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Abstract
Accurate prediction of forest growth and yield is essential for strategic planning in 
intensive plantation management. This study evaluates whether unsupervised anom-
aly detection can be used as a systematic data-quality layer in stand-level growth 
and yield modeling, after standard consistency checks have been applied. We used 
a multi-regional continuous forest inventory of hybrid Eucalyptus urophylla × Euca-
lyptus grandis plantations in Minas Gerais, Brazil (6,553 measurements from 
1,749 permanent plots in three regions). Four unsupervised methods, Isolation For-
est, One-Class SVM, Local Outlier Factor and a dense autoencoder, were applied 
within each region to identify multivariate anomalies in stand age, volume, basal 
area and dominant height. Using Isolation Forest with a contamination rate of 0.10, 
approximately 10% of records were flagged as anomalous, but this corresponded to 
the complete removal of 2–4% of plots, while most plots either retained all meas-
urements or lost only a subset of them. We then calibrated nine nonlinear machine 
learning models to predict stand volume at the second measurement (V₂) under 
two scenarios: using the full dataset and using the anomaly-filtered dataset. Gradi-
ent Boosting and other tree ensembles achieved the best performance in both cases 
(R2 ≈ 0.86–0.88, relative RMSE ≈ 13–15%), and differences in accuracy between 
full and filtered datasets were small (changes in R2 < 0.03 and in relative RMSE < 1 
percentage point). A sensitivity analysis across contamination levels from 0.05 to 
0.20 confirmed that a 10% threshold offers a practical compromise, removing a con-
sistent set of multivariate extremes while preserving plot coverage and predictive 
performance.
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Introduction

Forests are integral in addressing global challenges, including carbon sequestration, 
provision of renewable materials, energy resources, and ecosystem services. Conse-
quently, robust models of forest stand dynamics, growth, and yield are imperative 
across various scales, from individual stands to entire landscapes. Such growth and 
yield models form the scientific basis for forest management planning and policy, 
underpinning decisions about silvicultural interventions, harvest scheduling, and 
sustainable yield regulation (Blanco and Lo 2023). Accurate forest growth pre-
dictions are crucial for planning in the forestry industry, including timber supply 
chains, financial valuations, and climate change mitigation. These frameworks sup-
port ecological stewardship and industrial use of forest resources globally.

Historically, forest growth and yield prediction has relied on statistical models, 
typically based on allometric equations or regressions linking tree metrics (e.g. 
diameter, height, age, density) to future growth​. Classic approaches include lin-
ear and nonlinear regression, mixed-effects models, and other parametric meth-
ods, which operate under assumptions of independent, normally distributed, and 
homoscedastic data. In practice, these statistical assumptions are often violated 
by forestry datasets that are hierarchical (plots within stands) and repeatedly 
measured over time (Casas et al. 2022; Eitzel et al. 2013). Weiskittel et al. (2011) 
noted over a decade ago that conventional yield models tend to oversimplify rela-
tionships and may fail under changing external factors like climate or pest out-
breaks. Studies echo these concerns, emphasizing that purely empirical models, 
usually based on fixed functional forms, cannot fully represent the biological 
complexity and variability of tree growth (Zhang et al. 2023).

Advances in computing have revolutionized forest modeling. Machine learn-
ing (ML) methods now offer powerful alternatives to traditional models by learn-
ing complex patterns directly from data. Modern AI enables ML to model forest 
growth with no a priori distributional requirements, deeper nonlinear relationship 
extraction, and higher predictive accuracy (Silva et al. 2024). Recent studies show 
machine learning’s rising significance in forest management. (De Freitas et  al. 
2024) combined machine learning with cellular automata to simulate wood pro-
duction with high accuracy (~ 4%), while (Taylor et al. 2023) enhanced the 3-PG 
process-based model using ensemble decision trees, achieving over 95% corre-
lation in growth metrics prediction. (Chen et  al. 2024) applied ensemble mod-
els like XGBoost and Random Forest to predict forest age using satellite data, 
showing superior performance across forest types. (Fu et al. 2024) introduced the 
SCARF algorithm, which leverages cascade random forests and Landsat data to 
improve biomass prediction accuracy in subtropical forests. (Casas et  al. 2023) 
demonstrated that structuring growth data monthly and using deep learning 
improves yield prediction reliability for Eucalyptus stands. Another study applies 
ML models such as Artificial Neural Networks, Support Vector Machines, and 
Random Forests to estimate net tree growth in Brazil’s Atlantic Forest using var-
iables like soil acidity, basal area, abandonment age, and precipitation, finding 
that RF offers the highest predictive accuracy (Rocha et al. 2024).
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The performance of any data-driven model, including ML approaches, hinges on 
the quality of the input data. In forestry, data quality issues are a persistent chal-
lenge. Field measurements and sensor observations can introduce errors or incon-
sistencies: for instance, mis-recorded tree diameters or heights, plot location errors, 
or missing readings from remote sensors. Large-scale forest databases often contain 
anomalies (outliers) arising from such measurement errors, atypical environmental 
conditions, or extreme disturbance events. For instance, when combining ground 
inventories with auxiliary data, misalignment in timing or spatial location can yield 
outlier observations that do not reflect true stand conditions (Knott et  al. 2023)​. 
These anomalies, if left unaddressed, can distort model training and predictions by 
exerting disproportionate influence on the fit.

To mitigate the adverse effects of data anomalies, researchers have increasingly 
turned to anomaly detection techniques as a preprocessing step in the modeling 
pipeline. Anomaly (outlier) detection refers to the identification of observations that 
deviate markedly from the expected pattern of the majority of the data. By detect-
ing and handling such aberrant points prior to model fitting, one can improve model 
robustness and accuracy (Davis and Clark 2011; Liu et al. 2021; Vajda et al. 2024). 
In essence, anomaly detection acts as a safeguard for data quality, it filters erroneous 
or extraordinary data points, thereby reducing their negative impact on model pre-
dictions. In the context of forest growth modeling, this step can enhance the reliabil-
ity of yield forecasts by ensuring that the ML algorithms learn from representative, 
clean data reflective of underlying growth processes, rather than noise. Despite its 
clear benefits, anomaly detection is not yet standard practice in many forest mod-
eling studies, and outliers are often handled in ad-hoc ways or overlooked entirely.

Forest inventory data serves as the empirical foundation for these models, and the 
reliability of predictions depends heavily on the quality and consistency of the data 
used. In operational forestry, it is standard practice to subject inventory data to a 
consistency analysis before applying any predictive modeling. This initial step aims 
to identify and address gross measurement errors, systematic biases, and logically 
inconsistent observations. These preprocessing protocols are essential to ensure that 
the data meets basic assumptions required for reliable modeling, including coher-
ence between variables, absence of obvious outliers, and internal logic in plot-level 
data structures (Campos and Leite 2017).

However, while consistency analysis corrects major discrepancies, it does not 
always detect anomalies, subtle or multivariate outliers that may arise from rare 
events, atypical growth conditions, or residual data collection noise. These unde-
tected anomalies can still exert disproportionate influence on data-driven models, 
particularly those using ML algorithms that are sensitive to the overall structure and 
distribution of training data (Nassif et al. 2021).

This study investigates whether combining machine learning with unsupervised 
anomaly detection allows the use of fewer effective inventory measurements in euca-
lyptus plantations without compromising the accuracy of growth and yield models. 
We focus on a realistic operational setting in which the forest inventory has already 
passed the standard consistency checks and then examine the added value of an 
anomaly detection step applied afterwards.

The main contributions of this study are threefold.
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1. We evaluate unsupervised anomaly detection in a forest growth and yield con-
text after conventional consistency checks, testing the added value of a statistical 
outlier filtering layer on an operational inventory database
2. We show that a modest removal of anomalous records can reduce the number 
of effective field measurements while maintaining the accuracy of machine learn-
ing based growth and yield models and preserving most of the permanent plot 
network
3. We present a scalable modeling pipeline that combines anomaly detection 
and machine learning for hybrid eucalyptus plantations and provides a transpar-
ent, reproducible framework for integrating intelligent data screening into forest 
inventory workflows

Material and Methods

The data come from a continuous forest inventory (CFI) of industrial hybrid Euca-
lyptus urophylla × Eucalyptus grandis plantations in Minas Gerais, southeastern 
Brazil. The operational area was stratified into three management regions (A, B and 
C), which differ in site quality and management history but belong to the same plan-
tation estate.

The CFI consists of permanent plots remeasured over time. After applying the 
standard consistency checks and removing records with missing values in any pre-
dictor or response, the working dataset comprised 6,553 plot measurements from 
1,749 plots: 4,174 records (726 plots) in Region A, 1,507 records (605 plots) in 
Region B, and 872 records (418 plots) in Region C. Plots had between 1 and 21 
measurements (median = 3).

For each measurement, the following stand attributes were available: stand age at 
the first and second measurements ( t1 , t2 months), stand volume at the first measure-
ment (V1, m3·ha⁻1), basal area (G1, m2·ha⁻1), dominant height (Hdom, m), and stand 
volume at the second measurement (V2, m3·ha⁻1). The response variable in all mod-
els was V2, while t1 , t2 , V1, G1, Hdom and Region (one-hot encoded) were used as 
predictors. Summary statistics by region show that Region A contains on average 
slightly older and more productive stands, whereas Region C tends to be younger 
and less productive (Table 1).

Table 1   Summary of the forest inventory dataset by region. t1 = stand age at first measurement (months); 
V1 = stand volume at first measurement (m3·ha⁻1); Hdom = dominant height (m); V2 = stand volume at sec-
ond measurement (m3·ha⁻1)

Region N records N plots Mean t1 
(months)

Mean V1 
(m3·ha⁻1)

Mean Hdom (m) Mean V2 (m3·ha⁻1)

A 4,174 726 37.3 110 18.8 225.9
B 1,507 605 35 112.4 18.2 214.3
C 872 418 28.3 82.9 17 211.3
Total 6,553 1,749 35.6 107 18.4 221.3
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Anomaly Detection

To detect anomalies in forest inventory data, four unsupervised algorithms were 
applied: Isolation Forest (Liu et  al. 2008), One-Class Support Vector Machine 
(OC-SVM) (Schölkopf et  al. 2001), Local Outlier Factor (LOF) (Breunig et  al. 
2000), and Autoencoder (Goodfellow et al. 2016) based anomaly detection. These 
methods were implemented using Python, combining classical machine learning 
models and deep learning techniques. The input dataset consisted of four numeri-
cal variables: stand age (Months​), volume (m3/ha), basal area (m2/ha), and dom-
inant height (meters), along with the categorical variable "Region." Data were 
loaded from a spreadsheet and scaled using the StandardScaler from scikit-learn 
to standardize the variables to zero mean and unit variance.

Isolation Forest

The Isolation Forest algorithm was employed to detect anomalies in the forest 
inventory dataset due to its efficiency and robustness in high-dimensional set-
tings. This method is based on the principle that anomalies are more susceptible 
to isolation than regular observations. Isolation Forest constructs an ensemble of 
binary trees (isolation trees), where each tree recursively partitions the data by 
randomly selecting a feature and a split value within its range. Each observation 
x traversed a tree until it became isolated, and the path length h(x) denoted the 
number of edges traversed. The anomaly score s(x, n) was calculated using the 
formula (Eq. 1):

Note here that E(h(x)) is the average path length required to isolate point x , and 
c(n) is the average path length of unsuccessful searches in a binary search tree, 
approximated by Eq. 2:

Note here that γ≈0.5772 being the Euler–Mascheroni constant. Anomaly 
scores close to 1 indicated that the observation was likely an outlier, while scores 
near 0 suggested that the observation was likely normal.

The implementation was carried out using the IsolationForest class from the 
scikit-learn library, with the following configuration: 100 isolation trees were 
used; the expected proportion of anomalies was set to 10%; the number of sam-
ples per tree was selected automatically as the minimum of 256 or the total num-
ber of observations; and the random seed was fixed of 42 to ensure reproducibil-
ity. The model was trained on standardized forest variables and predictions were 
generated, classifying instances as anomalies (−1) or normal observations (1), 
along with continuous anomaly scores obtained.

(1)s(x, n) = 2
−

E(h(x))

c(n)

(2)c(n) = 2H(n − 1) −
2(n − 1)

n
,withH(n) ≈ ln(n) + �
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One‑Class Support Vector Machine

The One-Class Support Vector Machine (OC-SVM) algorithm was employed to 
identify anomalies within the forest inventory dataset. OC-SVM is an unsuper-
vised learning method that estimates the support of a high-dimensional distri-
bution, effectively distinguishing the regions in feature space where the data is 
concentrated from the regions where it is sparse. This approach is particularly 
suitable for anomaly detection tasks, where the goal is to identify instances that 
deviate significantly from the norm.

The OC-SVM algorithm operates by mapping the input data into a high-
dimensional feature space using a kernel function and then finding the hyperplane 
that best separates the data from the origin, maximizing the margin. The decision 
function f (x) for a data point x is defined as Eq. 3:

Note here that w is the weight vector, �(x) is the feature mapping of x , and  � is 
the offset.

The model was trained by solving the following convex optimization problem 
(Eq. 4 and Eq. 5):

subject to:

Note here that �i are slack variables allowing for some data points to lie within 
the margin, v ∈ (0,1] is a parameter that controls the trade-off between the frac-
tion of outliers and the margin, and n is the number of training samples.

In this study, the OC-SVM was implemented using the OneClassSVM class 
from the scikit-learn library and it was configured using a radial basis function 
(RBF) kernel to capture non-linear relationships among the variables, and the 
value of v was set to 0.1, which allowed the model to tolerate up to 10% of the 
data as outliers. The kernel coefficient was determined automatically based on 
the data variance and number of features, and the optimization procedure was 
conducted with a tolerance of 0.001 and without limiting the number of itera-
tions. After training, the model assigned a decision score to each observation, 
from which outliers were identified as those lying outside the estimated bound-
ary of the distribution. The model was trained on the standardized dataset. After 
training, the predict method was used to classify each observation as either an 
inlier (1) or an outlier (−1).

(3)f (x) = w ⋅ �(x) − �

(4)min{w,�,�}

�
1

2
‖w‖2

�
+

1

vn

n�
i=1

�i − �

(5)(w ∗ �(x)) ≥ � − �i, �i ≥ 0
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Local Outlier Factor

The Local Outlier Factor (LOF) algorithm was employed to detect anomalies 
within the forest inventory dataset by assessing the local density deviation of each 
data point relative to its neighbors. This density-based method identified observa-
tions that exhibited significantly lower local densities compared to their surround-
ing points, thus flagging them as potential outliers. The process began by deter-
mining the k-distance for each data point, which is the distance to its k-th nearest 
neighbor. Subsequently, the reachability distance between two points, say A and 
B, was calculated as the maximum of the k-distance of B and the actual distance 
between A and B. This measure ensured a more stable estimation of local densi-
ties, especially in regions with varying densities. The local reachability density 
(LRD) of a point A was then computed as the inverse of the average reachability 
distance from A to its k nearest neighbors (Eq. 6):

Note here that where Nk(A) denotes the set of k nearest neighbors of A. Finally, 
the LOF score for point A was determined by comparing its LRD to those of its 
neighbors (Eq. 7):

A LOF score approximately equal to 1 indicated that the point’s local density 
was comparable to its neighbors, suggesting it was not an outlier. Conversely, a 
significantly higher LOF score signified that the point resided in a region of lower 
density relative to its neighbors, marking it as a potential anomaly. The LOF was 
implemented using the LocalOutlierFactor class from the scikit-learn library. In 
this study, the LOF algorithm was configured with 20 neighbors (k = 20) to bal-
ance sensitivity and robustness in detecting local anomalies. The contamination 
parameter was set to 0.1, reflecting the expectation that approximately 10% of the 
data could be anomalous. The Euclidean distance metric was utilized to compute 
distances between data points.

Autoencoder

An autoencoder is a type of artificial neural network designed for unsupervised 
learning, widely used for anomaly detection tasks in complex datasets. It consists 
of two main components: an encoder and a decoder. The encoder compresses 
the input data into a lower-dimensional latent representation, while the decoder 
attempts to reconstruct the original input from this representation. The core 
assumption is that normal data patterns can be reconstructed with minimal error, 

(6)LRD(A) =

⎛⎜⎜⎝
1

���Nk(A)

���

�
B∈Nk(A)

reach − distk(A,B)

⎞⎟⎟⎠

−1

(7)LOFk(A) =
1

|||Nk(A)

|||

∑
B∈Nk(A)

LRD(A)

LRD(B)
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whereas anomalous observations will exhibit significantly higher reconstruction 
errors.

Given an input vector x ∈ ℝ
n , the encoder x to a latent representation 

x ∈ ℝ
m(m < n) using a nonlinear transformation function f�(x) (Eq. 8):

Note here that We and be are the weights and biases of the encoder, and � 
denotes the activation function, here the Rectified Linear Unit (ReLU).

The decoder reconstructs the input from the latent representation via Eq. 9:

Note here that Wd and bd are the weights and biases of the decoder. The output 
layer uses the sigmoid activation function to normalize the reconstruction output 
in the range [0, 1].

The autoencoder is trained by minimizing the mean squared error (MSE) 
between the input and its reconstruction. After training, the reconstruction error 
is computed for each input. Anomalies are identified as those instances whose 
reconstruction error exceeds a predefined threshold. In this study, the threshold 
was set at the 90th percentile of the reconstruction error distribution, correspond-
ing to a contamination rate of 10%.

The implementation was performed using TensorFlow and Keras. The autoen-
coder architecture included: An input layer with four neurons (representing stand 
age, volume, basal area, and dominant height), two encoding layers with ReLU 
activation functions, two symmetric decoding layers, and a sigmoid output layer. 
The model was trained for 50 epochs using a batch size of 32 and the Adam opti-
mizer. No validation split was applied to ensure full utilization of the dataset in 
this unsupervised learning context.

Evaluation Strategy and Anomaly‑Based Plot Reduction

To quantify the effect of anomaly detection on growth and yield model perfor-
mance and on the number of plots required for calibration, we adopted a two-
stage evaluation strategy based on (i) alternative datasets (with and without 
anomalies) and (ii) multiple machine learning models.

First, two main datasets were defined:

1. Full Data, containing all inventory records that passed conventional con-
sistency checks and had complete information for the predictor and response 
variables;
2. Filtered Data, obtained by removing all records classified as anomalous 
(label =  − 1) by the Isolation Forest model with a contamination rate of 0.10, 
applied independently within each region.

(8)z = f�(x) = �
(
Wex + be

)

(9)x̂ = g�(z) = �
(
Wdz + bd

)
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In all modeling scenarios, the response variable was stand volume at the second 
measurement (V2, m3·ha⁻1). Predictor variables comprised stand age at the first and 
second measurements ( t1 and  t2 months), stand volume, basal area and dominant 
height at the first measurement (V1, m3·ha⁻1; G1, m2·ha⁻1; Hdom, m), and the categor-
ical region indicator, which was included via one-hot encoding. Thus, both Full Data 
and Filtered Data share the same variable set, differing in the presence or absence of 
records flagged as anomalous.

For each dataset (Full Data and Filtered Data), a set of nonlinear machine learn-
ing models was calibrated: Random Forest, Extra-Trees, Gradient Boosting, Support 
Vector Regression (SVR), k-Nearest Neighbours (KNN), Decision Tree, multilayer 
perceptron (MLP), AdaBoost and Bagging; XGBoost was also included when avail-
able. Model evaluation was based on fivefold cross-validation, selected to balance 
bias and variance in error estimation given the sample size, using the entire dataset 
in each scenario rather than a single arbitrary training–test split. In each fold, four 
folds were used for training and one for validation, ensuring that all observations 
served as validation data exactly once.

To avoid reliance on arbitrary default settings, each model was tuned via Grid-
SearchCV (scikit-learn) within the cross-validation framework. For each algorithm, 
a modest but targeted hyperparameter grid was defined: for Random Forest and 
Extra-Trees, combinations of number of trees (200, 400), maximum depth (none, 
20), minimum samples per split (2, 5) and minimum samples per leaf (1, 2); for 
Gradient Boosting and AdaBoost, number of estimators (300, 500) and learning rate 
(0.05, 0.10); for KNN, number of neighbours (5, 10, 20); for SVR, penalty param-
eter C (10, 100), epsilon (0.1, 0.2) and kernel scale (gamma set to “scale” or “auto”); 
for the MLP, size of the hidden layers ((50, 50) or (100, 50)) and L2 regularization 
strength (0.0001, 0.001); and for XGBoost, number of trees (300, 500), learning rate 
(0.05, 0.10) and maximum depth (3, 6). The grid was searched using negative mean 
squared error as the objective function. For each model and dataset, the best hyper-
parameter combination was selected, and cross-validated predictions were obtained 
using cross_val_predict to derive performance metrics.

Four metrics were computed for each model and scenario: (i) the Pearson cor-
relation coefficient between observed and predicted V2 (R), (ii) the coefficient of 
determination (R2), (iii) the mean prediction error or bias (bias, defined as the mean 
of predicted minus observed V2, m3·ha⁻1), and (iv) the relative root mean squared 
error (RRMSE, %), calculated as the root mean squared error divided by the mean 
observed V2 and multiplied by 100. These metrics were computed using all cross-
validated predictions, providing an unbiased estimate of model performance under 
both Full Data and Filtered Data.

In addition, for each model and dataset, we generated residual diagnostic plots 
based on the cross-validated predictions. We generated Q–Q plots of residuals 
against the normal distribution and residual-versus-fitted plots. These diagnostics 
were produced for all models and both scenarios but are reported in detail for the 
best-performing tree-based models, to illustrate how anomaly removal affects the 
distribution and spread of residuals.

Finally, to evaluate the sensitivity of the results to the choice of contamination 
level, we repeated the anomaly detection and modeling workflow using Isolation 
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Forest with contamination values of 0.05, 0.10, 0.15 and 0.20. For each contamina-
tion level, a filtered dataset was constructed (keeping records labeled as normal), and 
all models were recalibrated with the same fivefold cross-validation and hyperpa-
rameter tuning procedure. For every model and contamination level, we recorded R, 
R2, bias, RRMSE, the number of records retained, and the number of plots retained. 
This sensitivity analysis provided a systematic assessment of how increasingly 
aggressive anomaly filtering affects both predictive performance and the amount of 
plot data available for calibration.

Results

Unsupervised Anomaly Detection

Across the full dataset (6,553 records), each method flagged close to 10% of records 
as anomalous. Isolation Forest, LOF, and the Autoencoder identified 656–657 
anomalous records (10.0–10.1%), while One-Class SVM identified 661 anomalous 
records (10.1%). When summarized by region, all methods consistently flagged 
around 10% of records as anomalous within each region (Table 2). Figure 1 illus-
trates the age–volume distribution of anomalous and not anomalous records by 
region and method, and the corresponding filtered subsets. For Region A (4,174 
records), the number of anomalies per method ranged from 418 to 422 (10.0–10.1%). 
For Region B (1,507 records), 149–151 records (9.9–10.0%) were flagged, and for 
Region C (872 records), 87–90 records (10.0–10.3%) were identified as anomalies.

Pairwise Jaccard similarity indices were computed to quantify overlap among 
the sets of records flagged as anomalous by each method (Table 3). Isolation For-
est showed the greatest concordance with One-Class SVM (0.44) and the Autoen-
coder (0.37), whereas LOF exhibited comparatively low concordance with the other 

Table 2   Number and percentage of anomalous records by region and method for the main contamination 
level (0.10)

Region Method N records N anomalies Pct anomalies (%)

A Isolation Forest 4,174 418 10.01
A OneClass SVM 4,174 422 10.11
A LOF 4,174 418 10.01
A Autoencoder 4,174 418 10.01
B Isolation Forest 1,507 150 9.95
B OneClass SVM 1,507 149 9.89
B LOF 1,507 151 10.02
B Autoencoder 1,507 151 10.02
C Isolation Forest 872 88 10.09
C OneClass SVM 872 90 10.32
C LOF 872 87 9.98
C Autoencoder 872 88 10.09
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methods (0.07–0.30). The strongest pairwise agreement was observed between Iso-
lation Forest and One-Class SVM, and the weakest between LOF and the Autoen-
coder (0.07).

For the main method used in the subsequent modeling (Isolation Forest), sum-
mary statistics of stand attributes were computed for records classified as normal 
(label = 1) and anomalous (label =  − 1) (Table  4). Anomalous records had higher 
mean age (t1), volume at the first measurement (V1), basal area (G1), dominant 
height (Hdom), and volume at the second measurement (V2) than normal records. 
Across the full dataset, 656 records were flagged as anomalous by Isolation Forest 
and 5,897 as not anomalous.

Fig. 1   Age–volume relationship ( t1 vs. V1 ) by region and unsupervised method. Grey points are not 
anomalous records and red points are anomalous records flagged by each method. “Filtered” panels show 
only not anomalous records. Regions A–C correspond to the three management regions of the eucalypt 
plantation estate

Table 3   Pairwise Jaccard 
similarity indices measuring 
the overlap of records classified 
as anomalous by each 
unsupervised method

The matrix is symmetric; redundant entries are omitted and diagonal 
elements equal to 1 are suppressed

OneClass SVM LOF Autoencoder

Isolation Forest 0.44 0.15 0.37
OneClass SVM — 0.30 0.24
LOF — — 0.07
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Loss of Plots after Anomaly Filtering

Anomaly filtering for the main analysis was performed using Isolation Forest with 
a contamination parameter of 0.10, applied separately within each region. Records 
classified as anomalous (label =  − 1) were removed, and records classified as normal 
(label = 1) were retained for subsequent modeling.

At the plot (parcel) level, the impact of anomaly filtering was much smaller 
(Table 5). In the full dataset, there were 1,749 plots: 726 in Region A, 605 in Region 
B, and 418 in Region C. After removing anomalous records, 1,708 plots remained in 
the filtered dataset, corresponding to a loss of 41 plots in total (2.34% of all plots). 
Region-specific reductions were 3 plots in Region A (0.41% of plots), 18 plots in 
Region B (2.98%), and 20 plots in Region C (4.78%).

To better characterize how filtering affected the measurement history of individ-
ual plots, plots were classified into three categories according to the Isolation Forest 
labels of their records. All removed: all records of the plot were labeled as anoma-
lous (− 1), so the plot disappeared entirely from the filtered dataset. Some removed: 
the plot has at least one not anomalous record (1) and at least one anomalous record 
(− 1); the plot remains in the filtered dataset but with a reduced number of measure-
ments. None removed: all records of the plot were labeled as not anomalous (1); the 
plot and all its measurements are retained unchanged in the filtered dataset.

Using this classification, 41 plots (2.34%) were fully removed, 390 plots (22.3%) 
retained at least one record but lost one or more measurements, and 1,318 plots 
(75.4%) were completely unaffected by anomaly filtering (Table  6). By region, 3 
plots in Region A, 18 in Region B and 20 in Region C fell into the “all removed” 
category. The majority of plots in each region (502 in Region A, 476 in Region B, 
and 340 in Region C) were in the “none removed” category, while 221, 111 and 
58 plots in Regions A, B and C, respectively, had at least one record removed but 
remained in the dataset.

Table 5   Number of plots 
before and after anomaly 
filtering with Isolation Forest 
(contamination = 0.10), and 
relative reduction by region

Region N plots full N plots filtered Plots removed Plot 
reduction 
(%)

A 726 723 3 0.41
B 605 587 18 2.98
C 418 398 20 4.78
Total 1,749 1,708 41 2.34

Table 4   Mean stand attributes for records classified as anomalous (− 1) and normal (1) by Isolation For-
est (main contamination level 0.10)

Anomaly label (Isola-
tion Forest)

t1(months) V1 (m3/ha) G1 (m2/ha) Hdom (m) V2 (m3/ha)

 − 1 (anomalous) 50.72 189.55 17.28 22.41 266.11
1 (not anomalous) 33.87 97.85 12.42 17.94 216.30
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Model Performance with Full and Filtered Datasets

Cross‑Validated Performance with Full Data

When all records (6,553) were used, the best overall performance was obtained with 
Gradient Boosting, followed by the ensemble tree models and the multilayer percep-
tron (Table 7). Gradient Boosting achieved R = 0.938, R2 = 0.880, RRMSE = 13.15%, 
and a nearly unbiased prediction (bias = 0.06 m3/ha). Random Forest, Extra Trees, 
Bagging, and the MLP showed similar behavior, with R between 0.921 and 0.925, 
R2 between 0.849 and 0.855, and RRMSE between 14.43% and 14.73%.

The remaining models had noticeably lower performance: KNN and SVR 
reached R2 ≈ 0.81–0.83 with RRMSE ≈ 15.7–16.4%, the single Decision Tree had 
R2 = 0.787 and RRMSE = 17.49%, and AdaBoost showed the lowest accuracy with 
R2 = 0.685 and RRMSE = 21.27%.

Across all models, the mean RRMSE in the Full Data scenario was 15.80%, with 
a range from 13.15% (Gradient Boosting) to 21.27% (AdaBoost).

Cross‑Validated Performance after Anomaly Filtering

After removing records classified as anomalous by Isolation Forest (656 records), 
the filtered dataset included 5,897 records. Under this Filtered Data scenario, 
Gradient Boosting remained the best-performing model (Table 8), with R = 0.929, 
R2 = 0.863, RRMSE = 13.43%, and bias = 0.11 m3/ha. For the other ensemble 

Table 6   Plot-level impact of 
anomaly filtering with Isolation 
Forest (contamination = 0.10): 
number of plots with all records 
removed, with partial record 
removal, and with no records 
removed, by region and overall

Region Plots all 
removed

Plots some 
removed

Plots none 
removed

Total plots

A 3 221 502 726
B 18 111 476 605
C 20 58 340 418
Total 41 390 1,318 1,749

Table 7   Cross-validated 
performance of all models 
using the full dataset (Full Data 
scenario)

Model R R2 bias (m3/ha) RRMSE (%)

Gradient Boosting 0.938 0.880 0.06 13.15
Random Forest 0.925 0.855 0.18 14.43
MLP 0.924 0.854  − 0.88 14.46
Bagging 0.924 0.853 0.26 14.51
Extra Trees 0.921 0.849 0.27 14.73
KNN 0.910 0.828 0.55 15.70
SVR 0.905 0.812  − 3.17 16.43
Decision Tree 0.888 0.787  − 0.24 17.49
AdaBoost 0.840 0.685 7.89 21.27
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models and the MLP, performance remained high: Random Forest, Extra Trees, 
Bagging, and MLP exhibited R between 0.909 and 0.912, R2 between 0.827 and 
0.832, and RRMSE between 14.86% and 15.08%.

KNN and SVR showed intermediate performance (R2 ≈ 0.80, RRMSE ≈ 
16.1–16.4%), while the single Decision Tree and AdaBoost again showed the 
lowest accuracies, with R2 = 0.750 and 0.671, and RRMSE = 18.10% and 20.77%, 
respectively.

The mean RRMSE across models in the Filtered Data scenario was 16.08%, 
with values ranging from 13.43% (Gradient Boosting) to 20.77% (AdaBoost).

For completeness, residual diagnostic plots for all models under both the full 
and anomaly-filtered datasets are reported in Supplementary Fig. S1.

Differences between Full and Filtered Scenarios

The direct comparison between Full Data and Filtered Data for each model 
(Table 9, Fig. 2) shows that, for most models, the relative changes in performance 
metrics were small. For the tree-based ensembles and the MLP, RRMSE increased 
by 0.28–0.57 percentage points and R2 decreased by 0.017–0.027 after anomaly 

Table 8   Cross-validated 
performance of all models using 
the filtered dataset (Filtered 
Data scenario; records flagged 
by Isolation Forest were 
removed)

Model R R2 bias (m3/ha) RRMSE (%)

Gradient Boosting 0.929 0.863 0.11 13.43
MLP 0.912 0.832 0.65 14.86
Random Forest 0.910 0.829 0.23 14.99
Bagging 0.909 0.827 0.37 15.07
Extra Trees 0.909 0.827 0.38 15.08
KNN 0.896 0.803 0.72 16.08
SVR 0.895 0.796  − 2.60 16.37
Decision Tree 0.870 0.750 0.23 18.10
AdaBoost 0.829 0.671 7.99 20.77

Table 9   Change in performance metrics between Full Data and Filtered Data for each model (Fil-
tered − Full)

Model ΔR (Filtered − Full) ΔR2 Δbias (m3/ha) ΔRRMSE (p.p.)

Gradient Boosting  − 0.009  − 0.017 0.06 0.28
Random Forest  − 0.014  − 0.027 0.05 0.57
MLP  − 0.012  − 0.023 1.53 0.40
Bagging  − 0.014  − 0.026 0.11 0.56
Extra Trees  − 0.012  − 0.022 0.11 0.34
KNN  − 0.014  − 0.026 0.17 0.38
SVR  − 0.010  − 0.016 0.57  − 0.06
Decision Tree  − 0.018  − 0.037 0.46 0.60
AdaBoost  − 0.011  − 0.014 0.10  − 0.51
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removal. For example, Gradient Boosting changed from RRMSE = 13.15% and 
R2 = 0.880 (Full Data) to RRMSE = 13.43% and R2 = 0.863 (Filtered Data), a dif-
ference of + 0.28 percentage points in RRMSE and − 0.017 in R2. Random For-
est changed from RRMSE = 14.43% and R2 = 0.855 to RRMSE = 14.99% and 
R2 = 0.829.

KNN, SVR, and Decision Tree showed similar patterns, with RRMSE differ-
ences of + 0.38 to + 0.60 percentage points and decreases in R2 between − 0.016 
and − 0.037. AdaBoost and SVR were the models for which RRMSE slightly 
decreased after filtering (− 0.51 and − 0.06 percentage points, respectively), 
although both remained clearly less accurate than the best-performing models.

The mean RRMSE across all models increased from 15.80% (Full Data) 
to 16.08% (Filtered Data), i.e. by 0.28 percentage points, while the mean R2 
decreased from 0.820 to 0.807.

All computational analyses, including data preprocessing and model training, 
were performed on a high-performance workstation equipped with an Intel Core 
i7-13700H processor, 32 GB of RAM, and an NVIDIA GeForce RTX 4060 GPU. 
The computational time required for the complete training, hyperparameter tun-
ing, and validation process varied among the methods,  ranging from less than 
0.2 s for simpler algorithms (e.g., KNN, Decision Trees) to approximately 15s for 
complex ensemble methods and neural networks.

Sensitivity Analysis of the Contamination Level

Effect on the Number of Records and Plots

At the record level, increasing the contamination parameter from 0.05 to 0.20 
progressively reduced the number of observations used for model calibration 
(Table 10). Starting from 6,553 records in the full dataset, 4.97% of records were 

Fig. 2   Relative root mean square error (RRMSE) for all models under the full and anomaly-filtered data-
sets
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removed at contamination 0.05 (6,227 records retained), 10.01% at 0.10 (5,897 
records retained), 15.00% at 0.15 (5,570 records retained), and 20.02% at 0.20 
(5,241 records retained).

At the plot level, the impact was smaller. From a total of 1,749 plots, the number 
of plots retained decreased from 1,729 plots at contamination 0.05 to 1,631 plots at 
contamination 0.20 (Table 10). This corresponds to 1.14% of plots removed at 0.05 (20 
plots), 2.34% at 0.10 (41 plots), 4.12% at 0.15 (72 plots), and 6.75% at 0.20 (118 plots).

Effect on Model Performance across Contamination Levels

For each contamination level, all nine models were recalibrated on the filtered data-
set and evaluated with fivefold cross-validation. Table 11 summarizes the distribu-
tion of RRMSE and R2 values across models for each contamination level (mean, 
minimum, and maximum).

Mean RRMSE across models increased from 15.86% at contamination 0.05 to 
16.37% at contamination 0.20, while mean R2 decreased from 0.808 to 0.788. For all 
contamination levels, the best-performing model was Gradient Boosting, with RRMSE 
between 13.16% and 13.56% and R2 between 0.870 and 0.857. The weakest model 
remained AdaBoost, with RRMSE between 20.26% and 20.83% and R2 between 0.692 
and 0.662.

For the Gradient Boosting model, RRMSE and R2 values varied slightly as contami-
nation increased (Table 12). RRMSE changed from 13.16% at contamination 0.05 to 

Table 10   Number of records 
and plots retained after filtering 
with Isolation Forest at different 
contamination levels, and 
percentage of records and plots 
removed relative to the full 
dataset (6,553 records and 1,749 
plots)

N denotes the number of records (for record-level variables) or plots 
(for plot-level variables), and Pct denotes the percentage removed 
relative to the full dataset

Variable Contamination

0.05 0.10 0.15 0.20

N records filtered 6,227 5,897 5,570 5,241
Records removed 326 656 983 1,312
Pct records removed (%) 4.97 10.01 15 20.02
N plots full 1,749 1,749 1,749 1,749
N plots filtered 1,729 1,708 1,677 1,631
Plots removed 20 41 72 118
Pct plots removed (%) 1.14 2.34 4.12 6.75

Table 11   Summary of model performance across contamination levels: mean, minimum and maximum 
RRMSE (%) and R2 across all models

Contamination mean RRMSE (%) min RRMSE (%) max RRMSE (%) mean R2 min R2 max R2

0.05 15.86 13.16 20.26 0.808 0.692 0.870
0.10 16.08 13.43 20.77 0.800 0.671 0.863
0.15 16.32 13.53 20.70 0.792 0.671 0.859
0.20 16.37 13.56 20.83 0.788 0.662 0.857
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13.43%, 13.53% and 13.56% at 0.10, 0.15 and 0.20, respectively, while R2 decreased 
from 0.870 to 0.863, 0.859 and 0.857. Similar trends were observed for the other tree-
based ensemble models (Random Forest, Extra Trees, Bagging) and the MLP, with 
RRMSE increasing by approximately 0.3–0.7 percentage points and R2 decreasing by 
0.01–0.02 between contamination 0.05 and 0.20.

As an example, for Random Forest, RRMSE increased from 14.79% at contamina-
tion 0.05 to 14.99%, 15.11% and 15.31% at 0.10, 0.15 and 0.20, respectively, while R2 
decreased from 0.836 to 0.829, 0.825 and 0.817. For Extra Trees, RRMSE increased 
from 14.92% to 15.08%, 15.34% and 15.59%, and R2 decreased from 0.833 to 0.827, 
0.819 and 0.811. The MLP model showed RRMSE values of 14.67%, 14.86%, 15.15% 
and 15.06%, and R2 values of 0.838, 0.832, 0.824 and 0.823 for contamination levels 
0.05, 0.10, 0.15 and 0.20, respectively.

Across all contamination levels, the ranking of models remained stable: Gradient 
Boosting consistently provided the lowest RRMSE and the highest R2, followed by 
Random Forest, Extra Trees, Bagging, and MLP. KNN and SVR showed intermedi-
ate performance, while Decision Tree and AdaBoost remained the least accurate, with 
higher RRMSE and lower R2 at all contamination levels. Prediction bias remained 
small (close to zero) for the ensemble models and the MLP, and substantially larger for 
AdaBoost.

Discussion

Operational Implications and Use‑Case Dependent Removal of Anomalies

From an operational standpoint, our results indicate that unsupervised anomaly 
detection is best interpreted as a flexible tool to flag and manage atypical obser-
vations, rather than as a rigid rule to always remove them. In our case study, 
applying Isolation Forest with a contamination rate of 10% after standard con-
sistency checks led to the removal of about 10% of plot records, but only 2.3% 
of plots disappeared completely, while many plots simply lost a subset of their 
measurements. The fact that model performance remained very similar with and 

Table 12   Performance of selected models (Gradient Boosting and Random Forest) across contamination 
levels

Model Contamination R R2 bias (m3/ha) RRMSE (%)

Gradient Boosting 0.05 0.933 0.870 0.02 13.16
Gradient Boosting 0.10 0.929 0.863 0.11 13.43
Gradient Boosting 0.15 0.927 0.859 0.12 13.53
Gradient Boosting 0.20 0.926 0.857 0.15 13.56
Random Forest 0.05 0.914 0.836 0.32 14.79
Random Forest 0.10 0.910 0.829 0.23 14.99
Random Forest 0.15 0.908 0.825 0.02 15.11
Random Forest 0.20 0.905 0.817 0.27 15.31
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without these anomalous records, particularly for the best-performing tree ensem-
bles, suggests that growth and yield models can be robust to modest reductions in 
training data that mainly affect multivariate extremes, especially when the under-
lying database has already undergone thorough operational quality control.

Analyses of random forest regression in ecology emphasize that addressing 
major data issues (e.g. gross errors, strong leverage points) leads to more sta-
ble predictions, but that the models themselves are relatively robust to moder-
ate irregularities (Allen Akselrud 2024). In our case, the small performance dif-
ferences between full and filtered datasets indicate that most of the influential 
measurement or coding problems had already been addressed by standard consist-
ency checks, and that the anomalies detected here behave more like multivariate 
extremes than like pervasive noise.

The way anomaly flags are used should therefore be explicitly linked to manage-
ment objectives. If the primary goal is to develop a planning model that accurately 
reflects typical stand performance along the main productivity gradient, it can be 
both acceptable and useful to exclude part of the extremes. This is analogous to 
long-standing practices in growth and yield modeling where obviously influential 
plots or highly atypical management histories are down-weighted or excluded so that 
the model focuses on the conditions most relevant for “business-as-usual” planning. 
In this context, the anomaly-filtered dataset provides a well-defined core of condi-
tions for which the model is well supported and easier to explain to practitioners.

By contrast, if objectives focus on estimating maximum yields, evaluating 
intensive management scenarios or studying exceptional sites, systematic exclu-
sion of extreme observations is not appropriate. Studies on forest biomass and 
carbon estimation have shown that rare but extreme stands can critically affect 
estimates for high-productivity classes and for risk analysis (Knott et  al. 2023). 
In such cases, flagged records should be reviewed to distinguish likely measure-
ment or processing errors from genuinely high- or low-yield stands. Confirmed 
extremes should then be documented as special cases (e.g. fertilization trials, pest 
outbreaks, local damage) and, when valid, used in dedicated analyses, for exam-
ple, by fitting separate high-productivity models, stress-testing planning scenar-
ios, or quantifying risk under extreme conditions.

Under this view, the same anomaly detection pipeline can support several 
operational workflows. Plots with all measurements flagged as anomalous are 
natural candidates for targeted field verification or exclusion from the base cali-
bration dataset, similar to the quality-control approaches proposed by Knott 
et  al. (2023). Plots with a mixture of normal and anomalous measurements can 
remain in the monitoring network, using their non-anomalous records for stand-
ard growth and yield modeling while reserving anomalous records for diagnostic 
or scenario analyses. Plots with not anomalous measurements form the backbone 
of the inventory and calibration dataset. Thus, rather than replacing expert judge-
ment or conventional consistency checks, anomaly detection provides a structured 
way to prioritize attention, field effort and modeling decisions, in line with recent 
calls to couple statistical tools with explicit decisions about how field data are 
used in inventory and planning.
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Discussion in a Broader Context

This study examined whether, after a standard consistency analysis of forest inven-
tory data, the additional application of anomaly detection techniques could reduce 
the number of plot measurements used for growth and yield prediction without com-
promising model performance. This question is particularly relevant to operational 
inventory and planning, where fieldwork is costly and where studies have demon-
strated that data quality can be more limiting than model choice for predictive per-
formance (Rota et al. 2024). Consistent with common forestry practice, our dataset 
had already undergone routine company checks to remove logically inconsistent or 
clearly erroneous measurements (e.g. negative values, impossible diameter–height 
combinations, missing key fields). Even so, using four unsupervised methods 
applied by region, approximately 10% of records were flagged as anomalous despite 
having passed all rule-based checks, confirming that multivariate extremes can 
remain hidden to classical consistency procedures.

When these anomalous records were removed using Isolation Forest with a 10% 
contamination rate, predictive performance of the growth and yield models changed 
very little. For the best-performing algorithms (Gradient Boosting and other tree 
ensembles), differences in R2 between the full and filtered datasets were generally 
below 0.03, and changes in relative RMSE were typically below one percentage 
point; bias remained small in both scenarios and did not exhibit a systematic reduc-
tion after filtering. In contrast, Knott et al. (2023) reported reductions in estimator 
variance of up to 28% after removing outliers associated with GPS errors and zero-
biomass artefacts in model-assisted biomass estimation using national inventory and 
remote sensing data. The much smaller performance gains observed in our study 
likely reflect both the different modeling objectives (stand-level prediction ver-
sus design-based biomass estimation) and the fact that we started from an already 
curated operational database. In other words, anomaly detection here is refining 
an already cleaned dataset, whereas in other contexts outliers may represent more 
severe data problems.

Mohammed et al. (2024) has highlighted that data curation is often more critical 
than model choice for achieving reliable predictions. Likewise, a study used qual-
ity control charts to detect deviations in annual inventory data, reinforcing the idea 
that systematic monitoring and correction of atypical values can stabilize long-term 
trends and model behavior (Roesch and Van Deusen 2010).

The largest benchmark of unsupervised anomaly detection algorithms on real-
world tabular data, show that many algorithms tend to identify overlapping sets 
of anomalies and that a small subset of well-chosen methods is sufficient for most 
applied problems (Bouman et al. 2024). Similarly, our four methods (Isolation For-
est, One-Class SVM, LOF and a dense autoencoder) agreed on a core subset of mul-
tivariate extremes and using that subset for filtering was enough to demonstrate the 
operational implications without major gains in accuracy. At the same time, Bou-
man and Heskes (2025) noted that autoencoders for anomaly detection can be sensi-
tive to architecture and training choices, which reinforces the need for cautious use 
and benchmarking rather than blind trust in a single method.
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Taylor et  al. (2023) used random forest, extremely randomized trees, gradi-
ent boosting and XGBoost to predict site fertility and improve 3-PG-based growth 
projections for Eucalyptus nitens, and highlighted the importance of high-quality 
input data and interpretable ensemble models. In our study, similar ensemble deci-
sion-tree algorithms provided the highest predictive performance for stand volume 
and maintained their accuracy even when calibrated on anomaly-filtered datasets. 
Together, these studies suggest that combining ensemble ML models with explicit 
data-screening procedures is a promising direction for operational growth and yield 
modeling, but that the magnitude of the benefit depends strongly on the initial data 
quality and on whether outliers mainly represent gross errors or genuine extremes.

Several limitations and avenues for future work remain. We treated all records 
flagged as anomalous as candidates for exclusion, even though many of them likely 
represent genuine biophysical extremes (e.g. exceptionally productive stands, local 
damage, or atypical management histories) rather than measurement errors. In 
contrast to studies where outlier removal clearly improves estimator precision, our 
modest changes in R2 and RRMSE underscore the risk of over-filtering informa-
tive but rare conditions when starting from a well-curated database. Future research 
should therefore distinguish more explicitly between “error-like” anomalies and 
biologically meaningful outliers and compare alternative treatments such as down-
weighting, retaining anomalies for scenario analyses, or restricting their removal 
to particular modeling tasks (e.g. standard vs. high-yield scenarios). We used fixed 
contamination levels applied uniformly across regions; adaptive or model-driven 
thresholds informed by site class, management regime, residual patterns or risk tol-
erance may better align anomaly filtering with operational objectives, particularly 
in heterogeneous plantation estates. At the same time, results in ecology empha-
size not only prediction but also the need to propagate uncertainty and account for 
data issues explicitly in model outputs (Allen Akselrud 2024). Integrating anomaly 
detection with formal uncertainty analysis, for example, by quantifying how filter-
ing affects prediction intervals and not only point estimates, would help express the 
benefits and trade-offs of data screening directly in terms of risk for planning and 
decision making, consolidating anomaly detection as a standard, but not exclusive, 
component of growth and yield modeling workflows.

Finally, in this study anomalous records were removed only to quantify their 
effect on model performance and plot requirements. We do not advocate automatic 
deletion of all flagged records in all applications; instead, we recommend using 
anomaly flags to support case-dependent decisions about exclusion, down-weighting 
or dedicated scenario analysis, depending on whether the focus is on typical condi-
tions or on extreme stands.

Conclusion

This study shows that integrating unsupervised anomaly detection with machine-
learning growth and yield models is a practical data-quality control step, rather 
than a way to radically boost predictive accuracy. Using four unsupervised methods 
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applied by region, about 10% of records were flagged as anomalies, but this trans-
lated into the loss of only a small fraction of plots (≈2–5%), with most plots either 
unaffected or losing only a few measurements.

When models were calibrated with and without these anomalous records, the best 
algorithms (especially Gradient Boosting and other tree ensembles) maintained high 
predictive performance (R2 ≈ 0.85–0.88, RRMSE ≈ 13–15%) and changed very lit-
tle between full and filtered datasets. Sensitivity analysis across contamination lev-
els (5–20%) confirmed that a 10% threshold is a reasonable compromise, removing 
a clear set of multivariate extremes while preserving both plot coverage and model 
accuracy. In practical terms, the proposed workflow offers a transparent, reproduc-
ible way to clean inventory data and control outliers before fitting growth and yield 
models, with minimal cost in terms of usable plots and predictive power. Therefore, 
anomaly detection should be viewed as a complementary data-quality layer in stand-
level growth and yield modelling, rather than as a substitute for careful inventory 
design and consistency checks.
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