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Visualizing positioned data points on a map introduces problems with scalability. When the 

amount of data grows large, the resulting clutter will worsen the usability of the map by effecting 
negatively on user experience and putting unnecessary strain on the rendering process. How to 
prevent the map from unnecessarily cluttering with points and how to optimize the visualization 
of the data while also maintaining the usability of the map? In addition, the interactive nature of 
the map, zooming and scrolling, introduces requirements and restraints for our possible solutions. 
These were the problems that Cargotec was desiring an answer to when striving to create a map 
that could visualize the machine alarms that have occurred in a cargo terminal. 

To solve these problems, we first review some of the most popular data clustering algorithms: 
highly popular and easy-to-implement centroid-based k-means algorithm, density based 
DBSCAN, and lastly, hierarchical algorithms. For each algorithm we shortly review their origin 
and development throughout the years. We then describe the underlying concept of each algo-
rithm and their clustering method before giving an example of the algorithm in a form of pseudo-
code. The review highlights the different end-results the user may have with each algorithm. We 
also review the complexity of each algorithm.  

To optimize the range queries the clustering algorithms are highly dependent on, we introduce 
spatial indexing algorithms and review their potential to support our clustering process. We intro-
duce quadtree indexing, kd-tree indexing, and range tree indexing and review their time and 
space complexity. 

Next, we shortly review some design principles used before implementation step. We review 
the problem with interactive map and strive to answer fundamental questions regarding the clus-
tering process working with interactive functions.  

We then propose a design that uses hierarchical greedy clustering algorithm to produce mul-
tiple layers of cluster sets to support the zooming function of the map. We create spatial data-
bases for each cluster layer. Besides improving the actual clustering process, the spatial data-
bases are stored to enable regional queries to optimize the selective visualization of the clusters 
when scrolling the map. We also review some user controls to filter the input data before cluster-
ing. The filtering options are filtering based on alarm class, alarm ID or filtering based on the 
terminal machine the alarm came from. 

Next, we implement the reviewed design into an alarm visualization map inside FleetView 
application with data filtering options. We start by reviewing our solution for propagating the posi-
tion data to our clustering process. By acquiring the positional raw data, we implement the filtering 
controls for the user to reduce unwanted data from the clustering. Next, we implement the actual 
clustering process, which also contains the forming of spatial databases. Lastly, we review our 
solution for styling the visualization with semi-transparent circles. 

We finally conclude our thesis by reviewing out proposed solution for the research questions.  
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Visualisoidessa sijaintikohtaista tietoa kartalle kohtaamme skaalautuvuusongelmia. Kun tie-
don määrä nousee suureksi, siitä koituva visuaalinen sotku heikentää kartan käytettävyyttä ai-
heuttaen negatiivisen vaikutuksen käyttäjäkokemukselle sekä turhan kuormituksen renderöinti-
prosessille. Kuinka välttää kartan sotkeutuminen pisteillä ja kuinka optimoida tiedon visualisointi 
mahdollistaen kuitenkin kartan käytettävyyden? Sen lisäksi, kartan interaktiiviset ominaisuudet, 
zoomaus ja vieritys, esittävät ratkaisullemme erinäisiä vaatimuksia ja rajoitteita. Nämä olivat on-
gelmat joihin Cargotec halusi vastauksen luodessa korttiterminaalikäyttöliittymäänsä karttaa, joka 
visualisoisi tapahtuneet hälytykset terminaalin kartalle. 

Ratkoaksemme nämä ongelmat, tarkastelemme joukon suosittuja klusterointialgoritmeja: suu-
resti suosittu ja helposti implementoitava k-means-algoritmi, pistetiheyteen perustuva DBSCAN-
algoritmi, sekä lopuksi hierarkinen klusterointialgoritmi. Jokaista algoritmia kohden käymme no-
peasti läpi algoritmin historian ja kehityksen vuosien saatossa. Tämän jälkeen tarkastelemme 
algoritmikohtaisesti klusteroinnin konseptin, ennen kuin annamme algoritmin toteutuksesta esi-
merkkinä pseudokoodin. Tämän algoritmien tarkastelun tavoite on korostaa eri algoritmien erilai-
sia klusterointituloksia. Tarkastelussa käydään läpi myös algoritmien kompleksisuudet. 

Optimoidaksemme alueelliset haut, joiden toiminnasta klusterointialgoritmit ovat hyvin riippu-
vaisia, esittelemme spatiaalisen indeksoinnin algoritmeja ja tarkastelemme niiden potentiaalisen 
vaikutuksen klusterointiprosessillemme. Esittelemme nelipuu-, kd-puu- sekä etäisyyspuutietora-
kenteita ja tarkastelemme niiden aika- ja tilakompleksisuuksia. 

Seuraavaksi, tarkastelemme joitain suunnitteluperiaatteita mitä käytämme suunnittelus-
samme. Tarkastelemme kartan interaktiivisuudesta koituvia haasteita ja pyrimme vastaamaan 
olennaisiin kysymyksiin liittyen interaktiivisuuden ja klusteroinnin yhteensopivuuteen. 

Seuraavaksi ehdotamme klusterointimallia, joka käyttää hierarkista klusterointia muodostaak-
seen useamman eri klusterointitason tukeakseen kartan zoomaustoimintoa. Luomme myös spa-
tiaalisen tietokannan jokaista klusterointitasoa kohtaan. Klusterointiprosessin tehostamisen li-
säksi, spatiaalista tietokantaa käytetään tehostamaan pistejoukon aluehakua optimoimaan selek-
tiivinen visualisointi karttaa vierittäessä. Esittelemme myös tapoja mahdollistaa käyttäjälle raaka-
datan suodatus perustuen hälytyksen luokkaa, tunnukseen tai aiheuttaneeseen koneeseen.  

Seuraavaksi, implementoimme ehdotetun mallimme visualisointikartaksi FleetView käyttöliit-
tymäohjelman sisälle suodatustoimintojen kanssa. Implementoinnin alkuun tarkastelemme ratkai-
suamme propagoida hälytysten sijaintitieto klusterointiprosessillemme. Implementoimme raaka-
datan suodatuksen vähentääksemme turhan klusterointia. Seuraavaksi, implementoimme klus-
terointiprosessin, joka sisältää myös spatiaalisen tietokantojen luonnin. Lopuksi tarkastelemme 
osittain läpinäkyvillä ympyröillä klustereiden visualisoinnin ratkaisumme. 

Päätämme työn tarkastelemalla implementoidun sovelluksen ratkaisua esitettyihin tutkimus-
kysymyksiin. 
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1. INTRODUCTION 

1.1 Background 

As the world moves towards more autonomous future, the demand for meaningful pro-

cessing of data to cultivate information increases. The notion of big data has become 

increasingly popular in the 19th century and great efforts have been made to improve 

data processing. The notion of processing data is old as life itself. Continuous processing 

of different stimuli happens all the time in our senses, often creating a very realistic sense 

of our surroundings.  

Human processing of visual data is superb; we see faces in clouds, toasted breads, and 

cups of coffee. We are great at detecting patterns and equally great at detecting when 

something is spread out uniformly. We detect positional density relative to its surround-

ings with great success. This skill becomes evenly useful on any other density based 

visual processing, being it checking the subjective amount of clouds on a weather fore-

cast or spreading toppings evenly on a pizza. This skill is also a huge optimization in 

performance. We do not have to remember each individual rainy cloud to know the gen-

eral area where it will probably rain tomorrow. We see the data, detect patterns of high-

density areas, and create a general, often lower resolution, view of the situation with 

rather minimal loss of information. This optimization process is similar what different clus-

tering and compression algorithms are trying to do; get rid of the subjectively irrelevant 

data without loss of information. 

This thesis was made in cooperation with Cargotec. One of their business units, Kalmar, 

provides cargo handling solutions and services to ports, terminals, distribution centers 

and heavy industry. An estimate of 80 percent of all good is carried by the sea. The 

goods carried by containers has been increased from around 100 million metric tons to 

almost 2 billion metric tons in 2017 [1].  

In this thesis we will create a feature for their terminal GUI module, FleetView. The fea-

ture to be created is an interactive map visualizing the alarms and their trigger locations 

on the terminal layout. By using this feature, the localization of recurring or problematic 

areas can be done faster thus eventually reducing the cargo terminal downtime caused 

by faults. We will make use the previously introduced concept of clustering when creating 

the map feature.  
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It should be noted that although this thesis focuses on the implementation of the alarm 

map, the same methodologies and concept could be easily used for any data visualiza-

tion feature. To underline this important aspect, we will refer to the to-be-built feature as 

location data map instead of alarm map until the implementation chapter. 

1.2 Problem definition 

One of the biggest problems we face when creating such location data map is optimiza-

tion of software rendering process when the amount of data grows large. Depending on 

the size and design of a cargo terminal, as much as several hundred thousand alarm 

events might take place daily in such operation. By visualizing this amount of separate 

points of interest on a map we take the risk of making the application unresponsive and 

in some cases crash entirely. 

Another problem that arises from the large data amount is the problems due to the inter-

active features of the built map. Visualizing points of interest on a map on a static map 

is an infrequent event that might not ruin the user experience due to its one-time nature. 

This is not the case in interactive map, where the user can manipulate the current view 

of the map with typical controls such as zooming and scrolling. When the view is manip-

ulated the rendering process of visualization needs to take place continuously throughout 

the manipulation. 

1.3 Objectives and scope 

In this thesis we try to find optimal way of visualizing location data on a map with various 

amounts of data. Although the algorithms we introduce and use in this thesis support 

multidimensional data we will only use two-dimensional data in our implementation and 

framework of the thesis. It should also be noted that while multiple different algorithms 

are introduced for similar tasks in competitive manner this thesis is not intended to do in-

depth comparisons between the algorithms and should not be used as such. The algo-

rithms and their selection will be based on their suitability for the feature implementation. 

We will also review methods and software designs to support the interactive nature of 

the map to work with our optimized map. We will also introduce a design for linking po-

sition to event data using the graphical user interface. The main objective of this part is 

to find ways of linking position to originally unlocated data. 
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1.3.1 Research questions 
Based on the thesis objectives described above, we can generate research questions 

this thesis will try to find answer to. 

• How to visualize large amount of data in an efficient way? 

• How to handle interactive features of the map with large amounts of data? 

• How to effectively combine optimal visualization and the interactive functions of 

a map? 

1.4 Outline 

Firstly, we will do a theoretical review of some clustering algorithms.  After this we review 

spatial indexing algorithms for creating spatial databases. Lastly, we will review some 

previous implementations where the thesis research questions are at least partially an-

swered. 

In Chapter 3 we will use the methods and techniques found in literature to help us design 

and structure our location data map. We will review important aspects of building such 

feature and things to consider when choosing algorithms for similar feature. The second 

part of Chapter 3 involves a review of the proposed design to be implemented. 

In Chapter 4 we will implement the location data map using the design reviewed in Chap-

ter 3. We review architectural changes made to support linking position to data. Next, we 

will use a mix of clustering algorithm and spatial indexing algorithm to cluster data effec-

tively for optimal interactive visualization. We also review secondary implementation of 

clustering to use as a light reference when determining the quality and effectiveness of 

our primary solution. Finally, we review the implementation of user controls for our fea-

ture to further the effectiveness and usability of our built feature. 

In Chapter 5 we will review the resulting data location map feature and answer our thesis 

research questions based on our implementation. In this chapter we do an overview of 

the data location map working principles and functionalities. Amid the shortage of official 

user guide for our feature, Chapter 5 can be partially used as such. 

In Chapter 6 we conclude our thesis. We also review some future improvements that 

could be implemented to the feature. 
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2. LITERATURE REVIEW 

2.1 Clustering algorithms 

One of the main topics of this thesis is reducing the individual points of data to visualize, 

while minimizing the loss of presentative information for human eye or even improving 

the readability of the said data. Jain [2] describes the goal of clustering as “to discover 

the natural grouping(s) of a set of patterns, points, or objects.”. By clustering the data in 

a meaningful way, we can present the data in a way that requires less computation for 

visualization.  Many algorithms for such clustering have been proposed in history for 

multitude of applications [3] [4] [5]. While such algorithms have been widely studied in 

data mining and machine learning literature [6], usually with multi-dimensional data, the 

same principles apply for 2-dimensional data, for example position on a plane.  

In this thesis, we will review some clustering algorithms of various types. We review a 

highly popular distance-based [7] k-means clustering algorithm and a few of its improved 

variations. We also review a density-based [7] clustering algorithm DBSCAN (Density-

Based Spatial Clustering of Application with Noise). Finally, we introduce the principles 

of hierarchical clustering and its proposed variations in literature. The reasons for select-

ing these variations are ease of deployment, popularity and their relative ease of under-

standing compared to the clustering effectiveness. The focus of this thesis is a map fea-

ture visualizing two-dimensional data; therefore, we strive to look at the algorithms from 

two-dimensional data viewpoint. We also calculate the distances between two points 

using Euclidean distance, which is the most common distance measure [8]. 

2.1.1 k-means 
The first versions of k-means clustering algorithm was proposed by Stuart Lloyd in 1957 

[9]. The standard k-means algorithm is thus usually called “Lloyd’s Algorithm”. The first 

publication of Lloyds algorithm was not until 1982 and during that period a few other 

researchers proposed similar approaches to clustering data, most notably Edward Forgy 

in 1965 [10] and Joel Max in 1960 [11]. K-means is unsupervised machine learning 

method useful for forming subgroups from a dataset. An optimal subgroup is a group of 

data points which are maximally similar and maximally different from other subgroup data 

points. [4] K-means clustering has been applied to many scientific and engineering ap-

plications. For instance, k-means has been used in image processing for color quantiza-

tion [12].  

The principle of k-means algorithm can be described in two steps. These steps are: 



5 
 

1. For each data point x 

a. For each cluster center c (innermost loop) 

i. Compute the distance between x and c. 

b. Assign data point x to its closest cluster center. 

2. Move each center to the mean of its assigned points. [3] 

These steps are repeated under a certain end-condition is met. This condition may be 

full-converging, cluster movement-based or predetermined iteration amount. The com-

plexity of such naïve k-means algorithm is 𝑂(𝑁𝐾𝐷𝐼), where K is the number of clusters, 

D is the number of dimensions and I the number of iterations [13]. However, the com-

plexity increases with unbound number of iterations nearing the complexity to 𝑂(𝑁2).  

The only parameter given to k-means is the desired number of clusters.  

Before carrying out the above steps however, the clusters must be initialized. If the clus-

ter centers are initialized randomly in this basic version of the algorithm, the algorithm is 

called “naïve k-means”. This version of k-means takes a long time to run. [14] 

Throughout the years many improved versions of the algorithm have been introduced. 

Some of these improvements focus on cluster initialization [15] [16] [12] while others 

focus on reducing the complexity of the algorithm [4] [17] [3] [18] [19] [20] [21]. Iteration 

steps of naïve k-means is visualized in Figure 1. 
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Figure 1. K-means algorithm with 1, 2, 3 and 5 iterations with random cluster 
initialization. Red dots are cluster centers. 

David Arthur and Sergei Vassilvitskii proposed an improved cluster initialization for k-

means in 2007. The improved version was called “k-means++”. In k-means++, the first 

cluster center is initialized by random as in naïve k-means. The second cluster is then 

chosen from data points based on weighted probability distribution proportional to the 

data points squared distance to the nearest cluster center. This initialization process im-

proved the time complexity of the naïve k-means 𝑂(𝑁𝐾𝐷𝐼) [22] to 𝑂(N ∗ log 𝑘)-compe-

tetive, where k is the amount of cluster centers. The improvement of initialization with k-

means++ is visualized in Figure 2. Since the initialization is much closer to converged 

data, the amount of overall iterations will reduce greatly. [15]  
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Figure 2. Random initialization and k-means++ initialization. One iteration. 

While k-means++ focuses on improving the initialization of the cluster centers, improve-

ments of the actual complexity have been proposed throughout the years [4]. Next, we 

will review two version of improvements for the iterative steps. 

One way to improve k-means is to try to reduce the distance calculations altogether. 

Greg Hamerly proposed an improvement on k-means in 2010 using distance bounds 

and triangle inequality to reduce the times distances between point and cluster centers 

are calculated [3]. The notion of using distance bounds and triangle inequality to improve 

k-means was first introduced by Charles Elkan in 2003 [17]. In Hamerly k-means, some 

extra information is needed to be stored for points and cluster centers. This information 

is: 

• For each cluster 

o 𝑠(𝑗) – distance from cluster 𝑗 to its closest other center. 

o 𝑝(𝑗) – distance that the cluster  𝑗 moved after last iteration. 

• For each data point 

o 𝑢(𝑖) – upper bound on the distance between point 𝑖 and its assigned clus-

ter. 

o 𝑙(𝑖) – lower bound on the distance between point 𝑖 and its second closest 

cluster center. [3] 

Simply put, when using Hamerly k-means we do two tests to see if distance calculations 

are needed. These tests are first and second upper bound tests. Before doing any point-

to-cluster distance calculations, we calculate the variable 𝑚 as seen in Figure 3. This 
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variable is the maximum of either points lower bound 𝑙(𝑖) or half of the points centers 

closest center 𝑠(𝑗). Then, we simply compare the variable 𝑚 to points upper bound 𝑢(𝑖). 

In the case of Figure 3, the bound test holds, and we move on to next point.  

 

Figure 3. A point, its closest and second closest center. Using triangle ine-
quality to calculate the distance threshold. 

If the upper bound test fails, we tighten the bound by recalculating upper bound, which 

is the distance from point 𝑖 to its assigned center and redo the test. If the test fails again, 

the assigned center is incorrect, and we calculate the point-to-cluster distances for the 

point 𝑖 to find the correct assignment. After processing every point, we recalculate the 

cluster center positions as in naïve k-means. However, we store the data of clusters 

moved distance 𝑝(𝑗). We use this data to update the upper and lower bounds of the 

cluster points for next iteration. The time complexity of Hamerlys k-means is 

𝑂(𝑛𝑑𝑘 + 𝑑𝑘2). [3] 

Another improved k-means this thesis shortly reviews is the Sort means introduced by 

Steven J. Phillips in 2002. While in Hamerlys k-means the improvement was built to avoid 

the innermost loop altogether, Sort means tries to avoid the number of calculations in 

the innermost loop. It does this by having a 𝑘 ×  𝑘 array to store inter-mean distances. 

The working principle of Sort means is described as follows: “Sort mean compares point 

𝑝 against the means in increasing order of distance from the mean 𝑢𝑐 that point 𝑝 was 

assigned to in the previous iteration. If we reach a mean that is far enough from 𝑢𝑐, we 

can skip all the remaining means and continue on to the next point”. This method offered 

very significant speedups to naïve k-means and are quite simple to implement. [18]  
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Table 1. Comparison of different improved k-means algorithms. [4] 

 

The main reason Hamerlys k-means and Phillips’s Sort means were reviewed in this 

thesis was their dominance when clustering data of low dimensionality. A comparison 

table of most used improved k-means algorithms are listed in Table 1. The question of 

which algorithm is better for our case is highly dependent on the number of desired clus-

ters; Hamerly outperforms Sort when cluster amount is low, but Sort means quickly takes 

the lead when the number of clusters increases. However, Sort means deteriorates very 

quickly if the dimensionality of the data increases. While Hamerly might perform with 

higher dimensions, alternative versions of the algorithm, such as Annulus k-means, 

starts to outperform Hamerlys algorithm when number of centers increase. [4] 

 

Figure 4. K-means with incorrect number of clusters. 
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Even with the introduced improvements, the problem with k-means algorithm is the need 

to give the desired cluster amount as a parameter to the algorithm. This feature may 

result in non-optimal and bad clustering. Examples of too few or too many clusters are 

shown in Figure 4. Some algorithms have been proposed to solve the problem with ex-

plicitly giving the desired cluster amount, but these algorithms are out of the scope of 

this thesis due to their complexity. K-means is also not deterministic; clustering results 

often differ due to the randomness of the initialization. 

2.1.2 DBSCAN 
DBSCAN algorithm was proposed in 1996 by Martin Ester, Hans-Peter Kriegel, Jörg 

Sander and Xiaowei Xu for data clustering [5]. DBSCAN was awarded a Test of Time 

award for its “impact on the data mining research community” [23] and due to its wide 

used, was ranked 24th on the top-ranked papers on data mining by Microsoft Academic 

Search [24]. While multiple improvements have been proposed [25] [26] to DBSCAN, we 

will focus on the original version of the algorithm. 

The name DBSCAN comes from “density-based spatial clustering of applications with 

noise” and is widely used in fields including urban computing, image processing and 

astrophysics research [27]. As the name suggest the algorithm clusters data sets based 

on their density in a particular area. The parameters given for DBSCAN clustering algo-

rithm are minimum points in cluster 𝑚𝑖𝑛𝑃𝑡𝑠 and detection range ∈. DBSCAN defines 4 

types for points in the dataset: core point, directly density-reachable point, density-reach-

able point, and noise point. [5] The simplified principles of DBSCAN are as follows: 

• If at least 𝑚𝑖𝑛𝑃𝑡𝑠 number of points are in the range ∈ from point p, p is a core 

point. 

• If point 𝑝 is within distance ∈ from core point, point 𝑝 is directly reachable. 

• Point 𝑝 is reachable from point 𝑟, if there exists a core point path from initial point 

𝑟 to 𝑘 where 𝑝 is directly reachable from 𝑘. 

• Points that do not fall into the above types are noise points.  

The core point, and all the points that are reachable by it, form a cluster. The algorithm 

scans through all unprocessed points in the dataset. The point is marked as processed 

whenever it is assigned a type. The DBSCAN algorithm process is illustrated in Figure 

5. 
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Figure 5. DBSCAN process. A is initial core point, C and B are reachable 
points from core point A. N is a noise point. [28] 

As opposed to k-means, DBSCAN does not require the desired cluster amount as algo-

rithm parameter. Instead, it needs the minimum points in cluster 𝑚𝑖𝑛𝑃𝑡𝑠 and the radius 

threshold ∈ as algorithm parameters. However, these parameters are not entirely arbi-

trary; with enough knowledge on the nature of the data, the parameters could be as-

signed to support appropriate clustering. DBSCAN is also capable of detecting noise 

thus making it resistant to outliers. [28]  

Unlike centroid-based k-means, DBSCAN is density-based and forms non-spherical 

clusters [29]. DBSCAN algorithm does not output any central point of the cluster. Alt-

hough calculating such point is possible with any given grouping, such central point might 

be misleading or rendered useless with complex cluster shape. Examples of such com-

plex clusters are shown in Figure 6. DBSCAN is almost deterministic; almost the same 

clusters are formed even if the algorithm is used repeatedly on the same dataset. Some 

variations might occur on the clusters, caused by points lying on separate edges of two 

clusters. [28] 
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Figure 6. DBSCAN clusters. Black points are noise points. 

The complexity of DBSCAN clustering algorithm is 𝑂(𝑁2). For this reason, DBSCAN is 

usually paired with capable spatial indexing algorithm to improve the required range que-

ries made during DBSCAN. Spatial indexing algorithms will be reviewed later in this the-

sis. 

2.1.3 Hierarchical clustering methods 
Hierarchical clustering has been widely used in analysis of gene expression data [30] 

and further to identify expression subtypes in cancers [31] [32]. Hierarchical clustering 
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algorithms have also been widely used in geographical applications [33] [34]. In compar-

ison to k-means or DBSCAN, traditional hierarchical clustering does not require any pre-

defined parameters [35]. 

In hierarchical clustering the dataset is recursively partitioned in either agglomerative or 

divisive method [36]. In agglomerative method, each point in the dataset initially repre-

sents a cluster of its own. The clusters are repeatedly merged until a desired cluster 

structure is formed. In divisive method all points initially belong to the same cluster. The 

big cluster is then divided into sub-clusters, which are recursively divided again to sub-

clusters until the desired structure is formed. [37] 

The actual clustering or forming the cluster is based on a level of similarity, which in this 

thesis is typically the Euclidean distance between clusters. The desired result of hierar-

chical clustering is a dendrogram, which represents the nested grouping of points. Then, 

cutting the dendrogram at any given level, we end up with a combination of clusters. The 

nature of the cluster combination is driven by the depth we cut the dendrogram. If we 

were to cut the dendrogram according to the dotted line in Figure 7, the cluster configu-

ration would be 𝑎, 𝑏𝑐, 𝑑𝑒 and 𝑓.   

 

Figure 7. Dendrogram resulting from hierarchical clustering. The arrowed 
lines represent agglomerative clustering. For divisive, the arrows would be re-

versed. 

One topic of hierarchical clustering is the calculation of similarity when further clustering 

the clusters. In the case of Figure 7, how do we calculate the distance between clusters 

𝑏𝑐 and 𝑑𝑒? Three different methods are proposed by Ward [38] for the calculation: 

• Single-link clustering. Also called nearest neighbor method. We calculate the dis-

tance between two closest points between merging clusters. In 𝑏𝑐 and 𝑑𝑒 case, 

distance between points 𝑏 and 𝑒. 
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• Complete-link clustering. Also called furthest neighbor method. We calculate the 

distance between two furthest points between merging clusters. In 𝑏𝑐 and 𝑑𝑒 

case, distance between points 𝑐 and 𝑑 

• Average-link clustering. We calculate the distance between clusters to be the av-

erage distance from any member of one cluster to any member to other cluster. 

[37] 

The nature of the clustering is highly dependent on the linking method used. While com-

plete-link clustering usually creates more compact clusters and more useful hierarchies, 

the single-link method is regarded as more versatile method. 

One variation of hierarchical clustering, which has been used in multiple map visualiza-

tions before, is hierarchical greedy clustering. This algorithm was introduced by Vladimir 

Agafonik in 2016 for his “Supercluster” implementation of map visualization solution [39]. 

The algorithm acts partly in similar way as DBSCAN since it uses similar radius threshold 

∈ to find neighboring points for merger. The process of greedy clustering is as follows: 

1. Start with a random point in dataset. 

2. Find all points in radius threshold ∈. 

3. Form a new cluster with the points and mark them as clustered. 

4. Proceed to next point that is not part of a cluster yet. 

Then, we simply repeat steps 1-4 with the newly formed clusters to receive the hierar-

chical structure. With each iteration, we increase radius threshold ∈. This process is vis-

ualized in Figure 8. 

 

Figure 8. Hierarchical greedy clustering. Dotted line represents the search ra-
dius. 
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One disadvantage of hierarchical clustering is the inability to undo the clustering; when 

two points are merged, there is no way to reverse the process. Also, as is the case with 

DBSCAN and k-means, the time complexity of hierarchical clustering is 𝑂(𝑁2) [37], 

which underlines it poor scalability. Likewise, the running time of these clusters can be 

greatly improved with external measures, such as spatial indexing. 

2.2 Spatial indexing 

The simplest way to detect points within a certain radius is to process through all points 

and save the points that fall in the radius threshold. However, this approach results in 

potentially huge number of unnecessary distance calculations. To optimize such queries, 

we introduce spatial indexing [40]. Per Agafonkin, “Spatial indexing is an indispensable 

building block in many algorithms” [39]. Algorithms such as DBSCAN rely heavily on 

regional queries and improve by optimizing such queries [41]. While indexing our data 

for spatial queries takes processing by itself, it is required to do only once. This approach 

is very suitable for location data map, since the amount of range queries heavily outnum-

bers the number of times the visualized data changes. In this section we look at some 

common spatial indexing methods. First, we review one of the earliest spatial indexing 

methods, quadtree. Then, we review kd-tree, which is a close relative of the quadtree. 

Finally, we review range tree, which specializes itself in range queries. It should be noted 

that the review of the following spatial indexing algorithms are supposed to work as sup-

portive algorithms for the clustering algorithms we introduced. The review of these algo-

rithms does not necessarily venture too deep into the actual implementation and creation 

of such spatially indexed databases.  

2.2.1 Quadtree 
The term quadtree has taken on a generic meaning. It is used to “describe a class of 

hierarchical data structures whose common property is that they are based on the prin-

ciple of recursive decomposition of space” [42]. Quadtree was first introduced by Raph-

ael Finkel and Jon Louis Bentley in 1974 [43]. While binary search trees were used suc-

cessfully for one-dimensional data retrieval, quad-tree was introduced to solve multi-di-

mensional queries.  
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Figure 9. Point-region quadtree and the hierarchical structure. [43] 

The principle process of indexing data into a quadtree starts by dividing the space into 

four quadrants on a node. We then recursively do the same procedure to the child nodes. 

This process is visualized in Figure 9; point A being the root node and further propagating 

the procedure to its child nodes. This version of a quadtree, where the division is made 

based on point location, is called point quadtree. There are other variants, for example 

a region quadtree, where the created quadrants are always equal in size. [43] 

By indexing the data in a quad-tree, we can do optimized range queries to the database. 

If the searched area falls within or overlaps a quadrant, we invoke the same search query 

to the internal quadrant recursively to search for points in range. 
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void quadtreeRangeQuery (Node P, int left, int right, int bottom, 
int top)  

{   
// Recursively searches all subtrees of P to find all nodes                           

within window bounded by left, right, bottom and top parameters. 
x  getXCoord(P); 
y  getYCoord(P); 
if inRegion(x,y) then pointFound(P) 
// Search all child nodes 
if rectangleOverlapsRegion(x, right, y, top)  
    then rangeQuery(P[1],x, right, y, top) 
if rectangleOverlapsRegion(left, x, y, top)  
    then rangeQuery(P[2],x, right, y, top) 
if rectangleOverlapsRegion(left, x, bottom, y)  
    then rangeQuery(P[3],x, right, y, top) 
if rectangleOverlapsRegion(x, right, bottom, y)  
    then rangeQuery(P[4],x, right, y, top) 
} 
 

Algorithm 1. Range search in point quadtree. 

The process of searching a region with quadtree is conceptualized in Algorithm 1. Two 

supporting algorithms must be used with the algorithm, inRegion and rectangleOver-

lapsRegion. inRegion is a boolean function to return true if the node is in the region. 

rectangleOverlapsRegion is given the queried area with parameters left, right, top and 

bottom. For example, given parameters 3, 6, 1 and 3 would encapsulate an area of 3 to 

6 in x-dimension and 1 to 3 in y-dimension. The algorithm is recursive and initialized from 

the root node. [43]  

2.2.2 kd-tree 
Unfortunately, the worst-case behavior of quadtrees is “quite bad” [44]. As an improved 

version of quad-tree, kd-tree was introduced in 1975 by Bentley [45]. While in quadtree 

we divide the dataset recursively into quadrants, in kd-tree we divide the dataset into two 

with each recursion. Kd-trees have been previously used in geographical applications 

[46] 
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Figure 10. A kd-tree. On left subdivided dataset. On right the resulting tree 
structure. [44] 

Consider P as set of n points in two-dimensional space. We split the dataset into two 

roughly same sized subsets with vertical line l and store the new datasets as 𝑃𝐿𝑒𝑓𝑡 and 

𝑃𝑅𝑖𝑔ℎ𝑡 in the root node P. The new subsets, 𝑃𝐿𝑒𝑓𝑡and 𝑃𝑅𝑖𝑔ℎ𝑡, are then again divided now 

with horizontal line. Similarly, the new subsets are stored inside 𝑃𝐿𝑒𝑓𝑡and 𝑃𝑅𝑖𝑔ℎ𝑡. By al-

ternating between vertical and horizontal lines we alternate the splitting according to x 

and y-coordinates. In attempt to split the dataset evenly, the split is positioned in the 

median point of the dataset. The division of subsets and the resulting tree structure are 

visualized in Figure 10. [44] 
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void kdtreeRangeQuery (Node v, area R)  
{   
    if v is leaf 
        then Report the point stored at v if it lies in R. 
 
    else if childTree1 is fully container in R. 
        then report Subtree(childTree1) 
    else if childTree1 is intersecting with R. 
        then kdtreeRangeQuery(childTree1) 
 
    else if childTree2 is fully container in R. 
        then report Subtree(childTree2) 
    else if childTree2 is intersecting with R. 
        then kdtreeRangeQuery(childTree2) 
} 
 

Algorithm 2. Kd-tree range query pseudocode. 

When searching for a set of points in any given region, we recursively search down the 

kd-tree by detecting if the searched region intersects with the child tree areas. If a region 

is fully contained within the searched area, we can report all the points stored in its sub-

tree. When we reach a leaf, a node which only contains one point, we must check 
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whether it falls within the searched area. The range query process in conceptualized in 

Algorithm 2. A rectangular range query on a kd-tree takes 𝑂(√𝑛 + 𝑘) time, where 𝑘 is 

the number of reported points. Kd-tree uses 𝑂(𝑛) storage. [44] 

2.2.3 Range tree 
Next, we will introduce range tree, which has a query time of 𝑂(𝑙𝑜𝑔2 𝑛 + 𝑘) for two-di-

mensional data thus outperforming kd-tree. The improved query time comes with a cost; 

when kd-tree had storage of 𝑂(𝑛), range tree takes 𝑂(𝑛 log 𝑛) storage [44]. Range tree 

was introduced by multiple sources separately [47] [48], most notably Bentley, known 

also for his work in quad-trees and kd-trees, in 1979. The structure of a range tree is 

visualized in Figure 11 and is as follows: 

• The main tree is 1-dimensional balanced binary search tree 𝑇 built on the x-co-

ordinates of the points in 𝑃.  

• For any node 𝑣 in 𝑇, the canonical subset 𝑃(𝑣) is stored in 1-dimensional bal-

anced binary tree 𝑇𝑎𝑠𝑠𝑜𝑐 on the y-coordinate of the points, which is called associ-

ated structure of 𝑣. [44] 

As with kd-tree, the split node is the median point of the dataset, and the sought structure 

is balanced tree. With this structure, on region query we basically have two 1-dimen-

sional binary search trees to search for x to x’ and y to y’ queries. 

 

Figure 11. 2-dimensional range tree. 
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When querying points in a region, we first process through the main binary search tree 

as in 1-dimensional binary search tree. So, given a query range of x to x’ and y to y’, we 

first concentrate on the x-coordinate. As with binary search trees, we first look for the 

split node. A split node is a node, where to the search query path splits. In the case of 

Figure 12 if the searched area were for example 11 to 26, the split node would be the 

node with the value of 23.  

 

Figure 12. Binary search tree. [44] 

After finding the split node, the search path splits to left branch and right branch. In left 

branch, if the value x is smaller than the value in node, we move to left subtree and report 

the right subtree. Similarly, while searching in right branch we compare the value x’ to 

the value of the node. If x’ is bigger than the node value, we move into right subtree and 

report left subtree. Whenever we report a subtree, we initialize a range query of range y 

to y’ on the associate tree 𝑇𝑎𝑠𝑠𝑜𝑐. The pseudocode for the region query is described in 

Algorithm 3. 
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void rangetreeRangeQuery (Tree T, int x, int x’, int y, int y’)  
{   
    vSplitfindSplitNode(T,x,x’) 
    if vSplit is leaf 
        then Check if vSplit should be reported. 
    else  
        v  leftSubtree(vSplit) 
        while v is not a leaf  
            do if x < xBranch 
                then 1DRangeQuery(Tassoc(rightSubtree(v),y,y’) 
                    v  leftSubtree(v) 
                else  
                    v  rightSubtree(v) 

           checkForReport(v) 
 
    // Similarly, follow v  rightSubtree(vSplit) with x’ and call  
       1DRangeQuery with y to y’ range on the Tassoc of left of path. 

} 
 
 

Algorithm 3. Range tree region query. [44] 

The building complexity of a range tree is 𝑂(𝑛 𝑙𝑜𝑔𝑑−1 𝑛) where d is the dimensionality of 

the raw data. Range tree uses 𝑂(𝑛 𝑙𝑜𝑔𝑑−1 𝑛) storage and has a query time of 

𝑂(𝑙𝑜𝑔𝑑  𝑛 + 𝑘), where 𝑘 is the number of reported points. [44] 

2.3 Previous implementations 

It is undoubtedly easy to find many similarities from interactive world maps and our de-

sired application. In such implementations it is desirable to only show the level of detail 

to user which is relevant for the current zoom level. A good example is Google Maps, 

which only shows the street names of a city when enough zoomed in into the certain city. 

We do a short review of some previous implementations that strive to tackle the same 

problems as our thesis. 

In 2006, Meert, Tronçon and Janssen researched similar subjects regarding their cluster 

map in their work “Clustering Map” [49]. A very similar review of k-means, hierarchical 

and DBSCAN algorithms was made when trying to determine optimal way to reduce 

clutter in a map visualizing points of interest. In the implementation they ended up using 

DBSCAN algorithm for the data clustering. To speed up the regional queries, they also 

implemented a RTree spatial database for the data. Their map supported zooming and 

scrolling, but the actual clustering product remained static. User was given an option to 

“zoom in” into a cluster by selecting a cluster. This allowed the user to “see inside” the 

cluster. Given this option, the map effectively had hierarchical structure, although the 

hierarchy only consisted of two layers, clustered and non-clustered. [49] 
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Another previous implementation, which was mentioned earlier, is the “Supercluster” im-

plementation by Vladimir Agafonik in 2016. In his implementation Agafonik uses hierar-

chical greedy clustering to cluster data points in an interactive map. He also uses spatial 

databases for optimal region query, in this case a spatial indexing called RBush. The 

resulting cluster structure has a set of clusters and spatial indexing for each zoom level. 

[39] 
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3. DESIGN PROCESS AND PROPOSAL 

3.1 Determining clustering algorithm 

Choosing the clustering algorithm for the location data map is a crucial part of the design. 

When done well, the clustering process and the resulting clusters “feel right” and con-

tribute to a smooth user experience and could often even go unnoticeable. When gone 

wrong, the clustering feels unnatural and annoying. 

Next, we review the process of choosing the clustering algorithm for the location data 

map that we are designing. There are a few factors that should be evaluated when choos-

ing the algorithm. One of these factors is the estimated distribution of data and the esti-

mated number of data points. Another factor that should be considered is the actual 

speed of the clustering algorithm. However, it should be noted that the supportive spatial 

indexing algorithm will tremendously improve the clustering speed by optimizing the re-

gion queries. 

One crucial theme in choosing the algorithm is the actual mission of clustering; what 

does the user want to observe from the map? Are we interested in irregularities, noise, 

or differences in densities? How often do we change the raw data? The answers to these 

questions vary and should be considered as the backbone of the design. In Cargotec’s 

case, the main application the map was intended for was to observe irregularities in 

alarm locations. Cargotec also wanted the ability to observe some potentially problematic 

places in the cargo terminal and to see if the problematic locations caused any increase 

in alarms. Changes in raw data would happen often since the user could be able to filter 

out unwanted data with filters. 

3.1.1 User controls 
To make any meaningful strides towards a suitable clustering algorithm, the need for 

user manipulation of the map view should be considered. Some of the most common 

tools of this nature are: 

• zooming in and out of the map 

• panning through the map 

While these tools give the user much freedom and versatility on how, and more im-

portantly, for what, to use the map feature for they come with a cost. For these tools, 

most notably the zoom tool, to be meaningful the clustering algorithm should be able to 
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support them. Since we want to lower the level of detail when detail is not necessary (to 

lighten the rendering process of the map), we conversely want to increase the level of 

detail when detail is necessary. This concept is visualized in Figure 13. 

 

Figure 13. Change in level of detail when zooming in. Black circles represent 
the different cluster structures for deeper zoom level. Inner squares represent 

the area that is about to be shown after next zooming in. Blue dots represent po-
sitioned data points. 

To achieve this functionality, we need to have hierarchical structure, or at least imitate 

hierarchical structure. Hierarchical clustering algorithms, as their name suggests, pro-

vide the desired hierarchical structure naturally. But this is not the case with k-means nor 

DBSCAN hence alternative methods are needed. 

One method to achieve a hierarchical structure in our clustering is to do multiple runs of 

the algorithm with changing parameters. For example, running DBSCAN algorithm with 

increasing radius threshold ∈ would form the required change in level of detail on each 

process. We could then store the created cluster combinations and change the visualized 

combination based on map zoom level. In the case of k-means, we could run the algo-

rithm with increasing number of desired clusters, which would culminate in conceptually 

similar structure and open the same potential for zoom level visualization changes. The 

problem with this method however is the big amount of required processing. In the case 

of DBSCAN, the time complexity would increase to 𝑂(𝑁2𝑧), where z is the amount of 

zoom levels. If raw data were to change often, this problem would be further emphasized.  

To reduce the amount of processing we can try the agglomerative recursive strategy that 

was introduced with hierarchical greedy clustering. Instead of running the algorithm with 

the same raw data using different parameters, we could rerun the algorithm with the 

products of the last process. In the case of k-means, we would start with arbitrary and 

relatively big number of clusters and rerun k-means with the previous product for every 

zoom level. However, this approach introduces some problems.  
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Since k-means clustering is relatively easily skewed by noise, the recursive strategy 

would potentially further accentuate the effect of noise. DBSCAN is not free of issues 

either; the problem with arbitrarily shaped cluster is the lack of strategy for recursive 

clustering. The defining question is “how do we handle the clustering product in terms of 

reusing it in the algorithm?”. Consider Figure 14 and its two arbitrary clusters. The recur-

sive strategy used with greedy hierarchical clustering would immediately merge the two 

clusters with any radius threshold, since their centers lie on top of each other. Some 

efforts have been made to develop a “hierarchical DBSCAN” [50], but due to its com-

plexity it has been left out of this thesis. 

 

Figure 14. Two clusters gained with DBSCAN and their central points. 

Increasing the level of detail (by zooming in) naturally means visualization of smaller and 

smaller clusters. By visualizing the raw data with smaller clusters, we end up with in-

creased number of clusters. Depending on the technology in use, we want to avoid un-

necessary processing of clusters that are not in the view. This concept is visualized in 

Figure 15.  

 

Figure 15. Visualizing only the clusters that are in the view (inner square). 

By processing the data that is only in the view opens another method for clustering in-

teractive map worth venturing: clustering the data that is in the view with k-means. The 

method consists of following steps: 
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• Query all the data points 𝑃 in the view. 

• If 𝑃 ≤ 𝑘, visualize the data without clustering. 

• If 𝑃 > 𝑘, cluster the data with k-means and visualize clusters. 

The downside of this method is the dependency for highly optimal algorithms for the point 

query and clustering. If either of the two perform badly the user experience of the feature 

will decline rapidly. 

3.1.2 Nature and the amount of the data  
The nature of the data distribution plays an important role when choosing suitable clus-

tering algorithm. The visualized data might be uniform, non-uniform, or something in be-

tween. It could be uniform in some part and irregular in other parts of the map. As was 

discussed before, the actual need of the map should be considered. While DBSCAN 

seemed to lack the natural support for recursive strategies, it is highly versatile due to its 

density-based clustering. For example, with carefully selected radius threshold ∈ the 

data distributions seen in Figure 16 could all be quite optimally clustered. Hierarchical 

greedy clustering could return similar results, only with higher amount of clusters ending 

up with heatmap-like result. The shortcoming of k-means would be further underlined 

with non-optimal selection of desired clusters. However, k-means could still manage to 

visualize the higher-density areas with non-uniform data. 

 

Figure 16. Different distributions of data. 

The anticipated amount of noise should also go into consideration; different algorithms 

handle noise better than others. As for k-means, it is prone for non-optimal clusters due 

to noise data. As the name suggests, DBSCAN has built in support for handling noise, 

thus making it superior in that regard. Hierarchical greedy clustering is affected by noise, 

but only when the radius threshold ∈ is too big. 
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3.2 Determining spatial indexing 

For clustering algorithms, one considerable factor is the time complexity of the actual 

clustering process. To support this process, optimization of region queries is needed. 

While there are numerous spatial indexing algorithms, the algorithms in this thesis all are 

intended to provide a fast way of querying specific areas for data points. When building 

a spatial database, there are two factors that the user should consider: speed require-

ments, memory requirements and the complexity of the algorithm. In this thesis, the two 

spatial indexes that we consider for usage are kd-tree and range tree. While quadtree 

was introduced in Chapter 2, it is left out due to kd-tree being an improved version of 

quadtree. 

Given our clustering algorithms, the spatial indexing algorithms are of great use only for 

DBSCAN and hierarchical greedy clustering. Taking advantage of spatial database with 

k-means clustering might become a bit challenging with everchanging positions of the 

centroids. From spatial database viewpoint, this means removing and adding a new point 

every time a centroid changes position. The question “what are the points P in this re-

gion?” does not go asked in k-means, rather “what is the closest centroid to point p?”. 

While kd-tree does support nearest neighbor query, the application of spatial database 

would be suboptimal for k-means. However, if we were to design an “adaptive k-means” 

that would query the data points that are in the current view, spatial indexing would be 

of great use for the overall method. 

3.2.1 Time and space requirements 
The crucial variables of our spatial indexing algorithms are the region query complexity 

and storage complexity. Depending on the frequency of change in raw data, the building 

complexity of the spatial database must be also considered. The different complexity 

notations for different operations of the spatial database are listed in Table 2. As was 

highlighted in Chapter 2 and is seen from Table 2, the trade-off for better query time of 

the range tree comes with the price of storage complexity. For two-dimensional data, the 

building complexity is the same for both databases. 

Table 2. Spatial indexing algorithms and their complexity for two-dimensional 
data. 

Algorithm Building Region query Storage 

Kd-tree 𝑂(𝑛 log 𝑛) 𝑂(√𝑛 + 𝑘) 𝑂(𝑛) 

Range tree 𝑂(𝑛 log 𝑛) 𝑂(log2 𝑛 + 𝑘) 𝑂(𝑛 log 𝑛) 
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Both kd-tree and range tree perform similarly on low number of points. When the number 

of points start to increase, the range tree will start to outperform kd-tree as is seen in 

Figure 17. If the data amount is anticipated big, the larger storage trade-off for perfor-

mance might be profitable. 

 

Figure 17. Region query complexity of kd-tree and range tree. 

3.3 Proposed design 

Next, we will propose a design for the data location map. Before going into the proposed 

design, the general architecture of the system should be familiarized. Then, we will re-

view the software design of acquiring, storing, and linking the position data. Then, we 

will review two different designs for clustering and cluster visualization. Finally, we intro-

duce the proposed user controls for the map feature. 

3.3.1 Current system design  
The current GUI software, FleetView, is Qt 5.12.8. based software. It uses QWidgets in 

the view layer to visualize different objects in the terminal. The terminal overview is vis-

ualized in QGraphicsView. FleetView uses generic communication and data layer 

CommManager which provides certain communication functions for FleetView. For ex-

ample, incoming and outgoing data queueing and caching. The communication is han-

dled with the notion of tags. A certain peer inside FleetView, which can be any machine 

or independent service, can subscribe to a certain tag and receive data when the tag 

arrives to FleetView. It is also possible to send internal tags inside FleetView that are 

invisible to outside modules. 
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During startup, FleetView reads the current terminal status and caches certain infor-

mation during runtime. Some of the cached information includes information regarding 

tags, alarms, containers, zones, stacks, and jobs. 

FleetView consists of multiple views. The actual view configuration is determined by con-

figuration files that are read during startup. One of the views we are interested in regard-

ing this thesis is the Alarms view. Opening this view opens up a QTabWidget, which has 

a main tab of list view consisting of all the alarms in the system. The QTabWidget can 

also have more tabs, which is where we are going to implement our alarm map. On this 

blank tab, we can implement a separate QGraphicsView to show us the terminal layout 

and visualize alarms. On the same tab we can implement our filtering functionalities. 

3.3.2 Acquiring and handling position data 
In this section, we introduce our method for linking positional data to new alarm data. 

Our application is for operational use; the required design is tightly connected to the 

runtime data. The visualized data is gathered during GUI runtime. Further, the scope of 

the data map feature will be encapsulated in GUI software. In other words, the usage of 

feature will only live inside the GUI application and no external interfaces are needed. 

Given this scenario, we design the position data acquisition inside our GUI software by 

using internal model (cache) to store the position data. By storing the positional data to 

separate cache, we can have it separate from our UI view, respecting the MVC design 

pattern. In MVC-model, this cache would represent the model.  

Whenever a machine moves in the terminal the control system sends a position update 

message to our GUI application. When control system sends new position data to our 

GUI application (FleetView), we store the sent values to position data cache, and prop-

agate the changes in model to our view as seen in Figure 18. By doing so, our model 

and data is not dependent on the view component of our application. 
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Figure 18. Acquisition of machine position data. 

When an alarm state changes in a machine, the GUI application gets informed by it with 

alarm event. When we receive a new alarm activation notification (event) in our GUI we 

identify the machine the alarm belongs to. If the machine position has changed before 

the alarm event arrives, we should have the machine position cached in our application. 

When we process the alarm and add it into our alarm cache, we can ask the position 

data cache for the machines position. This position is naturally not precise, but it is not 

required to be since the usage of the data visualization is not dependent on precision of 

the position data. The concept of requesting positional data with machine identifier amid 

receiving new alarm event is visualized in Figure 19. It should be noted that this concept 

is not dependent on the alarm data type; any event that is tied to a specific machine 

could be positioned based on the acquired position from position cache. 
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Figure 19. Linking positional data to received alarm event. 

3.3.3 Initializing clustering data 
Now that we have linked position data to alarm events, we can request positioned alarm 

data from our alarm cache when initializing the clustering process. The clustering se-

quence is visualized in Figure 20. When user initialized a clustering sequence, several 

parameters are given in by the user. For our alarm data purposes these parameters are: 

• Machine type or ID 

• Alarm class  

• Alarm ID 

All positioned alarms are requested from alarm cache. Afterwards, the alarms are filtered 

by the user-given parameters. Next, the filtered alarms are sent to clustering with clus-

tering parameters. 

3.3.4 Clustering 
The proposed clustering method for our application is hierarchical greedy clustering. It 

offers robust and versatile functionality for our current needs and is not overly dependent 

on the end-user computer performance. By using hierarchical greedy clustering, we can 

optimize the performance using range tree spatial indexing and its fast region query.  We 

can change the spatial indexing later if the increased storage complexity causes prob-

lems.  
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Figure 20. Clustering sequence. 

When we have the initialized clustering data, we send the data to separate clustering 

thread with the clustering parameters. In the case of hierarchical greedy clustering, the 

parameter sent is the radius threshold ∈. First, inside the clustering thread, we create a 

range tree from our dataset alarms. Using the range tree, we run the hierarchical greedy 

clustering algorithm and acquire cluster configuration for a specific threshold ∈. We then 

use recursive methods to gain the hierarchical structure; for each recursive step we in-

crease the threshold ∈, build the range tree and acquire a new cluster configuration by 

clustering the previous configuration clusters. After each recursion, a cluster configura-

tion and its respective tree is sent to the controller. From these the controller forms a 

cluster map, which consists of each cluster configuration and its range tree. The end 

condition for our clustering process is a cluster amount threshold. When the acquired 

cluster set contains fewer clusters than our limit, we send the final cluster configuration 

and its range tree to controller entity and the map is completed. 

3.3.5 Visualization and user controls 
When we have the cluster map gathered, we send it to our view layer. From there it is 

propagated to our cluster object that resides inside the view. Whenever a cluster map 

changes or the view is changed, we want to recalculate the clusters we are about to 

visualize on the map. To determine the cluster configuration, we use the map area size 
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to calculate the optimal configuration. After finding the configuration, we find the clusters 

of that configuration in the searched region using the range tree that is associated with 

the configuration. After finding the cluster to visualize, we paint them into the view. 

 

Figure 21. Sequence of changing the cluster configuration based on view. 
Layer consists of cluster set and its respective range tree. 

We visualize the cluster with circles. The radius of the circle will be the distance from the 

cluster center to the furthest data point inside the cluster. This information is calculated 

in the clustering process and stored inside the metadata of individual cluster. The user 

controls for the map feature will consist of map zoom control and map move control. We 

implement the view change trigger in a way that sends an update request for the cluster 

object whenever the map zoom is changed, or the map view is moved. 

We also want the user to be able to access the individual cluster data. We want to show 

the amount of data points inside the cluster on a tooltip text whenever the cursor is hov-

ered above the cluster. We also want the user to be able to access more detailed infor-

mation of the cluster. We do this by implementing a context menu that allows the user to 

view the contained data points in a table view.   
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4. IMPLEMENTATION 

4.1 Linking position to data 

Linking position to data means linking machines positional data to an unlocated event 

data sent by the machine. In this section we review the implementation of linking position 

to event data, which is in this case alarm event. First, we construct a position data cache 

to store the machine positions. Then, we use the position data cache to fetch machine 

position for events. This chapter contains crucial parts of the implementation code with 

supporting explanation for the algorithms. The actual end-result of the implementation is 

reviewed in Chapter 5. 

4.1.1 Positional data cache 
We store the position data in a map, where machine ID is the key and machine position, 

CQDataActualPosition, is the value for the key. Whenever machine position changes, 

FleetView will receive a message of the changed position via a tag. This message will 

be propagated to our position cache via subscription. There are three different ways for 

the position data to arrive to our GUI: 

1. Position data containing orientation, x-coordinate and y-coordinate. 

2. Position data containing either orientation, x-coordinate or y-coordinate. 

3. Gantry offset of a rail mounted machine. 

In the first case, we simply update our map with the new values and emit the new data 

to our machine object in view. In the second case, we fetch any previous data from the 

machine in question and only replace the value we received via message. The third 

case, which is conceptualized in Algorithm 4, is more complicated: we must know the 

direction of the rails and the zero position for the rail. We retrieve the vector for rail po-

sition and set its length based on the sent value. The endpoint of the vector is the new 

position of the rail mounted machine. 
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case ASCCSGantryOffset: 
    { 
        CQDataActualPosition pos = getPosition(sender); 
        QLineF vector(getRailDirection(sender)); 
        vector.setLength(toSceneReal(value.toInt())); 
        pos.x = vector.p2().x(); 
        pos.y = vector.p2().y(); 
        updateMachinePos(sender,pos); 
        break; 
    } 
 

  

Algorithm 4. Handling gantry offset position. 

When the new position is known the machine position will either get added to the map 

or its position updated in the map. After this, the new position will be emitted to the ma-

chine object residing in the view layer. 
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void UniQPositionCache::updateMachinePos(QString machineId,CQDataA 
tualPosition pos) 
{ 

QMap<QString,CQDataActualPosition>::iterator it; 
for (it=m_positionMap.begin();it!=m_positionMap.end();it++) { 
    if (machineId == it.key()) { 
        it.value() = pos; 
        COMM_MANAGER->publishInternalTag(machineId,TagLo calMa-

chinePosition,QVariant::fromValue<CQDataActualPosition>(pos)); 
        return; 
    } 
} 
m_positionMap.insert(machineId,pos); 
m_positionedMachineList.append(machineId); 
emit machineAdded(); 
COMM_MANAGER->publishInternalTag(machineId,TagLocalMachinePosi-

tion,QVariant::fromValue<CQDataActualPosition>(pos)); 
} 

 

Algorithm 5. Update of the machine position and emitting it to the machine ob-
ject in view layer. 

It should be noted that any event data sent to the GUI before any position data will not 

be able to link to any position. Our position data cache is populated via runtime data and 

does not initialize in any meaningful position. This also means that any machine that 

remains stationary from the software startup does not correctly position any events that 

would belong to it. This is however highly rare, and the loss of possible positional data is 

very minimal. 

4.1.2 Positioning data 
When new event information arrives to our GUI, we link the event sender machine to the 

positional data in our cache. By event we mean any data or information that can be 
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meaningfully tied to a time. In our application the events we are interested in are alarms, 

especially the alarm activation event. 

Every 5 milliseconds our GUI dispatches one message from our message queue. The 

message types are separated into three categories: alarms, events, and tags. In the case 

of alarm type, we propagate the message data to our alarm cache. We end up in doSta-

tusChanged function, shown in Algorithm 6, where we process the alarm message 

properly.  
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void UniQAlarmCachePrivate::doStatusChanged( 
  const QString& peerName, 
  const CQDataHeader& header, 
  const CQDataAlarmEntry& entry, 
  const CQDataAlarmStatus& alarmStatus, 
  const QString& senderPeerName) 
{ 
// 
// 
AlarmItem currentEntry; 
currentEntry = q->m_cache.value(alarmKey, AlarmItem()); 
  if (currentEntry.peerName.isEmpty()) { 
    AlarmItem newItem; 
newItem.peerName = peerName; 

    newItem.sender = senderPeerName; 
    newItem.entry = entry; 
    newItem.timeStamp = header.timestamp; 
    newItem.receivedTime = EFFECTIVE_DATE_TIME.toUTC(); 
    newItem.active = isActive(alarmStatus); 
    newItem.acknowledged = isAcknowledged(alarmStatus); 
    // Set activated time if new alarm is active 
    if (newItem.active) { 
        newItem.activatedTime = header.timestamp; 
        // Set activation position for activated alarms 

           newItem.positioned = true; 
        QPointF pos; 
        if (positionCache()->hasPosition(newItem.sender)) { 
            newItem.positioned = true; 
            newItem.position = COMM_MANAGER->positionCache()->get-

Position(peerName); 
        } 
    } 
} 

// 
    emit q->alarmAdded(newIndex); 
} 
 

Algorithm 6. Linking positional data to new active alarm entry. 

In line 27 of Algorithm 6 we ask the position cache if there exists a position for the alarm 

entry sender. If the position is found, we flag the alarm as positioned and set the position 

of the alarm. The reason we flag the entry as positioned is that we use the flag later when 

we ask the data for the clustering. 
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4.2 Clustering data for visualization 

Now that we have positioned data, we need to visualize it. As has been mentioned 

throughout the thesis, the need for clustering becomes crucial when visualizing large 

amounts of data. Since our alarm cache may potentially grow to hundreds of thousands, 

we need to cluster the data. 

We first review of the algorithm to retrieve the clustering data. We then send the data to 

a separate thread for building a range tree from the data and do the actual clustering. 

We then use the received clusters and range trees to build our visualization system.  

4.2.1 Initializing clustering 
To retrieve the positioned alarms, we create a function positionedAlarms, seen in Algo-

rithm 7, to return all alarms that have position from alarm cache. By previously flagging 

the alarm as positioned, we can simply iterate through the alarm cache alarms and ap-

pend all positioned alarms to our list. 
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QList<AlarmItem> UniQAlarmCache::positionedAlarms() 
{ 
    QList<AlarmItem> alarmItems; 
    foreach(const AlarmItem &item, m_cache) { 
        if(item.hasPosition()) { 
            alarmItems << item; 
        } 
    } 
    return alarmItems; 
}  
 
 

Algorithm 7. Function to return positioned alarms. 

We could implement a filtering functionality inside Algorithm 7, but we want to leave po-

sitionedAlarms as generic as possible for possible future use. When we receive our list 

of positioned alarms, we continue with the data filtering. 

4.2.2 Filtering the raw data and initializing clustering 
We want to filter the alarm list by three different parameters: machine ID, alarm ID and 

alarm class. The first filter we implement is a machine filter. We want to be able to filter 

by individual machine or machine type. For example, we want to only see alarms caused 

by rail mounted machines, or only by terminal shuttles. For this, we implement a popup 

window with variety of checkboxes to select the desired machine filtering. The crucial 

part is populating the popup with relevant options to filter by. The algorithm for such 

populating is seen in Algorithm 8. We first ask the communication manager for all peers 

involved in the system, and then filter those peers by their type. The peer types we are 
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looking for are “straddle”, “asc”, “rmg” and “sts” typed peers. When one of these peers is 

found, we add the peer to a list and eventually make a checkbox representing the said 

peer.  
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void AlarmVisualizationTab::setMachinePopupContent() 
{ 
m_machineFilters.clear(); 
 
QMap<QString, QList<CQCheckBox*>* > checkBoxLists; 
QStringList machinetypes; 
machinetypes.append("straddle"); 
machinetypes.append("asc"); 
machinetypes.append("rmg"); 
machinetypes.append("sts"); 
 
QVector<const CQPeer*> peerList = COMM_MANAGER->peers(); 
  for (int i=0, ie=peerList.count(); i < ie; i++) { 
    if(machinetypes.contains(peerList.at(i)->type)) { 
      CQCheckBox *checkBox = new CQCheckBox(peerList.at(i)->uiName); 
      checkBox->setProperty(kPeerName, peerList.at(i)->peerName); 
      m_machineFilters.append(checkBox); 
      checkBox->setChecked(false); 
 
      QString machineType = peerList.at(i)->type; 
      if (SETTING(SETTING_TERMINALFILTERSUSEBASETYPE, false).to-
Bool()) { 
        machineType = BASE_TYPE(machineType); 
        } 
        if (!checkBoxLists.contains(machineType)) { 
          checkBoxLists.insert(machineType, new QList<CQCheckBox*>); 
        } 
        checkBoxLists.value(machineType)->append(checkBox); 
      } 
    } 
    QMap<QString, QList<CQCheckBox*>* >::const_iterator it = check-
BoxLists.begin(); 
    while (it != checkBoxLists.end()) { 
      m_machinePopupContent->setCheckBoxes(it.key(), it.value()); 
      it++; 
    } 
} 
 

Algorithm 8. Populating machine filtering popup. 

We use a QMap containing machine type as the key. The other pair on the map is QList 

containing checkboxes. With this structure we can have one checkbox for whole group 

of machines of same type and individual checkboxes for each machine. Whenever we 

change our selection inside the filtering popup, an internal private variable m_selected-

Machines will change to reflect the changes. The usage of this filter is conceptualized in 

Algorithm 12. 

The next step of filtering is filtering by alarm ID. This functionality allows the user to 

search for a specific alarm ID with a search field and filter the raw data to only use data 
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that matches the specific alarm ID. To improve the user experience of the alarm ID 

search tool, we implement a functionality that suggests alarm IDs based on user input. 

To implement this, we need to fetch the environment alarm data to reference the possible 

user input to. Since the configured alarm amount might be quite large, we start a new 

thread where we fetch all the alarm data in Algorithm 9 to our private variable 

m_alarmData. 
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QThread *thread = QThread::create([this]{ fetchAlarmDescriptions(FA-
CADE->alarmIndexes(), m_alarmData); }); 
 
connect(thread, &QThread::finished, this, &AlarmVisualiza-
tionTab::initMatchingItemsPopup); 
… 
… 
… 
void AlarmVisualizationTab::fetchAlarmDescriptions(const QList<un-
signed> &alarmIndices, QHash<QString, QString> &alarmData) 
{ 
    foreach (unsigned index, alarmIndices) { 
        const CQDataAlarmMetadata entry = FACADE->alarmItem(index); 
        alarmData.insert(QString::number(index), entry.desc); 
    } 
} 
 

Algorithm 9. Fetching alarm data for alarm ID search input reference. 

 When the thread finishes, we call function initMatchingItemsPopup. In this function, we 

iterate through the m_alarmDataand append possible search values to our search 

widget. When all the alarm data is fetched and appended to possible search values, we 

enable the input for the search field in line 17 of Algorithm 10. 
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void AlarmVisualizationTab::initMatchingItemsPopup() 
{ 
  QStringList texts; 
  QHashIterator<QString, QString> i(m_alarmData); 
  while (i.hasNext()) { 
    i.next(); 
    texts.append(QString("[").append(i.key()).append("] ").ap-
pend(i.value())); 
  } 
  m_filterPopup = new CQTextFilterPopup(this); 
  m_filterPopup->setObjectName("searchFieldEditor"); 
  m_filterPopup->setMatchEmpty(false); 
  m_filterPopup->setTexts(texts); 
  m_filterPopup->setLineEdit(ui->searchAlarmEdit); 
  connect(m_filterPopup, &CQTextFilterPopup::finishedProcessing, 
this, &AlarmVisualizationTab::filterFinishedProcessing); 
  ui->searchAlarmEdit->setReadOnly(false); 
} 
 

Algorithm 10. Iterating through possible alarm inputs and appending them to 
suggestion popup. 
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When user types in alarm description or alarm ID to searchString variable, we use func-

tion matchingItemAlarmId to fetch the corresponding alarm of the user input. This varia-

ble is then used as filter in Algorithm 12 line 22.  

The last filter we need is the alarm class filter. As with machine ID and alarm ID, the 

alarm classes are also needed to fetch from the software configuration files. Fortunately, 

the alarm classes are retrievable from our alarm cache. In Algorithm 11 we first fetch the 

alarm classes from alarm cache. We then remove all the possible duplicates from our 

fetched data. We then proceed to create checkboxes for each unique alarm class. We 

store the checkboxes in m_selectedClasses container. 
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… 
… 
QList<AlarmClass> classes = ALARM_CACHE->alarmClasses(); 
 
QList<int> classList; 
for(int i = 0; i < classes.size(); ++i){ 
  if(!classList.contains(classes.at(i).alarmClass)) { 
    classList.append(classes.at(i).alarmClass); 
  } 
} 
 
for (int i = 0; i<classList.size();++i) { 
  auto cbox = new CQCheckBox; 
  cbox->setText(QString::number(classList.at(i))); 
  ui->classCBoxFrame->layout()->addWidget(cbox); 
  cbox->setChecked(true); 
  m_classFilters.append(cbox); 
  connect(cbox,&CQCheckBox::clicked,this,&AlarmVisualiza-
tionTab::classSelectionChanged); 
  m_selectedClasses.append(classList.at(i)); 
} 
 

Algorithm 11. Fetching the alarm classes from alarm cache and creating corre-
sponding checkboxes during tab initialization. 

Whenever the user makes changes to the checkboxes the m_selectedClasses updates 

to reflect the current selection of classes. When user presses the clustering button on 

the UI, we use this variable in line 17 of Algorithm 12 to filter out unselected classes from 

our clustering data. 
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void AlarmVisualizationTab::searchClicked()  
{ 
  m_map.clear(); 
  m_alarmitems = COMM_MANAGER->alarmCache()->positionedAlarms(); 
  const QString searchString = ui->searchAlarmEdit->text(); 
  QString unit; 
  QString alarmId; 
  if (!searchString.isEmpty()) { 
    unit = matchingItemUnit(searchString); 
    alarmId = matchingItemAlarmId(searchString); 
  } 
  QList<AlarmItem> alarmsToCluster; 
  for(int i = 0; i< m_alarmitems.size(); ++i) { 
    if(m_selectedMachines.contains(m_alarmitems.at(i).peerName)) { 
      if(m_selectedClasses.contains(m_alarmitems.at(i).entry.alarm-
Class)) { 
        if(alarmId.isEmpty()) { 
          alarmsToCluster.append(m_alarmitems.at(i)); 
        } else { 
          if(m_alarmitems.at(i).entry.code == alarmId) { 
            alarmsToCluster.append(m_alarmitems.at(i)); 
          } 
        } 
      } 
    } 
  } 
  if(!alarmsToCluster.isEmpty()) { 
    doCluster(alarmsToCluster); 
  } else { 
    TERMINAL_WIDGET->hideClusterLayer(ui->terminalMapWidget); 
  } 
} 
 

Algorithm 12. When search button is clicked, the raw data is filtered with the 
implemented filters. 

We now have all three filtering options implemented. The sequence of filtering is seen in 

Algorithm 12. We first clear any previous clustering we might have by calling 

m_map.clear(). We proceed to fetch all positioned alarms, from which we first filter out 

all unselected machines (line 15). We then do comparison of alarm classes to selected 

alarm classes to further filter the raw data. Finally, if alarmId variable is used we do final 

filtering of data via alarm ID. If there is any data left after all the filtering, the doCluster 

function is called with the raw data. If there is no data, the cluster object in the view is 

called to hide itself. 
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void AlarmVisualizationTab::doCluster(QList<AlarmItem> alarms) 
{ 
  QList<CQCluster*> clusters; 
  for (int i = 0; i < alarms.size(); ++i) { 
    CQCluster* cluster = new CQCluster; 
    cluster->pos = alarms.at(i).position; 
    cluster->id = generateId(alarms.at(i)); 
    cluster->innerIds.append(cluster->id); 
    cluster->gamma = 20; 
    cluster->clustered = false; 
    cluster->innerClusters.append(cluster); 
    clusters.append(cluster); 
  } 
  HClustering* clustering = new HClustering(minGap,clusters); 
  connect(clustering,&HClustering::layerReady,this,&AlarmVisualiza-
tionTab::handleClusterLayer); 
  connect(clustering, &HClustering::finished,clustering,&HCluster-
ing::deleteLater); 
 
  m_ptimer.start(); 
  clustering->start(); 
} 
 

Algorithm 13. Alarm data is initialized as clusters before calling clustering 
thread. 

As was described in Chapter 2, “In agglomerative method, each point in the dataset 

initially represents a cluster of its own.”. In Algorithm 13, we iterate through the alarm 

data and initialize a cluster for each data point. We do this by initializing a new instance 

of class CQCluster for each data point. Information on the cluster position and cluster ID 

(being alarm ID in this case) are initialized accordingly. Member innerIds is also initialized 

with clusters own ID. We use the innerIds member further when we merge clusters to 

new clusters. 

When clusters have been initialized, we create new HClustering thread to which we give 

our list of clusters and parameter minGap. This parameter is the first radius threshold ∈ 

that we are going to increase after each recursion. The selection of the threshold ∈ is not 

arbitrary; some consideration should be used when determining the threshold. For ex-

ample, in the case of container terminal, the threshold ∈ is slightly larger than the dis-

tance between the two central points of two side-by-side containers. 

4.2.3 Constructing and using the range tree 
To speed up the clustering algorithm and its region queries we construct a range tree. 

We will build a range tree for each of our recursive layer so that we can quickly query a 

region for clusters. As was discussed in Chapter 2, a range tree is a two-dimensional 

binary search tree. We will first build a binary search tree based on the first dimension 

(x-dimension). For every node of our x-tree we have associated second dimension tree, 

y-tree. 
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Before implementing the actual build algorithm for our range tree, we need to design a 

class to represent a node in our tree. We implement class RTBranch which is declared 

in Algorithm 14.  

 
2 
 

4 
 

6 
 

8 
 

10 
 

12 
 

class RTBranch { 
  public: 
    RTBranch(); 
    ~RTBranch(); 
    RTBranch* m_left;   //Pointer to left branch  
    RTBranch* m_right;  //Pointer to right branch 
    RTBranch* m_yTree;  //Pointer to associated y branch 
    bool isLeaf;        //True if node is a leaf   
    CQCluster* m_leaf;  //If leaf, pointer to a data point  
    QList<CQCluster*> m_points; //All data points “under” the node  
    qreal splitValue;   //Hold the split value of the node 
}; 
 

Algorithm 14. Range tree node class. 

Instance of RTBranch acts as a node in our range tree. It holds all the relevant infor-

mation needed to create and region query our range tree. By using RTBranch, we have 

three RTBranch pointers to the nodes left, right and associated y-tree nodes. When we 

build our range tree we eventually run to a point where each node represents only one 

data point. This kind of node is called leaf and is indicated by isLeaf Boolean member 

variable. If the node is not a leaf, it holds multiple data points in it. In this case the pointers 

to such data points are held in member m_points. When creating the range tree we re-

peatedly divide the dataset on its median point. This median point is crucial when doing 

region query in the range tree and is therefore stored in member splitValue of each range 

tree node. 

The building algorithm of our range tree is shown in Algorithm 15. The input variable for 

our algorithm is a set of data points, in this case our CQCluster pointers. We first create 

a new instance of RTBranch to the heap memory using new keyword. It should be noted 

that creating the object into heap memory requires us to manage the appropriate deletion 

of the object when not used anymore.  
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RTBranch *HClustering::build2DTree(QList<CQCluster *> points) 
{ 
  RTBranch* branch = new RTBranch(); 
  branch->m_points = points; 
  if(points.size() == 1) { 
    branch->splitValue = points.first()->pos.x(); 
    branch->isLeaf = true; 
    branch->m_leaf = points.first(); 
  } else { 
    //Build X Tree 
    std::sort(points.begin(),points.end(),sortClusterByX); 
    int splitPoint = points.size()/2; 
    branch->splitValue = points.at(splitPoint)->pos.x(); 
    branch->m_left = build2DTree(points.mid(0,splitPoint)); 
    branch->m_right = build2DTree(points.mid(splitPoint)); 
  } 
  branch->m_yTree = build1DTree(points); 
  return branch; 
} 
 
 
RTBranch *HClustering::build1DTree(QList<CQCluster *> points) 
{ 
  RTBranch* branch = new RTBranch(); 
  branch->m_points = points; 
  if(points.size() == 1) { 
    branch->splitValue = points.first()->pos.y(); 
    branch->isLeaf = true; 
    branch->m_leaf = points.first(); 
  } else { 
    //Build Y Tree 
    std::sort(points.begin(),points.end(),sortClusterByY); 
    int splitPoint = points.size()/2; 
    branch->splitValue = points.at(splitPoint)->pos.y(); 
    branch->m_left = build1DTree(points.mid(0,splitPoint)); 
    branch->m_right = build1DTree(points.mid(splitPoint)); 
  } 
  return branch; 
} 

  

Algorithm 15. Building a two-dimensional range tree. A separate algorithm is 
used to create the associated y-tree. 

We assign the dataset to the node, and if the dataset consists of multiple values, we 

know that the node is not a leaf and further building of range tree is needed. We sort the 

data points by their X-coordinates and split the dataset from the middle to gain the me-

dian point. We then recursively call the build2DTree function for both m_left and m_right 

nodes with the split datasets. We then continue by calling the function build1DTree to 

build the associated y-tree of our node. The algorithm build1DTree is like build2DTree 

but does not contain a call to create any associate nodes. Both algorithms build2DTree 

and build1DTree are shown in Algorithm 15. 
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By using these algorithms, we should end up having a range tree conceptualized in 

Chapter 2. We now have a spatial database. To use this database effectively we need 

an algorithm for the region query. 

The algorithm for region queries is given in Algorithm 16. The parameters given to the 

algorithm are a range tree and the region to be queried. We first call a function getSplit-

Branch with x-coordinates to find a split node within our first dimension. The split node 

is the node that has a split value inside our search query. For example, when searching 

for x-coordinate values from 8 to 11, a node of median value of 8,9,10 or 11 would be 

considered a split node. If the node is not a split node, we proceed to search the left and 

right branch of the node. 

When searching the left branch, if the lower limit of our x-coordinate is smaller than the 

median split value of the left node, we again move to the leftmost node and initialize a 

one-dimensional search to the right node. This process is on lines 17-26 in Algorithm 16. 

Similar process happens when we search the right branch of the split node, only this time 

we look for x-coordinate upper limit. 
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QList<CQCluster *> HClustering::newSearchRange2D(RTBranch *tree, 
qreal x1, qreal x2, qreal y1, qreal y2) 
{ 
  RTBranch* splitBranch = getSplitBranch(tree,x1,x2); 
  QList<CQCluster*> resultList; 
  if (splitBranch->isLeaf) { 
    if(splitBranch->m_leaf->pos.x() >= x1 
      && splitBranch->m_leaf->pos.x() <= x2 
      && splitBranch->m_leaf->pos.y() >= y1 
      && splitBranch->m_leaf->pos.y() <= y2) { 
      resultList.append(splitBranch->m_leaf); 
    } 
  } else { 
    // Search left branch 
    RTBranch* leftBranch = splitBranch->m_left; 
    while(!leftBranch->isLeaf) { 
      if(x1 <= leftBranch->splitValue  
        || qFuzzyCompare(x1,leftBranch->splitValue))  
      { 
        newSearchRange1D(resultList,leftBranch->m_right-
>m_yTree,y1,y2); 
        leftBranch = leftBranch->m_left; 
      } else { 
        leftBranch = leftBranch->m_right; 
      } 
    } 
    if(leftBranch->m_leaf->pos.x() >= x1 
      && leftBranch->m_leaf->pos.x() <= x2 
      && leftBranch->m_leaf->pos.y() >= y1 
      && leftBranch->m_leaf->pos.y() <= y2) { 
        resultList.append(leftBranch->m_leaf); 
      } 
    // Search right branch 
    RTBranch* rightBranch = splitBranch->m_right; 
    while(!rightBranch->isLeaf) { 
      if(x2 >= rightBranch->splitValue ||  
        qFuzzyCompare(x2,rightBranch->splitValue))  
      { 
        newSearchRange1D(resultList, rightBranch->m_left-
>m_yTree,y1,y2); 
        rightBranch = rightBranch->m_right; 
      } else { 
        rightBranch = rightBranch->m_left; 
      } 
    } 
    if(rightBranch->m_leaf->pos.x() >= x1 
      && rightBranch->m_leaf->pos.x() <= x2 
      && rightBranch->m_leaf->pos.y()  >= y1 
      && rightBranch->m_leaf->pos.y()  <= y2) { 
      resultList.append(rightBranch->m_leaf); 
    } 
  } 
  return resultList; 
} 
 
 

Algorithm 16. Region query algorithm for our range tree. 
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Whenever we call the one-dimensional search function, we pass the reference for our 

result list to append the found data points to. The one-dimensional region query is con-

ceptualized in Algorithm 17. The Algorithm 17 is quite like Algorithm 16 except for the 

line 15 and 30 of Algorithm 17 where all the underlying points of nodes are appended to 

result list. Also, whenever we end up to a leaf node in our search we detect if the leaf 

node is within our search fields and possibly append it to result list. 
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void HClustering::newSearchRange1D(QList<CQCluster *> &resultList, 
RTBranch *xBranch, qreal y1, qreal y2) 
{ 
  RTBranch* branch = getSplitBranch(xBranch,y1,y2); 
  if (branch->isLeaf) { 
    if(branch->m_leaf->pos.y() >= y1 && branch->m_leaf->pos.y() <= 
y2) { 
      resultList.append(branch->m_leaf); 
    } 
  } else { 
 
    // Search left branch 
    RTBranch* leftBranch = branch->m_left; 
    while(!leftBranch->isLeaf) { 
      if(y1 <= leftBranch->splitValue) { 
        resultList.append(leftBranch->m_right->m_points); 
        leftBranch = leftBranch->m_left; 
      } else { 
        leftBranch = leftBranch->m_right; 
      } 
    } 
    if(leftBranch->m_leaf->pos.y() >= y1 
      && leftBranch->m_leaf->pos.y() <= y2) { 
      resultList.append(leftBranch->m_leaf); 
    } 
 
    // Search right branch 
    RTBranch* rightBranch = branch->m_right; 
    while(!rightBranch->isLeaf) { 
      if(y2 >= rightBranch->splitValue) { 
        resultList.append(rightBranch->m_left->m_points); 
        rightBranch = rightBranch->m_right; 
      } else { 
        rightBranch = rightBranch->m_left; 
      } 
    } 
    if(rightBranch->m_leaf->pos.y() >= y1 
      && rightBranch->m_leaf->pos.y() <= y2) { 
      resultList.append(rightBranch->m_leaf); 
    } 
  } 
} 

Algorithm 17. One-dimensional region query in the range tree. 
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4.2.4 Clustering data hierarchically 
To fully understand the overall clustering process, we must go back to the creation of the 

clustering thread that was introduced in Algorithm 13. When we create a new thread for 

clustering, we call the start function of the thread. By calling the start function, the thread 

executes Algorithm 18. The variable m_clustersToClusters is collection of pointers 

CQCluster that contains the full data of our clustering. The variable m_gamma holds the 

initial radius threshold that we use for the first clustering which we assign to variable 

clusterGamma. We create the range tree into variable called newBranch using the initial 

full dataset. After these steps we determine if actual clustering is needed. If the data 

amount is lower than the constant variable CLUSTER_LIMIT, we emit a signal that all 

the required clustering is done and return the set of clusters, range tree and associated 

radius threshold. If the cluster amount is larger than the limit variable, we cluster the data. 

We then create a new range tree for our new clusters and emit a signal that a cluster 

layer is ready and send the created cluster set, its range tree, and the radius threshold 

value the clusters were formed with. 
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const CLUSTER_LIMIT = 30; 
 
void HClustering::doWork() 
{ 
  QList<CQCluster*> newClusters = m_clustersToCluster; 
  RTBranch* newBranch = build2DTree(newClusters); 
  qreal clusterGamma = m_gamma; 
  int count = 0; 
  if(newClusters.size() <= CLUSTER_LIMIT) { 
    emit layerReady(clusterGamma,newBranch,newClusters,true); 
  } else { 
    while(newClusters.size() > CLUSTER_LIMIT) { 
      newClusters = doCluster(clusterGamma,newBranch,newClusters); 
      newBranch = build2DTree(newClusters); 
      emit layerReady(clusterGamma,newBranch,newClusters,newClus-
ters.size() <= CLUSTER_LIMIT); 
      ++count; 
      clusterGamma = clusterGamma *qPow(1.3,count); 
    } 
  } 
} 
 

Algorithm 18. Function that is called initially at the start of the thread. 

The actual clustering algorithm is conceptualized in Algorithm 19. In line 6 we detect if 

the data point is already clustered. If not, we do a region query around that data point 

with the radius gamma that gives us the points contained withing 2*gamma by 2*gamma 

rectangle within the data point. We then measure the actual distance of these data points 

in line 12 to determine if the point lies in the radius or not. If the resulting group of points 

is larger than one data point, we form a new cluster with the points on line 20. We set all 

the contained data points as clustered and append them to our new cluster innerClusters 
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and innerIDs list. We then assign the gamma information to our cluster and finally append 

the resulting new cluster to the resultClusters list. The variable gamma holds the value 

of the greatest distance from cluster center to furthest point in the cluster. 
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QList<CQCluster*> HClustering::doCluster(qreal gamma, Branch *range-
Tree, QList<CQCluster *> points) 
{ 
  QList<CQCluster*> resultClusters; 
  for (int i = 0; i < points.size();++i) { 
    if(!points.at(i)->clustered) { 
      QList<CQCluster*> nearbyPoints = searchRange2D(rangeTree, 
points.at(i)->pos, gamma); 
      QList<CQCluster*> gammaPoints; 
      for(int k = 0; k < nearbyPoints.size(); ++k) { 
        if(!nearbyPoints.at(k)->clustered) { 
          qreal dist = euclideanDistance(points.at(i)->pos,near-
byPoints.at(k)->pos); 
          if(dist <= gamma) { 
            gammaPoints.append(nearbyPoints.at(k)); 
          } 
        } 
      } 
      if(gammaPoints.size() > 1) { 
        CQCluster* newCluster = new CQCluster; 
        for (int k = 0; k < gammaPoints.size();++k) { 
          gammaPoints.at(k)->clustered = true; 
          newCluster->innerClusters.append(gammaPoints.at(k)->inner-
Clusters); 
          newCluster->innerIds.append(gammaPoints.at(k)->innerIds); 
          newCluster->gamma = gamma; 
          newCluster->clustered = false; 
        } 
        repositionCluster(newCluster); 
        resultClusters.append(newCluster); 
      } else { 
        resultClusters.append(points.at(i)); 
      } 
    } 
  } 
  return resultClusters; 
} 
 

Algorithm 19. Hierarchical greedy clustering algorithm. 

We now have a new layer of clusters with specific clustering radius threshold and asso-

ciated range tree. Per Algorithm 18, we now send the resulting cluster set, range tree 

and respective gamma value back to our controlling layer. 

4.3 Cluster visualization and data presentation 

We receive the cluster configurations and their respected range trees and clustering 

gammas from our clustering thread. Since Qt is not particularly optimized for adding and 

removing multiple objects in the view repeatedly, we visualize the clusters by having one 
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big canvas on top of our terminal view and changing the way we paint the canvas based 

on the view of the user. We now go through the process of using the received clustering 

layers to visualize the clusters on a map. In Algorithm 20 we receive the cluster layers 

from our clustering thread. When the final cluster layer is received, we send the final 

cluster map to the view layer for visualization. 
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void AlarmVisualizationTab::handleClusterLayer(qreal layerGamma, 
RTBranch *layerBranch, QList<CQCluster *> layerClusters, bool final-
Layer) 
{ 
  QPair layerPair = QPair(layerBranch,layerClusters); 
  m_map.insert(layerGamma,layerPair); 
  if(finalLayer){ 
    TERMINAL_WIDGET->clusterLayerUpdated(m_map, ui->terminalMap-
Widget); 
  } 
} 
 

Algorithm 20. Receiving the clustering layers to make a master clustering 
layer for view layer. 

4.3.1 Visualizing clusters on a map 
Qt is not particularly optimal for adding and removing objects in its view repeatedly. For 

this reason, we visualize the clusters as one object instead of separate objects in the 

view. Visualizing the clusters in one object requires us to have the actual cluster object 

spread across the whole view canvas and just paint the object differently based on the 

zoom level and current view area. In Algorithm 21 we assign the cluster map to the clus-

ter object ClusterLayer. We iterate through the map and assign a specific painter path 

for each cluster. We then add an ellipse area for each of these painter paths based on 

its gamma, which is basically the cluster area radius. We use qBound to bound the 

gamma value to have a value minimum of 20. This process is conceptualized in lines 18 

to 21 of Algorithm 21. Finally, we create a polygon area based on the painter path. The 

polygon area will be crucial when implementing functionalities that require us to know if 

the cursor is on top of a specific cluster. 
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void ClusterLayer::setClusterLay-
ers(QMap<qreal,QPair<RTBranch*,QList<CQCluster*>>> map) 
{ 
  m_data = map; 
  QMap<qreal,QPair<RTBranch*,QList<CQCluster*>>>::iterator it; 
  for (auto value : m_data.values()) { 
    for (auto cluster : value.second) { 
      QPainterPath tempPath; 
      if (cluster->innerClusters.size()<2) { 
        cluster->alpha = 0.9; 
        QPainterPath path; 
        path.addEllipse(cluster->pos,10,10); 
        cluster->painterPath = path; 
        cluster->poly = path.toFillPolygon(); 
      } else { 
        cluster->alpha = 50*cluster->innerClus-
ters.size()/(M_PI*qPow(cluster->gamma,1.5)); 
        QPainterPath path; 
        path.addEllipse(cluster->pos,qBound(20.0,cluster-
>gamma,DBL_MAX),qBound(20.0,cluster->gamma,DBL_MAX)); 
        cluster->painterPath = path; 
        cluster->poly = path.toFillPolygon(); 
      } 
    } 
  } 
} 
 

Algorithm 21. Assigning cluster layers to the cluster canvas object. 

The ClusterLayer has dependency on the actual view it is shown in. When the view 

changes, we call function setSizeAndPos of the ClusterLayer to recalculate the required 

painting. The function setSizeAndPos is shown Algorithm 22.  

We first assign the view rectangle to member variable m_viewRect. When the user 

zooms in or out on the map, this variable will change accordingly. We can use the 

m_viewRect width to calculate a reference number viewRef to use to determine the 

needed cluster layer. Since the radius threshold increases exponentially, we want our 

viewRef to mimic this same nature of increasement. It should be noted that the actual 

viewRef variable and its calculation is arbitrary and should be optimized based on the 

nature of the threshold radius of the clustering. The variable that holds the exponential 

factor is constant EXP in the algorithm. 
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void ClusterLayer::setSizeAndPos() 
{ 
  m_viewRect = m_view->getCurrentSceneRect(); 
  qreal viewRef = qPow(m_viewRect.width()/500,EXP); 
  bool thresholdFound = false; 
  for (mapIterator = m_data.begin(); mapIterator != m_data.end(); 
mapIterator++){ 
    if (viewRef<mapIterator.key()) { 
      m_rangeTree = mapIterator.value().first; 
      m_clusters = mapIterator.value().second; 
      thresholdFound = true; 
      break; 
    } 
  } 
  if(!thresholdFound) { 
    m_rangeTree = m_data.last().first; 
    m_clusters = m_data.last().second; 
  } 
  m_clustersInView = m_rangeFinder->findClustersInRect(m_range-
Tree,m_viewRect); 
} 
 

Algorithm 22. Finding cluster in the current view. 

Having the reference variable, we iterate through the cluster canvas map and find a clus-

ter layer by comparing the used cluster layer radius threshold to our viewRef. We then 

assign the corresponding range tree and the cluster configuration to variables m_range-

Tree and m_clusters. Next, we find all the cluster of the m_clusters that reside in the 

view rectangle viewRect. We do this by calling a m_rangeFinder class that contains all 

the region query algorithms that were used in HClustering thread. We pass the range 

tree and the view area as parameters to a function findClustersInRect to receive pointers 

to all the clusters that reside inside the rectangle viewRect. We assign these pointers to 

member variable m_clustersInView. 
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void ClusterLayer::paint(QPainter *painter, const QStyleOp-
tionGraphicsItem *option, QWidget *widget) 
{ 
  for (int i = 0; i < m_clustersInView.size(); ++i) { 
    CQCluster* c = m_clustersInView.at(i); 
    painter->setPen(m_pen); 
    if (c->innerClusters.size()<2) { 
      m_noiseColor.setAlphaF(0.5); 
      m_noiseBrush.setColor(m_noiseColor); 
      painter->setBrush(m_noiseBrush); 
    } else { 
      qreal alpha = 50*c->innerClusters.size()/(M_PI*qPow(c-
>gamma,1.5)); 
      m_color.setAlphaF(alpha); 
      m_brush.setColor(m_color); 
      painter->setBrush(m_brush); 
    } 
    painter->drawPath(c->painterPath); 
  } 
} 
 

Algorithm 23. Painting of the cluster canvas. 

The paint event is called by Qt engine on an object whenever a re-rendering of the object 

is needed. We override the ClusterLayers paint event in Algorithm 23. In this algorithm 

we iterate through the clusters inside the view and paint each clusters painter path we 

assigned in Algorithm 21. We set the opacity of the cluster based on its radius and the 

amount of contained data points. For our visualization, the opacity factor is designed to 

increase exponentially.  

4.3.2 Access to data by cursor tooltip 
Now that we have the clusters visualized on our map, we need to implement functional-

ities to access the visualized data details. One crucial element to this functionality is the 

detection of which clusters are under the cursor at any time. We fetch the cursor position 

on the map by converting the global coordinates into our map scene coordinates. Then, 

we iterate through the clusters in view and call containsPoint function of their polygon 

variable to check whether the cursor point is contained at any cluster polygon. If so, we 

add the alarm count to count variable and the alarm ID to alarmKeyString variable. This 

process is shown in Algorithm 24. 
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QString ClusterLayer::tooltipText() 
{ 
  if(m_view) { 
    int count = 0; 
    QPoint cursorPos = QCursor::pos(); 
    QPoint globalPos = m_view->mapFromGlobal(cursorPos); 
    QPointF point = m_view->mapToScene(globalPos); 
    QStringList alarmKeyString; 
    for(int i = 0; i < m_clustersInView.size(); ++i) { 
      if(m_clustersInView.at(i)->poly.containsPoint(point,Qt::Wind-
ingFill)){ 
        count = count + m_clustersInView.at(i)->innerClus-
ters.size(); 
         alarmKeyString = m_clustersInView.at(i)->innerIds; 
      } 
    } 
    if(alarmKeyString.size() == 1) { 
      const AlarmItem ai = COMM_MANAGER->alarmCache()-
>alarmEntry(alarmKeyString.first()); 
      return (ai.peerName +": "+ai.entry.desc); 
    } 
    return (count > 0) ? QString::number(count) : QString(); 
  } else { 
    return QString(); 
  } 
} 

Algorithm 24. Detecting the clusters under user cursor and populating the 
tooltip text. 

What we show on the tooltip depends on how many alarms reside in the cluster. For 

clusters containing more than one alarm, we show the total amount of alarms in the 

tooltip. If the cluster contains only one alarm, we show more detailed information on the 

tooltip. For this application we show the machine that the alarm event belongs to and its 

description. 

4.3.3 Access to detailed cluster information 
For the user to gain access to more detailed view of cluster information, we implement a 

context menu for each cluster that allows the user to open the cluster alarm details into 

a separate table view. The algorithms for filling the context menu and handling the con-

text menu actions are shown in Algorithm 25. 
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void ClusterLayer::fillContextMenu(QMenu *menu) 
{ 
  QAction* a(nullptr); 
  for (int i = 0; i <m_clustersUnderCursor.size(); ++i) { 
    a = new QAction(tr("Show alarms in list"),menu); 
    a->setProperty(kAction,kShowView); 
    a->setProperty("alarms",m_clustersUnderCursor.at(i)->innerIds); 
    menu->addAction(a); 
    CQUtils::addTitleActionInMenu(QString::number(m_clustersUnder-
Cursor.at(i)->innerClusters.size()) + " alarms", *menu, a); 
  } 
} 
 
void ClusterLayer::handleContextMenuAction(QAction *action, bool 
doubleClick) 
{ 
  QStringList alarmIds = action->property("alarms").toStringList(); 
  QString act(action->property(kAction).toString()); 
  emit actionTriggered(alarmIds); 
} 
 

Algorithm 25. Filling and handling of context menu actions. 

We iterate through the clusters under the cursor and create a menu action for each clus-

ter. We set the cluster IDs as the action’s property. We then name the action item to 

display the cluster alarm amount coupled with word “alarms”. When menu action is 

clicked, we fetch the alarm IDs contained in the action and emit them with actionTrig-

gered signal. From here the alarm IDs are sent to a table view where we set the alarm 

ID column filter with the selected IDs. We end up with a table view showing all the alarms 

inside the selected cluster. 
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5. RESULTS 

In this Chapter we review the results of our implementation. The overall view of the im-

plemented alarm map is visualized in Figure 22. The access to the alarm map is via the 

main menu, where the user opens the general “Alarm view” and further selects a tab 

named “Alarm map”. The map we are visualizing the clusters in is a duplicated map of 

the main terminal view with slight modifications, namely limited rendering of unnecessary 

objects, such as container slots and machine routes, to reduce clutter and provide a clear 

overview of the terminal.   

 

Figure 22. FleetView alarm map tab. 

We next review each part of the implementation, from the position cache to the cluster 

visualization.  

5.1 Linking position to alarms 

We designed a system where the position of our machine-tied alarms would be fetched 

from the actual machine GUI position when received. Consequently, the coordinates of 

the alarms would not represent real world coordinates of the terminal. But as concluded, 

this would not hinder the usage of the application since the primary use of the map is 

tied to the approximated terminal view inside FleetView.  

We implemented a position cache so that our fetching of machine position would not be 

dependent on the GUI. To confirm that our position cache works, we send in a tag value 

mimicking the tag values that are sent by control system in real-world application. The 
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actual cached position is different to our sent position since Qt uses inverted coordinate 

system. Further, the coordinates are scaled and offset by values determined by the ter-

minal configuration. However, we can add a breakpoint in our debugger to show the 

runtime values of our position cache after a position tag is sent in.  

 

Figure 23. Position cache. 

The debugger screen, pausing the execution after a position has been sent in, is shown 

in Figure 23. The value pos in Figure 23 is the sent position and machineId the machine 

the position belongs to. A bit further down, we have a member variable m_positionMap, 

which is a QMap with QString key and CQDataActualPosition value. We can see the 

sent position pos is the same as the stored position inside m_positionMap. This confirms 

that whenever a position is sent by a machine to our application, the position is stores 

into the position cache with its name and the most recent position value. 
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Figure 24. Machine moved to cached position. 

By sending the tag with the updated position, the position cache stores the position and 

propagates it forward. We can see the corresponding machine, in this case “SC001”, 

changing its location per the sent tag value in. 

Next, we mimic an alarm event in the machine “SC001”. Consequently, when the alarm 

arrives to the alarm cache it queries the position cache for possible position of the ma-

chine. The position for the alarm is found, and therefore assigned as the alarm position. 
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Figure 25. Single alarm seen in the previous machine position. 

We can confirm this by searching the alarms in the alarm map and seeing if the just 

activated is seen. We move the machine “SC001” a bit via tag to discover the alarm 

being visualized on our map, as is seen in Figure 25. 

5.2 Clustering and visualization 

Next, we review the clustering functionality of our implementation. To test the clustering 

functionality with the supporting range tree, we use a CSV file containing approximately 

15 000 alarms with positions to populate our alarm cache. 

We build a range tree with the positioned alarms we receive from our alarm cache. It 

should be noted that while the performance of the implemented range tree is out of the 

scope of this thesis, an empirical estimation of the performance was conducted. Without 

the range tree, the cycle of one clustering of 100 000 alarms did render the whole soft-

ware unresponsive and eventually crash the software. After implementing the range tree, 

the clustering process of the same one cycle took approximately 10 seconds per timers 

implemented in the code. While this time value should not be used to determine the 

performance, it proves that the range tree indeed supports the clustering process. 
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Figure 26. Big clusters visualized on the map. 

We press the “Search” button and initialize the clustering process. We do the required 

clustering cycles and end up with cluster layers and their respective range trees. We 

visualize the clusters based on their radius and the amount of alarms inside as seen in 

Figure 26. The denser the cluster is, the higher opacity the cluster has. When we zoom 

in on the map, the cluster layer changes, and the cluster canvas repaints itself with the 

new layer. Figure 27 shows the map with the new cluster layer and more detailed view 

of the area. 

 

Figure 27. Medium sized clusters on the map when zoomed in. 
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We zoom even further on the map to further increase the level of detail. Figure 28 shows 

the terminal with smaller cluster on a smaller area providing user even higher level of 

detail.  

 

Figure 28. Small clusters visualized on the map when further zoomed in. 

The total amount of clusters in the cluster layer shown in Figure 28 is far beyond optimal 

for visualization. However, we use the corresponding range tree of the layer to query the 

shown regions clusters and only visualize them on the canvas. By doing this the in-

creased level of detail does not decrease the user experience with heavy rendering. 

5.3 Filtering the data 

To improve the flexibility and usability of our application, we implement data filtering func-

tionalities to further deliver the sought details for user. We filter by three variables: ma-

chines, alarm IDs and alarm classes.  
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Figure 29. Machine filtering popup. 

When the user enters the alarm visualization map tab, he can press a button to open a 

machine selection dialog, visualized in Figure 29. In this dialog we list all the machines 

that are found in the terminal layout parameters. We could populate the dialog based on 

our position cache (that is, machines that have a position), but this would leave out all 

the machines that are unmoved from the start of the application.  

 

Figure 30. Class filtering checkboxes. 

Alarm classes usually convey the severity of the alarm. Some alarms can be only slight 

errors or warnings, while other alarms may cause a serious fault thus shutting down the 

machine altogether. The user may be more interested in the latter events and is able to 

filter the alarm classes by a simple group of checkboxes seen in Figure 30. As was briefly 

discussed in the implementation, the checkboxes are populated using the alarm cache 

and its built-in function to return all the used alarm classes. 
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Figure 31. Alarm ID search field. 

  

Lastly, we implement an alarm ID search bar to only search for individual alarms. When 

user starts typing into the field a separate thread is initialized to look for possible matches 

and eventually suggested at the bottom of the field. The suggestions are fetched based 

on the alarm IDs and their descriptions. When user selects a suggestion, the filter will 

only look for the desired alarm.  

5.4 Data presentation 

Besides the actual clustering, we want the user to access information regarding the clus-

ters. When user moves the cursor on top of single cluster or in a spot where multiple 

clusters overlap, the sum of all the alarms inside the below clusters is shown in the cursor 

tooltip. The tooltip for 15 alarms inside one cluster is shown in Figure 32. 

 

Figure 32. Tooltip to show alarm count. 

If the user presses right mouse button when the cursor is on top of a cluster, a context 

menu opens. In the context menu we give an option to open the cluster alarms in a table 

view. If multiple clusters are beneath the cursor when right mouse button is pressed, 
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separate options are given for each cluster. The cluster context menu is visualized in 

Figure 33. 

 

 

Figure 33. Context menu of the cluster. 

When user selects action from the context menu the tab is switched to the tab containing 

a table view of alarms, visualized in Figure 34. This list is filtered with the alarm IDs 

contained in the selected cluster. 

 

 

Figure 34. Table view of the alarms 



65 
 

6. CONCLUSION 

In this final chapter, we give our conclusions to the research questions introduced in 

Chapter 1. We also give some suggestions of possible improvements to our solution for 

future work. 

6.1 Conclusions 

When visualizing potentially large amounts of data on a map it is crucial to use some sort 

of clustering algorithm. Optimally this clustering achieves two things: uncluttered and 

more readable visualization for the user and more optimal rendering for the underlying 

application. The driving factors behind selecting a clustering algorithm are time complex-

ity requirements and the desired clustering outcome. In other words, the selection should 

be use case driven. Depending on the clustering product an appropriate visualization 

should be used.  

The need for spatial database is dependent on the frequency of clustering processes 

and the amount of data. While the actual clustering product is not affected in any way by 

spatial databases, the usage of such always optimizes the actual process and, in most 

cases, provides much better user experience for the end user and makes the map more 

robust for larger amounts of data. As with clustering, a variety of different algorithms are 

available for such spatial indexing. The driving factors in selecting such algorithms are 

time complexity, space complexity and the query types needed.  

We suggest, that using hierarchical greedy clustering is very viable option for clustering 

large amounts of data. To optimize the clustering process, the implementation of spatial 

database is needed to reduce problems with scalability and using a range tree indexing 

provides the most optimal range queries out of our reviewed structures. Further, the 

combination of the multilayer clustering and stored spatial databases supports the usage 

of interactive functionalities effectively. 

The usage of spatial database should not be contained inside the clustering. In addition 

to optimizing our clustering process, the spatial indexing offers notable functionalities 

that we can make use of to support the interactive features of our map. Given the dy-

namic level of detail based on the zoom level and the ability to scroll the map, the spatial 

database provides huge improvements in usability by giving us the ability to do fast re-

gion queries to only visualize the clusters that reside in the actual view. 
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6.2 Future work 

While the implemented feature offered all the desired functionalities, some room for fu-

ture improvements and extensions were recognized while implementing the feature.  

The implemented alarm ID filtering option supports the filtering based on one alarm ID. 

This feature could be extended to support filtering by multiple alarm IDs. This would not 

require much effort in the code, but the visualization options of the multiple selected 

alarm IDs should be considered.  

When giving the user the ability to access cluster information, an alternative method 

could be implemented. The current implementation switches the tab from map to the 

alarm list view. This implementation, while maintaining the separation between the map 

and the list, may not be the best for user experience. The change of tab from map to the 

list view might be a bit disorienting, but since this observation is subjective the actual 

value of this improvement is difficult to estimate. 

Lastly, the usage of spatial indexing could be extended to other parts of the software. 

For example, given a big terminal with multiple containers to visualize, the approach of 

visualizing all containers using only one big “canvas” object with region query could pro-

vide improvements in performance.  
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APPENDIX A: MAP FUNCTIONS CODE 

 
 

 
 

void AlarmVisualizationTab::handleClusterLayer(qreal layerGamma, RTBranch 

*layerBranch, QList<CQCluster *> layerClusters, bool finalLayer) 

{ 

    QPair layerPair = QPair(layerBranch,layerClusters); 

    m_map.insert(layerGamma,layerPair); 

    if(finalLayer){ 

        TERMINAL_WIDGET->clusterLayerUpdated(m_map,ui->terminalMapWidget); 

    } 

} 

void AlarmVisualizationTab::searchClicked() 

{ 

    m_map.clear(); 

    m_alarmitems = COMM_MANAGER->alarmCache()->positionedAlarms(); 

    const QString searchString = ui->searchAlarmEdit->text(); 

    QString unit; 

    QString alarmId; 

    if (!searchString.isEmpty()) { 

        unit = matchingItemUnit(searchString); 

        alarmId = matchingItemAlarmId(searchString); 

    } 

 

 

    validateSearchParameters(); 

    QList<AlarmItem> alarmsToCluster; 

    for(int i = 0; i< m_alarmitems.size(); ++i) { 

        if(m_selectedMachines.contains(m_alarmitems.at(i).peerName)) { 

            if(m_selectedClasses.contains(m_alarmitems.at(i).entry.alarmClass)) 

{ 

                if(alarmId.isEmpty()) { 

                    alarmsToCluster.append(m_alarmitems.at(i)); 

                } else { 

                    if(m_alarmitems.at(i).entry.code == alarmId) { 

                        alarmsToCluster.append(m_alarmitems.at(i)); 

                    } 

                } 

            } 

        } 

    } 

    if(!alarmsToCluster.isEmpty()) { 

        doCluster(alarmsToCluster); 

    } else { 

        TERMINAL_WIDGET->hideClusterLayer(ui->terminalMapWidget); 

    } 

} 



71 
 

 
 
 

void AlarmVisualizationTab::doCluster(QList<AlarmItem> alarms) 

{ 

    qreal minGap = MIN_CLUSTERGAP_MM / SCALE; 

    QList<CQCluster*> clusters; 

    for (int i = 0; i < alarms.size(); ++i) { 

        CQCluster* cluster = new CQCluster; 

        cluster->pos = alarms.at(i).position; 

        cluster->id = QString(alarms.at(i).sender) + "-" + 

QString::number(alarms.at(i).entry.alarmIndex) + ":" + 

QString::number(alarms.at(i).entry.alarmSubIndex) + ":" + alarms.at(i).entry.code; 

        cluster->innerIds.append(QString(alarms.at(i).sender) + "-" + 

QString::number(alarms.at(i).entry.alarmIndex) + ":" + 

QString::number(alarms.at(i).entry.alarmSubIndex) + ":" + alarms.at(i).entry.code); 

        cluster->gamma = 20; 

        cluster->clustered = false; 

        cluster->innerClusters.append(cluster); 

        clusters.append(cluster); 

    } 

    HClustering* clustering = new HClustering(minGap,clusters);   

connect(clustering,&HClustering::layerReady,this,&AlarmVisualizationTab::handleClus

terLayer); 

    connect(clustering, 

&HClustering::finished,clustering,&HClustering::deleteLater); 

    clustering->start(); 

} 
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APPENDIX B: SPATIAL INDEXING CODE 

 
 

 
 
 

RTBranch *HClustering::build2DTree(QList<CQCluster *> points) 

{ 

    RTBranch* branch = new RTBranch(); 

        branch->m_points = points; 

        if(points.size() == 1) { 

            branch->splitValue = points.first()->pos.x(); 

            branch->isLeaf = true; 

            branch->m_leaf = points.first(); 

 

        } else { 

            //Build X Tree 

            std::sort(points.begin(),points.end(),sortClusterByX); 

            int splitPoint = points.size()/2; 

            branch->splitValue = points.at(splitPoint)->pos.x(); 

            branch->m_left = build2DTree(points.mid(0,splitPoint)); 

            branch->m_right = build2DTree(points.mid(splitPoint)); 

 

        } 

        branch->m_yTree = build1DTree(points); 

        return branch; 

} 

RTBranch *HClustering::build1DTree(QList<CQCluster *> points) 

{ 

    RTBranch* branch = new RTBranch(); 

        branch->m_points = points; 

        if(points.size() == 1) { 

            branch->splitValue = points.first()->pos.y(); 

            branch->isLeaf = true; 

            branch->m_leaf = points.first(); 

        } else { 

            //Build Y Tree 

            std::sort(points.begin(),points.end(),sortClusterByY); 

            int splitPoint = points.size()/2; 

            branch->splitValue = points.at(splitPoint)->pos.y(); 

            branch->m_left = build1DTree(points.mid(0,splitPoint)); 

            branch->m_right = build1DTree(points.mid(splitPoint)); 

        } 

        return branch; 

} 
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QList<CQCluster *> HClustering::newSearchRange2D(RTBranch *tree, qreal x1, qreal 

x2, qreal y1, qreal y2) 

{ 

    RTBranch* splitBranch = getSplitBranch(tree,x1,x2); 

 

    QList<CQCluster*> resultList; 

 

    if (splitBranch->isLeaf) { 

        if(splitBranch->m_leaf->pos.x() >= x1 

                && splitBranch->m_leaf->pos.x() <= x2 

                && splitBranch->m_leaf->pos.y() >= y1 

                && splitBranch->m_leaf->pos.y() <= y2) { 

            resultList.append(splitBranch->m_leaf); 

        } 

    } else { 

        // Search left branch 

        RTBranch* leftBranch = splitBranch->m_left; 

        while(!leftBranch->isLeaf) { 

            if(x1 <= leftBranch->splitValue || qFuzzyCompare(x1,leftBranch-

>splitValue)) { 

                newSearchRange1D(resultList,leftBranch->m_right->m_yTree,y1,y2); 

                leftBranch = leftBranch->m_left; 

            } else { 

                leftBranch = leftBranch->m_right; 

            } 

        } 

        if(leftBranch->m_leaf->pos.x() >= x1 

                && leftBranch->m_leaf->pos.x() <= x2 

                && leftBranch->m_leaf->pos.y() >= y1 

                && leftBranch->m_leaf->pos.y() <= y2) { 

            resultList.append(leftBranch->m_leaf); 

        } 

 

        // Search right branch 

        RTBranch* rightBranch = splitBranch->m_right; 

        while(!rightBranch->isLeaf) { 

            if(x2 >= rightBranch->splitValue || qFuzzyCompare(x2,rightBranch-

>splitValue)) { 

                newSearchRange1D(resultList, rightBranch->m_left-

>m_yTree,y1,y2); 

                rightBranch = rightBranch->m_right; 

            } else { 

                rightBranch = rightBranch->m_left; 

            } 

        } 

        if(rightBranch->m_leaf->pos.x() >= x1 

                && rightBranch->m_leaf->pos.x() <= x2 

                && rightBranch->m_leaf->pos.y()  >= y1 

                && rightBranch->m_leaf->pos.y()  <= y2) { 

            resultList.append(rightBranch->m_leaf); 

        } 

    } 

    return resultList; 

} 
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void HClustering::newSearchRange1D(QList<CQCluster *> &resultList, RTBranch 

*xBranch, qreal y1, qreal y2) 

{ 

    RTBranch* branch = getSplitBranch(xBranch,y1,y2); 

 

    if (branch->isLeaf) { 

        if(branch->m_leaf->pos.y() >= y1 && branch->m_leaf->pos.y() <= y2) { 

            resultList.append(branch->m_leaf); 

        } 

    } else { 

        // Search left branch 

        RTBranch* leftBranch = branch->m_left; 

        while(!leftBranch->isLeaf) { 

            if(y1 <= leftBranch->splitValue) { 

                resultList.append(leftBranch->m_right->m_points); 

                leftBranch = leftBranch->m_left; 

            } else { 

                leftBranch = leftBranch->m_right; 

            } 

        } 

        if(leftBranch->m_leaf->pos.y() >= y1 

                && leftBranch->m_leaf->pos.y() <= y2) { 

            resultList.append(leftBranch->m_leaf); 

        } 

 

        // Search right branch 

        RTBranch* rightBranch = branch->m_right; 

        while(!rightBranch->isLeaf) { 

            if(y2 >= rightBranch->splitValue) { 

                resultList.append(rightBranch->m_left->m_points); 

                rightBranch = rightBranch->m_right; 

            } else { 

                rightBranch = rightBranch->m_left; 

            } 

        } 

        if(rightBranch->m_leaf->pos.y() >= y1 

                && rightBranch->m_leaf->pos.y() <= y2) { 

            resultList.append(rightBranch->m_leaf); 

        } 

    } 

} 

RTBranch *HClustering::getSplitBranch(RTBranch *branch, qreal lower, qreal 

upper) 

{ 

    if((branch->splitValue >= lower && branch->splitValue <= upper) || branch-

>isLeaf) { 

        return branch; 

    } else { 

        if(branch->splitValue < lower) { 

            getSplitBranch(branch->m_right,lower,upper); 

        } else if(branch->splitValue > upper) { 

            getSplitBranch(branch->m_left,lower,upper); 

        } 

    } 

} 
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APPENDIX C: CLUSTERING CODE 

 
 

void HClustering::run() 

{ 

    this->doWork(); 

} 

 

void HClustering::doWork() 

{ 

 

    QList<CQCluster*> newClusters = clustersToCluster; 

    RTBranch* newBranch = build2DTree(newClusters); 

    qreal clusterGamma = _gamma; 

    int count = 0; 

    if(newClusters.size() <= CLUSTER_LIMIT) { 

        emit layerReady(clusterGamma,newBranch,newClusters,true); 

    } else { 

        while(newClusters.size() > CLUSTER_LIMIT) { 

            newClusters = doCluster(clusterGamma,newBranch,newClusters); 

            newBranch = build2DTree(newClusters); 

            ++count; 

            emit 

layerReady(clusterGamma,newBranch,newClusters,newClusters.size() <= 

CLUSTER_LIMIT); 

            clusterGamma = clusterGamma *qPow(1.3,count); 

        } 

    } 

} 
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QList<CQCluster *> HClustering::doCluster(qreal gamma, RTBranch *rangeTree, 

QList<CQCluster *> points) 

{ 

    QList<CQCluster*> resultClusters; 

    for (int i = 0; i < points.size();++i) { 

        if(!points.at(i)->clustered) { 

            qreal clusterGamma = 0; 

            QList<CQCluster*> nearbyPoints = newSearchRange2D(rangeTree, 

points.at(i)->pos, gamma); 

            QList<CQCluster*> gammaPoints; 

            for(int k = 0; k < nearbyPoints.size(); ++k) { 

                if(!nearbyPoints.at(k)->clustered) { 

                    qreal dist = euclideanDistance(points.at(i)-

>pos,nearbyPoints.at(k)->pos); 

                    if(dist <= gamma) { 

                        gammaPoints.append(nearbyPoints.at(k)); 

                        if(dist > clusterGamma) { 

                            clusterGamma = dist; 

                        } 

                    } 

                } 

            } 

            if(gammaPoints.size() > 1) { 

                CQCluster* newCluster = new CQCluster; 

                newCluster->clustered = false; 

                for (int k = 0; k < gammaPoints.size();++k) { 

                    gammaPoints.at(k)->clustered = true; 

                    newCluster->innerClusters.append(gammaPoints.at(k)-

>innerClusters); 

                    newCluster->innerIds.append(gammaPoints.at(k)->innerIds); 

                } 

                newCluster->id = newCluster->innerIds.join(','); 

                newCluster->gamma = clusterGamma; 

                repositionCluster(newCluster); 

                resultClusters.append(newCluster); 

            } else { 

                //points.at(i)->clustered = true; 

                resultClusters.append(points.at(i)); 

            } 

        } 

    } 

    return resultClusters; 

} 

void HClustering::repositionCluster(CQCluster *c) 

{ 

    qreal xCount = 0; 

    qreal yCount = 0; 

    for (int i = 0 ; i < c->innerClusters.size(); ++i) { 

        xCount += c->innerClusters.at(i)->pos.x(); 

        yCount += c->innerClusters.at(i)->pos.y(); 

    } 

    qreal newX = xCount / c->innerClusters.size(); 

    qreal newY = yCount / c->innerClusters.size(); 

    QPointF newPos = QPointF(newX,newY); 

    qreal maxDist = 0; 

    for (int i = 0 ; i < c->innerClusters.size(); ++i) { 

        qreal tempDist = euclideanDistance(newPos,c->innerClusters.at(i)->pos); 

        if (tempDist > maxDist) { 

            maxDist = tempDist; 

        } 

    } 

    c->gamma = qBound(2.0,maxDist,DBL_MAX); 

    c->pos = QPointF(newX,newY); 

} 
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APPENDIX D: CLUSTERING CODE 

 
 
 

 
 
 

void 

ClusterLayer::setClusterLayer(QMap<qreal,QPair<RTBranch*,QList<CQCluster*>>> 

map) 

{ 

    m_data.clear(); 

    m_data = map; 

    m_hoverPen.setColor(Qt::blue); 

    m_hoverPen.setWidth(10); 

    m_pen.setColor(Qt::black); 

    m_color = QColor(Qt::red); 

    m_brush.setColor(m_color); 

    m_brush.setStyle(Qt::SolidPattern); 

    m_noiseColor = QColor(Qt::red); 

    m_noiseBrush.setColor(m_noiseColor); 

    m_noiseBrush.setStyle(Qt::SolidPattern); 

 

    for (auto value : m_data.values()) { 

        for (auto cluster : value.second) { 

            QPainterPath tempPath; 

            if (cluster->innerClusters.size()<2) { 

                cluster->alpha = 0.9; 

                QPainterPath path; 

                path.addEllipse(cluster->pos,10,10); 

                cluster->painterPath = path; 

                cluster->poly = path.toFillPolygon(); 

            } else { 

                cluster->alpha = 50*cluster-

>innerClusters.size()/(M_PI*qPow(cluster->gamma,1.5)); 

                QPainterPath path; 

                path.addEllipse(cluster->pos,qBound(20.0,cluster-

>gamma,DBL_MAX),qBound(20.0,cluster->gamma,DBL_MAX)); 

                cluster->painterPath = path; 

                cluster->poly = path.toFillPolygon(); 

            } 

        } 

    } 

    m_isVisible = true; 

} 

void ClusterLayer::setSizeAndPos() 

{ 

    if (m_isVisible)  { 

        m_viewRect = m_view->getCurrentSceneRect(); 

        qreal viewRef = qPow(m_viewRect.width()/300,2); 

        bool thresholdFound = false; 

        for (mapIterator = m_data.begin(); mapIterator != m_data.end(); 

mapIterator++){ 

            if (viewRef<mapIterator.key()) { 

                m_rangeTree = mapIterator.value().first; 

                m_clusters = mapIterator.value().second; 

                thresholdFound = true; 

                break; 

            } 

        } 

        if(!thresholdFound) { 

            m_rangeTree = m_data.last().first; 

            m_clusters = m_data.last().second; 

        } 

        m_clustersInView = m_rangeFinder-

>findClustersInRect(m_rangeTree,m_viewRect); 

    } 

} 
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void ClusterLayer::handleContextMenuQuery(QList<QMenu *> &menus, QPointF pos) 

{ 

    QPointF point = m_view->mapToScene(m_view->mapFromGlobal(QCursor::pos())); 

    m_clustersUnderCursor.clear(); 

    for(int i = 0; i < m_clustersInView.size(); ++i) { 

        if(m_clustersInView.at(i)->poly.containsPoint(point,Qt::WindingFill)){ 

            m_clustersUnderCursor.append(m_clustersInView.at(i)); 

        } 

    } 

    if(!m_clustersUnderCursor.isEmpty()) { 

        TerminalBaseItem::handleContextMenuEvent(menus); 

    } 

} 

void ClusterLayer::fillContextMenu(QMenu *menu) 

{ 

    QAction* a(nullptr); 

    for (int i = 0; i <m_clustersUnderCursor.size(); ++i) { 

        a = new QAction(tr("Show alarms in list"),menu); 

        a->setProperty(kAction,kShowView); 

        a->setProperty("alarms",m_clustersUnderCursor.at(i)->innerIds); 

        menu->addAction(a); 

        

CQUtils::addTitleActionInMenu(QString::number(m_clustersUnderCursor.at(i)-

>innerClusters.size()) + " alarms", *menu, a); 

    } 

} 

QString ClusterLayer::tooltipText() 

{ 

    if(m_view) { 

        int count = 0; 

        QPoint cursorPos = QCursor::pos(); 

        QPoint globalPos = m_view->mapFromGlobal(cursorPos); 

        QPointF point = m_view->mapToScene(globalPos); 

        QStringList alarmKeyString; 

        for(int i = 0; i < m_clustersInView.size(); ++i) { 

            if(m_clustersInView.at(i)-

>poly.containsPoint(point,Qt::WindingFill)){ 

                count = count + m_clustersInView.at(i)->innerClusters.size(); 

                alarmKeyString = m_clustersInView.at(i)->innerIds; 

            } 

        } 

        if(alarmKeyString.size() == 1) { 

            const AlarmItem ai = COMM_MANAGER->alarmCache()-

>alarmEntry(alarmKeyString.first()); 

            return (ai.peerName +": "+ai.entry.desc); 

        } 

        return (count > 0) ? QString::number(count) : QString(); 

    } else { 

        return QString(); 

    } 

} 


