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Detection of weeds using image processing and clustering
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Abstract: Knowledge about the distribution of weeds in the field is a prerequisite for
site-specific treatment. Optical sensors make it possible to detect varying weed densi-
ties and species, which can be mapped using GPS data. The weeds are extracted from
Images using image processing and described by shape features. A classification based
on the features reveals the type and number of weeds per image. For the classification
only a maximum of 16 features out of the 81 computed ones are used. Features are
used, which enable an optimal distinction of the weed classes. The selection can be
done using data mining algorithms, which rate the discriminance of the features of pro-
totypes. If no prototypes are available, clustering algorithms can be used to automati-
cally generate clusters. In a next step weed classes can be assigned to the clusters.
Such a procedure aids to select prototypes, which is done manually. Classes can be
identified, that are distinct in the feature space or which are overlapping and therefore
not well separable. Clustering can be used in some, less complex cases to establish an
automatic procedure for the classification. Weed maps are generated using the system.
These are compared to the results of a manual weed sampling.

1 Introduction

The goal of site-specific weed control is the precise application of herbicides in highly
infested areas of a field. Since the distribution of weeds is heterogeneous in most cases
and stable across years (GERHARDS et al. 1997, MORTENSEN et al. 1998, GERHARDS &
CHRISTENSEN 2003), site-specific weed control can reduce the amount of herbicides
used. The spraying has to be controlled by the actual weed infestation. This way the
selection and dosage of the herbicides can be optimized for each part of the field. In
areas where the weed infestation is below the economic threshold no herbicides are
used, in areas with a weed infestation above the threshold different herbicides in be
used in varying dosages, adapted to the weed species. The first step therefore is to get
information about the distribution of the different species. Manual weed sampling is
time- and cost-intensive and therefore cannot be economic in a wider practice. SLAUGH-
TER et al. (2008) give an overview of the techniques for weed detection and find, that
the robust weed detection remains the primary obstacle toward commercial develop-
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ment and industry acceptance of robotic weed control technology. Therefore a system
was developed to measure the weed infestation.

2 Material and methods

To achieve an automatic classification of weeds from images a system was used, which
is outlined in Figure 1. In the field two images were taken at the same time: one of the
red (R), the other of the infrared (IR) spectrum of the light. Additionally the position was
determined using an RTK-GPS. Both images are normalized and a difference image
computed (IR-R). In this image the plants appear brighter than the background objects
like soil, stones, mulch (SOKEFELD et al. 2007). The background objects vanish in the
difference image, because have a similar reflection in thr red and infrared spectrum.
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Figure 1: Schematic overview of the image processing

The difference image was analysed using digital image processing and the results are
stored in a database (Figure 1). The first step is the binarisation with a grey level
threshold that segments the foreground objects (white) from the background (black). A
segmentation step identifies single foreground objects as objects, which are surrounded
by background. Noise can be suppressed in this step, if small regions are filtered out
with a size criterion. For the remaining objects features are computed, which character-
ise the shape of the plants. Geometric features are based on the object pixels, contour
features, which are derived from the border pixels (fourier descriptors, curvature), and
features based on the skeleton of the regions were computed. Size, compactness and
Hu moments (Hu 1962) are typical examples for the group of geometric features. The
skeletonization was combined with a distance transformation of the regions and lead to
a distance vector. Statistical measures from this vector describe then the thickness of
the segments. With this step the image processing was complete and the features were
used for the following analysis.
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In the database all information of the measurement and image processing was stored.
The positional information and other metadata (time, camera type, exposure time) are
stored together with the file path in the database. During the segmentation step seg-
ments were created and their origin (image, image processing parameters), file path
and the features were stored in the database. Each segment corresponds to a plant or
parts thereof.

The following analysis is based on the values in the database. Prototypes have to be
defined for the analysis and a classifier can be trained with this prototype information.
Classes were defined within the database, which consist of three parts: the first is the
EPPO code (EPPO 2007) denoting the species, the second the BBCH code (HESs et al.
1997) denoting the phenological growth stage and the third is an attribute which de-
scribes special cases that may occur due to the segmentation, e.g. single leaves or
overlapping. In the training step defined classes are related to the segments, these are
then prototypes with known class. This step has to be done manually by sighting the
segments and assigning a class to selected segments. The training data then resides in
the database and forms the training data set together with the features, which is used to
train a classifier. The trained classifier then assigns all segments to classes. Together
with the positional information the classification result can be assemled to weed distribu-
tion maps. The weed distribution maps are used to create application maps, which are
used for the site-specific herbicide treatment. Different weed species, which are sensi-
tive to the same herbicides, are grouped for the application map and economic thresh-
olds are used to define the areas which have to be sprayed.

2.1 Feature selection

Not all features have the same relevance for the classification. Each feature adds a di-
mension to the feature space, which is high dimensional. In our system up to 81 fea-
tures were computed, which are all numerical. Therefore the prototypes were located in
a 81-dimensional feature space and it was necessary to reduce the number of dimen-
sions. A feature selection or feature transformation can be used for this task. Selection
algorithms weight features according to their discriminational abilities and select the
ones that allow the best discrimination of the classes. The maximum number of features
should not exceed 16 and the prototypes were used to select them. Selection algo-
rithms can be grouped into two groups. One group uses the discriminative abilities of
each feature or correlations of features to select the best ones. PCA weighting is one
example, which uses the coefficients of a principal component analysis to weight the
features. The other group of selection algorithms uses classification algorithms. Feature
subsets are selected and the performance of a classifier, which uses only these sub-
sets, is used.

Two different algorithms for a weighted selection were used, which are implemented in
the data mining program RAPIDMINER (MIERSWA et al. 2006). The selection process
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consisted of a weighting using PCA weighting and info gain weighting with a following
selection, that recursively did a (crossvalidated) nearest neighbor classification. The
performance of the classification und therefore the feature subset was rated and feature
subsets could be identified, which are optimized for the dicrimination of the classes.

2.2  Clustering

A supervised classifier that uses the training data of the prototypes is used to assign
classes to the objects. Unsupervised classification algorithms, also known as clustering,
can be used, if no training data exists. These kind of classifiers were used before class
information was available and before the manual selection of prototypes has taken
place. These algorithms aggregate similar objects to clusters according to the feature
information. In this context clustering is interesting in two ways: they can be used to
support the training and they show similarities or differences between classes, giving
hints on the seperability. Clustering was used here to group plants with similar shapes.
In a second step classes can be set for these automatically derived clusters and proto-
types can be selected. The advantage of the approach is, that classes with similar fea-
tures can be identified. The training for classes which are difficult to separate can be
optimized this way. If class has a multimodal distribution in the feature space, leading to
two or more clusters (see clusters 0, 1 and 2 in Figure 4), then an additional classes
may be defined. The same applies, if there are still noise objects left: a noise class can
be used for them. The resulting prototype definitions are used for the classification.

2.3 Data set

The data for the clustering was derived from images taken in December 2007. The field
had a size of 3.5 ha with a winter wheat (Triticum aestivum L.) crop. The crop was not
emerged at that time and the weeds were grass weeds (mainly Alopecurus myo-
suroides Huds.) and dicotyledon weeds (Veronica persica L., Matricaria chamomilla L.).
The image series contains of 3367 images and their DGPS-coordinates. 160 images
were selected from the series, which were near manual sampling points, and used for
the training. The number of weeds, separated for each species, were counted manually
from the images and compared to the results of the image classification. Additionally a
manual field sampling was done using a frame to count the weed densities for each
species. The position of the images and manual sampling points are not exactly the
same, but differ up to two meters.

A map was created from the results of the supervised and unsupervised classification
and the manual sampling. It can be seen that the weed patches can be found with each
of the methods (Figure 2).
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Figure 2: Map of the weed densities using different measurements: outer rings contain results
of unsupervised classification (Cluster 0), middle ring shows the supervised classification using
prototypes, inner circle manual sampling results

3 Results and discussion

The images were analysed following the schema from Figure 1, additionally there was
the data of manual measurements from the images. The weeds were counted from the
subset of the images, they were also used to select the prototypes. The result of the
clustering can be compared to the training data. The clusters and object classes can be
visualised in the feature space using three features. Figure 3 shows the trainingdata of
the prototypes on the left and the result of the clustering on the right (clusters numbered
from zero to four).
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Figure 3: Classes (manually selected prototypes) and clusters (unsupervised classification) in
the feature space. The features are compactness, variance of the skeleton distance vector and
the first Hu moment
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The segments were labeled with colors according to the clusters and combined to label
images. The combination of these with the (inverted) difference images is shown in
Figure 4. Dicotyledon weeds can be found in cluster four, the monocotyledons are in
cluster zero to three. The unsupervised classification can distinguish between these
important weed classes. By assigning classes to the clusters the training step can be
simplified, prototypes can be marked as belonging to that class. This way an efficient
training is possible. It can also be seen, that the monocotyledon weeds have a multimo-
dal distribution (single, elongated leaves, overlapped leaves). This can be taken into
account in the class definitions for the prototypes, this class can be separated into two
subclasses.
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Figure 4: Cluster assignments in an example image, cluster 4 contains dicotyledonous, cluster
0-3 monocotyledonous weeds

Figure 5 relates the manual class assignments for Alopecurus myosuroides Huds. to
cluster zero. There were some images without objects in the cluster (points on the ordi-
nate), but in most of the images the numbers show the same tendency as the manually
determined ones.

10 20 30 40 50 60 70 80
Cluster0

Figure 5: Correlation of the manual class assignments (ALOMY: Alopecurus myosuroides
Huds.) and cluster zero of the unsupervised classification (clustering)
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4 Conclusions

Weed sampling from camera images, as described in this approach, can be used to
generate weed maps with high spatial density, which are necessary for a site-specific
weed management. The approach uses bi-spectral images, which allow a good separa-
tion between plants and background. The analysis is based on the shape of single
plants, which are parametrised using shape features. Supervised classifiers need train-
ing data, which are selected prototypes of weed and crop plants. The selection of the
prototypes can be supported by unsupervised classification (clustering) by assigning
classes to automatically derived clusters. This way the separability of the classes ac-
cording to the shape features can be visually assessed already in the training step and
the classes and training data can be adjusted to the situation.

Unsupervised classification could be used to establish a fully automatic approach, if
prior information about the weed species are introduced as starting values for the clus-
tering.
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