Detection of stems and tree damage by
a machine vision
16.6.2017 Lappeenranta
Jyry Eronen

The importance of thinnings as a source of industrial
pulpwood has increased significantly
▪ The National Forest Strategy 2025 in
Finland has set a goal to increase the
amounts of industrial wood harvesting
from the current level (around 60
million m³ solid over the bark (sob)) to
80 million m³ sob by 2025.
▪ The new pulp mill investments will
increase the demand for pulpwood
even further (Horne et al. 2016).
▪ Increasing the annual logging areas of
thinning is associated with a number of
challenges, such as the quality
management of mechanized
harvesting.

Industrial removals and cutting areas in Finland in 2004–2014 (Luke 2016a; 2016b)

The progress of tree damage level is serious issue in thinnings
▪The amount of tree damage in mechanically
harvested thinnings is low in Finland from the
international point of view (Sirén 1998;
Vasiliauskas 2001; Apafaian et al. 2015).
▪ However, the tree damage level has been
increasing in the past 15 years.
▪ The share of damaged trees in young forest
thinning has been from time to time
significant.
▪ The inspections by Finnish Forest Centre has
revealed that the tree damages have been the
most significant single harvesting quality
deteriorating factor in recent years.
The share of the damaged stems of remaining trees in industrial roundwood even-aged
thinnings and young forest (usually energywood) thinnings 2000–2015. *Data about
young forest thinnings before 2005 is not available (Finnish Forest Centre 2013; 2016).

The quality monitoring of wood harvesting - Today
▪ Monitoring of the quantity of tree damage is
carried out by the authorities and wood supply
organizations.
▪ Not in real-time, expensive, small samples,
partly subjective.
▪ Usually also a self-monitoring task by forest
machine operator -> reduces the productive
work time of forest machinery.
▪Do we see all quality factors in the inspections
that are done half a year after harvesting?
▪ According these reasons, there is clear need for
the development of automation and improving
the performance of harvesting quality control
especially in thinning operations.
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The quality monitoring of wood harvesting – Near future?
▪ The stems and their tree species automatic
identification from image material has been
found to be an appropriate method in easy
circumstances, but especially strongly knotty
stems identification has proved challenging
(Kosonen 2007; Ala-Ilomäki et al. 2008).
▪ Particularly the diversity of the forest
environment textures has been found to hinder
the identification of stems in the stand (Ali et al.
2006).

▪ However, forest measurement application based
on image interpretation, which is used to
measure tree characteristics in forest planning
(Siipilehto et al. 2016; Trestima 2016), is already
in operational use at the field of forestry in
Finland.

Detection of stems and tree damage in
softwood stand by a machine vision
algorithm based on color analysis
§ The material used in this study consisted of digital photographs, which
contained manually simulated tree damages.

§ The material included 54 damages, 104 images, 248 observations.
§ The detection algorithm of stems and tree damage is based almost only on
color analysis and using build-in Matlab functions for image processing and
filtering.
§The algorithm detected 80.6 % of the stems and 50.8 % of the tree damage
observations.
§The reasons for the success or failures of the identifications were examined
from the observed background variables, which were based on field
measurements and observations from the images.
§A research article will be published during 2017.

§The authors of the article: Eronen Jyry, Matikainen Antti, Palander Teijo,
Kärhä Kalle and Ovaskainen Heikki.

The detection of the stems
A) Original image.

B) In the first phase, the stems are roughly
identified by removing the vegetation and
the sky from the original RGB image.
C) A median filter is applied, which
smoothens out randomly distributed pixels
and emphasizes elongated, vertical objects
like the stems.
D) Pixel clusters smaller than the set
threshold value are removed from the
image, which leaves behind only the stemobjects.
E)

The possible holes left in the stem-objects
are filled.

F)

Finally, the stem textures are restored.

The detection of the tree damage
A)

The input image.

B)

The pixels that deviate from the average tree bark
color, including yellowish, damaged tree parts, are
highlighted. This is done by subtracting the
calculated average stem color from the input
image.

C)

The too green, blue or white pixels are removed in
similar fashion as in phase 1 The purpose of phase
is to get rid of any vegetation, lichen or sunlight
reflections that might otherwise be interpreted as
tree damage (false positives).

D)

A median filter is yet again applied to smoothen
out randomly distributed pixels, which further
reduces the amount of possible false positives.

E)

The detection is finalized, where the rest of the
possible false positives are removed from the
image. This is again achieved by excluding pixel
clusters that are considered too small to be
classified as actual tree damage.

F)

Original image.
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Example of image pairs used in this study.
Stems without (left) and with labels (right).

Predicting the accuracy of the
identification
▪ Certain background variables impact on the success or
failure of the detections was moderately obvious.

▪ Consequently, we were able to form a logistic regression
model which predicted the algorithm success of the tree
damage identification.
▪ The overall reliability of the model is fairly good (76.6%)
In this case.

▪ We set at the model all measured background variables,
because we wanted to bring up the influence of natural
circumstances in the point of view of possible future
prediction logit models.
▪ If we want to develop real practical solution, we need to
predict the reliability of identifications (true or false),
because according of this study results, 100 % reliability
of identifications seems impossible.

The challenges caused by
the operating environment
▪ The study revealed that the abundant sun light
and the reflections caused by it, produced difficulty
to use the image detection algorithm (failures and
false detections).
4/4 detection + 1 false damage

▪ Branches between the observed stem and
photographing point caused problems to the
detection process.

▪ The method how the algorithm detects stem
objects (remove unwanted color values, algorithm
step 1), can be an issue. A forest may look very
different in different seasons of the year. For
example, tree needles and undergrowth green
shades can vary depending on the background
lighting and the time of year.
1/4 detection + 1 false damage
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What is the tree damage?
▪ We know about how far the damages are from the strip
road, How high damages are on the stem and what factors
cause them (Siren 1998).
▪ However, the largest Nordic studies focusing on tree
damage have been made in the 1990s, we can’t be sure
about the damage levels caused by most modern harvesting
technology.
▪ We don’t know average damage type, shape, size or angle
to strip road -> we don’t know the damage visibility.

Correlations between different type
tree damage and other features of
the forest after thinning
▪ It doesn’t matter how good the machine vision algorithms
or technology is, if we don't know relative ratios of different
type of tree damage.
▪ It is obvious that we can observe only the damages which is
directly visible from a strip road.

▪ We have to explore the relations between the visible and
non-visible damages that we can predict the real damage
rate.
▪ The acquisition of research material is currently in progress.
▪ The results will be published around the turn of the year.
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