD 1000.

Additionally, crown width was assessed by measuring the longest spread and cross spread of each tree,
and the average values were considered as the crown width for individual trees. This comprehensive
approach to sampling and measurement ensured accurate and detailed data collection for the study of

the tropical mixed natural hardwood forests in the Surkhet district.

Calculating Stem Volume

To accurately calculate the total stem volume of each sample tree, we employed three distinct formulas,

each tailored to different sections of the tree:

Cylindrical Formula (Eq. 1): Used for calculating the volume of the tree stump.

Smalian’s Formula (Eq. 2): Applied to the middle portions of the bole.

Conical Formula (Eq. 3): Used for estimating the volume of the top of the tree.

Cylindrical volume = % x L(1) (1)
nD%+nD%
Volume by Smalian formula = { 2 > 2 } X L(2) 2)
nD?
Cone volume = 1—21 x L(3) 3)

D; and D; are the diameters at the thick and thin ends, respectively and L is the length of the

section.

The relationships between the stem volume and variables such as diameter at breast height (over bark),
total height, and crown width are depicted in Figure 3. Table 1 provides a summary of all measured and

estimated variables, including form factors.



Table :1 Summary Statistics of measured trees

SN Variables Mean Standard deviation =~ Minimum Maximum
1 DBH, cm 38.59 14.21 10.20 70.60
2 Height, m 13.5 4.2 2.8 20.8
3 form factor 0.55 0.13 0.36 0.99
4 Crown width, m 9.67 3.59 1.25 16.9
5 volume 0.95 0.82 0.01 3.53
6 HDR(m/cm) 0.54 0.15 0.35 1.15

Model Estimation and Evaluation

Our initial goal for this study was to incorporate dummy variables into the model to assess the impact
of location on variations in stem volume. However, preliminary analysis revealed no significant
differences in data across locations thereforefore we merged the data without consideration to the two
sites within study area. Consequently, we shifted our focus to modeling by first exploring the graphical
patterns of stem volume in relation to DBH, tree height and crown width and HDR (Height Diameter
Ratio) (Figure 2). These patterns indicated strong non-linear relationships between stem volume and
both DBH and total tree height as well as significant pattern in crown height and HRD (Figure 2). We
then identified mathematical functions capable of effectively describing these non-linear relationships

(Table 2).

In our study, we leveraged the power of the 'Im' function within the R statistical software package (R
Core Team, 2021) to estimate and evaluate our models. This function allowed us to conduct regression
analysis, a fundamental tool for modeling relationships between variables. Specifically, we employed
Marquardt’s method for optimization, which is a robust algorithm for parameter estimation commonly

used in regression analysis.

To assess the performance of our models, we relied on two widely accepted statistical metrics: the root
mean square error (RMSE) and the adjusted coefficient of determination (R2adj) (Eq 5 and 6). RMSE
provides a measure of the accuracy of model predictions by quantifying the differences between
observed and predicted values, while R2adj measures the proportion of variance in the dependent

variable that is explained by the independent variables, adjusted for the number of predictors in the



model. These metrics are essential for evaluating the goodness-of-fit of regression models and are

commonly reported in statistical analyses (Montgomery et al., 2012).

In addition to numerical metrics, we conducted visual inspections of our models by examining residual
plots and volume curves. Residual plots allow us to assess the randomness and homogeneity of errors
in our model predictions, while volume curves provide graphical representations of the relationships
between predictor variables and the response variable. These visualizations offer valuable insights into
the appropriateness of our modeling approach and help ensure that our models are grounded in

theoretical principles and biological logic (Zeide, 1993).

Our analyses were conducted at a significance level of 5%, adhering to standard practices in statistical
hypothesis testing. While model validation is typically an important step in regression modeling, we
faced challenges due to the limited size of our dataset. Despite the absence of formal validation, we
took measures to ensure the robustness and reliability of our models through rigorous evaluation using

statistical metrics and visual inspections.

Although model validation often involves splitting the dataset into training and validation sets, this
approach was not deemed suitable for our study due to the similarity in data structure and statistical
characteristics between the two subsets. Moreover, resource constraints prevented us from obtaining

additional independent data for external validation.

In summary, our comprehensive approach to model estimation and evaluation, combined with the
transparency and rigor of our methods, ensures the credibility and trustworthiness of our findings
within the constraints of our dataset. We evaluated the fitted models using four common statistical

indices:

1. Significance of Estimated Parameters: Unless otherwise specified, a 5% level of significance was

used in our analyses to determine the importance of the estimated parameters. (Eq. 4).

2. Root Mean Square Error (RMSE): This metric, the standard deviation of the residuals (prediction
errors), ideally equals 0, indicating perfect model predictions. The formula used for RMSE is detailed

in Montgomery et al. (2021) (Eq. 5).

3. Adjusted Coefficient of Determination (R* adj): This statistic measures the proportion of total
variability explained by the model, with higher values indicating better model performance. The

calculation for R2 adj follows the method outlined by Renaud & Victoria-Feser (2010) (Eq. 6).
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4. Akaike Information Criterion (AIC): This criterion assesses model quality, with smaller values

indicating a better fit. The AIC is computed as described by Burnham & Anderson (2004) (Eq. 7).

RSS = Y (i — 9, (4)
RMSE= ’ M )
n—-pP
S =9
R2: ;1_1 6
s, iY)? (6)
AIC=f(B)+2p (7)

Where, n — total non-missing observations; y; and §;— observed value and predicted value of stem
volume; ¥ - the average value of the observed stem volume; i - the ith observation with value 1, 2,. . .,n;
f (B)- negative of the marginal log-likelihood function; B — vector of parameter estimate; p — number of

parameters used in the model.

Table 2. Mathematical functions considered to fit data

Designation Function form Reference

M1 v; = leBHibz +g Huxley and Tessier (1936)

M2 DBH;* Hosoda and Lehara (2010)
%= b+ b,08H, "

M3 v; = byexp(—b,/DBH;) + ¢; Schumacher (1939)

M4 v = blexp(—bz/DBHio'S) + ¢ After Schumacher (1939)

Note: v; over bark stem volume of Terminalia Tomentosa tree i, DBH; is diameter at breast height (over

bark), b;, b, are parameters to be estimated, and ¢; is error term, which is assumed to have normal

distribution with mean zero and variance one. b; = ,BlHiB 2 where where H; is total height of tree i,

respectively; b2, B ana f> are parameters to be estimated.
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Figure 2. Stem volume plotted against diameter at breast height (DBH)(over bark), total height, Crown

width and HDR.

Results

The parameter estimates and fit statistics for all the tested models are presented in Table 3. The

estimates for each model, besides model 2, were found to be highly significant (p < 0.0001), indicating

that the models' parameters are statistically meaningful and reliable. These models demonstrated a

robust ability to explain volume variations, with each model accounting for more than 92% of the

observed variability in tree volume.

Among the four models evaluated, Models 1, Model3 and Model4 stood out due to their superior

performance metrics. These models exhibited the smallest values for the Akaike Information Criterion

(AIC) and Root Mean Square Error (RMSE), suggesting they provided the best fit to the data. Their fit

statistics were nearly identical, making them top contenders for the best model designation.
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Table 3 : Parameter estimates, their p-values, and fit statistics of four fitted functions.

Model Parameter | Estimate Std.Error t_value p_value | Adj_R2 | RMSE AIC
Bl 0.00004 0.00001 4.87667 | 0.00000

Model 1 B2 0.28904 0.10739 2.69146 | 0.00774 | 0.97166 | 0.14410 | -194.14
b2 2.44035 0.07086 34.43968 | 0.00000
Bl 834.72500 300.03125 2.78213 | 0.00594

Model 2 B2 0.21801 0.14294 1.52518 | 0.12886 | 0.91849 | 0.24439 | 11.87
b2 0.00000 3.60580 0.00000 | 1.00000
Bl 3.28648 1.36337 2.41056 | 0.01687

Model 3 B2 0.48709 0.11492 4.23863 | 0.00003 | 0.96545 | 0.15911 | -155.50
b2 112.94863 3.82331 29.54212 | 0.00000
Bl 53.99967 24.51365 2.20284 | 0.02880

Model 4 B2 0.36942 0.10847 3.40560 | 0.00080 | 0.97031 | 0.14751 | -185.02
b2 33.41890 1.01865 32.80699 | 0.00000

R’adj = adjusted coefficient of determination; RMSE = root mean squared error; AIC = Akaike

information criterion

To further refine our model selection among Modell, Model2 and Model 4, we conducted a detailed
analysis of the residual plots and the regression lines generated by these models. This additional
scrutiny aimed to assess the adequacy of the models in capturing the patterns in the data and to identify
any systematic deviations that might affect the model's predictive accuracy. By examining the
residuals, we could identify any potential biases or patterns that were not addressed by the models,

thereby ensuring the most accurate and reliable model selection.

The analysis of mean residuals plotted against DBH class and height class for models Modell, Model3,
and Model4 revealed no significant systematic trends within the measured data range, indicating that
each model performed consistently across different DBH and height classes and effectively captured
the variability in stem volume without bias (Fig 3). This consistency across classes underscores the
robustness of the models. Further validation of the models' performance is evident in the overlay graph
of observed versus predicted stem volume, the regression line of predicted volume against measured
volume, and a 1:1 reference line. These graphs demonstrated that the estimated stem volumes closely
aligned with the measured stem volumes, with data points clustering around the 1:1 line, indicating that
the models provided accurate predictions. The absence of systematic trends in the residuals suggests
that none of the models systematically overestimate or underestimate stem volume for specific DBH or
height classes, enhancing the models' reliability. The overlay graph analysis showed a strong fit to the
data, with regression lines close to the 1:1 reference line, further indicating accurate predictions. The

close distribution of data points around the 1:1 line underscored the models' unbiased and independent
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predictions. Collectively, the residual analysis and overlay graphs demonstrated that all three models
effectively described the relationship between DBH, height, and stem volume. This comprehensive
evaluation supports the use of any of these models for practical applications in forestry, where accurate
volume estimation is crucial, as they have proven to be robust, reliable, and unbiased across the

observed data range.
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Figure 3. Mean residuals were calculated for models Modell, Model3 and Model4 by DBH class with
a 5 cm interval and height class with a 2 m interval.

We further analyzed the model curves generated by the fitted functions (M1, M3, and M4) and

superimposed them on the observed volume data (Figure 4). All models demonstrated a promising
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alignment with biological expectations. The graphical representation indicated a significant impact of
total height and DBH on stem volume, highlighting its importance in accurate volume estimation. The
consistency and homogeneity of residuals, along with the biological plausibility of the model curves,
reinforced the suitability of both the power (M1) and the exponential function (M3 and M4) for
predicting stem volume within the observed data range. However, these findings suggest that M1 can
effectively capture the complex relationship between DBH, total height, and stem volume, providing
reliable predictions that align with biological realities in comparision to other models. The close fit of
this model to the empirical data supports its use in practical forestry applications, where accurate
volume estimation is essential. Overall, the thorough examination of model curves and their alignment
with measured data confirm the robustness and applicability of the power functions in predicting stem

volume.
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[

[

ra
]

Predicted Volume (m?)

Predicted Volume (m?)

Measured Volume (m?)

Model 4

(5] [

Predicted Volume (m?)

Measured Volume (m?)

Figure 4: Overlay graphs of straight line (1:1-line, black dashed line) and regression line (red line)
produced from the predicted volume (from Modell, Model3 and Modeld) regressed against the

measured volume.

16



We analyzed the model curves generated by each model and compared them with the measured stem
volume data. Among the models, M1 demonstrated greater biological plausibility compared to the other
models. We have only included the models with the most compelling volume curves.These figures
illustrate the significant influence of total height on stem volume variations, providing further

validation of the chosen models.
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Figure 5. Model curves overlaid on the measured stem volume data for Terminalia tomentosa. With the
variation of predictor variable ht of tree from about minimum to maximum values in the measured

data, stem volume significantly varied. Model 1 appears biologically more logical than the other.
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Comparison of Volume Models with Published Equivalent

In comparing the stem volume models for Terminalia tomentosa developed in this study with the model
by Sharma and Pukkala (1990) (Figure 6), we observed that while the predictions from both sets of
models are generally close, there are notable differences, particularly at smaller diameters. Specifically,
up to a diameter at breast height (DBH) of 60 cm, our models (Model 1, Model 3, and Model 4) exhibit
superior fit compared to the Sharma and Pukkala model, which tends to overestimate volume for trees
within this size range. This suggests that our models are more accurate for smaller trees and effectively

capture the growth dynamics of Terminalia tomentosa up to 60 cm DBH.

Beyond the 60 cm DBH threshold, the predictions from both model sets converge, although our models
tend to slightly underestimate volume for larger trees. The reduced discrepancies among models at
larger DBHs indicate that, for trees exceeding 60 cm DBH, the volume predictions become more
similar across models. This trend underscores the importance of selecting an appropriate model for
accurate volume estimation in Terminalia tomentosa, particularly for smaller trees. Differences in
model performance at smaller diameters could be attributed to variations in the datasets, tree

populations, or growth conditions used in model development.

Model
Model 1
3 Model 3
Model 4
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Figure 6: Volume curves of the three models (Modell, Model3 and Model4) from this study, along with
the model developed by Sharma & Pukkala (1990)(Model5), overlaid on the observed stem volume

data. The black dots represent the observed stem volume data collected in this study
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Discussion

Tree volume models are crucial tools for estimating timber volume, forest biomass, and carbon
assessment. Accurate volume estimates require robust modeling approaches and comprehensive
databases (Chapagain and Sharma, 2021). We developed volume models to predict the stem volumes of
individual trees growing in the natural forests of terminalia tomentosa in Karnali province, (Figure 1).

The models for terminalia tomentosa are designed to predict outside bark stem volumes.

Our dataset includes a wide range of mature trees covering all potential variabilities of the main tree
variables (Table 1, Figure 3). This comprehensive data is the foundation for developing robust models.
The chosen candidate functions (Table 2) are flexible enough to describe a wide range of variations in
the response variable of interest, which in our case is stem volume. These functions have been
frequently used by many modelers to build various forestry models (Aryal et al 2023, Hosoda and
Iehara, 2010; Huxley and Teissier, 1936; Schumacher, 1939; Sharma et al., 2016; Shrestha et al., 2017).

Choosing the correct form of the candidate function to fit the data is a critical step in building a robust
model. This decision must align with the data pattern observed. The nonlinear functions selected in our
study effectively described the observed nonlinearity patterns (Figure 2) and exhibited small deviations
of residuals from zero (Figure 3). This indicates the effectiveness and reliability of our models in

predicting stem volume accurately

Although we fitted various functions of differing complexities, we identified DBH as the most critical
attribute explaining most of the volume variation, consistent with findings from other studies
(Neumann et al., 2016; Subedi, 2017; Shrestha et al., 2018). For example, our models that used only
DBH as a predictor variable accounted for 87-90% of the variations in stem volume. When height was
added to the models, the explained variability increased to 92-96%. This modest increase is due to the
strong correlation between DBH and tree height (Lee et al., 2017). However, on a regional scale like
ours, environmental heterogeneity can cause significant height variations within the same diameter
class (Mauya et al., 2014; Mensah et al., 2017). Thus, models relying solely on DBH might provide

biased estimates.

Incorporating additional variables such as height to crown base, tree slenderness, and crown
dimensions has been shown to improve accuracy in previous studies (Mauya et al., 2014; Silwal et al.,
2018; Baral et al., 2021). However, this complexity can also pose practical challenges. Field
measurements of these additional variables can be cumbersome, potentially limiting the models'

applicability. Our primary objective was to develop a straightforward volume equation suitable for
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regional application, targeting Divisional Forest Offices. In this context, simpler models are more
practical and effective, aligning with the operational needs and constraints of governmental agencies.
Despite their simplicity, models using DBH and height can accurately describe the allometric attributes

of stem volume, especially when developed and validated at a regional scale (Oliveira et al., 2018).

Our dataset represented two distinct sites within surkhet district of Karnali province, and we initially
aimed to assess site-specific variations in tree volume by introducing site as a categorical dummy
variable in our modeling framework. However, an examination of scatter plots depicting the
relationships between tree volume and predictor variables revealed no consistent or systematic
differences among the data sources (Figure 2). Similarly, Baral et al. (2021) reported minimal
variations between data sources while developing a generic volume equation using data from various
parts of Nepal. This suggests that a regionally generalized model can be both effective and practical,

even when developed with diverse datasets.

To our knowledge, this study represents the first attempt to develop stem volume functions for
Terminalia tomentosa at a local scale , utilizing samples collected from managed forests across Karnali
regions of Nepal. Our results indicate a strong predictability performance for the both power function
and exponential function. However, the power function demonstrates superior fit statistics, with lower
AIC and RMSE values. When considering other volume or biomass equations developed for various
species, it is evident that both the power form (Wan-Mohd-Jaafar et al., 2017; BK et al., 2019) and the
fractional form (Vanclay, 1994; Hosoda & Iehara, 2010; Subedi & Sharma, 2012) often yield the best
performance. The fit statistics for our models are further validated by the graphical representations of

residuals and the curves of predicted versus measured volumes (Figure 5).

The smaller residual variations observed for smaller trees (Figure 3) suggest that our models are
particularly precise in estimating volumes for these trees. This precision may also be partly due to the
limited number of observations available for larger trees. Figure 5 illustrates the significant impact of
tree height in both power and exponential functions, as evidenced by the clear differentiation in
predicted stem volumes even for trees with the same DBH. Given the negligible differences between
the power and exponential functions, both models are suitable for estimating tree volume. The
robustness of these models is supported by their ability to adequately cover the range of data, providing

reliable predictions for trees across varying sizes and conditions.
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The absence of systematic trends in the residuals (Figure 4) indicates the model's accuracy and
reliability. This lack of bias in the residuals confirms that the models effectively capture the underlying
patterns in the data. Moreover, the distinct separation of the curves generated by the final models within
the observed data range, even for trees with the same DBH, underscores the substantial influence of
additional predictor variables (Figure 5). These results highlight the models' capability to account for
various factors affecting stem volume, beyond just DBH, ensuring a more comprehensive and precise
estimation. The significant effects of covariate predictors such as tree height and crown width
contribute to the models' robustness, allowing them to differentiate accurately between trees with
similar DBH but differing in other attributes. This differentiation is crucial for accurately predicting
stem volumes across a wide range of tree sizes and conditions, ultimately enhancing the models'

applicability and effectiveness in practical forestry assessments.

Modelers often opt to use Diameter at Breast Height (DBH) as the sole predictor in stem volume
models due to its ability to explain approximately 75% of the variation in stem volumes, thus keeping
the models relatively simple. However, the limitation of these models lies in their reduced accuracy
when trees of similar DBH exhibit varying heights and crown sizes—a common scenario in forest
stands of any size. To address this limitation, researchers have found that including tree height as a

covariate predictor significantly improves the precision of the models (Lee et al., 2017).

Moreover, incorporating additional predictors such as Height-to-DBH Ratio (HDR), which indicates
tree slenderness, and crown size, a measure of tree vigor and health, can further enhance model
accuracy and broaden its applicability across different forest conditions. In our study, we expanded our
models by adding total height as a covariate. This adjustment notably enhanced the fit of our volume

models, underscoring the considerable influence of these covariates on the variations in stem volume.

While crown size is expected to exert a significant influence on stem volume variations, our study
could not verify this due to the unpredictable pattern of crown information in our dataset as this was
due to lack of instruments for the measurement of crownwidth. Future research efforts focusing on
including crown size data would likely provide further insights into its impact on stem volume

predictions and forest management strategies.

We utilized two common statistical measures to evaluate forestry models. Model validation, crucial for
confirming model reliability, was not performed due to the absence of external independent data.
Additionally, we did not employ data splitting, which divides data into fitting and validation sets,

because our datasets shared similar characteristics and were derived from the same tree population and
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sampling methods as noted in several studies (Chapagain and Sharma, 2021; Hirsch, 1991; Kozak and
Kozak, 2003; Yang et al., 2004; Zhang, 1997).

To enhance statistical robustness, we advocate using the entire dataset for estimating model parameters,
which yields more stable estimates with smaller standard errors. Conversely, splitting the data into
smaller subsets for validation (e.g., 1/3, 1/2, 1/4 sets or k-folds) often leads to overestimation of errors
due to the reduced size of the fitting dataset (Chapagain and Sharma, 2021; Hirsch, 1991; Kozak and
Kozak, 2003; Yang et al.,, 2004; Zhang, 1997). Therefore, the preferable alternative is validating
models with external independent datasets (Crecente-Campo et al., 2010; Sharma et al., 2011; Sharma

et al., 2019), a step we plan for future validations with additional data.

Given the diverse modeling approaches, predictor variables, and dataset sizes across forest modeling
studies, direct comparison with previous models may not be robust. However, some comparison against
earlier studies (Figure 6) was conducted, such as with models by Sharma and Pukkala (1990), despite

uncertainties in their accuracy due to dated data collection methods.

Our comparisons revealed systematic overestimation issues with existing volume models (Sharma and
Pukkala, 1990) upto DBH of 60 cm when applied to our study forests (Figure 1), highlighting the
necessity for developing new, species-specific volume models based on comprehensive local data

covering specific growth conditions.

The stem volume models (Model 1) presented exhibit both biological plausibility and statistical
flexibility suitable for various applications such as quantifying growing stock, carbon accounting,
timber valuation, growth and yield modeling, and environmental analysis. This model incorporate key
tree factors (diameter, height, crown size, age), external factors (site quality, topography, climate), and
stand factors (development stage, structure, competition stress), which significantly influence stem
volume. Including these predictor variables can enhance model accuracy and broaden its applicability,
albeit increasing complexity. Advanced software tools like SAS and R facilitate handling such

complexities.

While our models demonstrate robust biological foundations (Figure 5) and statistical reliability (small
standard errors, Table 3), their generalizability beyond the specific small forest area studied (Figure 1)
in the Karnali province may be limited. Variability in growth due to topography, soil, climate, and
forest density may differ across larger geographical extents. Therefore, our models are best applied as a
foundation within similar forest contexts and require rigorous testing before extrapolating to broader

distributions of the target species, even within the Karnali province.
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For volume modeling , proper handling of dummy variables is crucial. Future enhancements could
involve recalibrating models with additional data covering wider species distributions across Karnali
and beyond, and validating these models against independent datasets. Validation, a critical modeling
step for enhancing credibility, was not conducted through data splitting due to concerns that this
method may not significantly differ from fitting models with the entire dataset, potentially leading to

overestimation of errors.

To ensure robust predictive performance, future efforts should focus on testing models against
independent datasets representing diverse geographical and stand-level attributes, which was
constrained in this study due to resource limitations. This approach aligns with best practices in model
validation (Vanclay, 1994; Vanclay & Skovsgaard, 1997; Yang et al., 2004) and ensures confidence in

model applicability beyond the study's immediate scope

Conclusion

Allometric stem volume models were meticulously developed for Terminalia tomentosa, a significant
timber species in Karnali Province, Nepal. These models were constructed using comprehensive data
encompassing a diverse range of individuals, including mature trees, and employed Diameter at Breast
Height (DBH) and total height. Remarkably, the models collectively accounted for over 92% of the
variation in stem volume, demonstrating robust fit statistics particularly strong for Terminalia

tomentosa.

The proposed volume models is not only biologically sound but also statistically robust, rendering them
suitable for precise applications such as quantifying growing stock, carbon accounting, timber
valuation, growth and yield modeling, and environmental analysis within Karnali Province and similar
regions. However, it is crucial to exercise caution when applying these models to forest conditions that

differ significantly from those represented in the original dataset.

To further enhance prediction accuracy, future research efforts should prioritize recalibrating the
models using additional data collected from broader distributions of Terminalia tomentosa across
Karnali Province and potentially beyond. Furthermore, rigorous validation of these models against

independent datasets would bolster confidence in their applicability across diverse forest ecosystems.

Given the pivotal role of Terminalia tomentosa in scientifically managed lowland forests, our volume

equations serve as indispensable tools for assessing growth and yield modeling, estimating growing
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stock, and conducting carbon accounting, thereby facilitating sustainable forest management practices.
Continual development and testing of allometric equations are essential; thus, we recommend that
future researchers expand sample sizes to encompass a wider geographic range and management
scenarios. Additionally, including additional variables that capture site and stand-level attributes will

further refine and broaden the applicability of volume equations for Terminalia tomentosa.
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