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Summary 

Hand gesture recognition is an important topic in the field of Human Computer 

Interface. One of the key stages in a visual hand gesture recognition system is the 

detection of hand poses in the acquired video stream. This detection process can be very 

computational intensive due to the wide range of scales, orientations, and poses that a 

hand can present. All these image properties will be a disadvantage to the recognition 

of the different images due to the no-uniformity of the images. All the images presents 

its own properties of color, illumination, scale or position. To alleviate this problem, a 

fast detection of key sub-patterns of hand regions can be a potential solution. These 

sub-patterns should have a low dimensionality to allow a fast operation, and at the same 

time be enough distinguishable to identify the hand poses. For this purpose, this TFG 

proposes to develop an agglomerative hierarchical clustering system for the 

identification of key patterns in hand regions. Though different methods and metrics in 

the clustering process, it is possible to group the different hand image sub-regions in 

different clusters. Hand image sub-regions will be compactly represented by an 

appropriate feature descriptor. As a result, a cloud of feature vectors will be obtained in 

a same cluster. All hand image sub-region belonging to the same cluster obtained in the 

clustering process, will be identified to the representation of the different region of a 

hand. 
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1 Introduction. 

The detection and analysis of images and videos are important tasks in image processing 

and computer vision, which have been improved along the last years. These techniques 

are commonly used in areas related with the telemedicine, security, or surveillance.  

Along the document, different terms are used to identify the same concept. Words such 

as points, vectors, objects and features are used in a similar way. All these terms are 

related each other in this clustering process document. 

Part-based models [Ref 1] are a relevant family of detection techniques that have two 

main advantages regarding other detection techniques. The first one is that they are 

more robust to partial occlusions and local image degradations. And the second 

advantage is that the computational cost can be potentially less by processing multiple 

local patches than a unique larger image region. 

The own selection of the object parts is usually accomplished by dividing the object 

region in overlapping blocks, which can be defined over a regular grid or randomly 

sampled. However, a more oriented selection of object parts adapted to the own object 

characteristics would be desirable to improve the object detection performance. 

The goal of this thesis is to develop and implement a more efficient strategy to select 

the key object parts that could improve any part-based detection model. The thesis is 

focused on hand-part selection, although the same algorithm could be applied to other 

kind of objects. 

The proposed hand-part selection algorithm uses a hand image database to extract 

multiple hand regions per image at different scales. These regions are filtered by 

discarding highly uniform regions, which are usually little informative about an object 

structure. A feature extraction technique is then applied to every filtered hand region to 

obtain a more robust appearance model against illumination, noise, and little 

translations. The resulting set of features is randomly sampled to deal with the huge 

generated data. The sampled features are then processed by a hierarchical clustering 
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technique that allow to obtain several clustering candidates, each one with a different 

number of clusters. Finally, the subjective set of rules are used to select both the most 

consistent clustering and clusters per clustering. Figure 1 outlines the main steps 

involved in the proposed hand-part selection algorithm. 

 

Figure 1: Representation of the clustering process 

Obtained the different blocks of the images composed in the database, it is necessary 

to calculate the Histogram of Orientated Gradient (HOG). This process determines the 

features of the different blocks of the object. 

Through this method it is possible to group the different parts of the hand with similar 

appearance features in coherent clusters. I.e., each cluster will be composed by different 

parts of the hand object that belong to the same neighborhood inside the feature space. 

The image features are obtained by means of the technique Histogram of Orientated 

Gradients [Ref 2], which consists on the computation of histograms of gradient features 

from local regions that encode the hand structure. 

1.1 Objectives 

The aim of this project is to identify key parts of a hand, which can have a wide range of 

appearances due to changes in illumination, different poses and view perspectives, 
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occlusions, variations in scale, and image degradations. These key parts are of great 

value to boost the performance of the so called part-based detectors.  

The identification of key parts is accomplished by computing a set of different clustering, 

each one composed by several clusters. Each cluster, theoretically, should contains 

similar hand parts in terms of the distances of the corresponding feature vectors . Other 

possible definitions of a cluster are: 

- A cluster is a set of objects that are alike, and objects that are not alike belong to 

different clusters. 

- A cluster is an aggregation of points in the space, so that the distance between 

two points in a cluster is less than other belong to other cluster. 

- Clusters can be described as grouping objects in the same enclosure, and this is 

composed of a large number of points with common characteristics. 

The nearer are the points (vectors) in a cluster, the more similar are they, but his 

closeness concept strongly depends on the choice of the metrics used to compute the 

distance between two points and the distance between two cloud of points (clusters). 

As a consequence, another goal of this project is to identify which metrics and 

parameters are the most suitable to obtain a good selection of key hand parts.  

The resulting selection of key parts will allow to robustly and fast recognize those hands 

parts in new image hands, such as it is illustrated intuitively in Figure 2.  
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Figure 2: An estimated solution of the clustering process. 

This thesis is organized as follows: Section 2 presents the state of the art, Section 3 

describes the algorithm to select the key-parts of a hand via a clustering procedure, 

having special importance the different methods and distance metrics used. Besides, it 

is composed by Section 4, where describes all the system results, carrying out extensive 

test to determinate the different results. To conclude, Section 5 describes de schedule 

and costs of the project. In this section I estimate the possible costs of the performance 

of this thesis in a real way. I expose the different prices of the devices needed and the 

worker’s salary to make this more realistic to become a great project.  

2 State of the art  

Image processing can be divided into three different fields: picture processing, image 

analysis, and imagen understanding. These are used in image engineering to carry out 

different tasks with the images.  

Clustering is one of those tasks that tries to group similar data for its analysis . The 

features computed from the data are grouped according to some similarity metric in 
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clusters. Most clustering methods assume that all the features are equally important for 

clustering, or in other words there is no distinction among different features [Ref 3]. 

There are lots of application fields in many domains that make use of clustering 

techniques, such us: 

 Marketing: making groups of customers with similar behavior with the aim of 

having more sales.  

 Biology: finding different groups with plants and animals according on their 

features. 

 Libraries: based on the book ordering. 

 Insurance: based on the identification of frauds. 

 City-planning: identifying groups of houses according to their house type. The 

different clusters have to consider the value and geographical location. 

 Earthquake studies: it makes the clustering process to observe earthquake epicenters 

and identify dangerous zones. 

Clustering is an unsupervised learning technique that is able to divide and categorize 

images in different groups or clusters sharing a certain similarity without the need of 

collecting ground truth data, i.e. to specifically assign a category tag to a training set of 

images. The term of clustering is sometimes confused with classification (supervised 

learning). However, both terms are completely different because classification assigns 

objects to classes previously defined, while there is no a previous knowledge of the 

object and their groups in the clustering process.  

Ideally, images in the same cluster will have a high intra-cluster similarity, while images 

in the different clusters will have a low inter-cluster similarity [Ref 4] (see Figure 3 where 

every color represents a different cluster).  
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Figure 3: Partition and clusters in a given feature space. 

 

There are a number of challenges with the clustering process. We can highlight the 

following ones: 

 Clustering process does not work adequately in some cases because the 

different clusters are not defined according its features. 

 The large number of dimensions and large number of data items can be 

problematic, resulting in a clustering analysis that depends on the definition of 

distance. This calculation of the distance causes the best position of the 

different clusters. 

 It is necessary to identify a correct number of clusters whose have similar 

features as we want. 

 The result of the clustering algorithm can be interpreted in different ways. 

 The partition resulting from a clustering process depends on the chosen feature 

space, i.e. the applied transformation to the original data to enhance the 

clustering procedure. 

 Although the aim of clustering is to determine the intrinsic grouping in a set of 

unlabeled data, it can be demonstrated that there is no a single solution. Thus, 

it is the user or the application who must supply the final criterion of solution.  

 The clustered features can be composed by homogenous features, or simply by 

unusual data objects. 
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Some of the most common clustering techniques [Ref 5] are hierarchical clustering, K-

Means, hybrid analytical model query, nearest neighbor clustering, fuzzy clustering 

(typically based on artificial neural network clustering), and genetic clustering. A brief 

description of some of them, along with representative works in the field of image 

processing, is presented below, with especial emphasis in hierarchical clustering, since 

it is the technique used for this project. 

Hierarchical clustering 

This technique was defined by S.C. Johnson in 1967.  The target of this algorithm is to 

produce a set of nested clusters. One of the advantages of using hierarchical clustering 

is that this technique do not assume any particular number of clusters. The number of 

clusters will be obtained by the cut of the dendrogram, which is a clustering 

representation that illustrate the clusters. The dendrogram will be defined in a deep way 

later.  

The algorithm defines a set of 𝑁 elements or objects to be clustered, and then computes  

a 𝑁 × 𝑁 distance (or similarity) matrix for carrying out the clustering. The metric choice 

for computing the distance matrix will be relevant to the future steps of the algorithm. 

Hierarchical clustering can divided into different steps. It starts by assigning each object 

to a cluster. Let the distances choose the best cluster assignment of the different items 

by finding the closest (most similar) pair of clusters and merge them into a single cluster. 

Once having the different clusters composed by the different objects, we proceed to 

compute the similarities between the clusters. This procedure is iteratively repeated 

until all clusters are collapse in one clusters. As a result, a hierarchical cluster evolution 

can be represented by means of a tree diagram encoding the number of clusters in each 

iteration, as shown in Figure 4. This figure the representation of the cutting process to 

identify the number of clusters. 

http://home.deib.polimi.it/matteucc/Clustering/tutorial_html/hierarchical.html#johnson
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Figure 4. Hierarchical clustering. 

Hierarchical Clustering creates a hierarchical structure which does not require to 

specify the number of clusters [Ref 6].  

The similarities between objects in a hierarchical clustering is represented by the 

previous tree structure, whose branch lengths represent the similarities between 

objects. Making a comparison with non-hierarchical clustering methods, hierarchical 

clustering gives a deeper relation between objects. With the use of the dendrogram, we 

can visualize the relation between them where each object could belong to one cluster. 

The number of clusters can be decided by manually cutting of the dendrogram obtaining 

different results and taking the best one (see Figure 5). This figure represents in the x-

axis the number of cluster represented and the y-axis the distance between the objects.  
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Figure 5: Dendrogram cut to represent 4 clusters 

Some of interesting papers that use an unsupervised method is the proposed in Ref 7 

where a new approach to the analysis of gene expression data coming from DNA array 

experiments is described.  

The technology exposed let the supervision of thousands genes data in an efficient and 

quickly way. This supervision is accomplished through a process of searching for 

correlated patterns. So that the most correlated elements are grouped in the same set. 

The hierarchical structuring used is the Self-Organizing Tree Algorithm (SOTA), where 

the neural data grows adopting the topology of binary tree. SOTA is a divisive method, 

the clustering process is made from the top to the lowest levels, so it let to stop the 

growing of the tree base based on a statistical calculus.  

Another paper that uses hierarchical clustering technique is the one proposed in Ref 8, 

where they exposed a problem of the Web search results. The target is to classify though 

a hierarchical clustering process the textual, image and link information into different 

clusters. For the realization of the clustering process it is used spectral techniques to 

find a Euclidean embedding of the images which respects the graph structure and thus 

get the best clustering of the different elements. 

Hierarchical clustering process based on the area related to the medicine have relevant 

importance. In the article referenced in Ref 9, a new approach of the grouping process 

is performed for the analysis of the results of MALDI images. MALDI images are mass 

spectrometry images, facilitating the spatial analysis of molecular species in biological 
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tissues. For this reason, the purpose of this paper is the grouping by hierarchical 

clustering process of the different classes of human tissues. This non-supervised 

clustering allows for a quickly and intuitive access to tissue information. 

MALDI images let a comprehensive cancer analysis clustering. The hierarchical grouping 

makes possible the classification of the different tissues. This classification leads to the 

analysis and identification of specific biomarkers and cancer-related biomarkers. 

 

Fuzzy c-means (FCM) 

This technique was developed by Dunn in 1973 and improved by Bezdek in 1981. This 

algorithm is a method of clustering which allows an object of data to belong to two or 

more clusters. This is frequently used in pattern recognition. 

In FCM does not get a well-defined cluster, but it can be placed in a middle way. 

Moreover, a line is drawn indicating several clusters with different values of the 

membership coefficient. Figure 6 shows an example where each element is grouped in 

the corresponding cluster. This clustering algorithm come up for the necessity to group 

the different elements into different clusters in a non-confuse way. To solve this idea, 

each element is represented according its similarities. The similarities are grouped by a 

function called membership function which takes values between zero and one. When 

the value is close to one means that has similarities , however, zero indicate less 

similarity.  The function of the threshold to split and differentiate its similarities or 

dissimilarities.  

http://home.deib.polimi.it/matteucc/Clustering/tutorial_html/cmeans.html#dunn
http://home.deib.polimi.it/matteucc/Clustering/tutorial_html/cmeans.html#bezdek


11 

 

Figure 6. Fuzzy c-means clustering. 

K-means 

It was defined by MacQueen in 1967. It is one of the simplest and most used 

unsupervised learning algorithms. This technique consists on the following procedure 

(see Figure 7). The process classifies a given data set into a number of clusters previously 

fixed. The main idea is to first define 𝑘 centroids, one for each cluster. These centroids  

will place as far away as possible from each other. Then, we take the points belonging 

to a given data set, and associate it to the nearest centroid. At this moment, we need to 

re-calculate the 𝑘 new centroids as the cluster barycenters resulting from the previous  

step. These steps are iteratively repeated until there is no change in the centroids. This 

http://home.deib.polimi.it/matteucc/Clustering/tutorial_html/kmeans.html#macqueen
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procedure represents in deep a minimization problem where the objective function is 

the squared error function [Ref 10] [Ref 11]. 

The principal advantages of K-Means is its fast computation and its facility and simplify 

for understanding. Nevertheless, its difficulties to identify the initial cluster and to 

predict de K value, because all clusters are fixed at the beginning. 

  

Figure 7. K-Means clustering. 

 

K-Means clustering segmentation process has many application. In paper such as the 

referenced in Ref 12, it is proposed a color-based segmentation based on a K-means 

clustering process to track tumor objects in magnetic resonance brain images. It consists 

on a conversion of a gray image, obtained on the magnetic resonance, into a color space 

image. The tumors of the image are represented in a specific color. So, it is possible to 

separate the different colors of the tumors of the image though K-means clustering and 

detect existing brain tumors. 

 

Other clustering techniques used in image processing  

Also, there are some techniques based on the clustering process such as mean-shift 

clustering, graph-cut clustering and neural network. For each clustering process there 

are multiple applications. 

Mean-shift clustering has lots of applications such as detection of moving shadows as it 

is possible to check in the Ref 13. This algorithm presents a separation between mobile 

objects and their shadows. The objective of this algorithm in this case is to identify the 
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two regions: the shadow and the object. Through mean-shift algorithm, which is very 

powerful in non-parametric clustering, it is possible to detect if the different parts of the 

image belongs to the shadow or to the object. 

 

Another application in the mean-shift clustering process is the observed in the 

correspondence called Color image segmentation based on mean shift and normalized 

cuts [Ref 14]. It consists on the segmentation of color images. Mean-shift algorithm 

segmentation is based on the grouping of low-dimensional images with significant 

reduction of complexity, because the clustering is based on images and not on pixels, as 

in conventional methods, thus achieving a considerable reduction of the noise in the 

segmentation process. For that reason the color image segmentation is done with low 

complexity computation to let the processing of images in real-time. 

An application of graph cut clustering is based on the paper named Model-based graph 

cut method for segmentation of the left ventricle [Ref 15]. This algorithm is used in order 

to solve segmentation problems where the cost of the cut corresponds to an energy 

function which must be minimized. The application is based on the creation of a 4D 

model of the left ventricle from an average of previous analyzed cases.  

Related with neural network clustering there are some applications related with this 

algorithm of clustering. It is, for example, the related with the paper called Color 

clustering and learning for image segmentation based on neural networks [Ref 16]. The 

application described is based on an image segmentation using the neural network 

segmentation. This algorithm of segmentation is based on a supervised and non-

supervised segmentation. According to the unsupervised segmentation, it consists on 

the color reduction and the color clustering to get a successful segmentation. The 

supervised segmentation is based on color learning and pixel classification. 

The results obtained show that the algorithm has the ability to segment the color image 

in a good way. 

Another application based on neural network segmentation is the shown in the paper 

called  A new approach to intrusion detection using Artificial Neural Networks and fuzzy 

clustering [Ref 17]. 
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In this paper is intended to improve the technique of neural network segmentation, 

adding the fuzzy clustering to resolve the problems based on intrusion detection, having 

more precision and detection stability.  

 

3 System description  

The proposed system identifies the most distinctive parts of an object category based 

on their visual appearance to facilitate and improve the performance of higher level 

tasks, such as object detection and recognition. More specifically, the system identifies 

key regions of human hands, although any other object category can be analyzed.  

The proposed key-part identification system, for now on KPIS, can be decomposed into 

two modules, as shown in Figure 8. The first module, clustering-based estimation of 

object key parts, performs a multi-scale clustering processing of the image regions (hand 

image regions) of the input image database (see Figure 9). As a result, several candidate 

partitions of objet parts are obtained per scale (see Figure 10). The second module, 

subjective-based selection of object key parts, filters and refines the obtained object-

part partitions in the previous module to select those partitions, and clusters inside a 

partition, that best represent the different parts of an object at different scales.  

 

Figure 8: Modules of the proposed key-part identification system. 
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Figure 9: Block diagram of the clustering process. 

 

Figure 10: Example of output of the first module: clustering-based estimation of object key parts. 
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3.1 Clustering-based estimation of object parts 

This module analyzes a set of image regions containing different parts of the object 

under study, and compute multiple partitions at different scale, in such a way that every 

partition is formed by a set of clusters containing potential key parts of the object. The 

module can be divided into two sub-modules: multi-scale feature region extraction, and 

sampled hierarchical clustering (see block diagram in Figure 11). 

The first sub-module divides every image in the database into multiple regions at 

different scales, and computes a Histogram of Oriented Gradients (HOG) [Ref 17] feature 

per image region. The second sub-module randomly samples a representative subset of 

all the HOG features, and performs a hierarchical clustering from which multiple 

partitions are obtained. 

The reason of computing multiple partitions per scale is that there can be several 

feasible choices of dividing an object in meaningful parts considering an appearance 

criterion. On the other hand, the resulting object parts also strongly depend on the 

considered object scale. An example is shown in Figure 11. 

 

Figure 11. Image scale representation 

3.1.1 Multi-scale feature region extraction 

The sub-module is composed by two stages. The first stage extracts hand regions from 

a hand image database at different scales. The hand images have different illumination 

conditions and poses. This process starts with listing the images inside an existing 

database. There are different folders of images, each one with a different hand pose. 

Then, the images are divided into 𝑁 × 𝑁   pixel blocks (see Figure 12). The number of 
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extracted regions per hand image depends on the dimensions of the blocks and the  

scale.  

 

Figure 12. Image block division.  

Some phenomena can cause that similar hand regions can be further away in a given 

metric, such as changes in illuminations, and little translation and rotations. To alleviate 

this problem, a feature extraction technique transforms the original pixel data of a 

region in compact and robust feature vector. For this purpose, Histogram Orientated 

Gradients is applied to the hand regions. This technique computes multiple overlapped 

histograms o gradients, where the bins are quantized phase values, and the contribution 

to the bins the magnitude gradients. Figure 13 shows a graphical representation of the 

computed histograms of gradients for different regions, composed by vectors that 

represent the orientations of highest gradient magnitude. 
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Figure 13. Histogram of Orientated Gradients of each subblock. 

3.1.2 Sampled hierarchical clustering 

This module is composed by two stages. The first stage consists on sampling the huge 

amount of HOG features obtained from the database. Due to the large amount of 

information, it is simply not possible to process all the HOG feature samples. For that 

reason, we proceed with a uniform sampling, with the maximum number of samples 

allowed by the capacity memory of the computer.    

Once drawn the HOG samples, a hierarchical clustering process is independently 

performed at every scale. Figure 14 illustrates the desired result at a particular scale, 

where key hand regions (identify by a point that marks the center) are identified. The 

image regions with similar HOG features will be grouped into the same cluster. 



19 

 

Figure 14: Object clustering process. 

 

To calculate the clusters, it is very important to choose the best metric to calculate the 

distance between the different vectors. Some of the tested metrics are: 

 Euclidean distance: the distance between points A and B is the length of the 

line segment connecting them (see Figure 15). Mathematically, expressed as: 

𝑑2 = (𝑥𝑎 − 𝑥𝑏)(𝑥𝑎 − 𝑥𝑏 )′. 

  

 

Figure 15: Euclidean distance. 

 

 

https://en.wikipedia.org/wiki/Line_segment
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 Standardized Euclidean distance: the mathematical expression is given by 

𝑑2 = (𝑥𝑎 − 𝑥𝑏)𝑉−1(𝑥𝑎 − 𝑥𝑏)′, where 𝑉 is a diagonal matrix whose 𝑗𝑡ℎ 

diagonal element is 𝑆(𝑗)2, and 𝑆 is the vector of standard deviations. 

 Mahalanobis distance: it is a multi-dimensional measure that explains how 

many time the point 𝐴 is far away from the mean of 𝐵 [Ref 19]. The result is 

zero when 𝐴 is at the mean of 𝐵, and higher as 𝐴 moves away from the mean 

of 𝐵. Mathematically, 𝑑2 = (𝑥𝑎 − 𝑥𝑏)𝐶−1(𝑥𝑎 − 𝑥𝑏)′, where 𝐶 is the 

covariance matrix. 

 City block metric (Manhattan): it represents distance between points in a city 

road grid, as is illustrated in Figure 16. The mathematical expression is  

𝑑 =  ∑ |𝑥𝑎𝑗 − 𝑥𝑏𝑗|𝑛
𝑗=1 . 

 

Figure 16: City block metric 

 Minkowski metric: it is a generalization of the Euclidean and the Manhattan 

distance, given by the expression 𝑑 =  √∑ |𝑥𝑎𝑗 − 𝑥𝑏𝑗|𝑝𝑛
𝑗=1

𝑝
. 

 Chebyshev distance: it is the maximum distance between two objects, given 

by the expression 𝑑 = max𝑗 {|𝑥𝑎𝑗 − 𝑥𝑏𝑗|}. 

 Cosine distance: it represents the similarity between two non-zero vectors  

and is calculate the angle between them, as illustrated in Figure 17. The 

mathematical expression is 𝑑 = 1 −
𝑥𝑎𝑥𝑏′

√(𝑥𝑎𝑥𝑎′)(𝑥𝑏𝑥𝑏′)
. 

https://en.wikipedia.org/wiki/Mean
https://en.wikipedia.org/wiki/Manhattan_distance
https://en.wikipedia.org/wiki/Manhattan_distance
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Figure 17: Cosine distance. 

 

 Correlation distance: it is a measure of statistical dependence between two 

random variables. It explain the similarities or differences between two objects. 

The mathematical expression is 𝑑 = 1 −
(𝑥𝑎−𝑥𝑎̅̅ ̅̅ )(𝑥𝑏−𝑥𝑏̅̅ ̅̅ )′

√(𝑥𝑎−𝑥𝑎̅̅ ̅̅ )(𝑥𝑎−𝑥𝑎̅̅ ̅̅ )′√(𝑥𝑏−𝑥𝑏̅̅ ̅̅ )(𝑥𝑏−𝑥𝑏̅̅ ̅̅ )′
, where  

𝑥𝑎̅̅ ̅ =  
1

𝑛
∑ 𝑥𝑎𝑗𝑗  and  𝑥𝑏̅̅ ̅ =  

1

𝑛
∑ 𝑥𝑏𝑗𝑗 . 

 Spearman distance: this distance measure the correlation between two sequences of values 

using the expression 𝑑 = 1 −
(𝑟𝑎−𝑟𝑎̅̅ ̅)(𝑟𝑏−𝑟𝑏̅̅ ̅)′

√(𝑟𝑎−𝑟𝑎̅̅ )̅(𝑟𝑎−𝑟𝑎̅̅ ̅)′√(𝑟𝑏−𝑟𝑏̅̅ ̅)(𝑟𝑏−𝑟𝑏̅̅ ̅)′
, where  𝑟�̅� =  

1

𝑛
∑ 𝑟𝑎𝑗𝑗 =

 
(𝑛+1)

2
 and 𝑟�̅� =  

1

𝑛
∑ 𝑟𝑏𝑗𝑗 =  

(𝑛+1)

2
. 

The right choice of the metric depends on the characteristic of each application, and it 

is difficult to predict which one will be the best. Therefore, they should be just tested to 

measure which one obtains the partition that best select the most distinctive parts of a 

hand. Part of this analysis will be perform by means of a subjective test in the next 

module. 

Another way to suppose the best clustering is through the dendrogram. The 

dendrogram is a representation between the different distances. The distance of the 

different vectors means the similarities or dissimilarities of the vectors. The most it 

seems, the nearest will be.  

Just have an easy example of the function of the dendrogram. Assuming some 

distributed points as we can see in Figure 18.   

https://en.wikipedia.org/wiki/Statistical_dependence
https://en.wikipedia.org/wiki/Random_variable
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Figure 18. Representation of vectors 

 

Dendrogram result will be two main clusters, as we can see below in Figure 19: 

 

Figure 19. Dendrogram with the euclidean metric 

 

Nevertheless, if the metric is changed to a cosine metric, for example, I obtain a different 

dendrogram. 
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Figure 20. Dendrogram with the cosine metric 

 

Thus, the metric for the calculation of the distance between vectors is important and it 

will depend the result obtained. 

Besides, is important how to measure the distance between clusters is the method, 

computing the distance between clusters. There are some methods: 

- Average: Calculate the unweighted average distance.   

 

 

Figure 21: Average method. 

- Centroid: Centroid distance appropriate for Euclidean distances only. 

- Complete: Calculate the furthest distance between objects. 
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Figure 22: Complete method. 

- Median: Weighted center of mass distance, appropriate for Euclidean distances 

only. 

- Single: Calculate the shortest distance.  

 

 

Figure 23: Single method 

- Ward: Inner squared distance (minimum variance algorithm), appropriate for 

Euclidean distances only. 

- Weighted: Weighted average distance. 

The correlation coefficient between two vectors X and Y is defined as: 

𝑐(𝑋, 𝑌) =  

1
𝑛

∑ 𝑥𝑖𝑦𝑖 − 𝜇𝑋𝜇𝑌𝑖

𝜎𝑋𝜎𝑌

  

Where the mean is represented by μX and μY and the standard deviation of X and Y is by 

σX and σY respectively. This coefficient explains the dependence or association between 

the vectors produced. It will help us to find the best solution through the metrics used. 

A good value for the correlation coefficient is near one. 
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3.2 Subjective refinement of partitions 

 

 

Figure 24. Subjective refinement of partitions. 

 

Once obtained the different clusters with its specific sets of clusters, we proceed to the 

subjective refinement of partitions. This process consists on a subjective test of the 

different data.  

The groups of set of cluster are analyzed by a group of people that will evaluate the 

different clusters. They decide if the number of clusters selected is the best choice or if 

the metrics and the distance method used is accepted. 

The aim of this process is to get different clusters and very differentiated each other but 

all the sets of the same cluster with similarities features. Each cluster has partitions of a 

hand, such as the right contour of the hand, the fingers, and the concave or convex parts 

of the hand. 

However, a perfect clustering process is not possible but we will try to make the best 

clustering process. For that reason, we will do a subjective analysis making some 

experiments with different people.  

The experiment consists on a training test, the different people proceed to decide the 

best cluster. It means that the partitions correspondent to a cluster must have same 

characteristics of the hand, just the texture, the uniformity or another feature 

characterized of the image’s partition. The propose is to get in different clusters the 

Data sets Visualization
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different set of partitions, where the different parts of the hand will be divide into the 

clusters established. 

 

4 Results 

In this section, an experimental test of the results id performed. It is composed by two 

subsections: objective results and subjective results. The first section consists on an 

objective analysis. The objective analysis is based on the interpretation of the 

dendrogram. The second section consists on subjective results , where the different 

clusters are subjectively refined to be differentiated each other. 

4.1 Objective results 

This section consists on a deep understanding of the obtained results. It is an objective 

analysis, so it does not involved the human visual perception. 

The dendrogram will be the representation that guides the clustering procedure to 

obtain the best result. It allows to anticipate the number of the different clusters. 

Making some experimental tests with the different methods and metrics, it is obtain 

several dendrograms structures. 

Making an analysis of the results of the different metrics and distance methods used, 

there is possible to distinguish into several results. All the results will be grouped into 

similar dendrograms according to their structure. The hierarchical structure tree starts 

with a high number of clusters, and then they will be iteratively grouped, depending on 

the used metrics and methods, into a reduced number of clusters. Once obtaining the 

dendrograms according to different metrics and methods, an analysis of them are 

performed to obtain the best partitions.  

The following table contains the combination of methods and metrics that produce a 

dendrogram with roughly equally distributed clusters. 
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Distance method Metric 

Average Euclidean 

Average Correlation 

Average Cityblock 

Complete Euclidean 

Complete Correlation 

Complete Mahalanobis 

Complete Cityblock 

Ward Euclidean 

Table 1: Metrics and method combinations. 

 

As all the above combinations generate similar dendrograms, the same analysis 

procedure is applied to them to obtain the different clusters.  Using the ward distance 

and the Euclidean metric, it is obtained the dendrogram of Figure 25. 
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Figure 25: Ward distance and Euclidean metric. 

 

As it is possible to see, the obtained dendrogram has a roughly equally distributed 

clusters (i.e. there is no one huge cluster grouping very heterogeneous elements), which 

is considered a good distribution of potential clusters. To choose the number of clusters, 

is used the inconsistent coefficient. The inconsistent coefficient represents a value that 

measure the dissimilarity between two clusters that are going to be grouped into one. 

This is represented by unions of different height in the dendrogram. This dissimilarity 

value is then used to cut the dendrogram into different clusters that keep a minimum of 

similarity. The intersections made by the red horizontal line and the dendrograms 

representations indicate the number of clusters, as it is shown in Figure 27. The 

horizontal red line represents the height corresponding to the cut made.  

Calculating the different results of the dendrograms for the different scales, different 

results re obtained. For the scale of 25%, it is obtained 120 clusters through a height of 

1.1542 (see Figure 26). The results obtained with scale of 50% are 130 clusters with the 

same height-cut (see Figure 27). Finally, making the process with the 100% scale, it is 
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obtained 137 clusters which contains the different hand-regions with similar features 

(see Figure 28). 

 

 

Figure 26: Representation of the dendrograms in the scale of 25%. 

 

Figure 27: Representation of the dendrograms in the scale of 50%. 
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Figure 28: Representation of the dendrograms in the scale of 100%. 

 

Due to the huge quantity of clusters, for a better explanation of the whole process, the 

inconsistent coefficient will be increased to simulate a fewer number of cluster that can 

be illustrated. So having an inconsistent coefficient which value is 1.54696, it will be 

obtained 6 number of clusters, in the scale of 50%, there are obtained 10 clusters and 

with the scale of 100% there are 10. All these results are shown in Figure 29 that 

represents the results to apply the decision of the inconsistent coefficient value in the 

dendrogram. 

 

Figure 29: Dendrograms with the decision of the cut by the inconsistent coefficient in the three scales. 
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So, having the result of the different heights which corresponded to each cluster, it is 

possible to group the different clusters depending on the scale.  

In the following figures are shown the clusters resulting from the analysis of the hand 

image, made in different scales. Each cluster represents a specific part of the image. This 

means that each cluster contains multiple objects with similar features, corresponding 

to a part of the hand,   

The results are shown in three different scales. The scale determines the size of the 

image, while the size of the clusters partitions does not change. For that reason, with 

bigger scales, we will have a bigger image so each partition will contain a smaller part of 

the hand.  

First are shown the results for a scale of the 100%. In this case the image has its biggest 

size possible. For the divisions size established, there are less objects included within 

each partition as the part of the hand represented is smaller.  

According to the scale of the 100%, the results obtained are represented in Figure 30. 

 

Figure 30: Representation of the clusters in scale of 100% 
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Each cluster represents a specific part of the hand. Each one contains objects which 

have similar features. Depending on the scale represented the results are shown in 

Figure 31. 

 

 

Figure 31: Representations of the hand-region in the scale of 100% 

 

 

The second scale used is 50%, where the image has reduced their size. There can be seen 

now more objects inside each cluster, because the part of the hand that is represented 

is bigger. According to the scale of the 50%, the results obtained are represented in the 

dendrogram shown in Figure 32.  
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Figure 32: Representation of the clusters in scale of 50% 

Each cluster has hand regions which have similarities each other, as it is represented in 

Figure 33. 

 
Figure 33: Representations of the hand-region in the scale of 50% 
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Finally, I have used a 25% scale. As expected, in this case the image is very small so each 

division contains a meaningful part of the hand. This is translated into many objects in 

each cluster. According to the scale of the 25%, the results obtained are represented in 

Figure 34. 

 

Figure 34: Representation of the clusters in scale of 25% 

Each cluster represents a specific part of the hand. Each one contains objects which 

have similar features. Depending on the scale represented the results are shown in 

Figure 35. 
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Figure 35: Representations of the hand-region in the scale of 25% 

 

The following table show other group of metrics and methods that produces  
dendrograms that have a lander-shaped architecture. 
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Distance method Metric 

Average Mahalanobis 

Single Euclidean 

Single Correlation 

Single Mahalanobis 

Single Cityblock 

 

Table 2:  Metrics and methods combinations. 

The lander-shaped architecture obtained does not provide great benefits because the 

distribution of the clusters. The distribution obtained is in a non-uniform way, so the 

number of objects belonging to a class are practically ninety percent of the data. The 

non-uniform distribution of the objects causes that in the cluster that are the majority 

of the data is composed of objects with different characteristics. This produces that 

through the use of the combination of these metrics and methods a good clustering 

process is not performed.  

The following analysis will be performed using Single distance method and Euclidean 

metric. The typical dendrogram obtained using those metrics and methods is 

represented in Figure 36. 
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Figure 36 Single distance and Euclidean metric 

Due to the high quantity of objects, it will be defined a higher inconsistent value, 

increasing this value to 1.088 to be able to explain the system function. With this 

inconsistent value it is possible to calculate the different clusters as it is shown in Figure 

37. 

 

Figure 37: Representation of the different clusters observed. 
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As it is shown in the dendrogram (see Figure 37), the distribution of the objects into the 

different clusters is not the most appropriate. The distribution of the different objects 

are represented in Figure 38. 

 

Figure 38: Representation of the hand-region with the single distance and Euclidean metric. 

 

The results obtained shows that cluster 2 has high quantity of objects. For greater 

accuracy, it is composed by 9989 objects out of the 10000 sampled. For that reason, it 

is demonstrated that with the combination of those metrics and methods is not a good 

way to make a perfect clustering process.  
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4.2 Subjective Results 

Making an exhaustive tests of the objects belonging to the different clusters, the 

following subjective results can be obtained. After having carried out an exhaustive test 

of the objects belonging to the different clusters, the subjective results are represented 

in this section. 

The most important result is that the homogeneous parts of the hand are removed, 

thanks to the rendering done. In addition, there are some clusters that are also removed. 

These clusters are considered as outliers, and are characterized by containing few 

objects. For that reason, after the clustering process, they do not provide meaningful 

information so they can be removed.  

Making tests of the diverse metrics and methods, there are lots of results. For the 

average metric, it has been shown that depending on the distance the result obtained 

varies a lot. Besides, the scale resolution affects in the number of clusters chosen due to 

with more scale ratio, there are more number of objects to be clustered, so the necessity 

of increase the number of clusters for a better result.  Therefore, by performing these 

tests with different distances, I obtain different results. 

The results obtained with average distance method with the different metrics are very 

different. After the subjective tests are produced, it is possible to conclude that 

Euclidean metric (see Figure 39) and Cityblock metric have better performance than the 

others. 
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Figure 39: Representation of the clusters with Euclidean metric and average method 

 

Figure 40: Representation of the clusters with Cityblock metric and average method 

 

The decision of the choice of number of clusters depends on the distribution of the data. 

In the experimental tests based on a subjective analysis, it is necessary to get a high 

number of cluster for a great clustering algorithm.  In the Euclidean case the number of 
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cluster are less than in the Cityblock metric case. This number or cluster rounds the 

hundreds of units. This high number of clusters is due to, on the one hand, because of 

the quantity of hand region. The operation of working with huge numbers of regions 

makes it the necessity of high number of clusters. On the other hand, the presence of 

isolated objects increases the number of clusters so these objects are not grouped in 

clusters which do not belong. 

Making the different experimental analysis, the best metric for the hierarchical 

clustering used is the corresponded with Euclidean metric and ward distance method. 

Testing with diverse scales, the number of clusters rounds the one hundred and twenty, 

according to the cut done by the inconsistent coefficient explained in the previous 

section, with the scale of the 25%. The subjective result of the clusters shows (see Figure 

41) that there are some redundancy in the clusters formed, but it is achieved a well 

clustering process having each clusters similar objects. 

 

Figure 41: Representation of the clusters with Euclidean metric and ward method in the scale of 25%. 

 

As it is seen, the objects of the different clusters are distributed in a well -form, so the 

different parts of the hand are much differentiated. It is that the different parts of the 

hand with similar features, belongs to the same cluster. 
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5 Schedule and costs 

This section makes an analysis of the schedule and costs necessary for the 

implementation of this project in question. 

An engineer must be contract, and will have to use a computer equipped with 

professional software tools. On the other hand, the work will be done according to a 

series of project phases. 

The first phase will be a learning process where an engineer will acquire the required 

knowledge for addressing the task. For example, the engineer will study the different 

techniques that are appropriate for modeling the local appearance of hand regions. A 

month is estimate for this phase. 

The second phase will address the implementation of the software and it is schedule to 

last three months, having the best result with the less computational costs. The software 

implemented will have to be efficient in the management of huge volume of data, as 

well. 

Finally, the last phase will develop a subjective process consisting on a test training 

where some people will visually identify the best solution. In this phase, the best metrics 

used according to the mean objective score from the different observers will be 

obtained.     

Regarding the analysis of the budget necessary to the realization of this project, the  

estimation costs involves to hire an engineer who will implements the proposed 

designed software. His salary will be according the following table. 

 

 

  

Workpeople Salary 

Junior engineer 45€/hora 

Table 3: Headcount 
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In addition it is necessary to take into account the needed for the realization of the 

project. All necessary devices are in the following table. 

Devices Price 

Computer 1500€ 

Matlab license 2000€ 

Image Processing Toolbox 1000€ 

 

  Table 4: Overhead costs. 

  

6 Conclusion 

Some of the conclusions obtained throughout the thesis are the following. 

The dendrogram has been a great utility to identify the number of clusters . In addition 

it guides on the distribution of the data, being able to obtain a good result. 

Second, the high number of clusters is due to the large number of hand regions existing. 

The number of samples processed are 10000 units. This amount of clusters is also due 

to the presence of isolated objects which are grouped into different clusters. 

Each cluster represents different parts of the hand where the hand regions with more 

similarities belongs from the same cluster. Each cluster contains a key part of the hand. 

It is the top of the fingers, the palm or the contour. 

The results of the different clusters are not perfect, in some clusters, objects of the same 

cluster may adopt some objects with different characteristics. 

The metric with the best performance is Euclidean, in which it obtains optimal results. 

Each cluster is composed of objects with similar characteristics and the distribution of 

the objects in each cluster is even without belonging a large number of objects  in the 

same cluster. This metric combined with ward distance makes hierarchical clustering 

process works in a successful way. 
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However, the worst-performing metric is the Mahalanobis metric since it groups a large 

number of objects into one cluster, leaving the other clusters with few objects. This 

metric is inefficient for the clustering process. 

Finally, to conclude, the calculation of Histogram of Orientated Gradients consists on an 

objective metric. For that reason the results obtained are not about subjective results. 

It is, some Histogram of Orientated Gradients results that have similar results, could not 

be the best subjective solution due to their features differences. This disturbance is 

because the presence of some elements such as illumination or hand poses. They could 

affect to the result. 
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