


Overview

Forest planning process
Errors in forest planning data

Detecting the errors with data mining
methods

Handling the errors



Data collection & processing
(data provider)

Assesment of alternative
management scenarios (forest
planner w. forest planning system)

Decision making (forest planner
and forest owner)

Forest planning process
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Forest planning system
simplified
Input: data set

Function:

Project alternative management scenarios
with growth models (simulation)

Find the optimal management schedule,
"Maximize the benefit of forest owner*
(optimisation)

Output: forest management plan




Forests described with stand-
level mean attributes
(compartment-wise inventory)

Data collection mainly by
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Forest planning data in Finland
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[0001 1 213 234 189 170

Remotely sensed tree-/stand- o002/ 3 154 192 171 80
level data taking foothold /

data vector containing mean
attributes of a single stand



Types of errors in forest data

Missing attribute values

Incorrectly classified categorical attribute values
(Tree Species, Site Class...)

Incorrectly measured or estimated continuous
attribute values (DBH, BA...)

Incorrect values may be due to: human error,
Instrument malfunction, inherent noise in the
measurement method

Errors can be random or systematic, depending
on data set



Forest planning & erroneous
data

All inventory methods involve sources of errors,
which should be taken into account

Errors In the data describing the initial state of
forest lead to:

Erroneous projections of future states

Non-optimal treatment schedules and
management operations

Bad decisions!

This could be avoided if we can identify the
errors in the input data



Detecting the errors

IF most of the data is correct, THEN objects*
deviating from the rest of the data (outliers) might

be errors

Erroneus objects that DO NOT deviate from rest
of data are a problem

ERRORS

OUTLIERS

* a single data row (vector) such as a single stand with multiple mean attributes



ldentifying the outliers

Manual/visual checking of data
a lot of work, subjective method
Statistical methods for detecting outliers

univariate nature (dimensionality problem),
need of a priori assumptions about data
distributions

Outlier detection with data mining methods

automatic, multidimensional data, no need for
a priori assumptions



Dimensionality and outliers

Data is often multidimensional, eg. it has multiple
attributes (n>1) for each object

Outliers can often be identified only by studying
all or most of the attributes in the data

Example: two views of same data set with one
outlier
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Outlier detection with data
mining

Outlier:

an observation which appears to be
Inconsistent with the remainder of that set of
data

Data Mining (DM):

finding frequent patterns and previously
unknown information from large amounts of
data automatically

A number of existing algorithms for outlier
detection



Distance-based outlier
detection

Adopted from Knorr & Ng 1998

Object O is a DB(p, D*) outlier if a percentage p

of all objects in the data are further than distance
D away from O ...................

* distance D is Euclidean or Mahalanobis distance between two vectors O,
and O, in multidimensional feature space



Density-based outlier detection

Adopted from Breunig et al. 2000

For each object O in data there is an outlier
factor which can be computed locally as a mean
distance D* .., from O to k nearest neighbours

%> ... .o_o

* distance D is Euclidean or Mahalanobis distance between two vectors O,
and O, in multidimensional feature space




Clustering-based outlier
detection

Adopted from Brecheisen et al. 2006 and
Hautamaki et al. 2006

Usually a sideproduct of clustering algorithms,
such as k-means

Outlier definition similar to density-based
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Parameters of algorithms

Distance-based algorithm

D — neighbourhood distance

P — proportion of objects farther than D
Density-based algorithm

Kk — number of nearest neighbours

N — number of outliers
Clustering-based algorithm

K — number cluster centroids

T — outlier factor threshold [0..1]



Sample runs of DM algorithms

Algorithms: Distance-based, Density-Based and
Outlier Removal Clustering

Data from state forest stand database with 4750
stands

10 attributes including: Main Species, Site
Class, Basal Area, DBH etc.

All algorithms were able to identify deviating
observations (outliers)
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Outliers (red dots) identified with density-based algorithm, 6 attributes used in the search, number of

outliers N had values 100 and 500, number of nearest neighbours k = 10, two views of the data



Problems of outlier
Identification

Results were promising but not without
problems
Problems caused by the data

No information if the identified outliers were actually
errors or not

Problems caused by the algorithms

Results are very sensitive to initial parameter values
and the attributes used

If dimensionality is high, data has to be large
These methods will not work on very small data




Further development

Testing on data with simulated errors (exact
knowledge if real error or not)

Combining DM algorithms with a priori
knowledge on data (extensive sample data)
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Handling the errors

After identification of outliers (potential
erroneous observations), we can:

Dismiss the observation
Use the observation but report it to the user

et the user decide whether to use the
observation

Automatically substitute the observation with
a more probable observation (imputation
methods by: Moeur and Stage 1995,
Robinson 2001, Kim & Fuller 2004, LeMay
and Temesgen 2005)




Summary

Forest planning data is far from perfect

If a forest planning system could identify errors
IN Input data, quality of forest management plans

could Increase

Techniques for identifying errors should be
automated and user-friendly

Data mining methods could provide techniques
to accomplish this



Thank you!

Contact for more information:
antti.makinen@helsinki.fi



