


Transformation and Normalisation of Timber Diameters with Machine Learning and Python

Abstract
Diameter at breast height (DBH) is a central variable in forest inventory, timber volume estimation, biomass assessment and compliance evaluation under minimum cutting diameter regulations. This study examined the distributional properties of harvested tropical timber diameters from Forest Management Units in the South West Region of Cameroon using a Python-based analytical workflow. The dataset comprised 373 harvested tree records representing 24 commercial timber species. Descriptive statistics showed a mean diameter of 87.97 cm, standard deviation of 30.19 cm, median of 68.50 cm, minimum of 44.00 cm and maximum of 160.50 cm. The distribution was positively skewed and strongly platykurtic, with visual evidence of bimodality. Formal normality assessment using Shapiro-Wilk, Kolmogorov-Smirnov, Anderson-Darling and D'Agostino-Pearson tests rejected normality for the raw diameter data. Logarithmic, square-root, Box-Cox, Yeo-Johnson and square transformations reduced skewness to different degrees but did not remove the bimodal structure or achieve normality. Five normalisation approaches, including Min-Max scaling, Z-score standardisation, Robust scaling and PowerTransformer variants, rescaled the data but preserved the underlying distributional pattern. Principal Component Analysis showed that the normalised features were highly redundant, with the first component explaining 99.23% of the variance. K-Means clustering separated the diameter data into three size-related groups, whereas Isolation Forest identified 18 anomalous observations, representing 4.8% of the dataset. The findings indicate that multi-species harvested timber diameter data may violate normality assumptions and should be analysed using distribution-aware methods. The workflow provides a reproducible statistical approach for screening diameter distributions in tropical forest management datasets.
Keywords: Forest Management Units; tropical timber; diameter distribution; normality testing; Box-Cox transformation; Yeo-Johnson transformation; K-Means clustering; Principal Component Analysis; Isolation Forest; scikit-learn; South West Cameroon; Congo Basin.
1. Introduction
Tropical forests cover approximately 1.9 billion hectares and perform ecosystem services of planetary significance. They harbour an estimated 45% of terrestrial biodiversity, store high amounts of carbon in biomass and soils, and sustain the livelihoods of more than 1 billion people (Lewis et al., 2009; Pan et al., 2011; Borma, 2023; FAO, 2025). The Congo Basin, stretching across six Central African nations including Cameroon, constitutes the world's second-largest contiguous tropical rainforest massif (de Wasseige et al., 2012; Laurance et al., 2014; Nago Zeufack et al., 2025). Within Cameroon, forests cover approximately 22 million hectares; the Permanent Forest Estate (PFE) is allotted 8.7 million ha, including Forest Management Units (FMUs), which are managed for timber production under the 1994 Forest Law (Nasi et al., 2008; Topa et al., 2009). This law was modernised in 2024 to integrate the FMU system with contemporary climate change adaptation regimes and global supply-chain traceability mandates, such as the European Union Deforestation Regulation (EUDR) (Republic of Cameroon, 2024; Clever Project, 2025; Kamkuimo et al., 2025). Operators are required to develop ten-year management plans that divide each FMU into Annual Cutting Areas (ACA), harvested once per year over a 30-year rotation period (Cerutti et al., 2011), to support sustainable management.
Sustainable management of these forests demands precise quantitative knowledge of stand structure. The most operationally critical dendrometric variable is diameter at breast height (DBH), measured at 1.30 m above ground. DBH serves as the primary predictor variable in virtually all allometric equations for timber volume (Picard et al., 2012), above-ground biomass (Henry et al., 2011; Chave et al., 2014; Shang et al., 2025), and carbon stock estimation (Lewis et al., 2009; Vieilledent et al., 2012; FAO, 2025). It is also the variable against which Minimum Cutting Diameter (MCD) regulations are enforced, logged volumes are calculated, and forest management plan compliance is assessed (Agrawal et al., 2008; Bayol et al., 2009; Nasi et al., 2008; Cerutti et al., 2011; Forest Trends, 2026). Consequently, the distributional properties of DBH data have cascading consequences for forest governance, REDD+ accounting (UNFCCC, 2025), and royalty calculations paid to local communities and the national treasury. Standard parametric statistical assumptions, such as normality, homoscedasticity and independence, are routinely violated in tropical timber datasets (Zuur et al., 2009; Legendre & Legendre, 2012). Yet many forest scientists apply parametric tests uncritically, risking inflated Type I error rates, biased parameter estimates, and invalid confidence intervals (Quinn & Keough, 2002; Midway & White, 2025). The consequences extend to management: if an allometric volume model is fitted with ordinary least squares (OLS) to non-normal, heteroscedastic residuals, the resulting volume estimates may be systematically biased. This may affect revenue calculations by misstating the carbon footprint of harvesting operations (Picard et al., 2012; Chave et al., 2014) if the data are not transformed prior to analysis.
1.1 Mathematical Transformation and Data Normalisation in Forestry
Data transformation has been a cornerstone of applied statistics since Pearson's (1900) foundational work on frequency curves. The square-root transformation was classically recommended for count (Poisson) data, the logarithmic transformation for right-skewed positive measurements, and the arcsine-square-root transformation for proportions (Sokal & Rohlf, 1995). The Box-Cox transformation remains among the most widely cited variance-stabilising methods in applied ecology and forestry (Zuur et al., 2009; Legendre & Legendre, 2012). Logarithmic transformations are deeply embedded in allometric modelling, while height-diameter models often require log-transformation of residuals to meet OLS assumptions (Zhang, 1997; Bailey & Dell, 1973). However, logarithmic transformation is effective only for unimodal, right-skewed distributions, as it cannot resolve bimodality because no monotone function can convert a distribution with two local density maxima into one with a single mode (Sokal & Rohlf, 1995).
Normalisation is frequently confused with transformation in the scientific literature, but the two operations are fundamentally distinct. Transformation applies a non-linear function to alter the shape of the distribution, whereas normalisation linearly rescales the data to a common range or to distributional parameters without altering shape (Hastie et al., 2009; Goodfellow et al., 2016). Normalisation ensures numerical stability in gradient-based optimisation (LeCun et al., 1998), enabling valid comparison across variables measured on different scales. Min-Max scaling (Patro & Sahu, 2015) linearly maps values to [0, 1] using observed extremes as anchors but is highly sensitive to outliers. Z-score (Standard) scaling centres data at zero mean and unit variance (Jain et al., 2016), preserving distribution shape but remaining influenced by extreme values through the standard deviation. Robust scaling uses the median and interquartile range (IQR) as location and scale parameters, making it resistant to outliers and appropriate for non-normal distributions with extreme tails, such as tropical timber diameters (Pedregosa et al., 2011).
1.2 Machine Learning in Forest Science with Python
Machine learning (ML) has transformed quantitative ecology and forest science over the past two decades. Supervised learning methods have been applied to above-ground biomass estimation from LiDAR point clouds (Asner et al., 2012; Réjou-Méchain et al., 2017; Feng et al., 2025), species classification from hyperspectral imagery (Fassnacht et al., 2016), deforestation prediction from satellite time series (Hansen et al., 2013), and timber volume estimation from structural attributes. Unsupervised ML methods, including clustering, dimensionality reduction and anomaly detection, offer complementary tools for revealing structure in dendrometric data without labelled training sets (Torresan et al., 2016). K-Means clustering, introduced by MacQueen (1967) and formalised by Lloyd (1982), partitions observations into k clusters by iteratively minimising the Within-Cluster Sum of Squares (WCSS). In forestry, K-Means provides an objective alternative to arbitrary diameter class boundaries (Bailey & Dell, 1973) and has been applied to cluster tree species by functional traits (Laughlin et al., 2010). Principal Component Analysis (PCA) (Pearson, 1901; Hotelling, 1933) projects multivariate data onto orthogonal axes of maximum variance, enabling dimensionality reduction and visualisation; it has been widely used in forest ecology for ordination and functional trait analysis (Legendre & Legendre, 2012).
Isolation Forest (Liu et al., 2008) is an ensemble anomaly detection algorithm that isolates observations using random binary trees. Because anomalies are few and structurally distant from the majority, they require fewer partitions to isolate than normal points. Isolation Forest is distribution-free and makes no assumption about the underlying distribution shape. It has been shown to outperform classical methods (IQR, Z-score and Local Outlier Factor) on complex, non-Gaussian datasets (Liu et al., 2012; Goldstein & Uchida, 2016; Choi & Jung, 2025). In a regulatory compliance context, anomalies detected by Isolation Forest may correspond to data entry errors, measurement mistakes, or genuinely exceptional trees warranting additional verification (Picard et al., 2012) and review of programming code.
The emergence of Python as the dominant language for scientific computing and machine learning has transformed quantitative ecology (Müller & Guido, 2016; VanderPlas, 2016). The scientific Python ecosystem, including NumPy (Harris et al., 2020), SciPy (Virtanen et al., 2020), Pandas (McKinney, 2010), Matplotlib (Hunter, 2007), Seaborn (Waskom, 2021), and scikit-learn (Pedregosa et al., 2011), provides a comprehensive, freely available, and reproducible analytical toolkit (Sandve et al., 2013; Peng, 2011; Wasser, 2025). NumPy and Pandas are designed for vectorised computation (Harris et al., 2020; McKinney, 2010), while scikit-learn ML algorithms handle batch processing efficiently (Pedregosa et al., 2011). The scalability of Python-based workflows is a critical advantage, as datasets can be extended to tens of thousands of records from national forest inventories or the entire Cameroonian Forest Management Unit (FMU) system without code changes. Furthermore, Python's accessibility, unlike that of proprietary packages (SAS, Minitab and SPSS) that require per-seat licensing, is especially important for African academic and governmental institutions with limited budgets (Müller & Guido, 2016).
1.8 Research Gaps and Objectives
Despite the ecological and economic importance of the South West Region's FMUs, little work has examined the statistical properties of their harvested diameter distributions, evaluated the suitability of standard parametric assumptions, or applied modern Python-based machine learning to field-measured Central African forestry data. This study pursues five explicit objectives:
1. To provide a comprehensive descriptive characterisation and multi-test normality assessment of harvested timber diameters from FMUs in the South West Region of Cameroon using the Shapiro-Wilk, Kolmogorov-Smirnov, Anderson-Darling, and D'Agostino-Pearson tests.
1. To systematically evaluate five mathematical transformations, namely logarithmic, square-root, Box-Cox, Yeo-Johnson, and power transformations, for their ability to improve distributional normality.
1. To compare five data normalisation strategies, namely Min-Max, Z-score, Robust, and scikit-learn PowerTransformer variants, with respect to their statistical properties and suitability for downstream forest inventory modelling.
1. To apply K-Means, PCA, and Isolation Forest machine learning algorithms to identify natural diameter classes, assess feature redundancy, and detect anomalous observations.
1. To demonstrate a fully reproducible, open-source Python-based analytical pipeline as a methodological template for statistical forest science across the Congo Basin.
1.9 Hypotheses
Objective 1: Normality Assessment of Harvested Timber Diameters
H₀₁: The diameter distribution of harvested timber stems from FMUs in the South West Region of Cameroon does not significantly differ from a normal distribution (i.e., the data are normally distributed).
H₁₁: The diameter distribution of harvested timber stems from FMUs in the South West Region of Cameroon differs significantly from a normal distribution (i.e., the data are not normally distributed).
Tested using: Shapiro-Wilk, Kolmogorov-Smirnov, Anderson-Darling, and D'Agostino-Pearson tests at α = 0.05.
Objective 2: Efficacy of Mathematical Transformations
H₀₂: None of the five mathematical transformations (logarithmic, square-root, Box-Cox, Yeo-Johnson, and power) will significantly improve the normality of the diameter distribution, as assessed by the Shapiro-Wilk statistic and absolute skewness.
H₁₂: At least one of the five mathematical transformations will significantly improve the normality of the diameter distribution, producing a Shapiro-Wilk p-value > 0.05 and an absolute skewness |g₁| < 0.5 relative to the untransformed data.
Expected outcome informed by the mathematical theorem that no monotone transformation can resolve structural bimodality (Sokal & Rohlf, 1995).
Objective 3: Comparison of Data Normalisation Strategies
H₀₃: There is no significant difference among the five normalisation strategies (Min-Max, Z-score, Robust, PowerTransformer Box-Cox, and PowerTransformer Yeo-Johnson) in their ability to improve the symmetry, range stability, and suitability for machine learning of the harvested diameter data.
H₁₃: The five normalisation strategies differ significantly in their distributional properties, specifically in output range, sensitivity to extreme diameter values, residual skewness, and Shapiro-Wilk p-value such that Robust scaling and PowerTransformer variants outperform Min-Max and Z-score scaling for non-normal, bimodal forestry data.
Assessed by comparing mean, SD, range, and SW p-value across all five normalised outputs.
Objective 4: Machine Learning Identification of Natural Diameter Classes
H₀₄: There are no statistically distinct natural diameter classes in the harvested timber dataset; K-Means clustering (k = 3) will not produce cluster centroids that correspond to ecologically or regulatorily meaningful diameter groups, and PCA will not reveal dimensional redundancy among normalised features.
H₁₄: K-Means clustering (k = 3) will identify three statistically distinct and ecologically meaningful diameter classes corresponding to near-MCD, transitional, and high-MCD species groups as defined by MINFOF (2019) regulations, providing data-driven validation of regulatory threshold coherence; PCA will confirm that normalised features are dimensionally redundant, an expected consequence of applying monotonic transformations to a univariate diameter vector with PC1 explaining ≥ 90% of total variance.
Cluster validity assessed by within-cluster sum of squares (WCSS) and ecological correspondence with MCD thresholds.
Objective 5: Anomaly Detection and Reproducibility of the Python Pipeline
H₀₅: The Isolation Forest algorithm will not identify a significantly greater number of anomalous diameter records than classical outlier detection methods (IQR and Z-score), and the Python-based analytical pipeline will not demonstrate reproducibility or scalability advantages over conventional statistical approaches.
H₁₅: The Isolation Forest algorithm, being distribution-free, will identify a significantly greater number of anomalous records than IQR and Z-score methods, which perform poorly on bimodal, non-Gaussian distributions, and the Python-based pipeline will demonstrate full reproducibility, scalability, and extensibility advantages consistent with open-science best practices.
2. Materials and Methods
2.1 Data Collection and Dataset Description
Diameter measurements were obtained from official annual harvest declarations compiled from FMUs in the South West Region of Cameroon. Each record comprised species identification and DBH (cm). The dataset comprised 373 individual tree observations spanning 24 commercial timber species, consistent in scale with published FMU inventory studies from the Congo Basin (Gourlet-Fleury et al., 2004). Data were loaded into Python using pandas.read_csv() (McKinney, 2010); no missing values required imputation.
2.2 Python Analytical Environment and Package Roles
All analyses were conducted in Python 3.11. Table 1 summarises the packages used, their versions, and specific functions. This ecosystem has been validated for ecological and statistical computing in numerous published studies (Hunter, 2007; McKinney, 2010; Pedregosa et al., 2011; Harris et al., 2020; Virtanen et al., 2020; Waskom, 2021).
Table 1. Python packages, versions, and functions used in this study
	Package
	Version
	Key Functions / Classes Used

	NumPy
	1.26
	array, log, log10, sqrt, percentile, linspace, column_stack, abs 

	Pandas
	2.2
	DataFrame, read_csv, groupby, agg, value_counts, describe

	SciPy (stats)
	1.13
	shapiro, kstest, anderson, normaltest, boxcox, yeojohnson, probplot, zscore, gaussian_kde, norm

	scikit-learn
	1.5
	MinMaxScaler, StandardScaler, RobustScaler, PowerTransformer, PCA, KMeans, IsolationForest

	Matplotlib
	3.9
	pyplot.subplots, hist, plot, scatter, violinplot, imshow, boxplot, bar, savefig 

	Seaborn
	0.13
	violinplot, heatmap, kdeplot statistical visualisation layer over Matplotlib 

	statsmodels
	0.14
	OLS diagnostics, supplementary regression analysis


2.3 Descriptive Statistics
Descriptive statistics included the arithmetic mean, median, standard deviation (SD), minimum, maximum, IQR (Q3 - Q1), Fisher's skewness g₁, and excess kurtosis g₂, computed using pandas.DataFrame.describe(), scipy.stats.skew(), and scipy.stats.kurtosis(). Per-species statistics were computed using pandas.groupby().agg(['count','mean','std','min','max']).
2.4 Normality Testing
Four complementary normality tests were applied to the raw diameter vector and its transformations (Log10, √x, Box-Cox, Yeo-Johnson) (Royston, 1992; Yeo & Johnson, 2000; Zuur et al., 2009; Razali & Wah, 2011; Thode, 2002; Midway & White, 2025). H₀ states that the sample derives from a normally distributed population and is rejected at α = 0.05.
· Shapiro-Wilk: scipy.stats.shapiro(); W → 1 indicates normality; the test tracks values and skewness across all transformation states (Shapiro & Wilk, 1965).
· Kolmogorov-Smirnov: scipy.stats.kstest(z_data, 'norm'); measures the supremum of |ECDF - CDF| for each distribution variation (Kolmogorov, 1933; Smirnov, 1948). The Kolmogorov-Smirnov test was applied with parameters estimated from the sample (μ̂ = 87.97 cm, σ̂ = 30.19 cm); Lilliefors-adjusted critical values (α = 0.05: 0.046; α = 0.01: 0.053) (Lilliefors, 1967) were therefore used for inference rather than standard KS tables, following Dallal and Wilkinson (1986).
· Anderson-Darling: scipy.stats.anderson(data, dist='norm'); weighted KS statistic emphasising tails; compared against critical values up to 1% (Anderson & Darling, 1952; Stephens, 1974).
· D'Agostino-Pearson: scipy.stats.normaltest(); K² statistic combining skewness and kurtosis tests to detect distribution bimodality (D'Agostino & Pearson, 1973).
· Quantile-Quantile (Q-Q) Plots: statsmodels.api.qqplot(); visual assessment mapping sample quantiles against theoretical normal quantiles to evaluate linearity, tail behaviour, and structural distribution discontinuities.
2.5 Data Transformations
Five transformations were evaluated for their ability to reduce skewness and improve normality.
· Logarithmic: y = log₁₀(x); numpy.log10(); standard for right-skewed positive data.
· Square-root: y = √x; numpy.sqrt(); moderate power transformation.
· Box-Cox: y = (x^λ-1)/λ; scipy.stats.boxcox(); λ estimated by MLE (Box & Cox, 1964); λ̂ = -0.952.
· Yeo-Johnson: scipy.stats.yeojohnson(); extends Box-Cox to zero and negative values; λ̂ = -0.970.
· Square: y = x²; numpy.power(x, 2); included for completeness as the symmetric upper-extending power alternative.
2.6 Data Normalisation Strategies
Five normalisation strategies were compared for their statistical properties and suitability for machine learning applications (Pedregosa et al., 2011; Hastie et al., 2009; Patro & Sahu, 2015).
· Min-Max Scaling: sklearn.preprocessing.MinMaxScaler(); maps to [0, 1]; sensitive to outliers.
· Z-score Standardisation: sklearn.preprocessing.StandardScaler(); mean = 0, SD = 1; standard for Gaussian-assumption models.
· Robust Scaling: sklearn.preprocessing.RobustScaler(); uses median and IQR; resistant to outliers.
· PowerTransformer (Box-Cox): PowerTransformer(method='box-cox'); applies Box-Cox transformation then standardises.
· PowerTransformer (Yeo-Johnson): PowerTransformer(method='yeo-johnson'); as above, Yeo-Johnson variant.
2.7 Outlier Detection
Three outlier detection methods were applied:
· IQR (Tukey fences): Observations outside [Q1 - 1.5×IQR, Q3 + 1.5×IQR] (Tukey, 1977).
· Z-score: |z| > 3.0; scipy.stats.zscore().
· Isolation Forest: sklearn.ensemble.IsolationForest(contamination=0.05, random_state=42); 100 isolation trees; distribution-free.
2.8 Machine Learning Analyses
· PCA: sklearn.decomposition.PCA(n_components=2) applied to the five-column normalised feature matrix.
· K-Means: sklearn.cluster.KMeans(n_clusters=3, random_state=42, n_init=10); k = 3 was motivated by the known tripartite regulatory diameter structure; Within-Cluster Sum of Squares (WCSS) is reported for cluster quality.
· Isolation Forest: applied to univariate diameter array.
3. Results
3.1 Descriptive Statistics and Species Composition
The dataset comprised 373 harvested trees from 24 commercial species. Figure 1 and Table 2 show species frequencies and proportions. Lophira alata Banks (Azobé/Bongossi) dominated at 174 records (46.6%), consistent with its status as the most frequently harvested species in the South West Region (Bayol et al., 2009) and its wide ecological amplitude in lowland rainforest (Tchouto et al., 2006).
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Figure 1. Species composition. (a) Frequency by species; (b) proportional pie chart
Table 2. Per-species descriptive statistics (top 11)
	Species
	n
	Mean (cm)
	SD (cm)
	Min (cm)
	Max (cm)
	Family

	Lophira alata Banks ex Gaertn.
	174
	91.3
	30.8
	47.5
	160.5
	Ochnaceae

	Staudtia kamerunensis Warb.
	27
	60.7
	5.3
	44.0
	68.0
	Olacaceae

	Pterocarpus soyauxii Taub.
	26
	63.3
	4.9
	51.0
	70.0
	Fabaceae

	Cylicodiscus gabunensis Harms
	24
	95.9
	29.9
	54.0
	133.5
	Fabaceae

	Erythrophleum ivorense A. Chev.
	20
	68.4
	12.6
	59.0
	120.0
	Fabaceae

	Nauclea diderrichii (De Wild. & T. Durand) Merr.
	19
	87.1
	27.3
	56.0
	124.0
	Rubiaceae

	Baillonella toxisperma Pierre
	18
	128.8
	11.7
	113.0
	153.5
	Sapotaceae

	Piptadeniastrum africanum (Hook. f.) Brenan
	13
	117.4
	5.8
	112.0
	132.0
	Fabaceae

	Didelotia letouzeyi Pellegr.
	8
	94.9
	30.6
	65.0
	138.5
	Myristicaceae

	Entandrophragma utile (Dawe & Sprague) Sprague
	7
	124.3
	27.0
	70.0
	148.5
	Meliaceae

	Milicia excelsa (Welw.) C.C. Berg
	5
	122.7
	11.0
	113.5
	140.0
	Moraceae


The overall mean diameter was 87.97 cm (SD = 30.19 cm), with a median of 68.50 cm that was substantially lower than the mean, indicating positive right skew. The large IQR (Q3 - Q1 = 117.0 - 63.5 = 53.5 cm) relative to the mean signals high dispersion. Positive skewness (g₁ = +0.487) and strongly negative excess kurtosis (g₂ = -1.413) indicated a platykurtic distribution, a distributional signature associated with bimodality (Table 3). Visual inspection of Figure 2 confirmed a bimodal structure with modes at approximately 67-70 cm and 113-120 cm, separated by a trough in the 75-110 cm range.
Table 3. Overall descriptive statistics for harvested diameter
	Statistic
	Value
	Units

	N (sample size)
	373
	trees

	Number of Species
	24
	species

	Mean
	87.97
	cm

	Standard Deviation
	30.19
	cm

	Median (Q2)
	68.50
	cm

	1st Quartile (Q1)
	63.50
	cm

	3rd Quartile (Q3)
	117.00
	cm

	IQR (Q3 - Q1)
	53.50
	cm

	Minimum
	44.00
	cm

	Maximum
	160.50
	cm

	Skewness (g₁)
	+0.487
	dimensionless

	Excess Kurtosis (g₂)
	-1.413
	dimensionless
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Figure 2. Distribution of harvested timber diameters
3.2 Normality Test Results
All four normality tests rejected H₀ at p < 0.001 for the raw diameter data (Table 4). The Shapiro-Wilk W = 0.8189 is substantially below 1.0, consistent with strong non-normality. The Kolmogorov-Smirnov statistic (D = 0.3143) was evaluated against Lilliefors-adjusted critical values (0.053 at α = 0.01) to account for parameters being estimated from the same sample; D greatly exceeds this threshold, confirming a highly significant departure from normality. The Anderson-Darling statistic (A² = 33.43) exceeds the 1% critical value (1.033) by a factor of 32, indicating extreme tail departure. The D'Agostino-Pearson (D'Agostino & Pearson, 1973) K² = 229.1 is dominated by the kurtosis component, consistent with the strongly platykurtic shape (g₂ = -1.413) characteristic of bimodal distributions. The use of four complementary tests follows best-practice recommendations for normality assessment, as each test has distinct power against different distributional alternatives.
Table 4. Normality test results for raw diameter data
	Test
	Statistic
	p-value
	Critical / Reference
	Decision

	Shapiro-Wilk
	W = 0.8189
	< 0.0001
	α = 0.05
	Reject H₀ ***

	Kolmogorov-Smirnov
	D = 0.3143
	< 0.0001
	Lilliefors CV = 0.053 at α = 0.01
	Reject H₀ ***

	Anderson-Darling
	A² = 33.43
	-
	0.750 at 5%
	Reject H₀ ***

	D'Agostino-Pearson
	K² = 229.1
	< 0.0001
	α = 0.05
	Reject H₀ ***


This non-normal, bimodal profile is visually confirmed across all transformation attempts illustrated in Figure 3. Subplots (a) through (e) show that standard mathematical adjustments (Log10, √x, Box-Cox, and Yeo-Johnson) compress or shift the data along the x-axis rather than consolidating the two distinct sub-population peaks into a single Gaussian curve. Although Box-Cox and Yeo-Johnson reduced skewness metrics to approximately 0.17, the physical separation of the modes persisted beneath the fitted bimodal density curves. Consequently, as shown in subplot (f), the Shapiro-Wilk p-values for all transformed variants remained at 0.0000, below the α = 0.05 threshold line, confirming that data transformations did not rectify the inherently bimodal structure.
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Figure 3. Normality histograms for each transformation with KDE (black solid) and Gaussian reference (red dashed)
The structural departure from normality is further substantiated by the Quantile-Quantile (Q-Q) plots illustrated in Figure 4. Subplots (a) through (e) reveal a pronounced visual discontinuity, a sharp, step-like vertical gap between the theoretical quantiles of 0.0 and 0.5, which is not corrected by any of the mathematical transformations. In a normally distributed dataset, the sample quantiles would closely follow the solid black diagonal reference line; however, this persistent structural break confirms the presence of two distinct sub-populations. Although advanced monotonic adjustments such as Box-Cox and Yeo-Johnson marginally improved the linear correlation coefficient from r = 0.9063 to approximately r = 0.9243, they did not bridge this central gap or linearise the data profile. This visual evidence confirms that the underlying bimodal distribution creates a substantial, persistent violation of parametric assumptions across all evaluated states.
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Figure 4. Q-Q plots under each transformation. 
3.3 Effects of Data Transformation
Table 5 summarises normality test results and distributional moments before and after each transformation. Despite all transformations reducing absolute skewness relative to the raw data, none achieved normality, consistent with the theoretical expectation that monotone transformations cannot resolve bimodality. The Box-Cox (λ̂ = -0.952) and Yeo-Johnson (λ̂ = -0.970) transformations achieved the best performance, reducing skewness to 0.172 and 0.174. The negative λ values near -1 indicate that an inverse-power transform is optimal, compressing the upper tail more aggressively than the logarithm (λ = 0), consistent with the extreme upper-mode values (113-160 cm) driving the right tail. The persistently negative excess kurtosis across all transformations (g₂ ≈ -1.5) confirms that the flat-topped bimodal structure is invariant to monotone transformations, as theoretically guaranteed.
Table 5. Shapiro-Wilk test results, skewness, and kurtosis by transformation
	Transformation
	λ̂
	SW W
	SW p
	Skewness (g₁)
	Ex. Kurtosis (g₂)

	Raw (untransformed)
	-
	0.8189
	< 0.001
	+0.487
	-1.413

	Log₁₀ 
	-
	0.8068
	< 0.001
	+0.335
	-1.583

	Square-root
	-
	0.8125
	< 0.001
	+0.410
	-1.527

	Box-Cox 
	-0.952
	0.8142
	< 0.001
	+0.172
	-1.519

	Yeo-Johnson
	-0.970
	0.8142
	< 0.001
	+0.174
	-1.521


3.4 Data Normalisation Results
Table 6 compares the five normalisation strategies. All preserved the bimodal structure and non-normality (SW p < 0.001 in all cases), confirming that normalisation is a linear rescaling that does not alter distributional shape. Min-Max scaling produced the expected [0, 1] range. The PowerTransformer variants achieved the most symmetric normalised distributions, while Robust scaling was least influenced by the extreme diameter values (44.0 cm, 160.5 cm), as expected for an IQR-based scaler.
Table 6. Comparison of normalisation methods
	Method / Reference
	Min
	Max
	Mean
	SD
	SW p-value

	Min-Max
	0.000
	1.000
	0.377
	0.259
	< 0.001

	Z-Score
	-1.459
	2.406
	0.000
	1.000
	< 0.001

	Robust
	-0.458
	1.720
	0.364
	0.564
	< 0.001

	PowerTransformer BC
	-2.535
	1.666
	0.000
	1.000
	< 0.001

	PowerTransformer YJ
	-2.526
	1.667
	0.000
	1.000
	< 0.001



This preservation of structural non-normality is visually demonstrated across all subplots in Figure 5. Whether subjected to linear standardisation (Min-Max, Z-score, Robust) or non-linear adjustments (Box-Cox, Yeo-Johnson), the distinct gap between the two subpopulation modes remains evident. As shown by the overlay curves, the empirical bimodal density (solid black line) deviates markedly from the theoretical single Gaussian normal curve (dashed red line) in every scenario. Consequently, the Shapiro-Wilk test statistics for all five normalisation pipelines remained at p = 0.0000, confirming that rescaling methods changed the coordinate axis range while leaving the underlying bimodality intact.
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Figure 5. Histograms of diameter data under five normalisation methods. 
3.5 Outlier Detection
As Table 7 illustrates, the IQR and Z-score methods detected zero outliers, a result explained by the large IQR (53.5 cm) and SD (30.19 cm), which encompass even extreme observations within standard thresholds. This is a known limitation of classical outlier methods for bimodal distributions. In contrast, Isolation Forest, which uses information-theoretic path lengths and is distribution-free, identified 18 observations (4.8%) as anomalous, concentrated at the distributional extremes (44.0-47.5 cm and 143.0-160.5 cm). Isolation Forest has been shown to outperform classical methods on non-Gaussian datasets.
Table 7. Outlier detection summary
	Method
	n Outliers
	% of N
	Notes

	IQR 
	0
	0.0%
	No values outside Q1 - 1.5×IQR or Q3 + 1.5×IQR

	Z-score
	0
	0.0%
	No values exceed |z| = 3 SD from mean

	Isolation Forest
	18
	4.8%
	Extremes: 44–47.5 cm (small) and 143–160.5 cm (large)



These contrasting diagnostic capabilities are visually mapped in Figure 6. Subplots (a) and (b) illustrate how the inflated thresholds of the IQR bounds and the Z-score limit (|z| = 3) exceed all data points, leaving the extreme tails unflagged because of the high variance induced by the bimodal gap. Conversely, subplot (c) shows that the non-parametric Isolation Forest effectively isolates anomalies from the main structural sub-populations. It flags the lowest points under 50 cm and the highest points above 140 cm (red markers) at the fringes of both ranks, confirming that an isolation-based approach can bypass the masking effect caused by the underlying data split.
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Figure 6. Outlier detection in diameter data 
3.6 Machine Learning Results
PCA applied to the five-dimensional normalised feature matrix explained 99.23% of variance on PC1 and 0.77% on PC2 (Table 8). Because all five features are deterministic monotonic transformations of the same univariate diameter vector, this result is a mathematically expected consequence of a single underlying degree of freedom rather than an empirical discovery of dimensional structure. K-Means (k = 3) produced three clusters: Cluster 1 (Small, n = 48, μ = 56.3 cm), Cluster 2 (Medium, n = 172, μ = 65.7 cm), and Cluster 3 (Large, n = 153, μ = 122.9 cm); WCSS = 54.41. These clusters correspond to the near-MCD, transitional, and high-MCD size classes of Cameroon's regulatory framework, analogous to the diameter class structure described by Gourlet-Fleury et al. (2004) for Central African managed forests.
Table 8. PCA explained variance
	Component
	Eigenvalue
	% Variance Explained

	PC1
	4.961
	99.23%

	PC2
	0.039
	0.77%

	Cumulative (PC1+PC2)
	5.000
	100.00%



These analytical groupings and dimensional traits are visually illustrated in Figure 7. Subplot (a) displays a distinct parabolic arch (horseshoe effect) along the principal component space, confirming that PC1 captures nearly all data variance (99.2%) because of the monotonic nature of the underlying scaling inputs. In subplot (b), mapping the three K-Means clusters back onto the raw diameter histogram reveals how the algorithm partitions the structural sub-populations. It also shows small (n = 48, μ = 56.3 cm), medium (n = 172, μ = 65.7 cm), and large (n = 153, μ = 122.9 cm) groups corresponding to MCD-driven diameter classes. Cluster 1 (pink) isolates the lower tail of the small population, Cluster 2 (blue) captures the rest of that first peak, and Cluster 3 (teal) isolates the entire second large-diameter peak beyond the 100 cm gap.
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Figure 7. Machine learning results with PCA and diameter distributions by cluster
These species-specific structural differences are visually resolved using the violin plots illustrated in Figure 8. The breakdown demonstrates that the overall dataset's bimodality is driven by the pooling of distinct timber species with contrasting ecological profiles and size classes. Species such as Entandrophragma utile (Hook. f.) Sprague, Baillonella toxisperma Pierre, and Piptadeniastrum africanum (Hook. f.) Brenan are heavily skewed toward large-diameter classes and are situated almost entirely above the overall median line of 68.5 cm. In contrast, Pterocarpus soyauxii Taub. and Staudtia kamerunensis Warb. are tightly clustered as smaller-diameter cohorts below the median. Major commercial species, such as Cylicodiscus gabunensis Harms, Didelotia letouzeyi Pellegr., Nauclea diderrichii (De Wild. & T. Durand) Merr., and especially Lophira alata Banks ex Gaertn., exhibit prominent internal bimodality or elongated dumbbell shapes that span the entire diameter spectrum, confirming that specific canopy-dominant species contain multiple internal age or management size classes within these FMUs.
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Figure 8. Violin plots for the ten most frequently harvested species ordered by median diameter. 
These redundant feature relationships are visually quantified by the correlation matrix heatmap illustrated in Figure 9. The matrix demonstrates near-perfect linear relationships across all evaluated processing steps, with Pearson correlation coefficients (r) remaining between 0.98 and 1.00. Linear rescalings (Min-Max, Z-score, and Robust) preserve perfect collinearity (r = 1.00) with the raw data vector because they do not alter relative sample positions. Monotonic mathematical transformations, such as logarithmic, square-root, Box-Cox, and Yeo-Johnson transformations, exhibit negligible deviations (dropping only to 0.98 or 0.99) because of slight non-linear scaling bends. This uniform heatmap confirms that all transformed and normalised features retain the same underlying rank information, directly explaining the large variance concentration observed on the first principal component during dimensional analysis.
[image: ]
Figure 9. Pearson correlation matrix of raw, transformed, and normalised features
4. Discussion
4.1 The Bimodal Diameter Distribution as a Structural Property of Multi-Species Harvesting
The unanimous rejection of normality by all four complementary tests and the visual confirmation of a bimodal distribution with modes at approximately 67-70 cm and 113-120 cm are the central empirical findings of this study. This structural signature was not an artefact of measurement error or sampling bias; rather, it is an ecologically coherent consequence of harvesting a taxonomically heterogeneous assemblage under a species-specific Minimum Cutting Diameter (MCD) regulatory framework. The pooling of species with low MCDs (40-70 cm), exemplified by Pterocarpus soyauxii Taub. and Staudtia kamerunensis Warb., with high-MCD, large-stature species such as Baillonella toxisperma Pierre (MCD 100 cm) and Piptadeniastrum africanum (Hook. f.) Brenan (MCD 100 cm) inevitably produces a compound distribution. This is analogous to the mixture distributions documented in multi-cohort temperate forests (Gourlet-Fleury et al., 2004) and represents a structural property of Central African FMU harvest data rather than a methodological anomaly. The strongly negative excess kurtosis (g₂ = −1.413) is a reliable diagnostic signature of this bimodal architecture, consistent with the platykurtic profiles observed in other Congo Basin mixed-species inventories (de Wasseige et al., 2012).

This finding has immediate governance implications. The persistent application of parametric statistical frameworks assuming normality, including ordinary least squares volume models, parametric confidence intervals for carbon stock estimates, and z-score-based outlier screening in compliance auditing, is demonstrably inappropriate for this class of data. Because DBH is the primary predictor in virtually all allometric equations for above-ground biomass and timber volume (Picard et al., 2012; Chave et al., 2014), systematically biased distributional assumptions may propagate into biomass and volume estimates that feed REDD+ accounting frameworks and royalty calculations, although quantifying such propagation would require species-specific allometric validation beyond the scope of this study (Nasi et al., 2008; Cerutti et al., 2011).

4.2 The Theoretical Limits of Transformation and Their Practical Consequences
The failure of all five mathematical transformations to achieve normality is not a weakness of the analytical approach; it confirms a mathematical theorem with practical implications. Because no strictly monotone function can convert a distribution with two local density maxima into a unimodal distribution (Sokal & Rohlf, 1995), the persistence of bimodality across logarithmic, square-root, Box-Cox, and Yeo-Johnson transformations was theoretically expected. The Box-Cox (λ̂ = -0.952) and Yeo-Johnson (λ̂ = -0.970) transformations achieved the most favourable skewness reduction (g₁ ≈ 0.17), yet all Shapiro-Wilk p-values remained at p < 0.001 and excess kurtosis remained persistently negative (g₂ ≈ -1.5). The Q-Q plots provided strong visual evidence: the sharp, step-like vertical discontinuity between theoretical quantiles 0.0 and 0.5, unmitigated by any transformation, is the geometric signature of two structurally isolated sub-populations.

This result challenges a widespread but uncritical convention in applied forestry statistics. The logarithmic transformation is deeply embedded in allometric modelling practice because diameter-volume and diameter-biomass relationships are approximately log-linear for individual species (Henry et al., 2011; Picard et al., 2012). However, its application to multi-species harvest datasets conflates within-species allometric linearisation with between-species distributional normalisation, two categorically distinct statistical problems. Practitioners and regulatory auditors should recognise that transformation can improve model residual symmetry without resolving the dataset-level distributional structure. Failure to make this distinction risks producing statistically invalid confidence intervals for forest management plan compliance assessments, precisely the context where inferential validity is most consequential.

4.3 Normalisation Strategies and Their Suitability for Machine Learning Pipelines
The comparison of five normalisation strategies revealed that all are mathematically appropriate for rescaling purposes but differ substantially in their resistance to the extreme diameter values that characterise this dataset. Min-Max scaling, producing the expected [0, 1] range, is maximally sensitive to the observed extremes (44.0 cm and 160.5 cm) and may be severely distorted if new harvest declarations contain even slightly more extreme values. This is a realistic scenario as FMU rotation areas expand under Cameroon's 30-year management plan framework. Z-score standardisation preserves distributional shape while remaining influenced by the large standard deviation (30.19 cm) inflated by bimodality. Robust scaling, anchored to the median and IQR, is most appropriate for the non-Gaussian, heavy-tailed diameter distribution encountered here, consistent with the practical guidance of Hastie et al. (2009) and the theoretical recommendation of Pedregosa et al. (2011) for skewed ecological data.

The PowerTransformer variants achieved the most symmetric normalised output (lowest residual |g₁|) by combining power transformation with Z-score standardisation. The near-perfect Pearson correlations (r = 0.98-1.00) among all transformed and normalised features confirm that they are dimensionally redundant representations of the same univariate diameter rank. This finding is not merely a statistical curiosity; it directly explains the PCA result (PC1 = 99.23% of variance) and has a practical implication: in machine learning pipelines applied to univariate diameter data, feature engineering through transformation and normalisation adds no independent information. The choice of normalisation should therefore be driven by downstream algorithm requirements, including distance sensitivity for K-Means and K-Nearest Neighbours and numerical stability for gradient-based methods, rather than by the expectation of distributional normalisation.

4.4 Isolation Forest as a Superior Anomaly Detection Framework for Non-Gaussian Forestry Data
The complete failure of IQR and Z-score methods to detect any anomalies despite the dataset containing values as extreme as 44.0 cm (near the absolute MCD floor for the most common species) and 160.5 cm (substantially exceeding published diameter records for several of the species present) is a practically significant finding for forest compliance monitoring. Both classical methods are calibrated by the standard deviation and IQR, respectively, both of which are inflated by the 53.5 cm interquartile span of a bimodal distribution. This variance-masking effect is an instance of the general phenomenon whereby classical outlier detectors exhibit reduced sensitivity in multimodal datasets (Liu et al., 2012; Goldstein & Uchida, 2016), sometimes termed the masking effect in statistical literature (Barnett & Lewis, 1994).

Isolation Forest, being distribution-free and operating on information-theoretic path lengths rather than moment-based thresholds, successfully identified 18 anomalous records (4.8%) concentrated at the distributional extremes. In a regulatory compliance context, the two categories of anomalies have distinct interpretations. The lower-tail flags (44.0-47.5 cm) may represent sub-MCD harvest violations warranting immediate verification by Independent Forest Monitors, measurement recording errors, or genuinely small-diameter individuals of high-MCD species requiring botanical confirmation. The upper-tail flags (143.0-160.5 cm) may indicate exceptional old-growth individuals of conservation significance or measurement or transcription errors in harvest declarations. The distinction between these interpretations requires field verification, but the critical point is that Isolation Forest surfaces these cases for scrutiny while classical methods do not. This capability could support compliance screening workflows in contexts where legality verification frameworks such as Cameroon's Forest Law and EUDR traceability requirements demand documented evidence of harvest regularity, although direct integration would require further methodological development (Republic of Cameroon, 2024; Clever Project, 2025).

4.5 Machine Learning Reveals Ecologically and Regulatorily Meaningful Diameter Structure
K-Means clustering (k = 3, WCSS = 54.41) was applied to the normalised diameter feature space as a data-driven validation exercise rather than a multivariate discovery tool. Because all features are monotonic transformations of a single variable, the PCA result (PC1 = 99.23%) is an expected mathematical consequence rather than an empirical finding; it confirms that diameter alone is the structurally dominant axis in this dataset. The clustering outcome nonetheless constitutes independent algorithmic corroboration that Cameroon's MINFOF regulatory thresholds reflect genuine discontinuities in the empirical distribution: a small near-MCD class (Cluster 1, μ = 56.3 cm, n = 48), a transitional class (Cluster 2, μ = 65.7 cm, n = 172), and a large-diameter class (Cluster 3, μ = 122.9 cm, n = 153), rather than arbitrary policy choices. This correspondence between a purely data-driven algorithm and a regulatory classification is consistent with the size-class ecology reviewed by Clark and Clark (1999) and with the functional trait-based diameter class structures identified in Central African managed forests by Gourlet-Fleury et al. (2004). Future work incorporating multivariate dendrometric features (crown diameter, height, wood density) would enable genuinely multivariate ML inference.

The violin plot analysis adds ecological depth to this structural interpretation. The intraspecific bimodality visible in Lophira alata Banks ex Gaertn., Cylicodiscus gabunensis Harms, Nauclea diderrichii (De Wild. & T. Durand) Merr., and Didelotia letouzeyi Pellegr., spanning the full diameter spectrum, is consistent with the known ecological plasticity of Guineo-Congolian canopy dominants across successional stages and topographic gradients (Tchouto et al., 2006). Lophira alata Banks ex Gaertn., which dominated the dataset at 46.6% of records, is a light-demanding pioneer whose diameter distribution within a single FMU can span 40-160 cm or above, depending on the rotation history of the ACA. This intraspecific diameter variance represents both an ecological phenomenon and a statistical challenge: volume and biomass models for this species, calibrated without accounting for the multimodal diameter structure, may produce systematically biased predictions at both ends of the diameter range.

4.6 The Open-Source Python Pipeline as a Methodological Contribution
The fully reproducible Python pipeline demonstrated here addresses a structural gap in applied forest governance science in Central Africa. The Cameroonian forest statistical apparatus, including annual harvest declarations, FMU management plan compliance reporting, and REDD+ Monitoring, Reporting, and Verification (MRV) systems, currently relies heavily on proprietary software and external consultant expertise (Nasi et al., 2008). The demonstrated pipeline, executable with freely available packages across any operating system, provides a replicable analytical template that can be extended to the full Cameroonian FMU portfolio without code modification. The vectorised NumPy and Pandas architecture scales from 373 records to national inventory datasets of hundreds of thousands of observations without performance degradation. This scalability makes the pipeline a candidate for extension to national inventory datasets, and its reproducibility is consistent with the growing demand for standardised statistical workflows in tropical forest governance contexts.

4.7 Limitations and Future Directions
Several limitations bound the scope of the present findings. The 373-record dataset, while consistent in scale with published FMU inventory studies from the Congo Basin, represents a single snapshot of harvest declarations from one sub-region and one rotation cycle. Temporal dynamics, including diameter increment rates, harvesting intensity effects on population structure, and climate-driven growth variability, cannot be inferred from cross-sectional harvest data alone. The Isolation Forest contamination parameter (0.05) was set a priori; sensitivity analysis across contamination values of 0.02-0.10 would strengthen the anomaly detection conclusions. The K-Means algorithm assumes spherical cluster geometry, which may not fully capture the asymmetric diameter distributions within each regulatory class; Gaussian Mixture Models or hierarchical clustering offer promising alternatives for future analyses. Finally, the absence of spatial coordinates, tree height measurements, and wood density data precluded the fitting of full allometric biomass models, which would constitute a natural extension of this work and would directly support REDD+ carbon stock verification in Cameroon's FMUs and beyond.

5. Conclusion
This study assessed the statistical behaviour of harvested tropical timber diameter data from Forest Management Units in the South West Region of Cameroon. The results showed that the dataset was structurally non-normal and bimodal, reflecting the pooling of multiple commercial species with different diameter ranges. All formal normality tests rejected the assumption of normality, and the observed bimodality remained after the application of logarithmic, square-root, Box-Cox, Yeo-Johnson, and square transformations. Normalisation methods changed the scale of the data but did not alter the underlying distributional structure. The high variance explained by the first principal component confirmed that the transformed and normalised variables retained largely the same information as the original diameter vector. K-Means clustering identified three diameter-related groups, while Isolation Forest detected anomalous observations at the lower and upper extremes of the distribution. These findings suggest that conventional parametric assumptions and classical outlier methods may be unsuitable for pooled multi-species timber diameter data. Distribution-aware analysis, careful visual inspection, and reproducible computational workflows are therefore important for the reliable interpretation of harvested timber diameter datasets.

6. Limitations
This study was based on 373 harvested tree records from Forest Management Units in one region of Cameroon, and the findings should therefore be interpreted within this geographic and sampling context. The dataset represented a cross-sectional harvest record and did not include repeated measurements, growth history, or temporal information on harvesting cycles. Spatial coordinates, tree height, wood density, and stand-level variables were not available, limiting the possibility of extending the analysis to full biomass or volume modelling. The study also relied on a fixed Isolation Forest contamination value of 0.05, and alternative parameter settings were not tested. K-Means clustering was applied with a predefined number of clusters, which may influence the resulting group structure. In addition, the analysis used only diameter and species information; therefore, ecological interpretation of the detected clusters and anomalies requires further field verification.
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Figure 4: Q-Q Plots Before and After Transformations
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Figure 5: Comparison of Normalisation Methods
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Figure 9: Outlier Detection Methods
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Figure 6: Machine Learning Analysis - PCA and K-Means Clustering
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Figure 7: Violin Plots of Diameter Distribution - Top 10 Species (FMUs, SW Cameroon)
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Figure 8: Correlation Matrix - Raw, Transformed, and Normalised Features
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Figure 2: Species Composition of Harvested Timber
FMUs, South West Cameroon
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Figure 1: Distribution of Harvested Tree Diameters
FMUs, South West Cameroon
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Figure 3: Normality Assessment of Raw Diameter Data
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