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Purpose of Visualization

2 Introduction

Figure 1.1 shows the relationship between data, information, knowledge and wisdom. Data are

processed and organized to become information. Humans gain knowledge through aggregating

different pieces of information where the irrelevant parts have been filtered out. Knowledge is

turned into wisdom when a person is able to recall all previously obtained knowledge to solve

unanswered problems.

Figure 1.1: The process of understanding [71]

Data and information are external items. Knowledge and wisdom are internalized human mental

states. Data/information need to be transformed into knowledge/wisdom to support decision making

or problem solving. The value of data is that it contains the useful information people required.

Transformation of data to information is a process of pattern recognition and distillation. Pattern

recognition means seeking similarities and regularities present in the data. Distillation implies that

a large amount of data can be turned into a smaller amounts of information [71]. Looking for useful

information can be a tedious and exhausting task, especially when the data set is large or complex

in nature. For example, it may take thousands of data measurements for scientists to finally arrive

at the piece of information that ‘Earth is currently experiencing rapid warming’.

1.2 Visualization

Data can be presented in various forms such as tables, matrixes, diagrams etc. The way in which

data is presented has great impact on the efficiency with which people perceived information. Vi-

sualization is the use of a computer to transform data into image/geometric forms, which aims to

‘facilitates comparison, pattern recognition, change detection, and other cognitive skills by making

Hey, J., “The data, information, knowledge, wisdom chain: The metaphorical link,” 
2004, published at Intergovernmental Oceanographic Commission - OceanTeacher: a 
training system for ocean data and information management. 	
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Information Visualisation

Abstract data 

• No explicit geometries are associated with 

• No obvious pictorial/graphical representation 

• Often require InfoVis expertise to create “good” visualisation 

!
Good Visualisation 

• Intuitive 

• See what you expected (fast) 

• See what you unexpected (fast)
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Example of Abstract Data

• Financial data 

• Natural Languages 

• Text / Audio Analysis 

• Network traffic/telecommunication data 

• Bioinformatics data 

• Socio-demographic / Social Network data  

• Security Data 

• Business Intelligence Data 

• Kansei engineering data (psychological/categorical)
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Visualising N-Dim Streaming Data

• To handle Streaming data 

• continuously building up data space’s Probability Density Function  

• To “SEE” the n-dimensional space 

• Map the n-dimensional space to 2D manifold using the built up PDF 

!
• Encode 3D data into 2D image 

• use existing Movie Streaming to send massive 3D data over the net.
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6.2. RESULTS 71

Figure 6.11: The figure depicts two paths on the projected weight vectors for the S-
curve. The left and right paths correspond to the paths in part (a) and (b) of Figure
6.10 respectively. Both paths can be seen to be close to parallel on the S-curve.

and the resulting paths follow the topology of the data well. Figures 6.14 and 6.15

provide an example of a paths on the torus and Klein bottle respectively.

Figure 6.12: A scatter plot of the weight vectors after training the Geodesic M-SOM
with points sampled from the torus manifold.

However, while testing with the torus manifold, it was observed that there were

weight vectors that represented points located within the hole; that is, the points do

not lie on the surface of the torus (Figure 6.16). These points generally lie in the
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FINDING ON MANIFOLDS

Figure 6.13: A scatter plot of the weight vectors after training the Geodesic M-SOM
with points sampled from the Klein bottle manifold.

Figure 6.14: The calculated path from (-1.5, 0, 0) to (1.5, 0, 0) using distance trans-
formations laid against the weight vectors for the torus manifold (a). The result of
using linear interpolation produces a path that does not travel along the surface of
the torus (b).

cluster boundaries that have been enclosed within the rectangles in Figure 6.17. In

this situation, floodplain analysis could be used to avoid generating incorrect results.

Figures 6.18a and 6.18b illustrate a comparison of using distance transformations
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FINDING ON MANIFOLDS

Figure 6.17: The Geodesic SOM after training it with 2000 points sampled from the
torus. The cluster boundaries are within the drawn rectangles.

otherwise occur (Figure 6.19a).

Figure 6.18: A close view of the right cluster boundary on the Geodesic SOM in Figure
6.17. Part (a) is the result of using only distance transformations whereby the path
between (-0.22843947, -0.44011176, 0) and (-0.33318394 0.37217036 0.015714455) tra-
verses through the cluster boundary. The result of using distance transformations
with floodplain analysis produces a path that avoids the cluster boundary (b).

6.2.1 Recovering manifolds from a cloud of points

It can be observed the paths computed by the proposed method truthfully follow

the structure of the data. Although the method was not intended to be use for this

purpose, it may also be possible to use the resulting paths to recover the manifold

from a cloud of points. Figures 6.20 to 6.23 depict the results of approximating
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134 User Study

1. Which neighbor of the highlighted vertex is not similar to its other neighbors?

This task requires a participant to identify a neighbor whose attribute values are dissimilar

to other neighbors of a selected vertex. Two multivariate networks (Network 3 and Network

5) are used for this task. Both networks have 48 vertices. Vertices in Network 3 have ten

attributes while vertices in Network 5 have four attributes. Figure 6.1 shows the four visual-

izations used in this task. The selected vertex in each picture is highlighted using a rectangle.

In both networks, the vertex has three neighbors which belong to two attribute clusters.

(a) Star glyph visualization of Network 3 (b) Hybrid visualization of Network 3

(c) Star glyph visualization of Network 5 (d) Hybrid visualization of Network 5

Figure 6.1: The first task: Which neighbor of the highlighted vertex is not similar to other neighbors? Please
refer to Figure 2.22 for the color notation of the GeoSOM.
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Attributes: Gross Domestic Product (GDP) per capita, GDP Growth, population and population growth

7.2 Cereals and Manufactured Metal Trade Networks 165

(a) The cereals trading network

(b) The manufactured metal trading network

Figure 7.2: Visualizations of the two world trade networks. Please refer to Figure 2.22 for the color notation
of the GeoSOM.

cereals trading

manufactured metal

166 Case Study: International Trading Networks

3. In both networks, trading between the core/strong semi-periphery countries was much denser

than within the periphery countries. In addition, most edges between the core/strong semi-

periphery countries are double directed and are of the same widths at both of their end points,

which indicates that the trading among these countries was balanced. They did not depend

on each other for manufactured metal.

Most of the above observations are consistent with the world-system theory: core countries such

as the USA, Germany and Japan were key providers of high-processed commodities (manufactured

metal). Strong Semi-periphery countries (e.g. Australia and Canada) mainly exported agricultural

goods. The weak semi-periphery/periphery countries (e.g. Honduras (HND), Ecuador (ECU)) re-

lied on the core and strong semi-periphery for product supplies. However, according to the world

system theory, the core countries should specialize in exporting complex manufacturing products

and the periphery countries should tend to supply agricultural products. Figure 7.2(a) demonstrates

that the core countries were also major providers of cereals to the peripheral countries. This is prob-

ably because the massive production of agriculture goods relies more and more on high technology,

especially the techniques for genetically modified foods, manufacturing agricultural machinery and

equipments. Therefore, the advanced core countries are able to produce a bigger amount of cereals

at much lower prices.

7.2.2 The Attribute Distribution

Figure 7.3: The countries can be roughly classified into five groups according to their attributes. Please refer
to Figure 2.22 for the color notation of the GeoSOM.
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174 Case Study: International Trading Networks

(a) The 1983-1991 network

(b) The 1992-1999 network

Figure 7.6: Visualizations of the military expenditures and arms transfer network before and after the cold
war. Please refer to Figure 2.22 for the color notation of the GeoSOM.

By comparing Figure 7.6(a) and Figure 7.6(b), it can be observed that the attribute clusters and

the countries’ relative positions in the two visualizations remain almost the same. This indicates

that, in general, there were no substantial changes to the countries’ military spending behavior. The

country that experienced the biggest changes was Soviet Union/Russia, which can be seen by her

position changes in the two visualizations. In the 1983-1991 network, she was in the center of high

military spending countries while in 1992-1999, she moved to the left towards the low spending

174 Case Study: International Trading Networks

(a) The 1983-1991 network

(b) The 1992-1999 network

Figure 7.6: Visualizations of the military expenditures and arms transfer network before and after the cold
war. Please refer to Figure 2.22 for the color notation of the GeoSOM.

By comparing Figure 7.6(a) and Figure 7.6(b), it can be observed that the attribute clusters and

the countries’ relative positions in the two visualizations remain almost the same. This indicates

that, in general, there were no substantial changes to the countries’ military spending behavior. The

country that experienced the biggest changes was Soviet Union/Russia, which can be seen by her

position changes in the two visualizations. In the 1983-1991 network, she was in the center of high

military spending countries while in 1992-1999, she moved to the left towards the low spending
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Evidence of Knowledge 
Behaviour

• Fragment of a 
geospatial 
database	


• single 
geographical 
region is 
classified into 
distinct 
geological units
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of the ‘Baker Brook basalt’ concept is returned with two distinct descriptions, the knowledge 

that one is supported with age date analysis or more field sampling would likely cause it to 

be selected. Pragmatics thus helps evaluate an entity’s “fitness for use” (Chrisman, 1984). 

The significance of evaluating fitness for use can be demonstrated via Figure 1.1, which 

shows a fragment of a geospatial database in which a single geographical region is classified 

into distinct geological units on adjacent sides of a map border (from Davenport, et al., 

1999).  The bottom pink unit is classified as the ‘Buchan’s Group’ concept and contains a 

mixture of rock types (not shown) whereas the upper blue unit is classified as the ‘Roberts 

Arm Group’ concept and contains a collection of sub-units (formations, beds, etc.), including 

instances of the ‘Baker Brook basalt’ concept. However, such a sharp break between 

adjacent units is highly implausible, given the absence of other significant geological factors 

such as faulting. Determining which representation to trust at the border, perhaps for some 

environmental decision such as nuclear waste disposal site selection, is then a matter for geo-

pragmatics: semantics will inform what the differences are, whereas geo-pragmatics will help 

evaluate them by informing why and how those differences came to be, so the 

representations can be used appropriately and reliably.  

 

Figure 1.1: varying classification of geological regions across maps. 
copyright, Dr Brodaric 
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For Peirce such an idea is also anchored in a sign, which is a triadic relation between some 

object detected in the world, some representation of it (e.g. a symbol), and some abstraction 

of it by some interpreter (e.g. a concept). Figure 2.6 illustrates a sign in which the text “Baker 

Brook basalt” as written in a field notebook is related to some specific observed rock body 

and to the ‘Baker Brook basalt’ concept obtained in the mind of a geologist.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.6: a sign for the concept ‘Baker Brook basalt’. 

Any of the three nodes of the sign could be considered a departure point for the stimulation 

of a new sign in a process called semiosis. For example, the concept of the ‘Baker Brook 

basalt’ might serve in the role of object and stimulate another concept such as ‘formation’, 

which is represented in writing as “formation”. Or the object Baker Brook basalt might serve 

in the role of symbol, suggesting to a geologist both a concept of, and object for, some 

volcanic process operating in the region. Scientific inquiry is then the process of semiosis in 

which scientific reasoning guides the development of signs and converges them to a suite of 

signs that are scientifically credible and reflective of reality within the limits of such a lens. 

Peirce’s three threads of a concept can now be interpreted in terms of signs and semiosis: 

experiential situations map onto the signs from which a concept is developed via semiosis; 

defining descriptions map onto the sign for which the concept is an abstraction; and 

consequences map onto signs derived from the concept via semiosis. Indeed, Morris mirrors 

this interpretation when he describes pragmatics as the “origins, uses and effects of signs” 

relative to an interpreter (1938). However, he differs from Peirce in two ways relevant to this 

dissertation: firstly, users and objects are not valid signs for Morris whereas for Peirce signs 

can be anything that provoke a response in an interpreter, including material objects, 

abstractions, representations, and users; and secondly, use seems to have superceded or 

encapsulated definition as a pragmatic dimension for Morris. In this dissertation the original 

representationobject

abstraction

“Baker Brook basalt” 

 ‘Baker Brook basalt ’ 

copyright, Dr Brodaric 

x0, x1,...,xn
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Data

• Three geologists working as a team	


• covers 1500 sites	


• a set of geological properties represents one 
data entry	


• a set of many data entries form a geological 
concept.
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4.4.4 MMD: intra-geologist thematic clustering 

The approximate diameter of a geologist’s cluster was measured at weekly intervals within 

concepts A, B, and C, using the MMD technique, to gauge the clustering trends of individual 

geologists. The results in Figure 4.11 show a variety of patterns within and across concepts, 

for the geologists. For concept B, the geologists’ clusters uniformly decreased over time, 

indicating an early recognition of the concept, followed by repetitious acquisition of similar 

data. For concept A, a similar trend to stabilization is interrupted in two geologists by bursts 

of cluster expansion and contraction, signifying the discovery of new thematic aspects of the 

concept and intensive re-recognition of the same aspects, respectively. The differences 

between geologists’ clustering patterns are most pronounced in C, where each geologist 

displays a different pattern, signifying different levels of uncertainty and completeness.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.11: diameter of a geologist’s thematic cluster measured weekly for concepts A, B and C. 

C: intra-geologist thematic clustering
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A: intra-geologist thematic clustering
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B: intra-geologist thematic clustering
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geologist 3: cluster expansion in weeks 2,4,6 
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Interpreting MMD graphs 

The MMD technique is used to measure the length of the central tendency of one cluster, or 

the distance between the central tendencies of two clusters. Calculating the length of a single 

cluster, or the distance between different clusters, at regular time intervals, and plotting these 

as graphs of time versus distance, then enables visualization of the clustering trends over 

time. Clustering trends were calculated for: (1) each geologist’s observed data within each 

concept, and (2) each geologist’s geospatial position within each concept. Inter-cluster 

distances were calculated between: (3) pairs of geologists within each concept, and (4) each 

geologist’s cluster and a prototype cluster for the concept derived from the map legend.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.7: how  to interpret the intra-geologist’s thematic MMD clustering graphs. 

Significance Member     Uncertainty 
 

- Concept - Class     - Consistent 
  Refinement* - Attribution - Incomplete 
  - Situation 
*exception:  
  new core due 
  to extreme  
  rise in sampling 
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  - Attribution   
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Perceptually Ordered Visual Stimuli (POVS)

Visual Variables 

- Mathematically defined similarity 

- Perceptually measured similarity

!
!
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Perceptually Ordered Visual Stimuli (POVS)

Expected outcomes 

- Perceptually calibrated measures of visual variables 

- (Semi)Automated generation of visual variables 

- Perceptually informed visual complexity
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Fig.1. Basic visual information processing sequences. retina (RT), visual cortices (V1-V4), lateral occipital complex (LOC), middle temporal area 
(MT), medial superior temporal area (MST), posterior parietal cortex (PPC), inferotemporal cortex (ITC), prefrontal cortex (PFC), motor cortex, 
(MC), frontal-eye-field (FEF), superior colliculus (SC). 

These areas are sensitive to locations and spatial properties of 
information [23]. For example, neurons in the medial superior 
temporal area (MST) are selective for motion direction and velocity 
[24]. The functional segregation between both paths enables us to 
reduce the complexity of visual input, to dissociate the meaning of 
important information (what) from its location (where).  Both paths 
converge into the prefrontal cortex area (PFC). PFC is deeply 
involved in working memory processes binding the previously 
extracted features to meaningful information in a bottom-up 
(stimulus-driven) and a top-down (knowledge-driven) manner [25]. 
Finally, signals are sent to brain areas that initiate and execute eye-
movements like the motor cortex (MC), the frontal eye-field (FEF), 
and the superior colliculus (SC). These areas are involved in 
initiating and monitoring eye movements. For instance, they enable 
us to shift our gazes to relevant information that was captured by the 
eyes retina (RT). The speed and accuracy of these gaze shifts 
strongly depends on the cognitive workload level that is put on 
working memory processes. 
 As brain areas tend to respond to sensory input successively [26] 
these information processing sequences might allow us to conjecture 
how and why the brain processes displayed information in certain 
manners. If the composition of a design appropriately stimulates the 
visual system and functions of brain areas along the ‘where path’ and 
the ‘what path’ it may relieve working memory processes, and 
improve the speed and accuracy of eye movements that we direct to 
information of interest. But, under what circumstances do we 
consider information on a display as relevant enough to shift our 
attention towards it? In the next chapter, we aim at providing a 
possible explanation to this question by relating the above described 
intrinsic processes to the concept of information relevance. 

1.3 Relevance of Information 
Cognitive scientists differentiate between objective and subjective 
relevance of information [27]. Objective relevance is, for example, 
typically applied in the field of information retrieval (IR) where 
information is objectively determined by algorithms. In geographic 
tasks, the objective retrieval of information is difficult to apply. 
Arnheim’s “To see an object in space means to see it in context” [28, 
p. 54] can quickly lead to complex questions about how to filter and 
design relevant objects as we deal with a so far unidentified number 
of contextual parameters. A mobile user for example, may look for a 
Mexican restaurant (topical relevance). She prefers a later 
reservation (temporal relevance), because she wants to meet a friend 
in a pub (activity relevance) nearby the underground before (spatial 
relevance). Here, the closest restaurant might not be the most 
relevant. She may rather choose a location, which is determined by 
the best combination of all relevance types [29]. The field of 
geographic information retrieval (GIR) studies how to assess this 
geographic relevance of information [30]. Mountain and MacFarlane 
[31] used speed-ahead prediction surface and viewshed analysis. 
Others combined different relevance factors into one relevance value 
[29, 32, 33], or linked spatial to temporal proximity [34]. 
 Similar to GIR, objective relevance is inadequate in 
communication and pragmatics because humans assess the relevance 
of information subjectively. A key factor influencing the subjective 
relevance of information is cognition. Cognitive relevance can be 

described as the relation between the state of knowledge and the 
information need of a person [35]. This principle acts on the 
assumption that cognition tends to work towards the maximisation of 
relevance [27]; only information that can be processed with small 
effort and results in large effect is more relevant than other 
information. Relating the concept of cognitive relevance to the basic 
intrinsic functional relationships illustrated in Figure 1 can help us 
better understand how and why we judge the relevance of 
information. 

Fig. 2. Cognitive relevance and intrinsic visual information processing 
visual information processing sequences. 
 
In Figure 2, we suggest that we extract visual information from a 
visual scene with small effort (via the visual system) only if we can 
locate this information rapidly (via the ‘where’ path) and decode its 
meaning correctly (via the ‘what’ path). At the same time, this visual 
input must result in large effect like triggering knowledge for 
decision-making (through working memory processes). The 
combination of smallest effort and largest effect identifies which 
information we consider as the most relevant. Brain areas involved in 
monitoring and executing eye-movements finally enable us to 
visually pick up this information of interest from the display. 
 In the next section, we outline a design methodology that tends to 
suit these cognitive requirements by supporting us in quickly 
identifying the location of important information and correctly 
estimating its relevance degree. 

2 ATTENTION-GUIDING INFORMATION DESIGN 
We daily make use of a processing strategy helping us to handle the 
amount of sensory input that is estimated to be in the range of 108-
109 bits per second [36]. To get an overview we first rapidly scan our 
visual environment in a sceneǦbased mode [37]. To then focus on 
relevant information more precisely we slow down to a more 
detailǦbased mode. The speed and accuracy of this visual scanning 
strategy strongly depends on the composition of visual input. If a 
stimulus, a visual attractor, appears sufficiently different from 
surrounding distractors, we do not need any information about this 
stimulus in advance [38]. It can promptly guide our attention towards 
it.   

Basic visual information processing sequences. retina (RT), visual cortices (V1-V4), lateral 
occipital complex (LOC), middle temporal area (MT), medial superior temporal area (MST), 
posterior parietal cortex (PPC), inferotemporal cortex (ITC), prefrontal cortex (PFC), motor 
cortex, (MC), frontal-eye-field (FEF), superior colliculus (SC).

• C.W. Eriksen and J. Hoffman, “The Extent Of Processing Noise  
Elements During Selective Encoding From Displays”, Perception and  
Psychophysics, vol. 14, pp. 155-160, 1973. 	


• [16]  A. Treisman and G. Gelade, “A Feature Integration Theory Of Visual  
Attention”, Cognitive Psychology, vol. 12, pp. 97-136, 1980. 	


• [17]  R.J. Allen, A.D. Baddeley and G.J. Hitch, “Is The Binding Of Visual Features In Working Memory Resource Demanding?” Journal of  
Experimental Psychology, vol. 135, pp. 298-313, 2006. 	


• [18]  L. Ungerleider and M. Mishkin, “Two cortical visual systems”, Analysis of Visual Behaviour, D.J. Ingle, M.A. Goodale and R.J.W.  
Mansfield, eds., Cambridge: MIT Press, pp. 549-586, 1982. 	


• [19]  M.A. Goodale and A.D. Milner, “Separate Visual Pathways For  
Perception And Action”, Trends Neuroscience, vol.15, pp. 20-25, 1992. 
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Fig.9. Basic visual information processing sequences. retina (RT), visual cortices (V1-V4), lateral occipital complex (LOC), middle temporal area 
(MT), medial superior temporal area (MST), posterior parietal cortex (PPC), inferotemporal cortex (ITC), prefrontal cortex (PFC), motor cortex, 
(MC), frontal-eye-field (FEF), and superior colliculus (SC) 

composition of a design might influence intrinsic visual information 
processing sequences. To exemplify, Figure 9 relates a small set of 
the above described list of variables and brain area functions, 
(indicated by X in Table 1), to the intrinsic functional relationships 
of visual information processing that we illustrated in Figure 1. 
 In this scenario, we consider in a first step the variables value, 
hue, saturation, size, and contour width as favourable as they may 
represent ordered rankings effectively, and simultaneously stimulate 
brain areas along both information processing pathways (V1, V2, 
V3, and V4). In a second step, we suggest that applying the design 
principle ‘visual hierarchy’ to information design enables us to 
stimulate brain areas involved in figureǦground segregation (V1, V2, 
V4, and PPC). Following the principle ‘simplicity’ might stimulate 
information filtering brain areas (ITC, PPC), and ‘conciseness’ may 
stimulate brain areas enabling the processing of salient cues (ITC, 
PPC). In doing so, we expect reducing the cognitive workload that is 
put on the working memory system to ease subsequent functions like 
monitoring motorǦoutput of eye movements (PFC). We believe that 
systematically influencing these intrinsic functional relationships 
will finally support observers in initiating and executing effective 
eye-movements (MC, FEF, and SC). This approach might result in a 
spatio-temporally coherent pattern of eye movements that is adapted 
to the spatial distribution of relevance-ranked information in a 
display. 

4 EVALUATING EXTERNAL VISUAL SCANNING BEHAVIOUR 
We have, in the previous chapter, presented a scenario which 
suggests how and why a set of potential ordered variables might 
stimulate brain processes involved in visual information processing. 
We have also hypothesised that these variables might guide gazes to 
information of interest depending on whether or not the design 
principles ‘visual hierarchy’, ‘simplicity’, and ‘conciseness’ are 
applied to a design methodology. To exemplify, we first analyse the 
perceptual effect of colour value with a computational attention 
model. We then compare these computer generated outcomes with 
its graphical impact on humans. 

4.1 Attention Model 
Figures 10-12 illustrate the outcomes of the computational model. 
The bottom-up driven (saliency-based) model was developed by Itti 
and colleagues [50]. It has been successfully validated against 
experimental evidence for visual search tasks [16]. The model 
predicts possible gaze fixations based on colour, intensity and 
orientation contrasts in a visual scene. It computes the values of 
these features independently and generates three feature maps which 
compare local and global differences of a scene. A saliency map 

which integrates all feature maps finally predicts the location of gaze 
fixations that humans might employ to detect the most salient 
information in a display. The centre of each yellow circle shows the 
location of a predicted initial eye fixation. Lines display sequences 
and directions of eye scan paths. Numbers (1-3) show the location of 
three relevance-ranked point symbols in order of decreasing 
relevance degree (from dark to light red). 

Fig. 10. Computerised gaze plot applied to map stimulus 1. The 
information is not filtered but the base map is visually demoted to the 
background. 

Figure 10 illustrates the first map stimulus that, according to a 
relevance-based query to a system, displayed the location of three 
relevance-ranked buildings in an urban area with point symbols. 
Both the relevant and the irrelevant buildings (i.e. all buildings in the 
data base) were displayed in the salient foreground of the bottom-up 
driven focus layer. The irrelevant point symbols were assigned to a 
fourth class. Accordingly, the colour value of these fourth class 
symbols was lighter than the red colour of the third relevance class 
symbol. The context information in the base map (top-down layer) 
was visually demoted to the background. When applying four 
fixations to the stimulus, the model failed to identify the most 
relevant information in the map because of too high colour, intensity, 
and orientation contrast of irrelevant buildings. The second map 
stimulus in Figure 11 displayed the three relevant locations of the 
buildings in the same salient way as the base map. The irrelevant 
buildings were filtered out using geographic relevance-based 
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Perceptually Ordered Visual Stimuli (POVS)

Expected outcomes 

- Perceptually calibrated measures of visual variables 

- (Semi)Automated generation of visual variables 

- Perceptually informed visual complexity
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