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A k-Nearest Neighbor Approach for 
Estimation of Single-Tree Biomass

Lutz Fehrmann1 and Christoph Kleinn2

Abstract.—Allometric biomass models are typically 

site and species specific. They are mostly based 

on a low number of independent variables such as 

diameter at breast height and tree height. Because 

of relatively small datasets, their validity is limited 

to the set of conditions of the study, such as site 

conditions and diameter range. One challenge in the 

context of the current climate change discussion is to 

develop more general approaches for reliable biomass 

estimation. One alternative approach to widely used 

regression modelling are nonparametric techniques.

In this paper we use a k-Nearest Neighbor (k-NN) 

approach to estimate biomass for single trees and 

compare the results with commonly used regression 

models. The unknown target value of a certain tree 

is estimated according to its similarity to sample tree 

data stored in a database.

Introduction

Estimation of forest biomass has gained importance in the 

context of the legally accepted framework of the United             

Nations Framework Convention on Climate Change and the 

Kyoto Protocol. Reliable and general estimation approaches for 

carbon sequestration in forest ecosystems are needed (Brown 

2001, Joosten et al. 2003, Rosenbaum et al. 2004, Wirth et al. 

2003). In the past, the standard methodology in single-tree 

biomass estimation was based on fitting parametric regression 

models with relatively small datasets. Numerous models have 

been built from destructive sampling studies, most of which are 

allometric functions. They allow predicting tree biomass as a 

function of easily observable variables like such as diameter at 

breast height (d.b.h.) and tree height. Typically, these models are 

specific to the tree species and site conditions of the underlying 

particular study. Extrapolation beyond this set of particular con-

ditions is critical.

Different attempts have been made to derive more general 

functions by meta-analyses of the published equations (e.g., 

Jenkins et al. 2003, Zianis and Mencuccini 2004, Chave 2005).              

In many cases such studies have been constrained by the 

absence of primary data and are focused on the reported re-

gression functions only (Montagu et al. 2004). Therefore, one 

major goal of future research in the field of single-tree biomass 

estimation can be seen in the generalization of models based 

on compilation of empirical data from sample trees. Once a 

suitable single-tree database is given, nonparametric modelling 

approaches, such as the k-Nearest Neighbor (k-NN) method, 

might be suitable alternatives to regression modelling. The basic 

difference is that nonparametric models do not require concrete 

queries before they are developed.

Methods

k-NN Technique

The k-NN approach is a nonparametric and instance-based 

machine learning algorithm. It is known as one of the oldest 

and simplest learning techniques based on pattern recognition 

and classification of unknown objects. It was described as 

a nonparametric approach for discriminant analysis (lazy 

similarity learning algorithm) by Fix and Hodges (1989) or 

Cover and Hart (1967), for example.

This approach classifies an unknown feature of an object (an 

instance) based on its “overall” similarity to other known 

1 Institute of Forest Management, Georg-August-Universität Göttingen, Büsgenweg 5, D-37077 Göttingen. E-mail: lfehrma@uni-forst.gwdg.de.
2 Professor of Forest Assessment and Remote Sensing, Institute of Forest Management, Georg-August-Universität Göttingen, Büsgenweg 5, D-37077 Göttingen. 
E-mail: ckleinn@gwdg.de.



252	 2005 Proceedings of the Seventh Annual Forest Inventory and Analysis Symposium

objects. Therefore, the instances with known target values are 

stored in a database (the so-called training data).

To estimate the unknown feature of a query instance, the most 

similar known instances are identified by means of a set of 

known variables. The weighted or unweighted mean of the 

target variable of a number k of nearest instances (neighbors) 

to the unknown instance is then assigned. To identify the most 

similar training instances, it is necessary to define measures 

of similarity and quantify their distance or dissimilarity to the 

query instance (Haendel 2003).

In contrast to parametric models, the result of the k-NN 

estimation is not a “global function” for the entire feature 

space, but a local approximation of the target value that 

changes in every point of the feature space depending on the 

nearest neighbours that can be found for a certain query point 

(Mitchell 1997).

In forestry, applications of this approach can be found in Haara 

et al. (1997), Korhonen and Kangas (1997), Maltamo and 

Kangas (1998), Niggemeyer (1999), Tommola et al. (1999), 

and Hessenmöller (2001). In this paper, the methodology is 

mainly used to estimate stand parameters or as an alternative 

to parametric growth models. Sironen et al. (2003) applied 

a k-NN approach for growth estimations on single-tree data. 

Applications of different nonparametric approaches including 

k-NN are also in Malinen (2003a, 2003b), Malinen and 

Maltamo (2003), and Malinen et al. (2003).

The k-NN technique has long proved applicable and useful in 

the context of integration of satellite imagery into large-scale 

forest inventories estimations (Moer and Stange 1995, Tomppo 

1991). Satellite images are classified using the similarity of 

spectral signatures of single-pixel values (Holmström et al. 

2001, McRoberts et al. 2002, Stürmer and Köhl 2005).

For local approximation of a continuous target value, the k-NN 

algorithm assigns the mean of the target values of a certain 

number of most similar training instances to the query instance as

						    

	 (1)

Where:

( )qxf̂  is the estimator for the unknown target value of a query 

instance x
q
.

( )ixf  are the known target values of training instances. 

k is the number of nearest neighbours used for estimation.

To quantify the dissimilarity between instances and to identify a 

number of k nearest neighbours, known measures of proximity 

from multivariate analyses, such as discriminant or cluster 

analysis, may be used. For practical application the Minkowski 

metric or L-norm is a suitable and flexible multivariate distance 

measure (Bortz 1989, Backhaus et al. 1996):

	 (2)

where:

d
i,j
 = the distance between two instances i and j, x

ir
 and x

jr
 being 

the values of the rth variable for the respective instance.

n = the number of considered variables.

 c ≥ 1 = the Minkowski constant. 

In case of c  = 1, the result of this metric is the so called 

Manhattan or taxi driver distance, which is the sum of all 

variables differences. For c = 2, this measure is the Euclidean 

distance in an n-dimensional feature space.

To take the unequal importance of different variables for 

the development of the target value into account and to 

avoid the distorting influence of different scaled feature 

spaces, the variables have to be standardized and weighted 

according to their influence. Because the single variable 

distances are explicitly obvious in the given distance metric, 

the standardization and weighting can be included in the 

calculation of an overall distance by modifying it to the 

following:
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δ
r
 = a standardization factor that can be coupled to the range of 

the variable. 

In our study we set δ
r
 to 2σ

r
 whereas σ is the standard deviation 

of the respective variable.

Even if both steps are a kind of transformation of the feature 

spaces of the considered variables, one should distinguish 

between feature standardization and weighting. While stand-

ardization is necessary to ensure the comparability of the single 

variable distances, the weighting of the different variables in a 

multidimensional space is an expression of their unequal rel-

evance for the target value (Aha 1998, Wettschereck 1995).

Feature weighting can have a great influence on the 

identification of the nearest neighbours, making it relevant for 

the quality of the derived estimation. Suitable weighting factors 

can be derived from several alternatives. Tomppo et al. (1999) 

proposes deriving feature weights based on the coefficient of 

correlation between the different variables and the target value. 

Another possibility is using the relation between the regression 

coefficients of the included variables from a suitable regression 

model to derive the weighting factors. Iterative optimization 

algorithms such as genetic algorithm or simulated annealing 

can also be used to find an appropriate relation of feature 

weighting factors (Tomppo and Halme 2004).

 

If the distances between a query point and all training instances 

in the database are known and the k nearest neighbours are 

identified, they can also be used to derive a weighted mean. 

According to Sironen et al. (2003), or similarly Maltamo and 

Kangas (1998), the weighting of the neighbours according to 

their distance can thereby be derived as

	 (4)

where:

 w
k
 = the weight of the kth neighbour.

d
q,i

 = the distance between a query point x
q
 and the neighbour x

i.
 

t = a weighting parameter that influences the kernel function. 

Implementing this distance-weighted mean as estimator formula 

(1) becomes

	��� (5)

In this case, the estimator is equivalent to the Nadaraya-Watson 

estimator (Atkeson et al. 1997, Haendel 2003, Nadaraya 1964, 

Watson 1964). Because of the decreasing influence of training 

instances with increasing distance, all training instances can be 

included in the estimation process in this approach, which is 

also known as Shepard’s method (Shepard 1968).

Even if the k-NN algorithm is referred to as a nonparametric 

method in the context of searching a number of nearest 

neighbours, this description does not apply for the distance 

function that is used. In the basic k-NN approach, the weighting 

factors for the different variables, which are normally defined 

in a deterministic manner, and the parameters k, n, c, δ and t of 

the above mentioned distance function (3) and estimator (5) are 

defined globally.

As a result of an asymmetric neighbourhood at the extremes 

of the distribution of observations, instance-based methods 

come with a typical bias-variance dilemma. The number of 

neighbours considered in the estimation must be determined as 

a compromise between an increasing bias and the decreasing 

variance of estimates with an increasing number of neighbours 

(Katila 2004). To find an approximation for an optimal number 

for k, we applied the root mean square error (rMSE%) as 

error criterion. The objective criteria is the minimization of 

the rMSE% by means of a leave-one-out cross validation with 

a changing size of the considered neighbourhood and/or the 

parameter setting in the distance and weighting function. In a 

cross validation, a query instance is a tree that is excluded from 

the training instances and for which estimation is derived based 

on the N-1 remaining trees. Each training instance is in turn 

used as query instance (Malinen et al. 2003). The rMSE% is 

then calculated as
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where:

 x
ir
 = the observed value of variable r for instance i.

irx̂  = the respective estimated value. 

n = the number of observations. 

rx̂  = the mean of estimates for the target variable r. 

Because of the high number of possible parameter 

combinations, the iterative process was reduced to about 50 

different combinations in which the determination of the 

starting values for the feature weights were based on expertise 

obtained from the relation of regression coefficients as result of 

a regression analysis with the respective variables.

Reference Model

As reference to the k-NN estimations we derived an allometric 

regression model based on the same dataset. Independent 

variables are dbh and tree height. To consider for inherent 

heteroscadicity, an ordinary least square (OLS) regression was 

built with log transformed variables and aboveground biomass 

(agb) as the dependent variable (Sprugel 1983). The estimated 

regression coefficients are shown in table 1.

Data

To evaluate the k-NN approach in comparison to parametric 

regression models, we built a single-tree biomass database with 

training instances from various destructive biomass studies. 

In this study we used a subset of N = 323 Norway spruce trees 

(Picea abies [L.] Karst.) that were compiled from different 

publications and datasets from central Europe. Parts of the 

database come from a study of Wirth et al. (2003). Additional 

datasets were taken from literature and project reports.

Results

Calculating the distance between a query point and all 

training data leads to a certain order of instances according to 

their similarity to the unknown query instance (fig. 1). For the 

given example, at first only the variables dbh and tree height 

were used in the distance function. Using a nearest neighbour 

bandwidth, the distance to which neighbours are considered 

for the estimation is set to the distance of the kth neighbour 

(Atkeson et al. 1997). 

The disadvantage of this approach is that a fixed bandwidth 

selection may increase bias  as result of the asymmetric 

neighbourhood in the extremes of the feature space. 

Nonparametric approaches such as the k-NN method are known 

to be inappropriate for any kind of extrapolations. In addition, 

a certain edge effect exists within the feature range of the 

training data. This fact makes it difficult to compare the k-NN 

based estimations with a given regression model. Figure 2 

shows the effect of increasing the neighbourhood, especially on 

estimations for the biggest trees in this dataset.

The smaller size of the considered neighbourhood leads to a 

lower bias at the extremes of the feature space. At the same 

Table 1.—Estimated coefficients, R², and residual standard error  for the allometric reference model. Dependent variable is agb in 
kilogram dry mass.

Model formulation Linearized form ln(a) b c R² Residual standard error

agb=a*dbhb hc ln(agb)=ln(a)+b*ln(dbh)+c*ln(h) – 2.651 1.888 0.699 0.98 0.1864

Figure 1.—Training data ordered according to their distance 
and their respective target values (agb) for a given query point.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 500 1000 1500 2000 2500 3000

agb [Kg]

S
ta

nd
ar

di
ze

d
di

st
an

ce

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 500 1000 1500 2000 2500 3000

agb [Kg]

S
ta

nd
ar

di
ze

d
di

st
an

ce

agb = aboveground biomass.

agb = aboveground biomass.



2005 Proceedings of the Seventh Annual Forest Inventory and Analysis Symposium		  255

time, however variance is obviously increasing because fewer 

values of the target values are averaged.

The resulting rMSE% values for different sizes of the 

neighborhood were calculated by means of a leave-one-out 

cross validation of the whole dataset for different values of k. 

Figure 3 shows that in case of the underlying data and the used 

variables, a minimum error can be found for three neighbors. It 

must be considered that this optimum size of the neighborhood 

is only valid for the given parameter setting and this certain 

dataset. The respective rMSE% calculated for the adapted 

reference model was about 19 percent lower than that of the 

k-NN estimation.

A lower error can be achieved by integrating further single-tree 

variables, such as tree age or crown length. Figure 4 shows an 

example where these additional variables were included in the 

distance calculation. It is obvious that the optimal number of 

neighbours changes in this case to five. The amount of available 

training data with information for these search variables 

decreased to 181 trees. 

One possibility to lower the influence of the systematic 

error is to use a kernel function that attenuates the influence 

of neighbours according to their increasing distance. The 

distance-weighting function we used in this approach can be 

modified by changing the parameter t. As figure 5 shows, we 

achieved the lowest errors without any distance weighting in 

this case. Different simulations with other tree species and 

different combinations of variables showed that the influence 

of the parameter t on the error is highly dependant on the 

underlying dataset and the choice of search variables. Similar 

to the determination of the parameter c that influences the type 

of distance metric as well as the relation of feature-weighting 

factors, the optimum parameter setting differs highly between 

different datasets. 

Figure 2.—Observed agb and estimations based on k = 3 and 
k = 15 neighbors.

Figure 3.—rMSE % and Bias% of the k-NN estimation calcu-
lated in a leave-one-out cross validation for different sizes of 
the considered neighbourhood. In this case only the variables 
d.b.h. and tree height were included in the distance function.

Figure 4.—rMSE% and Bias% for a certain parameter setting 
using the variables d.b.h., tree height, tree age, and crown 
length for the distance function.
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Discussion

In the given example, the errors of the k-NN estimations were 

higher than those of an allometric regression model derived 

from the same dataset and with the same independent variables. 

One reason for the errors is that we only used one combination 

of feature weights and/or parameter settings. The goal of this 

study was primarily to evaluate the general applicability of the 

k-NN method for single-tree biomass estimation. Future work 

will be focused on optimization of this method for the given 

purpose.

Another reason for the comparatively bad performance of 

the approach in comparison to the given regression model 

is that the number of training data as well as the number of 

variables included in the distance function was untypically 

low for a nonparametric method. One advantage of the k-NN 

method is that it is easily possible to include a high number 

of independent search variables in the distance function. This 

advantage was not used in this basic and general example.  

More variables and information components can be included 

in the estimation process. For examples, the process could 

include site parameters such as the height above sea level, the 

site quality, geographic coordinates, or further information on 

tree species. If enough variables with a certain discriminatory 

power in the context of dissociating trees of different species 

are available and are able to bring the training data in a correct 

order according to their distances, estimations over different 

species are possible.

For the optimization of the k-NN estimations, the high number 

of parameters for the distance and weighting function we used 

in this example causes problems. An approximation for an 

optimal combination or relation of parameters can be found 

by using iterative processes such as optimization algorithms. 

The target in this case is the minimization of the error criterion 

(e.g., the rMSE%) by a stepwise change of the parameter 

settings. For the given example we only used a low number of 

iterations, whereas the starting values were predefined based 

on expertise gained in the regression analysis and the first 

experience with a software application of the k-NN algorithm. 

It must be assumed that the given intermediate results are far 

from an optimal solution and that future work can enhance 

the performance of the k-NN method which might then be an 

alternative to the given approaches, particularly in the context 

of the generalization of biomass models.

Conclusions

Trees can be interpreted as instances of more or less one 

basic form, consisting of an individual pattern of principal 

components such as stem, branches, leaves, and roots. If 

certain key variables on a single-tree level are known, pattern 

recognition algorithms such as the k-NN method can be used to 

identify the most similar instances (trees) from a database and 

use their known target values to derive estimations for unknown 

instances. Often additional meta-information about forest 

stands, site characteristics, or species-specific information 

such as mean wood density are available and can be used in the 

context of this methodology. Different authors (Hessenmöller 

2001, Malinen 2003a, Sironen et al. 2003) have proved this 

nonparametric method applicable and useful as well for single-

tree applications, in which its performance is obviously highly 

dependent on the amount of training data. One of the main 

future challenges in the field of biomass estimation will be 

the generalization of estimation approaches and/or models. 

Figure 5.—Influence of the distance-weighting parameter t on the 
development of the rMSE% for different sized neighborhoods.
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To ensure a certain reliability of the generalized models, the 

compilation of destructive sampled data will be necessary. If 

it is possible to implement a single-tree database in a central 

and free accessible place, instance-based methods can also be 

applied as server-client applications in future.
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