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Abstract 
 
Six methods are used for clustering data containing two different objects: sugar-beet plants 
and weed. These objects are described by 19 different features, i.e. shape and color features. 
There is also information about the distance between sugar-beet plants that is used for 
labeling clusters. The methods that are evaluated: k-means, k-medoids, hierarchical clustering, 
competitive learning, self-organizing maps and fuzzy c-means. After using the methods on 
plant data, clusters are formed. The clusters are labeled with three different proposed 
methods: expert, database and context method. Expert method is using a human for giving 
initial cluster centers that are labeled. The database method is using a database as an expert 
that provides initial cluster centers. The context method is using information about the 
environment, which is the distance between sugar-beet plants, for labeling the clusters. 
 
The algorithms that were tested, with the lowest achieved corresponding error, are: k-means 
(3.3%), k-medoids (3.8%), hierarchical clustering (5.3%), competitive learning (6.8%), self-
organizing maps (4.9%) and fuzzy c-means (7.9%). Three different datasets were used and the 
lowest error on dataset0 is 3.3%, compared to supervised learning methods where it is 3%. 
For dataset1 the error is 18.7% and for dataset2 it is 5.8%. Compared to supervised methods, 
the error on dataset1 is 11% and for dataset2 it is 5.1%. The high error rate on dataset1 is due 
to the samples are not very well separated in different clusters. The features from dataset1 are 
extracted from lower resolution on images than the other datasets, and another difference 
between the datasets are the sugar-beet plants that are in different growth stages. 
 
The performance of the three methods for labeling clusters is: expert method (6.8% as the 
lowest error achieved), database method (3.7%) and context method (6.8%). These results 
show the clustering results by competitive learning where the real error is 6.8%. 
 
Unsupervised-learning methods for clustering can very well be used for plant identification. 
Because the samples are not classified, an automatic labeling technique must be used if plants 
are to be identified. The three proposed techniques can be used for automatic labeling of 
plants. 
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1 Introduction 
 
A weed is a plant, which grows out of place and competes with more desirable plants (crops) 
for water, nutrients, sunlight and space [1]. It is important to remove the weed because it can 
disturb the more desirable plants. Weed control can be carried out mechanically, chemically 
or biologically. Biological control uses organisms or insects that attack the weed while 
chemical control uses herbicide that disrupts the weed growth. As mentioned in [2], there is a 
political interest by the European Union to increase the amount of ecologically grown 
products and there is also a need from the market. Due to the increasing cost of chemicals and 
the soil pollution caused by the herbicide residues, there is a need for alternative methods for 
crop protection [2]. Mechanical weed-control, which is one of the oldest agricultural 
practices, offers solutions by which ecologically grown products or efficient placements of 
herbicides are obtained. The aim of mechanical weed-control is to limit competition by up-
rooting and separating the green stem and leaves from the root system, or by a total 
maceration of the weed plant [1]. After these procedures the weed is destroyed completely or 
its negative affect on other plants is reduced. 

1.1 Background 
 
The main purpose of the MECH-WEED project, which started in 1997 at the University of 
Halmstad, is to reduce the amount of chemicals used in crop protection by using mechanical-
weed control. Current work done in this project is a mobile robot that will replace human 
labor for ecologically grown crops, especially for sugar-beet plants. The mobile robot does 
not only control the weed but it also does it automatically, which is another part of the project 
where the robot must navigate without direct help from humans. 
 
An issue that distinguishes this mobile robot is the ability of being automatic, which is not 
enough because there is also a need for the robot to be adaptive and this gives it ability to 
adjust to all kinds of variations in the environment. A general description of this mobile robot 
is found in [3]. As shown in Figure 1, the mobile robot has two camera systems: the camera at 
the front is the guiding system and the camera that is encapsulated (to control illumination) 
and turned directly at the ground is the weeding guide for the robot. The camera at the front is 
a gray-level vision system whereas the other one is a color-based vision-system. Separating 
the camera systems does not only offer a solution to the illumination problem but also makes 
the task to recognize rows and individual plants easier as stated in [3]. The robot uses row 
structure formed by the crops (desirable plants) as guidance while the color-camera system 
identifies the plants under the robot. 
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Figure 1 a: A detailed illustration of the mobile robot [3]. 
 
 
 
 
 

 
 

Figure 1 b: A detailed illustration of the mobile robot [16]. 
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1.2 Purpose 
 
The purpose of this thesis work is to use the plant-recognition techniques that will make the 
mobile robot described above more adaptive in identifying (classifying) plants. The long term 
goal of the MECH-WEED project is to make the method of plant identification adaptive; i.e., 
all the parameters that are necessary for successful discrimination between crops and weeds 
should be automated, identified and updated [4]. The earlier plant identification techniques 
used in the MECH-WEED project and those described in [4] are not adaptive to variations in 
the environment. The techniques that are used for plant identification originate from image 
analysis, pattern recognition and machine learning. The camera system must determine the 
position of each crop for intra-row weeding, that is, the robot is only weeding one row at a 
time (intra-row). The plants have to be classified into two classes: crops and weeds. The 
vision system that is developed analyzes one plant at a time and decides whether this plant is 
a crop (only sugar-beet plants are used in the current state of the project) but the future work 
will focus on other row-cultivated crops, such as rape and different kinds of vegetables as 
mentioned in [3]. 
 
The procedure for recognition of individual plants is described in [3]. A number of color 
images were collected from different fields and with the help from a linear discriminant in the 
normalized RGB color space, the object of interest is distinguished from the background, 
which is called segmentation. The segmented image is used for deriving a number of features 
that are used for classifying crops and weeds. The machine-learning techniques used for 
classifying the plants are not adaptive. The learning is supervised and once the model learns 
the training set, it cannot change its behavior (offline training). To make the robot more 
adaptive to the changes in the environment, it is required to use some other learning 
techniques, which are called unsupervised because there is no right answer as in supervised 
learning. This gives the robot ability to learn “online” by itself instead of learning by only one 
set of training samples where the classes are already known. 

1.3 The Problem 
 
This thesis work is, in fact, a continuation of work carried out by [4]. The problems that 
appeared there are: 
 
“Variations in plant size within and between fields and during the season call for some type 
of unsupervised or reinforcement learning to make classifiers adaptive to these variations.” 

 
“Variations in plant appearance in- and between-fields could easily drop the performance of 

an offline trained classifier.” 
 
The “classifiers” are the algorithms that can distinguish between the different plants, given the 
feature data that is measured on the plants. The features measured and derived are for 
example: area and color features. The used classifiers must be trained before they can start the 
classification (offline training), which means that the data must be collected before anything 
else can be conducted.  
 
The classifiers that are based on supervised learning, namely Gaussian quadratic, k-nearest 
neighbor and artificial neural network, are trained with individual plant-features like: shape 
features, invariant moments and color features. By combining geometrical features of the 
scene (context information) with individual plant features, the recognition of plants is also 
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improved because most crops are cultivated in rows and sown in a defined pattern. Two 
datasets are used in [4] that contain the information of individual plant features and the 
placement of plants (context information). In the first dataset, 143 images were taken and 54 
in the second. The images were segmented and a number of features of the plants were 
derived from the segmented images; a total of 19 features were derived: six color features, 
seven shape features and six moment features. The two extra features are the position of 
plants in the image which brings the total to 21 features. Crops in the first dataset are in the 
first true leaf stage, i.e. they have one pair of leaves. In the second dataset, the crops are in the 
cotyledon stage, i.e. they have two pair of leaves. 
 
The results achieved in [4] are: the individual plant classifiers combined with context method 
give classification rate of 98.4% for the second dataset. This is very good result, but the 
drawback mentioned in the work is that the classifiers have to be trained properly, and once 
they are trained the adaptation is lost. This training is based on the given data, and the 
classifiers learn this special set of data. After the training, new data has to be classified by the 
classifier and the classifier can achieve poor results because there can be variations between 
the trained data and the data that has to be classified. The variations can be those mentioned 
above.  

1.4 The Goal 
 
The general goal of the project is to study unsupervised learning and the algorithms used. 
Because no information is used about what kind of objects the algorithms are grouping, some 
methods must be developed to automatically identify these. Based on the results derived from 
supervised learning, some comparison can be made when looking at the performance of the 
unsupervised methods or selecting good features. The unsupervised-learning algorithms will 
be implemented in MATLAB and the data comes from the two datasets described above and 
also another dataset without the context information. There are many toolboxes developed for 
MATLAB that implement these algorithms. The final goal is to have algorithms that are 
invariant to variations and that can adapt to various situations. The algorithms can be 
implemented further on the camera system, but that is beyond the goal of this thesis. 

1.5 Thesis Outline 
 
In Chapter 2 the theory of different learning paradigms is explained. A great look into the 
field of clustering is also covered in the same chapter, where the different methods used in 
clustering are briefly exposed. Chapter 3 covers the procedure of the different methods used 
for clustering, and the work procedure for this thesis work. Chapter 4 is the result chapter, 
where the results of different implemented algorithms are shown. Chapter 5 and 6 are 
concluding chapters, where the results are discussed and conclusions are drawn for the whole 
thesis work.  
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2 Theory 
 
Algorithms that use unsupervised learning (self-organizing algorithms) do not use a 
supervisor (teacher). This means the classes (target values) are known (the input data to the 
algorithm is labeled) and the algorithms that have access to this information use supervised 
learning where the algorithm is approximating the target values given by the teacher. 
Algorithms that do not have access to labeled data must construct clusters with unsupervised-
learning methods. Reinforcement learning, which does not have labeled data, also uses 
unsupervised learning, but this type of learning has another type of information given by a 
critic. This thesis will not cover reinforcement learning. Figure 2 shows the difference 
between supervised and unsupervised learning. Desired response is the target values provided 
by the Teacher box. 
 

 
Figure 2: Supervised learning (above) and unsupervised learning (below). 

 

2.1 Supervised Learning 
 
In supervised learning, the information given is the dataset with labeled samples. We have the 
input data X = {x1, x2, …, xn} and also the labeled set L = {l1, l2, …, ln} for each sample i of 
the feature vector xi (the state vector shown in Figure 2) with dimension d. With the given 
data, a classifier can be constructed by several techniques under supervised learning where the 
classifier learns to approximate the labeled categories. The ideal case, where you have “all” 
the knowledge about the data is when you know the underlying probability structure and the 
Bayesian decision theory can be used to construct classifiers. When the underlying probability 
structure is not known but the general form of the distribution, e.g. Gaussian distribution, is 
known, the parameters can be determined with maximum-likelihood estimation or some other 
techniques. The Bayesian approach and the maximum-likelihood are called parametric. The 
non-parametric methods like k-nearest neighbors or artificial neural networks have little 
knowledge about the data and they have more parameters describing the data. 
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2.2 Unsupervised Learning 
 
In unsupervised learning, the given information is the n x d matrix X (input data) without the 
samples being labeled into different categories. The number of samples is n and the number of 
features is d. Because the categories are not known, the algorithms using unsupervised 
learning can only find clusters but they cannot label them. Unsupervised learning is, therefore, 
sometimes called clustering, but any algorithm that uses only input data as information and 
does not form any groupings (clustering), is unsupervised-learning algorithm. Here is a 
grouping of general applications in unsupervised learning that only uses input data but for 
different tasks: 
 

• Clustering 
• Dimensionality reduction 
• Reinforcement learning 

 
The purpose of dimensionality reduction is to reduce the number of features, d, to some lower 
number of features, d’. One common used method in dimensionality reduction is principal 
component analysis (PCA). Clustering is defined in [5] as “the unsupervised classification of 
patterns (observations, data items, or feature vectors) into groups (clusters)”. One purpose of 
this thesis is to find clusters in the input data. There are two main clusters: crop and weed. In 
this thesis the unsupervised-learning techniques are consequently restricted to clustering, but 
if there is a need of reducing input-data dimension, the dimensionality reduction algorithms 
will be used. Reinforcement learning requires a critic that watches the environment and 
punishes or rewards the algorithm. This type of learning, which is not covered by this study, 
cannot be carried out only with the help from input data. 

2.3 Clustering 
 
Figure 3 shows a 2-dimensional input space and the different samples that are grouped into 
fine separated clusters. The identifying of clusters in the data requires specification of 
proximity and a way to measure the proximity. The pattern proximity is usually measured by 
a distance function defined on pairs of patterns. Euclidean distance is often used as a distance 
function, which is a special case (p=2) of the Minkowski metric: 
 

 
 (1.1) 
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Figure 3: The clustering procedure. 

 
Clustering, which is used in many disciplines, has its roots mainly in statistics but is mostly 
used in data mining. The different clustering approaches are defined in [5], where clustering is 
split into two main groups – hierarchical and partitional clustering. 
 
Hierarchical methods produce several nested clusters, while partitional clustering-methods 
produce only one cluster on the same pattern of data. All hierarchical methods can be either 
agglomerative or divisive. Agglomerative clustering begins with each pattern and creates 
clusters until there is one single cluster. Divisive clustering procedure starts with one cluster 
and divides it into smaller ones until each cluster contains a single pattern instance. Clustering 
algorithms (both hierarchical and partitional) can be also divided into hard and fuzzy 
clustering. A hard clustering algorithm puts each pattern into a single cluster, while a fuzzy 
algorithm assigns degrees of membership in several clusters to each pattern. There are more 
types of dichotomies of clustering methods, some of which are mentioned in [5].  
 
Partitional clustering is defined in [6] as: given n patterns in a d-dimensional metric space, 
determine a partition of the patterns into k groups, or clusters, such that the patterns in a 
cluster are more similar to each other than to patterns in different clusters. It seems that the 
data in Figure 3 will have a good partition if k=4. This is easy seen by a human in a 2-
dimensional space and the definition of clusters allows this. Some functional definitions of 
clusters are presented in [7] as follows: patterns within a cluster are more similar to each other 
than are patterns belonging to different clusters, and a cluster consists of a relatively high 
density of points separated from other clusters by a relatively low density of points. This is 
not a precise definition of clusters because they can be of arbitrary shapes and sizes in a 
multidimensional pattern space. There must be a clustering criterion to be optimized given the 
value k or without knowing k beforehand. Combinatorial search of the set of possible labeling 
for an optimum value of a criterion requires astronomical computations for practical 
problems. There are some other techniques for optimizing the criterion and avoiding the 
search through all partitions. The common approach is to use iterative, hill-climbing 
techniques. Algorithms employing these searching techniques have the disadvantage of being 
stuck at local minima but they have the advantage of being computationally efficient. The 
criterion function that is widely used in partitional clustering is the squared-error criterion and 
the objective is to obtain the partition which minimizes the square error with a fixed k.  
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(1.2) 
 

 
Equation (1.2) shows how the square error is calculated for one cluster Ck. The vector xi

(k)
 is 

the ith pattern in the cluster Ck and mi
(k) is the mean vector of all patterns in the cluster. 

Summing up all the square errors, for each cluster the square error of the entire clustering is 
calculated as shown in (1.3).     
 
 

(1.3) 
 
 
One simple algorithm using this method (the square-error criterion) is the k-means algorithm 
which is the most commonly used one for clustering. It assigns patterns to randomly chosen 
centers and recomputes the centers until there is a minimal reassignment of patterns to new 
cluster centers, or until there is a minimal decrease in squared error. 
 
A review of several methods used in clustering is done in [5], these are described here briefly. 
Mixture-resolving and mode-seeking are used in statistics where an assumption is made on 
the underlying distribution like in Bayesian decision theory to identify the parameters of the 
distribution, where the Gaussian mixture density is usually assumed. A general-purpose 
maximum-likelihood algorithm for missing data is called expectation maximization (EM). 
Mode-seeking is the method of finding high densities (modes) in the pattern space and some 
techniques are inspired by Parzen-window approach. The graph-theoretic methods use graph 
theory and the techniques developed in the field. There are more approaches to clustering; 
from supervised learning, the nearest neighbor method can be used, but it is required to have 
at least one labeled pattern in each cluster which then labels every other pattern based on the 
proximity of the labeled pattern (semi-supervised learning). Neural networks are also 
explored in an unsupervised-learning manner and several other network methods were also 
developed: self-organizing maps (SOM) and adaptive resonance theory (ART). Search 
methods can be used to optimize a clustering criterion: genetic algorithms, simulated 
annealing and tabu search. 
 
Not only the methods and algorithms used for clustering are significant, but there are some 
other issues in data clustering that have to be accounted for. Cluster tendency is a study of the 
data to see if there is any potential clusters in data – if not, then applying clustering algorithm 
to the data will not yield any reasonable results. Cluster tendency is an inactive research-area 
probably because clustering can be applied on data anyway. Results are then obvious, if there 
is knowledge of what kind of results should arrive. Cluster validity is another aspect of 
clustering where the output of a clustering procedure is evaluated to determine if the output is 
meaningful and to validate if the clustering structure has not occurred by chance or because of 
the nature of the algorithm used for clustering. To determine this validity, statistical 
approaches are used e.g. hypothesis testing. These clustering evaluation procedures are not 
used in this thesis work, see [6] for more details on the subject.  
 
The produced clusters are not labeled, i.e. there is no knowledge of what samples the clusters 
contain. The next chapter describes the proposed methods for labeling the clusters. 
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3 Method 
 
This chapter will describe the procedure of implementing solutions using different algorithms 
on different data sets, and the material (data and software) used will be described as well. 

3.1 The material 
 
The data, that is collected, consists of three different data sets. The first data set, which has 
450 examples with 19 different features, is called dataset0 here after. The features can be 
found in appendix A. The next data set (dataset1) contains 2127 examples and 21 features. 19 
features of this data set are the same as in the first data set, the extra two features are x and y 
positions of the plants. The same thing goes for dataset2 which contains 1797 examples of the 
21 features. The total amount of examples from all data sets is 4374. For every algorithm that 
will be implemented, all data sets will be used. The idea is to derive optimal parameters of 
algorithms for all data sets. The ideal solution will be when these parameters are the same, no 
matter what data set it is. The difference between the datasets is that the plants are in different 
growth stage and the images have different resolutions. 
 
With Matlab, the implementation of algorithms can be done faster than with regular 
programming languages like C. The great advantage is the ease with which matrix 
manipulation can be done. The Statistics Toolbox that comes with Matlab contains a cluster-
analysis part where the k-means method and hierarchical clustering can be used. There are 
other toolboxes and implementation of unsupervised-learning methods mostly done on the k-
means method. Netlab, which has the k-means method and self-organizing maps, is a great 
toolbox for neural networks and pattern recognition. The SOM toolbox is specialized only on 
self-organizing maps. A clustering toolbox implemented by David Corney contains the k-
means method, hierarchical clustering (single-, complete- and mean-linkage), EM for 
Gaussian Mixture Models and fuzzy c-means. Another toolbox developed at the Department 
of Process Engineering of the University of Veszprem in Hungary is called Clustering and 
Data Analysis Toolbox. This toolbox has the k-means and k-medoids method that are hard 
clustering methods. It also has fuzzy clustering methods: fuzzy c-means, Gustafson-Kessel 
and Gath-Geva algorithm. An extensive toolbox in Matlab is the Neural Network Toolbox 
that is obviously specialized in neural networks and has supervised and unsupervised 
methods. These toolboxes can easily be found on, either Matlab web-pages or with search 
engines.  
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3.2 Clustering Methods 

3.2.1 K-means and K-medoids 
 
K-means algorithm (pseudo-code for the algorithm can be found in appendix D) produces 
partitional clustering and the input parameters to the algorithm are: the amount of clusters and 
the distance metric between samples. The iterative procedure of the algorithm minimizes the 
sum of distances of all the clusters from each object to its cluster center. The number of 
clusters is decided usually by the external knowledge of the problem and the centers are 
chosen randomly. There are methods and research carried out on choosing the centers 
heuristically, but usually these methods are computationally inefficient. When the sum is no 
longer decreasing, a new center is computed from the average of the samples now belonging 
to the first center.  
 
The statistical toolbox in Matlab offers the k-means algorithm that computes the clusters. This 
algorithm has distance parameter that can be squared Euclidean, city block, cosine, correlation 
or Hamming distance. Another parameter of the algorithm is the choice of initial centers 
(seeds). This parameter can be changed to: choose the seeds at random, preliminary clustering 
or where the user specifies the seeds. The minimal input to the function is the n x d data 
matrix with samples in the row and the features in the column and the number of clusters. The 
function returns an n x 1 matrix containing cluster number for each sample described by the 
index n.  
 
The k-means algorithm is well known and used in partitional clustering. Almost all other 
algorithms for partitional clustering are compared against the k-means algorithm. The k-
medoid algorithm has many similarities with k-means. The algorithm goes through the same 
procedures as k-means; the only difference is the representation of the centers. The centers in 
k-medoids are represented by the nearest objects to the mean of data in one cluster.  

3.2.2 Hierarchical Clustering 
 
The procedure for hierarchical clustering in the Statistical Toolbox is as follows (can be found 
in Matlab help-pages):  
 

1. Find the similarity or dissimilarity between every pair of objects in the data set. 
2. Group the objects into a binary, hierarchical cluster tree. 
3. Determine where to divide the hierarchical tree into clusters. 

 
The first step is the calculation of the distance between objects, then pairs of objects that are 
in close proximity are linked together and finally the objects in the hierarchical tree are 
divided into clusters. After the linking procedure, the data is represented as a hierarchical-
cluster tree which is seen in Figure 4, where the points in the left are different samples (1, 2, 
3, 4 and 5). The third step determines the number of clusters, for example, dividing the 
hierarchical tree at distance 1.4 will result in three clusters (see Figure 4). 
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Figure 4: Data and the corresponding hierarchical cluster tree. 

 
The most common approach of hierarchical clustering, which is also used here, is the 
agglomerative one, which is the bottom-up approach where the clustering starts with 
individual samples. When computing the distance as a first step between all samples, there are 
several options for different distance metrics like: Euclidean, standardized Euclidean, 
Mahalanobis distance, city block metric, Minkowski metric, cosine and correlation (see 
appendix B for details). The procedure of linking the samples to form the hierarchical-cluster 
tree can be produced in different ways. The single-linkage method uses the minimum 
distances between all pairs of patterns drawn from the two clusters and the complete-linkage 
method uses the maximum value. The two methods are the ones that are used mostly. Some 
other methods and all the linkage methods are described in appendix C. The last step in 
hierarchical clustering is actually the clustering step where the clusters are formed from the 
hierarchical clustering tree and where the clusters can vary greatly from different decisions. 
The decisions made in the third step, before the clustering starts, are based on how many 
clusters are desired or which distance between the clusters is desired. Computing the 
inconsistency coefficient can also be used when forming the clusters. The inconsistency 
coefficient (see MATLAB help-files for more information or reference [27]) characterizes 
each link in a cluster tree by comparing its length with the average length of other links at the 
same level of the hierarchy. The higher the value of this coefficient, the less similar the 
objects connected by the link. After the third and last step the clusters are formed. 

3.2.3 Competitive Learning 
 
The methods used here are developed from neural network research and these methods are 
usually online. Online clustering is the type of clustering where not all data set is present but 
only one sample at one instance. The advantages of online methods as described in [8] are 
that: we do not need extra memory to store the whole training set, the updates at each step are 
simple to implement, the input distribution may change in time and the model adapts itself to 
these changes automatically. These attributes of online learning are desirable when there is a 
need for automatic adaptation (in real-time). The term used for adaptation in competitive 
learning is plasticity where the number of clusters is also adaptive. Being adaptive means 
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being able to vary; the cluster structures vary and this variation can lead to an unstable state 
where small change can cause major reorganization as mentioned in [9]. This general problem 
is called stability/plasticity dilemma. After a finite number of learning iterations, the system is 
said to be stable if no pattern in the training data changes to another cluster [5].  
 
An online version of the k-means algorithm is also used under the term competitive learning. 
The term competitive learning is used to describe the situation in these methods where the 
representing prototypes (cluster centers) of the clusters compete among themselves to 
represent the given sample. When artificial neural networks are used, these prototypes are the 
output neurons of the network that compete between each other. The adjustment of the cluster 
center is performed on the center most similar to the given sample but not on centers that are 
distant from the sample. The similarity measure in competitive-learning networks is usually 
computed as the dot-product between the prototype and the given sample. This product should 
be maximized with the normalized (standardization) terms so that the magnitude does not 
impact the maximization procedure. This maximization of the dot-product is the same as 
minimization of Euclidean distance between the prototype and the given sample. The 
prototypes are traditionally presented by the vector w because of the close relationship of 
competitive learning to neural networks. When neural networks are used, the prototypes are 
the synaptic weights of the neural network. To illustrate the competitive learning, a two-
layered network is shown in Figure 5. 
 

 
Figure 5: A competitive-learning neural-network. 

 
The weights are associated with the connections between the input and output neurons 
denoted by the little omega symbol. For each presented input pattern x the dot product is 
computed for each output neuron j. The winning neuron is j* with the maximum dot product.  
 

(1.4) 
 

The winning neuron (winner-take-all) is then one that is updated according to: 
 

(1.5) 
 

The parameter η, which determines the rate of the update, is called learning rate. The Neural 
Network Toolbox in Matlab offers an implementation of competitive learning without lateral 
inhibition (connections between the output neurons). The competing network is created by a 

Output neuronsInput neurons

Lateral inhibition 
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function that has the arguments of how many competing neurons are wanted and the 
minimum and maximum of all input vectors (features). The winning neuron is then adjusted 
to be closer to the given input. This adjustment can be based on learning rules where one of 
them is the Kohonen learning rule and the other is the conscience learning rule. The Kohonen 
learning rule is the one defined in the equation above, thus, the neuron whose weight vector 
was closest to the input vector is updated to be even closer. Some neurons, which are called 
dead neurons, may not win the competition during the whole training, and their weights are 
never updated. This is why the conscience learning rule, also called bias learning rule, is used. 
This rule uses biases to give neurons that do not often win the competition (or not at all) an 
advantage over neurons that often win. Distant neurons have positive biases added to them by 
keeping the percentages of times each neuron wins (average of the neuron output). The 
frequently winning neurons have small biases added to them. The learning rates of both 
learning rules described above are parameters that can be changed together with a number of 
epochs the training will go through. The parameter of the Kohonen learning rule is the 
parameter η in the equation above.  
 
There are different network structures, and some use connections, called lateral inhibition, 
between the output neurons (see Figure 5). Self-organizing maps (SOM), adaptive resonance 
theory (ART) and the dog-rabbit strategy (DRS) [11] are all using lateral inhibition. SOM 
learns not only the distribution of the input vectors but also the topology. With lateral 
inhibition, the winning neuron is also affecting its neighbor neurons. The structure of SOM is 
shown in the Figure 6, where the output layer consists of the competing neurons in a 2-
dimensional lattice. A higher dimension of the output layer is also possible. 

 
 

Figure 6: A self-organizing map. 
 
To determine the neighbors of the winning neuron, a function of the following type is used: 
 

 
(1.6) 

 
 

djk is the distance (usually Euclidean distance) between neuron j and neuron k. The function 
(1.6) is equal to one for the winning neuron, so that maximum update is made. The update on 
the winning neurons is calculated with the equation (1.7). 
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(1.7) 

 
 
It is possible to have different topologies of SOMs and the regular ones are: grid, hexagonal 
or random topology, which is shown in the Figure 7 below. 
 

 
Figure 7: SOM topologies: grid, hexagonal and random topology. 

 
 
Another well known type of competitive network is adaptive resonance theory (ART); see [5, 
8, 9, and 25] for example. The SOM networks are good when dead units are not desirable. 
The ART networks are used for several reasons and the driving reason, being the 
stability/plasticity dilemma. ART is an incremental algorithm employing the useful property 
of having an adaptive number of clusters. The number of clusters is one in the beginning and 
this number is incremented if some criterions are met. ART uses the same principles as other 
competitive networks, e.g. when the distance between a weight vector and an input vector is 
computed, the dot-product or Euclidean distance is used and the maximum, respectively 
minimum, result is used to choose the winning neuron. When the algorithm in ART is 
incrementing the number of clusters, it uses a threshold value named the vigilance. When this 
threshold is exceeded by the computed distance value between the weight and the input, a 
new cluster center (neuron) is produced. There are different structures of ART networks: 
ART1, ART2, ARTMAP and fuzzy ART. The one that is of interest to this thesis is the ART2 
that is the network which uses continuous patterns. This neural network approach is based on 
the leader clustering algorithm that is an incremental algorithm. The important difference in 
this competitive-learning approach is that new clusters can be created. The procedures are the 
same; the difference is that the distance is compared to vigilance before an update is done on 
the weights. If the vigilance is exceeded, there will be no update on weight vectors, and the 
input vector is instead regarded as the new cluster center. The computation cycle for ART2 
learning can be found in [12]. 
 
No toolbox in Matlab has implemented the ART2 algorithm. Some implementations are made 
by Aaron Garrett in his Fuzzy ART and Fuzzy ARTMAP Neural Networks toolbox. This 
toolbox and other toolboxes can be found in the Matlab Central web and the sub-category file 
exchange [13].  
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3.2.4 Fuzzy Clustering 
 
Instead of making every pattern belong to only one cluster, the patterns can instead belong to 
several clusters with different degrees of membership (fuzzy membership). For example: if 
there are two clusters, then one pattern can belong 70% to one cluster and 30% to the other. 
Matlab offers the fuzzy c-means (FCM) algorithm through the Fuzzy Logic Toolbox. FCM is 
the fuzzy version of the k-means algorithm where k is equal to c. FCM computes the grade of 
membership in a cluster for each sample where 1 is full membership and 0 is no membership. 
The values between 1 and 0 indicate partial membership in a cluster. Relevant reference for 
fuzzy clustering, using fuzzy c-means, is [19].  

3.2.5 Other Clustering Techniques 
 
The techniques described here are not implemented in this thesis work, but there is some 
related work that compares these techniques with k-means, for example paper [14] compares 
the search-based methods. The search-based methods used in [14] are: simulated annealing, 
tabu search and genetic algorithms. No significant results are made and implementing more 
algorithms is not the answer here, especially because these methods require a great deal of 
computational time. K-means is most efficient in terms of execution time; search-based 
methods tested in [14] took more time, by a factor of 500 to 2500 [5]. Using parametric 
methods, i.e. fitting Gaussians on data, implies that all data the learning system receives will 
be of Gaussian model. Being adaptive to variations is a harder problem if data from the 
beginning is constrained to be of some particular sort. Graph-theoretic methods rely on graph-
theory and no results show that there is an advantage of these methods compared to other 
methods. Kernel-based methods, like support vector machines, are used in supervised 
learning. There is no great advantage of using kernel methods compared to other techniques, 
some comparison can be found in [26]. Clustering with kernel-based methods using support 
vectors is called support vector clustering, SVC. Very little work is carried out on SVC and a 
related paper [15] describes this novel clustering method.  
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3.3 Labeling Clusters  
 
The clustering algorithms only produce clusters, without any knowledge of what kind of 
objects the clusters contain. If the mobile robot is to remove weed, it must know what clusters 
contain weed. To know which cluster is crop and which cluster is weed the robot must use 
some given knowledge (but not with all labeled samples as in supervised learning). Three 
methods are purposed: expert, database and context method. 

3.3.1 Expert Method 
 
Before the clustering starts, this method provides two labels to the clustering algorithm. In the 
crop/weed case, one crop and one weed sample are given. These two samples are used as 
initial centers for clusters. After the clustering, each sample that ends up with the given crop 
sample is considered as a crop, and samples that end up with the given weed sample are 
considered as weed samples. The expert considered here is a human that provides a small 
number of labeled samples. 

3.3.2 Database Method 
 
If there is a collection of data available that has all samples labeled, then this dataset can be 
clustered by an algorithm. The resulting cluster centers can be used as initial centers for other 
data that is similar to one used. These initial centers are labeled as in the expert method (the 
database is the expert here). 

3.3.3 Context Method 
 
This method uses the information about the environment, where the distance between the 
crops is fixed and known. This distance is used to label the crop clusters if those samples in 
the cluster have the given distance between them. The other clusters are labeled as weed if 
there is no sign of this distance. 
 
By providing the information of plant distance, the clusters can be labeled. This labeling is 
carried out by finding the given distance between plants in the clusters. If there is a great 
amount of these distances in a cluster, the cluster is then labeled as a crop cluster. 
 
The method for finding plants is based on each image and each sample that is in the 
corresponding cluster. The context method should only consider the samples that are not only 
in the same images, but also in the same cluster. The method is shown in Figure 8, with the 
case k=2. Figure 8 is only illustrative, the numbers are imaginary. 
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Figure 8: Context method on images and samples in the same cluster. If two clusters are created, the method 
seeks distances between samples in the same cluster and the same images. 
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3.4 Evaluation Procedure 
 
The algorithms that are evaluated:  
 

• k-means 
• k-medoids 
• hierarchical clustering 
• self-organizing maps 
• competitive learning 
• fuzzy c-means 

 
Every clustering algorithm has the datasets as input. The parameters that the algorithms have 
in common are: number of clusters, centers and the different metrics. All algorithms produce 
clusters after running with specific termination parameter that stops the clustering procedure. 
This parameter can be the error function that has reached a desired minimum value or number 
of epochs for the neural network implementations.  

3.4.1 Computing the Error 
 
To evaluate the results of the algorithms, the produced clusters are labeled with the available 
labels of the samples. For every dataset, each sample is known as a weed or a crop. If there 
are two clusters produced by the algorithm and one cluster has more crop than weed, then this 
cluster is labeled as a crop cluster (all samples are regarded as crop in the same cluster); this is 
a form of majority voting. The error can be now computed by comparing it with the correct 
labels that were used to label the clusters and the error function can be plotted for different 
number of clusters. For example, all the weed samples that are in a crop clusters will be 
regarded as crops and tough increase the error. The algorithms are run for different number of 
clusters, starting from two clusters up to 20 clusters, this way the error can be plotted against 
the parameter k. 

3.4.2 Feature Selection 
 
There is no need to use all features if a smaller subset of features gives better result. The 
algorithms are tested with the feature subset attained in [4] and with the subset that give the 
minimum error of the evaluation procedure above. This subset is made by starting with all 
features and then removing one feature after another; if the removal decreases the error the 
feature is removed, if not, the feature is kept. 

3.4.3 Finding Optimal Number of Clusters 
 
4208 samples with labels, crop or weed, are split in 8 different datasets in random order from 
dataset0, dataset1 and dataset2. These new datasets are used for cross-validation to find the 
optimal number of clusters by computing the mean of the k:s that resulted in minimum error 
for each dataset (all features were used). 
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4 Results 
 
When the other distance metrics are used, there is no improvement in the error compared to 
when the squared Euclidean distance is used. Some clusters may lose all of its samples during 
the run when the samples are shuffled between different clusters; these clusters are dropped, 
i.e. not used. To improve the results a preliminary clustering is done, where 10% random sub 
sample of the input data is used for initializing the centers before the actual clustering starts. 
K-medoids does not give better result than the k-means, the error is 3.8% with k=18. Figure 9 
below shows the error for different values of k, and also how many crops are labeled as weed 
and how many weed are labeled as crops. Figure 9 and 10 show the results of dataset0. 

 
Figure 9: Error rate for the k-means algorithm for different k. 

 
Hierarchical clustering produces the lowest error, 5.3%, with the cosine distance metric and 
the average linking method. All 19 features were used on dataset0, and the number of clusters 
was 17 for this error. With Kohonen learning rate 0.1, conscience learning rate 0.01 and 10 
epochs the competitive neural network gives an error of 12.4% at k=2. Increasing the number 
of epochs and decreasing the learning rates does not give better results. With a 2x2 SOM 
network (k=4) the error is 10.7%. Hexagonal topology function was used with the distance 
metric called linkage distance that gives the number of steps needed to get to the neuron under 
consideration. There are four learning rates that can be tuned, the default ones were used for 
the error produced above. A 5x4 network with hexagonal topology, linkage distance and 
default learning rates produces the error 4.9% (k=20). Changing the topology (1x2, 1x3, 1x4, 
2x3 and so on, keeping the maximum number of output neurons to 20) and the distance 
function does not improve the error rate; neither the change of learning rates gives any 
improvement. Fuzzy c-means produces the error rate of 13.1% at k=2.  
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(a) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
(b) 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
(c) 
 
 
 
 
 
 
 
 

Figure 10: Error rate for (a) hierarchical, (b) competitive and (c) fuzzy clustering. 
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In Figure 10 the error rate for different algorithms is shown except for SOM algorithm that 
has the same type of curve as the competitive learning algorithm (or competitive network). 
There is a distinct difference between the different error rates. Hierarchical clustering has a 
typical “knee curve” where the error drops fast at some value of k, then the curve stabilizes at 
one value of the error, that does not vary much, for all coming values of k. This type of curve 
is also shown in Figure 9 for k-means clustering, but this curve is not as stable as the one for 
hierarchical clustering. This way a minimum number of clusters can be chosen. The unstable 
curve for the competitive network is due to the random initialization of centers each time new 
k is chosen, and this has a great affect on online learning. The results shown in Figure 10 (c) 
are based on taking the maximum degree of the sample in a cluster, and assigning the sample 
completely to that cluster. Further study is needed to improve the results of fuzzy clustering, 
and the big problem is how to interpret the degree of membership. 
 
Table 1 below shows the results of the different datasets using the different algorithms and all 
features. The lowest error achieved with corresponding k is shown only using all features. 
Because the dataset1 and dataset2 contain a larger number of weed than crop, the weed 
samples are reduced to the same amount as crop.   
 
 

dataset0 k Error 
k-means 18 3.3% 
k-medoids 18 3.8% 
Hierarchical clustering 17 5.3% 
Competitive learning 2 12.4% 
Self organizing maps 20 4.9% 
Fuzzy c-means 2 13.1% 
 

dataset1 k Error 
k-means 18 19.4% 
k-medoids 20 18.7% 
Hierarchical clustering 18 22.0% 
Competitive learning 11 21.4% 
Self organizing maps 20 21.4% 
Fuzzy c-means 2 23.9% 
 

dataset2 k Error 
k-means 18 4.0% 
k-medoids 20 4.0% 
Hierarchical clustering 13 6.1% 
Competitive learning 12 6.8% 
Self organizing maps 20 5.8% 
Fuzzy c-means 3 7.9% 
 

Table 1: Error and corresponding k for dataset0 running different algorithms. 
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The optimal subset of features achieved in [4] was made of: green mean, red mean, blue 
standard deviation, area, solidity, moment 1 and moment 2. The optimal subsets for the 
different datasets achieved using k-means are shown in the Table 2 below. Those features that 
are in all subsets are: area, green mean and red mean. 
 
 

Dataset Features k-means results 
 
 

dataset0 

green mean 
blue standard 

deviation 
area 

perimeter 
red mean 

 
 

Error = 3.3% 
k = 11 

 
 
 

dataset1 

area 
red mean 

green mean 
blue mean 
form factor 

compactness 
elongation 
moment 1 
perimeter 

 
 
 

Error = 18.7% 
k = 13 

 
 
 

dataset2 

area 
red mean 

green mean 
red standard 

deviation 
form factor 

solidity 
moment 1 

 
 
 

Error = 5.0% 
k = 15 

 
Table 2: Optimal features obtained using k-means. 

 
 
The error for dataset0 feature subset is 3.3% with k=11. A slightly better error rate than one 
using all features, the number of clusters is also lower. With the subset from [4] the error is 
4.5% with 9 clusters. The error for dataset1 subset is 18.7% for k=13, and for dataset2 5.0% 
for k=15. There is no great difference between using all features and a subset of features. 
 
The results of cross-validation to find the optimal k are shown in the table below, except for 
the self-organized maps. This is because all odd number of neurons will be one dimensional 
(1x3, 1x5 and so on), and this is a regular competitive network. The number of clusters tested 
was between 15 and 20, because good error rate was achieved in this range in many cases. 
This way only one common k can be used for all data. 
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Algorithm k 
k-means 18 

k-medoids 18 
Hierarchical clustering 16 

Fuzzy c-means 16 
Competitive learning 16 

 
Table 3: Optimal k achieved with cross-validation. 

 
The results from cross validation (see Table 3) can be used to assign constant number of 
clusters to an algorithm if this value can not be changed during operation. A value of k that is 
even is a good choice (maybe because the real problem contains two different types of 
objects). This is not true for all cases as results show. 
 
Although it is hard to see the data in a multidimensional space, it is interesting to know how 
clusters are formed. If there are 10 clusters, how many clusters are crop clusters? In dataset0 
there are 450 samples, where 37% are crops and 63% are weed. Using k-means forming 10 
clusters the number of crop clusters is 4, where these clusters contain 36% of the samples. For 
20 clusters, the number of crop clusters is 6, containing 35% of the samples.  
 
What conclusions can be drawn? The results were similar in the other dataset, meaning that 
there is the same number of weed and crop clusters for lower number of total clusters. For 
higher number of clusters, there was more weed clusters. The drop in the error for different 
number of clusters is when the number of weed clusters is bigger then the number of crop 
clusters. This is the fact for dataset0, but for dataset1 the error rate is higher. The number of 
crop clusters for dataset1 is bigger, or the same, than the number of weed clusters. There are 
always fewer crop clusters than weed clusters for dataset2, and the error rate for the dataset is 
always low (compared to dataset1). The weed plants have different shapes and can are 
therefore distributed in more clusters. 
 
The results of the clustering showing the distribution of weed and crop in the different 
clusters are shown in appendix E. In the appendix the tables show that there are many more 
weed samples in the clusters labeled as crop clusters. 
 
The high error in dataset1 is due to the cluster formations. There is no fine separation 
between weed and crop samples. The images for dataset1 have lower resolution than the other 
dataset images; the extracted features may not describe the plants that well. 
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4.1 The expert method 
 
This is the final part of the thesis; here k-means and an online learning algorithm (competitive 
learning) are used. The final solution will be the use of online learning, k-means is used 
because the online algorithm can be compared against it. K-means is a batch learning which 
means that the algorithm needs all data at once. Competitive learning offers memory and time 
efficiency, and it is also more adaptive than other algorithms. The algorithm using 
competitive learning is the competitive network in Neural Network Toolbox. 
 
The problem is how to label the clusters because there are no teacher labels available. The 
expert method assigns a crop and a weed to the clustering algorithm as starting center values. 
The expert can be a human that can label to different instances. To illustrate the method, two 
features are used and samples are plotted with the given centers (Figure 11). 

 

 
Figure 11: Samples with centers before clustering (a) and after (b). 

(a) 

(b) 

Initial centers

Resulting centers 
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The error is 6% after clustering with k-means algorithm, which is a good result using two 
features as seen in Figure 11. Notice how the centers in Figure 11 fall in the center of the 
mass for weed (red) and crop (blue) samples. The results of the expert-method labeling are 
shown in Table 4 for k-means and Table 5 for competitive learning. 
 

k Error 
2 13.8% 
4 6.7% 
6 7.1% 

 
Table 4 a: Using k-means with all features on dataset0. 

 
K Error 
2 7.8% 
4 7.3% 
6 5.6% 

 
Table 4 b: Using k-means on dataset0 with features from [4]. 

 
K Error 
2 12.2% 
4 13.6% 
6 14.2% 

 
Table 5 a: Using competitive learning on dataset0 with all features. 

 
K Error 
2 13.8% 
4 13.3% 
6 12.7% 

 
Table 5 b: Using competitive learning on dataset0 with features from [4]. 

 
For dataset1, using the corresponding feature set, the error is 21.0% on competitive learning 
and for dataset2 it is 6.8%. The number of clusters used was k=2. 
 
The achieved error rate is the same as the clustering error rate. This means that the labeling 
method works. 
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4.2 The database method 
 
With one dataset the centers of that dataset are computed, and then these centers are used as 
initial centers for the other datasets, for k-means. The competitive network was trained on 
dataset0, and this network was clustering samples from the other datasets. When dataset1 and 
dataset2 were applied there was no clustering done (no training of the network). The number 
of clusters used is 16, as this is the number achieved with cross validation. The features used 
are those from [4]. Table 6 and 7 show the results, where the error in the parenthesis is the 
one when the centers in one dataset are directly used on the other datasets for labeling. This is 
the method of 1-NN (one nearest neighbor), where one labeled sample (center) is labeling all 
other neighboring samples. 
 
 
 

Database Error 
dataset0 4.0% 
dataset1 16.8% (22.3%) 
dataset2 6.8% (11.6%) 

 
Table 6 a: Using k-means on dataset0. 

 
Database Error 
dataset0 5.6% (37.1%) 
dataset1  16.8% 
dataset2 6.2% (11.6%) 

 
Table 6 b: Using k-means on dataset1. 

 
Database Error 
dataset0 4.2% (37.1%) 
dataset1 17.9% (22.3%) 
dataset2 6.6% 

 
Table 6 c: Using k-means on dataset2. 
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Database Error 
dataset0 7.6% 
dataset1 17.6% 
dataset2 7.0% 

 
Table 7 a: Using competitive learning on dataset0. 

 
Database Error 
dataset0 16.9% 
dataset1  13.2% 
dataset2 3.7% 

 
Table 7 b: Using competitive learning on dataset1. 

 
Database Error 
dataset0 23.1% 
dataset1 17.4% 
dataset2 2.7% 

 
Table 7 c: Using competitive learning on dataset2. 

 
The results show that the error rate on a database can be bigger than the error rate on the 
dataset that used the centers achieved from the database. The initial centers achieved from the 
database produce good results on the other datasets. 
 
Using the resulting centers for 1-NN labeling did not give good results compared to when 
they are used as initial centers. 
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4.3 The context method 
 
The method for finding plants with given distance is the one used in [4], where the distance 
between crops is modeled as a set of Gaussians bells. The method works well and labels the 
clusters correctly, compared to when the real labels are used. To explain the procedure of this 
kind of labeling, seven clusters are created using k-means and a subset of features from [4] on 
dataset2. For each cluster the method is finding the distances between the plants, but only for 
those samples that are in the same image. After the procedure there are seven values that 
contain the number of plants that have the distance embedded. The maximum value of those 
five is chosen to label the corresponding cluster as a crop cluster and the remaining clusters 
are labeled as weed clusters. Using only one cluster as a crop cluster works for some values of 
k but for others values it does not work. This indicates that there are more crop clusters and 
another problem arises; how to choose how many crop clusters there is.  
 
For the seven-cluster example the method finds 32, 35, 27, 6, 9, 8 and 8 plants containing the 
distance for each cluster. The maximum value is 35, and this cluster is labeled as crop cluster. 
If the cluster with the value 32 is also labeled as crop cluster, the error is 6.8%. This is the 
same error if tested with all known labels. But if the cluster that contains 27 samples is 
labeled as crop cluster the error is increased to 26.6%. In dataset2 the number of crops is 196, 
and with the two labeled clusters the number of crops found is 59. This number is only those 
plants where the given distance was found, the actual number of samples in this cluster is 138. 
 
The method was also tested on dataset1 and the results are the same. The table below shows 
the results. The cluster that has maximum number of plants containing the distance through 
the method in [4] is labeled as crop cluster. Even the clusters that have 20 plants less than the 
maximum value are labeled as crop cluster. This number (20) is a parameter that can be 
changed. The feature subset that gave lowest error was used and the same number of crops as 
weed is used, the algorithm is k-means. 
 
Table 8 and 9 show the results, where the values in the parenthesis are the number of plants 
found for each cluster.  
 

k (c1, c2 …) The real error (%) Context error (%) 
2 (69, 145) 21.3 21.3 

3 (87, 58, 81) 24.1 25.8 
4 (87, 40, 32, 71) 22.2 22.2 

5 (37, 60, 28, 74, 33) 22.5 24.7 
6 (34, 53, 37, 32, 13, 68) 23.5 30.2 

7 (25, 44, 37, 70, 37, 15, 13) 21.7 46.0 
8 (13, 13, 47, 39, 42, 33, 23, 

32) 
20.1 39.2 

9 (5, 47, 39, 39, 12, 34, 25, 
12, 32) 

19.4 38.0 

10 (31, 44, 29, 23, 36, 5, 5, 
39, 20, 17) 

19.2 43.3 

 
Table 8: Context-labeling error on dataset1. 
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k (c1, c2 …) The real error (%) Context error (%) 

2 (59, 37) 6.8 6.8 
3 (59, 30, 16) 7.2 7.2 

4 (59, 29, 10, 12) 6.8 6.8 
5 (12, 10, 57, 10, 31) 7.2 7.2 

6 (10, 10, 10, 30, 38, 27) 6.5 27.3 
7 (32, 35, 27, 6, 9, 8, 8) 6.8 26.6 

8 (6, 16, 29, 9, 25, 8, 30, 9) 6.1 25.9 
9 (22, 6, 8, 25, 16, 9, 23, 23, 

7) 
7.6 50.0 

10 (6, 18, 25, 32, 7, 15, 7, 6, 
13, 6) 

6.1 25.9 

 
Table 9: Context-labeling error on dataset2. 

 
The method shown in Table 8 and 9 works for about five clusters, then it gets unstable. This is 
due to spreading of crops over many clusters. The weed clusters and crop clusters will have 
about the same number of samples, and deciding what clusters to label as crop is then 
complicated. This is explained by the seven-cluster example above for dataset2, where only 
the two clusters containing 35 and 32 samples will give correct labeling. The value to remove 
from the maximum number of samples (35) is then 3 up to 8. If this value is 9 or bigger, the 
cluster with 27 samples will be also labeled as crop cluster and the labeling will fail as shown 
in Table 9. 
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5 Discussions 
 
The difference between unsupervised learning and supervised learning is not only the teacher. 
In supervised learning, classification is performed on different samples by usually separating 
them with a hyper plane. This hyper plane is what a classifier system produces, whereas in 
unsupervised learning a clustering system is producing cluster centers. Because the idea 
behind unsupervised learning is not producing cluster centers, but using no teacher, the term 
clustering is used.  
 
The problems addressed in [4] are that variations in the environment cause a drop in 
performance of offline trained classifiers. These problems are mentioned in [9] as well: “In 
many applications the characteristics of the patterns can change slowly with time – for 
example, in automated food classification as the season change. If these changes can be 
tracked by a classifier running in an unsupervised mode, improved performance can be 
achieved.” 
 
Even clustering is performed offline, i.e. k-means needs all data at once. That is why 
competitive learning is purposed as a solution to the problem of environmental variation. 
Competitive learning is performed online, i.e. only one sample is clustered at the time. Some 
type of competitive learning algorithms do not need k specified, which is another advantage 
of this type of clustering. The results show that the k-means does slightly better than 
competitive network that was used. The representing centers in k-means are the mean of 
samples for the given cluster and the centers in competitive learning are the winning centers. 
This means that a cluster is represented with a mean of its samples or with a weight (neural 
network case) that has won over other samples respectively.   
 
Competitive learning and k-means were tested for different k. K-means shows a stable curve 
compared to competitive learning that is unstable for different values of k. A drawback with 
competitive learning is that different initial centers give different results. Another drawback 
mentioned in [9] is that the solution does not minimize a single easily defined global cost or 
criterion function. 
 
There is a problem with clustering; the clusters are not classes, only unknown groups of 
samples. This is why three methods are purposed for labeling these clusters. This approach of 
labeling clusters is called semi-supervised learning and this is for example addressed in [8]. 
When clusters are found, they can be named by application experts [8]. This can be compared 
to the expert method used in the thesis, but in a reverse matter. The expert method here labels 
cluster centers in the beginning, but the one mentioned in [8] labels the clusters after the 
clustering is finished. “Expert” here is a human that can pinpoint to labels of different objects, 
i.e. a crop and a weed. In the database method, the database can be called an expert. This 
method finds cluster centers on one set of data, and then these centers are labeled (again by a 
human). The context method is different from the two previous methods. The labeling is 
performed after the clustering, while expert and database method perform labeling before the 
clustering procedure. Another difference is that centers are not used for labeling; instead, the 
information about the environment (distance between the plants) decides on the cluster 
labeling. 
 
The omitted clustering methods in the thesis are discarded either because they are memory 
and/or time consuming, or because they are not entirely developed. Results of some of the 
omitted methods can be found through the references used in this thesis. 
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The problem with the context-method is choosing the correct number of clusters to labels as 
crop cluster. The cluster containing the maximum number of plants is labeled as crop cluster, 
but choosing how many more clusters to label as crop cluster is undefined. It is an easy case 
for two clusters, where only one cluster is labeled as crop cluster. The method in this thesis 
for labeling more crop clusters is based on a parameter that is subtracted from the maximum-
value cluster. The value of this parameter was 20, and the method gets unstable after 5 
clusters. After reaching over 5 clusters this parameter has to be changed to get correct 
labeling. 
 
For future work, the competitive learning approach should be studied further. There are many 
developed methods and algorithms using competitive learning, i.e. adaptive resonance theory. 
All three labeling methods work well, but the context method should be further investigated 
when choosing the parameter to subtract from the maximum-value cluster. The different 
dataset showed different error rates, where dataset1 had the greatest error rate. This is due to 
the samples of weed and crop that are not well separated, compared to the other datasets. The 
feature subsets, that had the lowest error, were also different for each dataset. It will be 
interesting to also study if these feature subsets can be adaptive, i.e. changed for different 
environments. 
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6 Conclusions 
 
This thesis is proposed through the work done in the MECH-WEED project. The project 
implemented a mobile robot that is guided by a camera system to follow a row of cultivated 
sugar-beet plants. A second camera system is taking pictures of plants, including both weed 
and crop. The plants are segmented and features are extracted for each plant, a classifier 
system is then trained to identify the plants. In this thesis 19 features were used from three 
different datasets. 
 
Problems addressed in [4] are variations in the environment that cause offline trained 
classifiers to lose their efficiency. These classifiers are trained under supervised learning, 
meaning that all plants (samples) are labeled (it is known which plant is a crop and which 
plant is a weed). The training is done offline and all data is collected beforehand. 
 
The main purpose of this thesis is to use unsupervised-learning methods for plant 
identification. These methods do not use labeled samples, but only rely on the raw data. The 
methods used, perform clustering on the data without knowing what samples are in the 
clusters. Three methods are proposed for labeling the clusters: expert, database and context 
method. In the expert method the representing centers of clusters are labeled in the beginning 
and used as initial centers for algorithms. In the database method the centers are labeled after 
performing clustering on one dataset, which are then used as initial centers for other datasets. 
In the context method, the information about environment is used. This information is the 
distance between the crops that is somewhat fixed. If a cluster contains these distances, the 
cluster is labeled as a crop cluster. 
 
The algorithms that were tested, with the lowest achieved corresponding error, are: k-means 
(3.3%), k-medoids (3.8%), hierarchical clustering (5.3%), competitive learning (6.8%), self-
organizing maps (4.9%) and fuzzy c-means (7.9%). The error was computed with help from 
the labels after the clustering (majority voting). The lowest error on dataset0 is 3.3% 
compared to supervised learning methods in [3] where the error is 3%. For dataset1 the error 
is 18.7% and for dataset2 it is 5.8%. Compared to supervised methods in [4] the error on 
dataset1 is 11% and for dataset2 it is 5.1%. The high error rate on dataset1 is due to the 
samples are not very well separated in different clusters. The features from dataset1 are 
extracted from lower resolution on images than the other datasets.  
 
The performance of the three methods for labeling clusters is: expert method (6.8% as the 
lowest error achieved), database method (3.7%) and context method (6.8%).  
 
Competitive learning should be used to achieve adaptation and to save memory and 
computational time. This method does not need all data at once, and the robot using the 
method can be placed in any environment. The labeling of the clusters can be performed with 
all three methods proposed here. The easiest method for labeling is the expert method, where 
only a small number of samples need to be labeled. If the information of the environment can 
be easily provided, then context method is preferred.  
 
Unsupervised-learning methods for clustering can very well be used for plant identification. 
Because the samples are not classified, an automatic labeling technique must be used if plants 
are to be identified. The three proposed techniques can be used for automatic labeling of 
plants. 
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Appendix A 
 
 
# Feature Description 
1 Green mean The mean value, over the whole 

plant, of the normalized green 
color, g = G/R+G+B). 

2 Green std The standard deviation, over the 
whole plant, of the normalized 
green color. 

3 Red mean The mean value, over the whole 
plant, of the normalized red color, r 
= R/R+G+B). 

4 Red std The standard deviation, over the 
whole plant, of the normalized red 
color. 

5 Blue mean The mean value, over the whole 
plant, of the normalized blue color, 
b = B/R+G+B). 

6 Blue std The standard deviation, over the 
whole plant, of the normalized blue 
color.  

7 Area  Area is defined as the number of 
pixels belonging to the plant. 

8 Perimeter Perimeter is defined as the number 
of pixels of the plant boundary. 

9 Compactness Area/perimeter2 
10 Elongation Area/thickness2, there thickness is 

defined as the number of shrinking 
steps of an object until only one 
pixel is left in the image. 

11 Solidity Area/(area of convex hull), there 
convex hull is described as the area 
formed if a rubber band would be 
tighten around the object. 

12 Form factor See definition above in this 
appendix. 

13 Convexity Perimeter/(perimeter of convex 
hull) 

14 
15 
16 
17 
18 
19 

Moment1 
Moment2 
Moment3 
Moment4 
Moment5 
Moment6 

These are functions of moments, 
which are invariant to geometric 
transformations such as translation, 
scaling and rotation. 
Defined in (Jain, 1989). 

 
 
 
 
The description of these features is from [4], where more information can be found. 
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Appendix B 
 
 
Name Formula 
Euclidean 

 
Standard Euclidean 

 
Correlation 

 
Cosine 

 
Manhattan 

 
Minkowski 

 
Power 

 
 
 
The distance is calculated between the two objects, x and y. Zxi is standardized value of the 
sample xi. N is the total number of samples. 
 
The standardization is calculated by the following formula, where µ is the mean value and σ is 
the standard deviation of xi: 
 

 
 

 
In [17], more distance metrics can be found, where also the binary distance metrics are 
described. 
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Appendix C 
 
This information can be found in Matlab Help Manual. 
 
The linking is based on various measurements of proximity between two groups of objects. nr 
is the number of objects in cluster r and ns is the number of objects in cluster s, and xri is the 
ith object in cluster r, the definitions of these various measurements are as follows: 
 

• Single linkage uses the smallest distance between objects in the two groups. 
 

 
 
• Complete linkage uses the largest distance between objects in the two groups. 
 

 
 
• Average linkage uses the average distance between all pairs of objects in cluster r and 

cluster s. 
 

 
 
• Centroid linkage uses the distance between the centers of the two groups. 
 

 

 
 
• Ward linkage uses the incremental sum of squares; that is, the increase in the total 

within-group sum of squares as a result of joining groups r and s. It is given by (where 
the squared d in the formula is the distance used by the centroid linkage): 

 

 
 
The within-group sum of squares of a cluster is defined as the sum of the squares of the 
distance between all objects in the cluster and the center of the cluster. 
 
The time complexity for complete linkage is O (n2log n) and for single linkage it is O (n2). 
See more details in [18]. 
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Appendix D 
 
Here is the pseudo-code for batch (offline) k-means algorithm with random initialization 
of centers: 
 
 

Initialize mi i = 1, …, k, to k random x(n) 
Repeat 
 For all x(n) 
  Find minimum distance between x(n) and mi 
  Assign this sample to mi 

 
 For all mi 
  Compute the mean of all x(n) belonging to mi 
Until mi converge 

 
 
mi center of cluster i 
 
x(n) nth sample  
 
k number of clusters and centers 
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Appendix E 
 
The distribution on crop and weed in different clusters is shown here. The k-means 
algorithm was run for features and number of clusters that give the lowest error. 
 
N=number of clusters, L=cluster label (1=crop), T=total number of samples, C=total 
number of crop samples and W=total number of weed samples. 
 
dataset0: 
 
Error: 3.3%  
 
N      L    T     C      W 
-------------------------- 
1       0     1     0       1 
2       1    81    79     2 
3       1    33    33     0 
4       0    45     0    45 
5       0    94     0    94 
6       1    26    21     5 
7       0    15     0    15 
8       1    28    27     1 
9       0    47     0    47 
10     0    80     7    73 
 
dataset1: 
 
Error: 18.7% 
 
N    L    T     C      W 
-------------------------- 
1     0   113     6   107 
2     1    53    39    14 
3     0    58    15    43 
4     0   124    46    78 
5     1    92    77    15 
6     0    16     4    12 
7     1    84    78     6 
8     1   146   112    34 
9     0    70     1    69 
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dataset2: 
 
Error: 5.8% 
 
N    L    T     C      W 
-------------------------- 
1     1    47    46     1 
2     1    16    16     0 
3     1    27    26     1 
4     0    32     0    32 
5     1    43    40     3 
6     0    27     1    26 
7     0    16     3    13 
8     0    30     4    26 
9     0    19     3    16 
10   0    21     0    21 


