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Abstract- Eye gaze patterns or scanpaths of subjects looking 

at art while answering questions related to the art have been used 
to decode those tasks with the use of certain classifiers and 
machine learning techniques. Some of these techniques require 
the artwork to be divided into several Areas or Regions of 
Interest. In this paper, two ways of clustering the static visual 
stimuli – k-means and the density based clustering algorithm 
called OPTICS – were used for this purpose. These algorithms 
were used to cluster the gaze points before classification. The 
classification success rates were then compared. While it was 
observed that both k-means and OPTICS gave better success 
rates than manual clustering, which is itself higher than chance 
level, OPTICS consistently gave higher success rates than k-
means given the right parameter settings. OPTICS also formed 
clusters that look more intuitive and consistent with the heat map 
readings than k-means, which formed clusters that look 
unintuitive and less consistent with the heat map.  

Keywords—eye gaze; density-based clustering; task decoding; 
k-means clustering; OPTICS. 

I.  INTRODUCTION  
Eye tracking is a trending method of research in academia 

and industry. It has the potential to provide insights into a 
plethora of issues and questions regarding vision and cognition 
in the areas of: education [1][2], assistive technology for 
people with various debilitating conditions [3][4], better 
interface design [5][6], marketing and media [7][8], and 
entertainment [9][10].  

Experiments involving eye tracking generate a lot of gaze 
data. The data usually consists of gaze or fixation points,  pupil 
dilation at each gaze or fixation point, and  timestamps of the 
gaze points. Additional information can be extrapolated from 
the above data like fixation duration and dwell time at a 
particular point. Eye tracking data can be analysed for a variety 
of purposes. For instance, eye tracking can be used to observe 
trends in data [11] or comparison of data [12]. These purposes 
may or may not be mutually exclusive. Another purpose of eye 
tracking experiments is outcome prediction, where various 
machine learning algorithms are implemented in addition to the 
usual statistical tools based on the specific objectives of the 
experiment [13][14].  

Some of the previous research into eye gaze data has gone 
into distinguishing useful data from noise. In most eye gaze 

research, this has come to mean identifying fixations, which 
are cognitively loaded gaze points from saccades, which are 
transitions between fixations. Salvucci and Goldberg [15] have 
attempted to classify various kinds of algorithms that 
differentiate between fixations and saccades based on their 
spatial and temporal criteria. The spatial criteria include 
algorithms that use velocity, dispersion and Areas of Interest 
(AOI) and the temporal criteria include algorithms that use 
duration and local adaptivity.  

Further analysis of the eye gaze data reveals that there are 
specific areas in an image that are more important than others. 
In their experiment, Mackworth and Morandi divided images 
using a grid-like system. They found that two-thirds of the 
fixations covered one-tenth of the image, which suggests that 
the image can be divided into visually informative and 
redundant regions [16]. Eye gaze data can be further used to 
cluster an image into areas based on some parameters related to 
the image. In general, data clustering is a technique used to 
analyse unsupervised data and can be defined as grouping data 
into relatively compact groups based on various attributes of 
the data like shape, size and density and other characteristics 
[17]. Latimer used k-means clustering to cluster histograms of 
fixation durations over an image into areas of high and low 
attention [18]. Privitera et al. [19] developed various image 
processing algorithms used for identifying local maxima. These 
algorithms were based on various intuitive as well as empirical 
concepts of images such as symmetry, contrast, entropy and 
discreet cosine transform. Then, a clustering procedure closely 
based on k-means was applied to obtain Regions of Interest 
(ROI). The clustering procedure consisted of connecting all 
local maxima, which were less than a specific radius. Each 
cluster then gained the value of the maximum local maxima in 
it. The results were then compared with human identified ROI. 
Efficiency of algorithms depended on choosing the correct 
combination of algorithms for the right images and in some 
cases subjects. This perspective takes into account the bottom-
up or saliency-based approach to eye gaze.  

Another opposite but equally valid perspective is the top-
down approach in which the important areas of an image 
change based on the cognitive tasks based on the image. This 
approach corresponds to the concept of outcome prediction 
using eye gaze as it attempts to predict the images, tasks or 
other characteristics of the images based on eye gaze patterns  
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that change from one task to another. The top-down view was 
pioneered by Buswell [20] and Yarbus [21] in their 
rudimentary experiments and has been successfully replicated 
with varying degrees of success. The analysis of eye gaze data 
using a top-down approach usually involves creating ROIs. 
Haji-Abolhassani et al. have used k-means for clustering the 
eye gaze data, and then used HMMs to decode tasks [22]. 
Greene et al. created manual ROI for their analysis [23]. 
Naqshbandi et al. [24] used a manual technique which was 
based on overlaying of eye gaze data of all tasks and subjects 
over an image to create manual Regions of Interest, followed 
by using HMMs for training and decoding tasks.   

A. Automatic detection of meaningful clusters 
According to Ester et al., there are three broadly defined 

criteria for an automatic clustering algorithm to be efficient 
[24]: i) there should be minimum input from the user i.e. 
minimum dependency upon the user to know much about a 
given domain, ii) it should be able to adapt to irregular shaped 
clusters, and iii) can be used efficiently on large amount of 
data. 

The next sections will compare the quality of clustering 
algorithms for eye gaze data based on the above-mentioned 
criteria.  

1) k-means clustering 
k-means clustering is one of the most frequently used methods 
of clustering that aims to cluster n data points into k clusters 
based on the mean of the centroids of the points. The goal of 
k-means clustering is to reduce the sum of squares distance 
between points and the centroid of the cluster to which the 
points are mapped. The value of k is a user input, and the best 
value of k may change based on the kind of data as well as the 
domain itself. A number of heuristics can be used for choosing 
k, but the best empirical way of determining k is to try 
different values of k and choose the one with the least 
resulting sum of squares distance [17]. There are three main 
steps in k-means clustering [25]: 
i) Initialize k random clusters, with each cluster having its own 
centroid, ii) Assign points to each cluster based on how close 
they are to the cluster, iii) Re-evaluate the centroids of the 
clusters by averaging the location of all data points in that 
cluster. 
The results change with each iteration until the assignments do 
not change from one iteration to the next.  

 
2) Density-based Clustering 

The idea of density-based clustering was first proposed by 
Ester et al. [24]. They described a clustering algorithm called 
DBSCAN, which clusters data points based on the density of 
the region. DBSCAN uses the density threshold of the 
neighbouring data from the perspective of a single data point 
to define cluster formation. This is similar to eye gaze 
clustering algorithms that use thresholds of a certain measure 
of data points (e.g. distance, velocity, etc.). DBSCAN requires 
two input parameters: the neighbourhood radius (NEps) and 
threshold for minimum points per cluster (MinPts). The 
neighbourhood radius (NEps) of a data point should reach a 

certain threshold number of points (MinPts) in order to 
determine whether it is a cluster point or not.  A point within 
the NEps of another point is directly reachable while as a point 
that is connected by a series of directly reachable points to 
another point within NEps is reachable. The points are 
specifically divided into: i) core points – the points that have 
at least MinPts points within the NEps; ii) border points or 
edges – the points that are reachable but are not core points; 
iii) outliers or noise – the points that are not reachable, and 
therefore, lie outside NEps. 

 
 

Fig. 1. Illustration of density based clustering showing core point o, the 
region around o of neighbourhood radius NEps, directly reachable points from 
o, border point m, and reachable point p from o. p is reachable from o through 
a series of directly reachable points. Outliers are the points that are neither 
directly reachable nor reachable from o.  

DBSCAN works well in data where the clusters formed are 
of relatively uniform density, but it does not perform well in 
cases where there are parts of the data of varying densities. For 
instance, a point might be within NEps and fulfill MinPts 
threshold, but it might do that at a considerably shorter 
reachability-distance than NEps. Reachability-distance of a 
point m is defined as either its core-distance or the distance 
between m and the core point (in case it is within NEps but has 
sufficient points to fulfill the MinPts threshold), whichever is 
larger. Core-distance of a point o is the distance where o 
becomes a core point (Fig. 1). The approach used by DBSCAN 
tends to lose the reachability-distance information of different 
points.  

While DBSCAN treats the reachability-distance 
information of all points uniformly using the NEps threshold, 
OPTICS treats each point differently using the reachability-
distance within NEps. The basic working of the OPTICS 
algorithm is the same as DBSCAN, but instead of treating all 
the data points within the NEps equally, it creates a 
reachability-plot (Fig. 2) that creates an ordering of data points 
based on their reachability-distance [26]. In the reachability-
plot, the points that are processed using OPTICS are on the x-
axis while the reachability-distance is on the y-axis. The lower 
we set the reachability-distance, the denser and more numerous 
the clusters formed.  

It is worth pointing out that both DBSCAN and its 
subsequent version OPTICS can be used in 2D, 3D Euclidean 
data as well as higher dimensional data. 

In this paper, we will examine and compare cluster 
formation using k-means with the density-based OPTICS 
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algorithm. In the following sections, we will examine the 
methodology of the experiment and how the data was analysed 
followed by the results and discussion.  

 

Fig. 2. Reachability-plots for a data set with hierarchical clusters of different 
sizes, densities and shapes [26] 

II. METHODOLOGY 

A. Subjects 
This eye tracking user study was conducted on 30 subjects. 

The vision of the subjects was normal or corrected by wearing 
glasses or contact lenses. The average age of the subjects was 
22.0 years, with a standard deviation of 4.4 years. Most of the 
subjects were undergraduate students, while the rest were 
postgraduates or professionals.  

B. Apparatus 
The apparatus consisted of a 1280x1024 pixel Dell 

monitor and Seeing Machines FaceLAB 5 infrared cameras 
mounted at the base of the monitor operating at 60Hz. 
Subjects sat 70-80 cms away from the screen. A chin rest was 
used to stabilize the head movements of the subjects. 

C. Procedure 
Calibration was performed at the beginning of the study for 

each subject. Subjects’ eye gaze was tracked as they completed 
a set of 12 tasks. A calibration was performed at the beginning 
of each task to ensure gaze accuracy throughout the 
experiment. This was succeeded by a task being presented to 
the subject. TABLE 1 shows the list of tasks in the form of 
questions asked for each picture. Next, a picture would be 
presented to the subject. The subject would think of an answer 
while looking at the photos, respond verbally and then move on 
to the next task. The eye gaze and verbal responses were 
recorded for the study. The set of 12 tasks were composed of 3 
pictures with 4 tasks per picture resulting in 360 scanpaths or 
eye gaze paths that were produced as a result of each task. 

The pictures were the digital copies of three works of art: 
“Pay for Peeping” by John Callcott Horsley (Fig. 3) [27]; “The 
Last Moments of John Brown” by Thomas Hovenden (Figure 
4) [28]; and “The Village Well” by Hugh Careron [29] (Figure 
5). These pictures were contextually abstruse and had a hint of 
curiosity in them. The subjects had no prior knowledge of the 
pictures used in the study and no knowledge was provided 
about the images before or during the study. Each picture 
contained at least four people in the scene portrayed in the 
picture.  

The next section describes how the data sequences were 
created by first using k-means clustering and OPTICS, and then 

how those sequences were used for training and decoding using 
HMMs. 

 
Fig. 3. Pay for Peeping by John Callcott Horsley 

 
Fig. 4. The  Last Moments of John Brown by Thomas Hovenden 

 

 
Fig. 5. The Village Well by Hugh Careron 

TABLE 1: TASKS FOR EACH PICTURE 
Task 
No. 

Tasks for 
picture 1  

Task 
No. 

Tasks for 
picture 2  

Task 
No. 

Tasks for 
picture 3  

1 
How many 
people are 
there? 

5 

Who is the 
main 
character 
here? 

9 

What are the 
boys in this 
image 
doing? 

2 
 

What is the 
boy doing? 6 

How many 
groups of 
people are 
depicted in 
this scene? 

10 

What are the 
group of 
women 
doing? 

3 Why is the 
boy peeping? 7 

Why are 
some people 
carrying 
rifles? 

11 What is this 
image about? 

4 

Do you think 
the people in 
this image 
are related to 
one another? 

8 
How many 
rifles do you 
see? 

12 
How many 
containers do 
you see? 

III. DATA ANALYSIS  
The data from the eye tracker consisted of: i) the 

timestamp of the subject’s gaze points, ii) the x and y location 
(in pixels) of the subjects’ gaze; and  iii) the pupil dilation data 
of the right eye and left eye.  
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Each picture along with all its tasks was analysed 
separately because the clusters were common for all the tasks 
of a picture, but not across pictures. 

Initially, an exhaustive search was conducted to find the 
highest success rate for each picture using k-means clustering 
(Pseudocode 1). Next, OPTICS was used to find a higher 
success rate (than the respective success-rate from using k-
means) for each picture (Pseudocode 2). Because of the nature 
of OPTICS, performing an exhaustive search is notably more 
computationally expensive than doing the same for k-means. 
Hence, the results we obtained for OPTICS are not necessarily 
the highest results that could be obtained using OPTICS. 

Pseudocode 1 shows the analysis performed using k-means 
clustering. The data for all the tasks of each picture was first 
clustered into k clusters. For each task of each subject, 
the scanpath was converted into a sequence of symbols that 
were obtained from the k clusters, being the cluster 
labels. The HMMs were then trained with the sequences for all 
the subjects except the test subject (leave-one-subject-out 
cross-validation). The Baum-Welch algorithm was utilized for 
training purposes using the generic HMMs. Task decoding was 
then performed by finding the HMM that had the highest 
probability for the test sequence.  The Viterbi algorithm was 
used to decode the tasks. Clustering was performed for k = 2 to 
k = 10. 

Analysis was performed on the number of HMM states to 
use. Fifty states were selected as being more than any number 
of clusters and also resulting in the highest success-rates using 
k-means clustering in initial trials. 

OPTICS was initially run with different values of MinPts. 
Smaller values of MinPts resulted in more refined but 
numerous clusters (hence more symbols and more HMM 
states) resulting in heavier computation. A value of 25 was 
selected as the smallest value for which computation could be 
done in a reasonable duration given the computation resources 
available to us at the time (Pseudocode 2). 

The analysis was then run to find the highest success-rate 
by varying the NEps value. First, all possible distance values 
were obtained from the reachability-plot. A subset of these was 
then used to search for the highest success-rates. Again, this 
was done to save computation resources since an exhaustive 
search of the NEps value that would result in the highest 
success-rate would lead to significantly more computation. 

The same number of HMM states used in the k-means 
analysis was also used in the OPTICS analysis (i.e. 50) so as to 
keep the classification process equivalent for the two result 
sets. 

IV. RESULTS   
Using k-means clustering gave us maximum success rates 

of 60.0%, 67.5% and 74.2% for Picture 1, Picture 2 and 
Picture 3 respectively as shown in Fig. 6, which are higher 
than the chance rate of 33%. Success rates were moderate for 
the first few values of k, gradually increased till they peaked at 
values of k of 5-7, and then gradually declined after that, 

which is why analysis was performed till k = 20 clusters. It can 
be seen in Fig. 7 that the success rates kept on declining. 

 
Pseudocode 1. HMM training and decoding using symbols from k-means. 
The value of k is from 2-10 and the process is repeated for each picture.  

 

 
Pseudocode 2. HMM training and decoding using symbols from OPTICS with 

MinPts = 25 to obtain the reachability distance, core distance and order 
 

Using OPTICS gave us maximum success rates of 77.5%, 
85.0% and 90.0% for Picture 1, Picture 2 and Picture 3 
respectively. 
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A paired t-test at the 95% confidence level failed to reject 
the hypothesis that the success-rates obtained for each task 
using the OPTICS analysis are higher than the respective 
success-rates obtained from the k-means analysis (p-value = 
0.0043, 0.0473 and 0.0057 for Picture 1, 2 and 3 respectively). 

 
Fig. 6. Success rates using k-means  

V. DISCUSSION  
 Our previous paper used manual ROIs and tested various 

factors that affect task identification from eye gaze data [14]. 
This resulted in an average success rate (for all three pictures) 
of 48.1%. Using k-means results in a success rate of 67.2%. 
While the manual ROIs were selected based on the heat maps 
generated from eye gaze patterns of the pictures, the size and 
placement of the ROIs would unlikely be optimum. OPTICS, 
in turn, results in higher success-rates than those of k-means. 
This is likely due to the OPTICS clusters being more refined 
than those of k-means. This shows the importance of the ROI 
selection and refinement in task identification using eye gaze 
patterns. 

The value of k that results in the best success rate while 
using k-means varies depending on the pictures. Intuitively, 
one would expect higher values to result in higher success-
rates, but this is not the case in this experiment. Values past the 
[5, 7] range result in decreased success-rates. It is likely that 
this behaviour is caused by having ROIs in areas that are not 
critical to task recognition. While using OPTICS, these areas 
can be discarded as outliers by selecting the appropriate MinPts 
value. However, k-means has no notion of outliers. 

Moreover, by observing the clusters formed by k-means 
and OPTICS, it is evident that the OPTICS clusters are more 
intuitive than k-means clusters (Fig. 8). The clusters obtained 
by k-means are polygonal in shape and cover larger areas (Fig. 
7). It is unlikely that the natural ROIs that occur when subjects 
look at particular areas of the pictures would be large and 
polygonal in shape. Hence, it is our opinion that k-means 
clusters do not accurately represent the subjects’ task behaviour 
when looking at particular areas of the pictures. 

However, the OPTICS analysis is more computationally 
expensive since the search space of NEps is large. In our 
analysis, the search space was reduced to the set of all 
reachability distances returned by the OPTICS algorithm. In 
addition to that, only those NEps values were processed that 
resulted in a change in the number of clusters (i.e. reachability 
distances that resulted in either the creation of new clusters or 

the merger of previous clusters). This resulted in a substantial 
decrease in the NEps search space. 

Another way of decreasing the cost of the OPTICS analysis 
computation is by increasing the value of MinPts. Lower 
values result in smaller and more numerous clusters. Since 
each cluster is a symbol, this results in longer HMM training 
durations. As observed in the k-means analysis, large numbers 
of clusters do not necessarily result in higher classification 
success rates. Using a larger MinPts value results in larger but 
fewer clusters. For our data, a value of 25 resulted in both 
higher success-rates than k-means and also substantially lesser 
computational cost. 

For both k-means and OPTICS, we achieved higher success 
rates for Picture 3 than for Picture 2, which in turn achieved 
higher success rates than for Picture 1. This is likely due to the 
difference in the subject matter complexity and visual 
complexity of the pictures. The theme of Picture 1 and Picture 
2 seemed ambiguous, at least for certain questions that were 
posed, while Picture 3 seemed to have a more straightforward 
theme, according to the verbal responses of many subjects. 
Another cause could be the chronological order in which the 
pictures were presented to the subjects, so that they became 
gradually familiar with the procedure of performing the study, 
thus, becoming increasingly precise with their physiological 
and verbal responses.  

We also observed from the OPTICS results that the clusters 
that resulted in the highest success rates covered very little area 
of the pictures. This could imply that the regions that are 
important in the task identification are a small proportion of the 
overall picture. This contrasts with the k-means clusters that are 
big and cover larger proportions of the pictures. 

VI. CONCLUSION  
In this paper, we compared the popular k-means algorithm 
with the density based OPTICS algorithm for automatic 
clustering of eye gaze data for use in training and decoding 
tasks using Hidden Markov Models. We found that both k-
means and OPTICS give better success rates than manual 
selection of Regions of Interest. We also found that OPTICS 
gives a higher success rate on an individual picture-by-picture 
basis as well as the overall average of all pictures than k-
means. Furthermore, the cluster formation in OPTICS is more 
intuitive while as the cluster formation in k-means seems 
uneven and artificial.   
 

In our future work we will investigate tasks that are more 
similar across pictures. We note that our tasks were consistent 
at an abstract level: how many; what/who; why and so on. 
Common tasks would most likely require a greater degree of 
similarity between the pictures used. With identical or more 
similar tasks and similar images, we could readily examine the 
interactions between ordering of picture presentation and tasks. 
Finally, we will investigate the semantic meanings of the 
OPTICS identified ROIs in the images. 

2016 IEEE International Conference on Systems, Man, and Cybernetics • SMC 2016 | October 9-12, 2016 • Budapest, Hungary

SMC_2016    001243



   

 
 REFERENCES 

[1] L. P. Prieto, K. Sharma, Y. Wen, and P. Dillenbourg, “The burden of 
facilitating collaboration: towards estimation of teacher orchestration 
load using eye-tracking measures,” in Proceedings of the 11th 
International Conference on Computer-Supported Collaborative 
Learning (CSCL 2015), 2015, pp. 212–219. 

[2] E. M. Ellis, A. Borovsky, J. L. Elman, and J. L. Evans, “Novel word 
learning: An eye-tracking study. Are 18-month-old late talkers really 
different from their typical peers?,” J. Commun. Disord., vol. 58, pp. 
143–157, 2015. 

[3] P. S. Holzman, L. R. Proctor, and D. W. Hughes, “Eye-Tracking 
Patterns in Schizophrenia,” Science, vol. 181, no. 4095, 1973. 

[4] G. Pavlidis, “Eye Movements in Dyslexia,” University of Manchester, 
U.K, 1985. 

[5] M. Vidal, A. Bulling, and H. Gellersen, “Pursuits: spontaneous eye-
based interaction for dynamic interfaces,” GetMobile Mob. Comput. 
Commun., vol. 18, no. 4, pp. 8–10, 2015. 

[6] R. J. Jacob and K. S. Karn, “Eye tracking in human-computer 
interaction and usability research,” Mind, vol. 2, no. 3, 2003. 

[7] M. Schiessl, S. Duda, A. Tholke, and R. Fischer, “Eye tracking and its 
application in usability and media research,” MMI-Interakt. J., vol. 6, 
2003. 

[8] G. A. Steiner, “The people look at commercials: A study of audience 
behavior,” J. Bus., 1966. 

[9] C. Batty, A. G. Dyer, C. Perkins, and J. Sita, “Seeing Animated 
Worlds: Eye Tracking and the Spectator’s Experience of Narrative,” 
Mak. Sense Cine. Empir. Stud. Film Spect. Spectatorship N. Y. 
Bloomsbury, 2015. 

[10] V. Sundsetdt, “Gazing at games: using eye tracking to control virtual 
characters,” in SIGGRAPH ’10, 2010. 

[11] E. Cutrell and Z. Guan, “What are you looking for?: an eye-tracking 
study of information usage in web search,” in Proceedings of the 
SIGCHI conference on Human factors in computing systems, 2007, 
pp. 407–416. 

[12] J. H. Goldberg and J. I. Helfman, “Comparing information graphics: a 
critical look at eye tracking,” in Proceedings of the 3rd BELIV’10 
Workshop: Beyond time and errors: Novel evaluation methods for 
information visualization, 2010, pp. 71–78. 

 

[13] A. Haji-Abolhassani and J. J. Clark, “An inverse yarbus process: 
Predicting observers’ task from eye movement patterns,” Vision Res., 
vol. 103, pp. 127–142, 2014. 

[14] K. Naqshbandi, T. Gedeon, U. A. Abdulla, and L. Copeland, “Factors 
affecting identification of tasks using eye gaze,” presented at the 
Cognitive Infocommunications (CogInfoCom), 2015 6th IEEE 
International Conference on, 2015, pp. 563–568. 

[15] D. D. Salvucci and J. H. Goldberg, “Identifying fixations and saccades 
in eye-tracking protocols,” in Proceedings of the 2000 symposium on 
Eye tracking research & applications, 2000, pp. 71–78. 

[16] N. H. Mackworth and A. J. Morandi, “The gaze selects informative 
details within pictures,” Percept. Psychophys., vol. 2, no. 11, pp. 547–
552, 1967. 

[17] A. K. Jain, “Data clustering: 50 years beyond K-means,” Pattern 
Recognit. Lett., vol. 31, no. 8, pp. 651–666, 2010. 

[18] C. R. Latimer, “Eye-movement data: Cumulative fixation time and 
cluster analysis,” Behav. Res. Methods Instrum. Comput., vol. 20, no. 
5, pp. 437–470, 1988. 

[19] C. M. Privitera and L. W. Stark, “Algorithms for defining visual 
regions-of-interest: Comparison with eye fixations,” IEEE Trans 
Pattern Anal Mach Intell, vol. 22, no. 9, pp. 970–982, 2000. 

[20] G. T. Buswell, How people look at pictures: a study of the psychology 
and perception in art. 1935. 

[21] A. L. Yarbus, Eye movements and vision. 1967. 
[22] A. Haji-Abolhassani and J. J. Clark, “An inverse yarbus process: 

Predicting observers’ task from eye movement patterns,” Vision Res., 
vol. 103, pp. 127–142, 2014. 

[23] M. R. Greene, T. Liu, and J. Wolfe, “Reconsidering Yarbus: a failure 
to predict observers’ task from eye movement patterns,” Vision Res., 
vol. 62, 2012. 

[24] M. Ester, H.-P. Kriegel, J. Sander, and X. Xu, “A density-based 
algorithm for discovering clusters in large spatial databases with 
noise.,” in Kdd, 1996, vol. 96, pp. 226–231. 

[25] Hugo, “OnMyPhD,” K-means clustering. . 
[26] M. Ankerst, M. M. Breunig, H.-P. Kriegel, and J. Sander, “OPTICS: 

ordering points to identify the clustering structure,” in ACM Sigmod 
Record, 1999, vol. 28, pp. 49–60. 

[27] C. Horsley, Pay for peeping. 1872. 
[28] T. Hovenden, The last moments of John Brown. 1882. 
[29] H. Careron, The village well. 1871.  

.    

Fig. 7. k-means clusters resulting in the highest success rates for each picture. The resultant clusters are superimposed on a screen shown during the first task 
of each picture to the subjects. 

   

Fig. 8. OPTICS clusters resulting in the highest success rates for each picture. The resultant clusters are superimposed on a screen shown during the first 
task of each picture to the subjects. The red points denote outliers while as the other colours denote clusters.  
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