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ABSTRACT 
Existing developments of self-management interventions 
still rely heavily on patient’s self-reports which provides a 
subjective reflection that often mischaracterises patient’s 
self-management practices. To alleviate this, ubiquitously 
capturing images via body cameras was introduced to 
record patient’s daily activities into streams of images for 
objective reflection. However, the resulting dataset would 
yield thousands of images which present challenges to users 
in making sense of such a large database. Even further, 
classifying and organising such large collections would 
require extensive manual organisation efforts in presenting 
useful portions of the dataset for successful patient 
reflection, where the gap between image analysis, image 
browsing, and information visualisation still persists. 
Therefore, this project proposes a design of a novel 
intelligent image browser prototype that combines 
automated intelligent image analysis with image browsing 
and information visualisation approaches to reduce and 
organise large image collections in a format that can be 
presented intuitively via visualisations that supports user’s 
objective reflection of their self-management routine. 
Through the development of the image analysis system and 
the design of the image browser prototype, patient’s body 
camera datasets were analysed and visualised for evaluation 
where the preliminary evidence from the usability studies 
and interview sessions showed promise in utilising 
intelligent image browsers to promote user’s understanding 
of self-management in a large image collection. 
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1. INTRODUCTION 
Self-management is a widely promoted approach when it 
comes to treating health conditions in the long-term [18]. It 
is a persistent and dedicated routine that requires patients 
and families to adjust their daily routines to accommodate 
patient’s health condition such as taking medication, 
preparing special meals and visiting medical professionals. 
However, prior research suggests that many individuals 
struggle to implement effective self-management practices 
where barriers to this involve time management, priorities, 
resources and discrepancies between the perspectives of the 
patient and healthcare professionals [5]. Consequently, poor 
integration of self-management into their daily lives can 
contribute significantly to the deterioration of patient’s 
health and well-being. 
 
Many digital self-management interventions have been 
unsuccessful in attempting to integrate effective practices 
with patient’s lives. Studies that evaluated these 
interventions showed a high rate of participants dropping 
out where some reported retention rates of only 1% [18]. 
This is largely attributed to the intervention’s lack of patient 
context where the amount of work that is required by the 
patient was not emphasised. Furthermore, certain studies 
found that patients had trouble reflecting and making sense 
of data presented by current digital health interventions 
[10]. For instance, a study conducted by Li et al., showed 
that participants found challenges in interpreting their 
personal information from the data’s lack of context and 
poor visualisation where these barriers can obstruct their 
holistic outlook on their self-management practices. 
Participants in various studies specifically referred to the 
difficulty in obtaining holistic views on their data due to the 
obstruction of the visualisation’s features that either limits 
the availability and display of information or filters time 
only by months instead of weeks or days which contributes 
to the lack of usefulness in current interventions [1, 2, 8, 
10]. Hence, filling the gap between patient’s existing 
lifestyle and the understanding of patient work required in 
self-management practices can overcome the barriers and 
challenges that previous interventions have alluded to. 
  
Issues with previous patient work research is its reliance on 
self-report methods to collect data regarding self-
management practices [18]. Patient experts are considered 
researchers who studies the behaviours and needs of 
patients where self-report (interviews) and direct 
observations conducted by them are limited by the level of 
reliability in the data provided by the participants and the 
degree of discomfort participants experience during the 
observations. Moreover, the scope of the data that is 
captured with these methods is restricted to a short amount 
of time where it is unlikely that natural routines would be 
properly recorded. Hence, the introduction of digital 
devices to automatically and non-obstructively collect data 
regarding patient work over the long-term can be an 
effective measure in recording patient work in the context 

of self-management. Previous mixed method studies 
incorporated wearable cameras to ubiquitously capture 
images of patient’s activities over the course of 24-hours 
[18]. The use of the cameras can uncover participant’s 
authentic self-management routines as it diminishes the 
observer effect that is caused by participant’s discomfort of 
researchers observing them in a private setting. However, 
capturing a continuous stream of images throughout a 24-
hour day can lead to a large unstructured image collection 
that can present difficulties for patient experts and patients 
in understanding the dataset. As a consequence, earlier 
body camera studies conducted by patient experts relied on 
a manual image classification process to identify activities 
in images and arrange them in chronological order to 
highlight the relevant ones that best represents the patient’s 
daily routine [18] which can be a laborious and time-
consuming task. Hence to support patient expert’s analysis 
and patient’s reflection of their body camera dataset, a more 
automated image classification process must be introduced 
to reduce the sizeable dataset to a significant collection in a 
timely manner. 
 
Recent automated image analysis techniques have proven to 
be effective in extracting significant visual characteristics to 
reduce large image datasets to a more relevant result [20]. 
This can be done by automatically evaluating image’s 
pixels to examine visual characteristics and filter vast image 
repositories, which is a widely employed approach via 
content-based image retrieval systems [17]. Moreover, 
image’s visual features can also be automatically translated 
into textual descriptions where semantic image 
classification techniques enable automatic annotation of a 
large number of images according to the image’s semantic 
content [25]. However, there is still a lack of consideration 
in presenting analysis results to users in an intuitive manner 
where current semantic image analysis systems are unable 
to make use of resulting annotations from automatic image 
classifications to support users in understanding their large 
image database [20]. Therefore, a systematic approach in 
presenting large image datasets in an intuitive manner is 
required to help guide patient’s reflection of their personal 
data and effectively identify areas within their self-
management routine that needs to be improved. 
  
An approach to representing vast and complex image 
datasets to support patient’s sensemaking is information 
visualisation. Information visualisation (InfoVis) is an 
interactive visual representation of abstract data where it 
supports users in making sense of vast information by 
exploiting human’s graphical perception [3]. Users often 
interact with information to develop a mental model where 
this process ultimately leads to the development of their 
interpretations of this information on the real world, which 
is known as sensemaking [79]. Visualisations can play a 
significant role in enabling this sensemaking process, 
especially in the context of digital health. Prior studies have 
incorporated digital photography with diabetic self-
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management routines to enhance the patient’s perception of 
glucometer data and help them reflect on their habits and 
lifestyle [15]. Moreover, other studies have also placed an 
importance of InfoVis in influencing individual’s choices 
[2, 8]. In another study, use of physical activity displays 
logged by UbiFit allows individuals to visualize their 
activity levels as a garden that grows on the home-screen of 
their mobile as the user performs a variety of physical 
activities, where results showed that users with the 
awareness display were able to better maintain their level of 
physical activity [1]. Therefore, InfoVis demonstrates a 
promising step towards facilitating wellbeing-related 
behavioural change through enhancing user’s sensemaking 
of complex health data. 
  
However, certain studies show that misuse of InfoVis 
techniques can lead to user’s misjudgement where they are 
more inclined to make inaccurate choices [8]. Prior studies 
conducted by Larrick and Soll (2008) assessed the factor of 
imperfect information on automobile fuel economy 
decisions where information provided as labels can possibly 
guide people to make incorrect decisions depending on their 
ability to process information. Current self-management 
intervention systems still lack this ability, where visualising 
patient’s personal metadata as large image repositories to 
track patient’s day-to-day activities presents difficulties in 
users making sense of large datasets [15]. Therefore, a 
suitable visualization for patient’s metadata (wearable 
camera images) must be emphasized to simplify vast 
datasets to facilitate an understanding of their daily routines 
and the adjustments that have to be made to accommodate 
self-management practices effectively. 
  
Despite the wealth of “automated intelligent image 
analysis” (IA) and interactive browser systems, the design 
and development of an integrated system in the context of 
patients, body camera images and self-management have 
yet to be explored. Thus, making implications for designing 
such systems as an intervention to encourage better self-
management practices among patients more challenging. 
Motivated by this, the project centres on visualising 
ubiquitously captured metadata (via wearable cameras) by 
employing IA on patient’s dataset alongside InfoVis 
techniques to enhance patient’s reflection process on a 
display of their day-to-day activities. More specifically, the 
novel prototype proposed in this project aims to fill in the 
gap between IA and InfoVis by simulating the integration 
of analysis and visualisation systems in creating an 
intelligent interactive image browser that supports user’s 
ability in making sense of their personal metadata in large 
image collections. Therefore, the following research 
question is proposed; is it possible to develop an intelligent 
interactive image browser that bridges the gap between IA 
and InfoVis? Moreover, how would participants perceive 
the usability of such a system and its usefulness in 
reflecting on their health and well-being?  

Project Rationale 
This project is based on a dataset from a study conducted 
by an Australian patient research team that examined how 
people with Type 2 diabetes conduct their self-management 
routines [18]. An amalgamation of data collection 
techniques was utilised in the study where patient’s self-
reports (interviews and time-use diaries) and researcher’s 
observations (body cameras, home visits and field notes) 
were utilised to investigate the patient’s activities. Full 
account of the study’s methods and results are available in 
“Patient work from a context and time use perspective: a 
mixed-methods study protocol” paper by Yin et al. One of the 
main challenges in the study was the vast image datasets 
generated from the body cameras where each participant 
recorded thousands of photos in a 16-hour period that 
presents difficulties in patient and researcher’s sense-
making of such large image collections. Hence, this project 
focuses on addressing this challenge by proposing an 
intelligent image browser prototype called “PictureSelf” 
that combines the capabilities of image analysis and 
visualisation in one system that allows researchers and 
patients to process, analyse and visualise large amounts of 
body camera data seamlessly in one system. 
 
Contributions  
In this project, 5 contributions were made:  
• Developed an automated analysis software that reduces 

large image datasets to a significant collection by 
extracting colour and temporal information from the 
image’s content to sort and filter them for visualisation.  

• Proposed the concept of integrating IA and InfoVis to 
fill in the gaps of current image retrieval systems and 
create an intelligent image browser that visualises 
images based on content that is extracted from the 
analysis process. 

• Proposed a design for a novel interactive image 
browser called “PictureSelf” for visualising 
ubiquitously captured images via wearable cameras. 

• Presented a user study that compares the various image 
browsing approaches and determine the usefulness of 
the design to enhance self-management reflection. 

• Outlined the design implications for future work in 
developing intelligent image browsers to improve 
user’s reflection of their own health and well-being. 

 
 

 
 
 
 
 



 4 

2. BACKGROUND & RELATED WORK 
As the project focuses on analysing and visualising 
ubiquitously captured data of patients via images from 
wearable cameras, a critical review of the background and 
gaps in IA and InfoVis approaches that are associated with 
large image collections is necessary in identifying design 
requirements and ideas for the project’s prototype. 
Specifically, the research conducted in this section 
examines these approaches against the context of enhancing 
patient’s sensemaking of vast image datasets to reflect on 
their self-management practices. Furthermore, this section 
also discusses two key areas of computer science; image 
retrieval and InfoVis, that are essential in the design and 
development of the IA system and interactive image 
browser prototype. Lastly, this section also examines the 
methodologies conducted in previous research where results 
from user studies can also motivate the conceptual designs 
in the prototype. 
 
2.1 Image Retrieval & Analysis Techniques 
In this project, the type of images that will undergo image 
analysis are digital photographs where the photos depict 
patient’s daily routine in and out of their homes. In the past, 
it was not possible to store digital photographs where most 
of them are kept as prints, negatives or cards that contain 
associated keywords to aid in its filing system [21]. 
Nowadays with the advancement of technology, computer’s 
storage capacity of image collections is virtually limitless 
where people can store thousands of photos within their 
digital libraries. Due to the rise in magnitude of these image 
collections, the importance of developing effective methods 
in accessing, organising and presenting these collections is 
more crucial than ever. Therefore, computer-based image 
retrieval systems have been adopted more widely as images 
taken by smartphones, cameras and electronics users are 
increasing rapidly. 
 
Image Content 
Contents within images are extremely complex which 
makes its segmentations into units for measurements or 
analysis a challenging effort. However, content-based 
image retrieval systems are able to analyse and retrieve 
images by automatically extracting information from the 
image’s pixels [14]. The contents can be categorised into 
various levels with the following classifications [21];  
 
• Primitive level: colours, textures, composition and 

shapes.  
• Generic (Semantic) level: types of objects and 

activities that are depicted. 
• Specific level: names of people, places, landmarks, 

events and so forth. 
• Abstract level: the overall meaning and interpretation 

of the image such as the mood or feeling that is evoked 
within the photograph. 
 

An ideal image retrieval system that fits all of the user’s 
requirements at all these levels would be able to identify 
content automatically. Searching and querying for images 
in the primitive level are purely based on visual 
components where for instance images can be organised by 
colour to aid in the browsing process. Colour is normally 
used as an important determinant of visual similarity 
between two images where images can be defined as 
similar if it has similar hue distribution [22]. A common 
paradigm for browsing images at the primitive level is 
query-by-example where users can select an image from a 
large collection and the system would also return another 
related set of images that are visually similar to the chosen 
one [22]. This is a particularly useful feature for an image 
retrieval system for users who are targeting outdoor images 
in the park, forest or field where their search would 
primarily focus on images with dominant green colours. 
 
Image Similarity Measure  
Image similarity is the matching of pixel compositions 
between images where the higher the rate of the match is, 
the more likely that the images are duplicates of one 
another [82]. In the context of visualisations, the measure 
that objectively produces the best multi-dimensional scaling 
(visual similarity) arrangements is the average HSV (hue, 
saturation and value) colour [33] which will be used as a 
similarity measure for this project. This means that only a 
single colour will be used as a representation of the entire 
image based on its average hue, saturation and value of all 
of its pixels [22]. The hue in HSV colour spaces are the 
angles surrounding the circle (0 degrees is red, 120 degrees 
is green, and 240 degrees is blue) and the saturation is 
represented by distance from the centre of the circle [88]. 
The third dimension of the circle that forms a cylinder 
represents the value from black to white. Hence, measuring 
the similarity between two images is the Euclidean distance 
between the average colours in their HSV space where a 
cylindrical space would use the formula in the following 
formula [34]; 

 
Variables i and j are colours in the HSV space and h, s and 
v are hue, saturation and value of a certain colour (i or j). 
 
Image Annotation 
Due to the challenge of automating the process of image 
content extraction at the generic, specific and abstract level, 
it is certain that users may need to rely on external 
measures apart from just visual similarity such as manual 
text annotations that is associated to the image’s content. 
These assigned annotations can take the form of a free text 
captions or keywords from a fixed set of vocabularies [23] 
where controlled vocabularies are normally used for 
browsing as users can select a keyword to see all the images 
assigned to that word. Hence, applying such keywords is 
equivalent to categorising images into small groups within a 
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large collection. However, manual annotation is a time-
consuming and difficult process as images are often 
complex and abstract which can make it a difficult task for 
annotators to be accurate in describing certain photos in 
words [22]. Annotations often rely on subjective judgement 
and prior knowledge of the context in which the photograph 
was taken. Prior image annotation studies have shown that 
this may not be clear to new users who are browsing the 
collection as they encounter vocabulary mismatches where 
for a picture of the “Eiffel Tower”, more than half the 
participants queried for the image as “Paris” and not the 
tower’s name itself [24]. Hence, a controlled vocabulary 
presented as a list is more useful than a free text caption 
input. The use of annotations can be perceived as the most 
useful provision of semantic information than any other 
automated approach where other types of image metadata 
may not be as rich in content description [22].  
 
Bridging the Gap Between Automated Intelligent Image 
Analysis & Information Visualisation 
Although the development of IA algorithms has made 
classification and organisation of images a more automated 
process, there still remains a gap in conveying these 
processed results to users in an intuitive manner to 
encourage effective and efficient image browsing and 
retrieval. Prior developments of image browser prototypes 
have applied InfoVis techniques to the resulting dataset of 
IA systems where the browser incorporated interactive 
features and graphical layouts that allowed users to 
effectively look through a large image database. An 
existing semantic image browser visualised an analysed 
dataset where images with similar semantic content are 
grouped nearer to one another to support user’s visual 
exploration interactively [20]. Consequently, the user study 
conducted on the browser demonstrated promising results 
and concluded that the browser was easy to use and was 
able to enhance the user's performance in browsing and 
retrieval tasks. Hence integrating various visualisation 
approaches with IA can help users make sense of the 
analysed dataset whilst supporting their image browsing 
experience through interactive means. 
 
2.2 Image Browsing & Visualisations 
Users of image retrieval systems can browse for images that 
match their requirement based on visual features (colour) or 
textual features (annotations). Allowing users to query for 
images is generally not an effective means for image 
browsing as visual queries can only detect primitive 
attributes and text queries can be inaccurate as some images 
are difficult to express in words. Therefore, this project 
would focus on directed browsing [22] as a preferable 
search strategy where users can recognise relevant images 
from a visual collection rather than having to specify an 
accurate description of what the image’s content contains. 
Earlier studies on querying images by text have noted that 
the best image search strategy is to have users query broad 

terms to gain a large number of results to look through 
rather than attempting focused queries that return few 
results [26]. This demonstrates that contents within images 
can be recognised by users at a glance even when a 
significant number of them are presented to them all at once 
through thumbnails. Hence, the miniature versions are 
considered an effective representation of original images 
and reduces clutter when displaying large image collections 
in its entirety. So far, current systems that support image 
browsing have used four key approaches in their 
methodology which include relevance feedback, clustering, 
timeline and InfoVis. 
 
Relevance Feedback 
Systems that have relevance feedback in the browsing 
approach often adopts the query-by-example approach and 
modified it so that when the user chooses an image, the 
requirements from that search is then saved to aid their 
future searches. Therefore, when they browse for an image 
again, it will remember the user’s requirement history and 
combine it with their current search. Previous studies have 
utilised this approach in their current system where 
PicHunter [27, 28] has users select one image from a set 
and treats that response as an indicator of their requirement 
where the next search would display all the images that are 
most relevant to their previous requirements. User 
experiments conducted with PicHunter found that 
participants were able to reach their target image in fewer 
iterations based on selections of image similarity. This 
demonstrates that users could be more comfortable with 
browsing for images associated to a specific image of their 
interest rather than having to go through the entire 
collection to find them. 
 
Clustering 
Systems can apply an automated organisational process to 
image collections through clustering techniques where a 
structure is imposed on the overall layout and display of the 
images. Prior work such as Filter Image Browsing [29] has 
utilised this technique to cluster their collection according 
to visual similarity where users browsed through a fixed 
group of thumbnail images. The system applies a 
Scatter/Gather principle [30] to image collections where 
users can dynamically select more than one cluster or filter 
down to a selection of specific clusters rather than a whole 
collection. Hence this technique is flexible when it comes to 
user requirements that are always adapting throughout the 
browsing process. Results from earlier user studies show 
that clustering is a more effective way to allow users to 
reach targeted images faster than issuing queries [22] which 
means that it could be a valuable approach in visually 
grouping and filtering desired images in a large collection 
for users. 
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Timeline 
Many image browsing systems have now accommodated 
for time-based browsing of personal photo collections. 
Existing photo library applications such as Adobe 
Photoshop Album, Microsoft Digital Image Library, iPhoto 
and Picasa all adopted a linear timeline layout to support 
viewing images by day and month [58]. However, linear 
timeline layouts often lack structure within its presented 
collection, does not maximise screen space efficiently and 
relies on excessive panning to scroll for desired images due 
to design trade-offs [60]. Prior user studies have shown that 
by combining chronologically-sorted with space-filling 
arrangements can potentially support user’s browsing 
experience where users already perform 45% faster in 
finding targeted images based on temporal information in a 
structureless collection [59]. Therefore, introducing space-
filling structures into a chronologically sorted set of images 
can enhance user’s performance even further, by potentially 
doubling their task completion times in an interactive image 
browsing system. 
Information Visualisation 
Assuming the user has access to a restricted or fixed 
collection of images to a system, the principles of InfoVis 
techniques can then be applied to the display of the image 
collection to reduce the magnitude of the collection to only 
a desired subset (e.g. selecting a category, visual feature or 
date/time). InfoVis techniques can also be used to arrange 
or cluster a set of images according to its visual or text 
(annotation) similarity where this can support users in 
narrowing down the set of images to images that are most 
relevant to their current requirements. Prior studies have 
shown that participants took less time on average to finish a 
task on a visualisation that uses the similarity-based 
arrangement [31]. Furthermore, evaluation studies 
conducted on commercial image browsing systems have 
unveiled that browsers with zooming facilities have yielded 
positive results based on significant improvements in user’s 
performance time and satisfaction [32]. Hence, additional 
interactive elements that can filter and enlarge images for 
users in a browsing system can potentially bolster their 
sensemaking of large image collections and enhance their 
overall browsing experience. 
 
2.3 Information Visualisation & Self-Management 
InfoVis has been a widely adopted approach in promoting 
user’s understanding of self-management. Recent literature 
identified numerous ways that current digital self-
management interventions have visualised patient’s 
metadata to facilitate a better understanding of their self-
management practices. For instance, a study conducted by 
Smith et al. introduced an intervention that utilises digital 
photography with patient’s self-management routine to 
study the ways diabetics use visualizations of past activities 
to reflect on their health [15]. Through developing a manual 
visualisation system that combines blood glucose data with 
digital photographs of daily routines, results of the study 

indicated that the need for adjusting self-management 
routines is directly related to the visualisation’s 
representation of the data where it facilitates the discovery 
of healthy and unhealthy behavioural patterns. However, a 
simple presentation of an entire dataset can often lead to a 
reinforcement of wrong assumptions where inappropriate 
visualisation techniques can hinder the reflection process 
[11]. Moreover, manual annotations and text-based searches 
of significant image repositories can be a time-consuming 
and taxing task [12] which can be a discouraging factor in 
using this intervention in the long-term. Hence, the 
challenge for enhancing behavioural change through 
ubiquitously capturing (wearable cameras) patient’s day-to-
day activities arises from the management and visualisation 
of the large collection of images that is displayed to the 
patient. 
Body Camera Analysis in Context 
Other relevant studies have utilised body cameras and 
image analysis techniques in their methods from both a 
health and non-health standpoint. In a health context, one 
study utilised SenseCam [83] in recording patient’s day 
through a series of images and the logging of sensor data 
and compared the dataset to the patient’s diary where 
results uncovered the effectiveness of ubiquitously captured 
images against written diaries in supporting patient’s ability 
to recall events [81]. Furthermore, the generation of images 
based on participant’s recent events through the SenseCam 
can be used for memory rehearsal which has indicated 
improved confidence and reduced anxiety in patient’s 
autobiographical recollection and quality of life [84]. 
However, an issue with ubiquitous image capturing is how 
the automation of the recording process can possibly lead to 
important details and events of interest being occluded from 
the camera’s dataset where manual measures in monitoring 
and analysing the dataset’s contents must be taken for 
quality assurance. Hence, an automated approach should be 
introduced to streamline this process efficiently for body 
camera users. Another study in non-health context used 
cameras to capture a basketball game to test its algorithmic 
techniques in pinpointing key insights from image’s focal 
points taken by the cameras as a strong indication of the 
context and activities that are occurring within a singular 
moment [80]. The study demonstrated the effectiveness of 
IA on body camera images against manual analysis and 
editing of these large datasets where their algorithm’s 
performance reported similar results to a professional editor 
manually analysing the images. Moreover, advancements in 
automated camera analysis have utilised visualisations such 
as mappings, zooming facilities and colour coding to 
convey semantic information to users where studies have 
shown that users were able to identify contents and objects 
within camera databases significantly faster when InfoVis 
is applied [85, 86, 87]. Therefore, these studies provide a 
promising direction on how IA algorithms can be utilised to 
assist body camera users, professional editors or patient 
experts in analysing and interpreting large image datasets. 
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2.4 Navigating & Visualising Large Image Collections 
Due to the significant rise in the number of images 
available online, efficient and effective solutions to make 
use of large image repositories are highly sought after [12], 
where undergoing image visualisation techniques to arrange 
collections of images based on content can be a valuable 
approach. Current systems for browsing large image 
collections grouped images by similarity where images are 
arranged according to low-level visual similarities (colour, 
texture and shape) [19], where studies have shown that 
these methods do benefit user’s navigation and 
sensemaking capabilities of large image libraries. A 
navigational approach for users via these systems is through 
“Content-based Image Retrieval” (CBIR), where a search 
paradigm is employed, and the user can query for images 
based on their low-level visual features and the system 
returns the images that match the query [14]. However, this 
approach limits user’s ability in exploring an image 
collection with no specific retrieval criteria which can lead 
to a semantic gap where there is a division between 
information extracted from visual images as embodied by 
its low-level features and user’s interpretation of the image 
[7]. This suggests that there could be discrepancies between 
user’s queries and the image returned by the system where 
incorporating an interactive browsing approach can 
alleviate this mismatch. 
 

2.5 Image Retrieval via Interactive Browsing Systems 
Alternatively, user’s image retrieval can be done effectively 
through interactive browsing systems that have a 
hierarchical and organised visualisation space [12]. A user-
based comparison of CBIR systems and interactive 
browsing systems showed that browsing provides more 
effective image retrieval compared to query-based CBIR 
approaches [17]. Hence, a higher degree of user 
involvement through zooming and panning to intuitively 
explore image databases in interactive browsing tools can 
promote user’s retrieval process of a mass image library 
[13]. However, arranging images in browsing systems can 
still lead to various structural issues that limit user’s 
retrieval and sensemaking of image visualisation 
approaches. Studies have shown that an image-mapping 
visualisation structure in browsing systems often led to 
confusion amongst users where results showed that the 
overlapping of images limited user’s navigation and 
understanding of the images presented [13]. Therefore, 
specific arrangements and structuring of image collections 
are required to fill this gap and support user’s sensemaking 
of such vast collections of data. 
 
2.6 Honeycomb Visualisation Space 
Organising images within a honeycomb visualisation space 
can support user’s image retrieval and sensemaking of large 
image collections [12]. Arranging images in a hexagonal 
lattice can eliminate image overlaps where space-filling 
arrangements such as this can allow users to differentiate 

individual images from adjacent rows and columns. 
Moreover, it introduces a hierarchical approach to reduce 
the number of images displayed in the browsing view. If 
two or more similar images are repetitive via its hue value, 
then all those images will be displayed within one hexagon 
as smaller sized thumbnails where the thumbnail that is the 
closest to the hexagon’s centre will be chosen as the 
representative image that would be enlarged. Hence, layers 
are introduced into the image visualisation to reduce 
duplicate images within the visualisation space and allow 
users to maximise their retrieval process. Therefore, this 
structural and interactive approach to image visualisation 
can be a promising step in supporting user’s ability to make 
sense and retrieve insights from a vast image repository. 
 
2.7 Gaps in Image Analysis & Browser Systems that 
Obstruct Self-Management Reflection 
Due to the lack of patient-work consideration in current 
digital interventions, promotion of effective self-
management practices has been scarce where a significant 
issue stems from user’s inability to make sense of large and 
complex datasets. However, prior studies have shown that 
incorporating digital photography to monitor patient’s self-
management can help them reflect on their health and well-
being. Yet gaps still remain, where the use of manual 
photography rather than a continuous ubiquitous recording 
through body cameras can become selective where this 
leads to an inaccurate representation of the patient work 
that is required for effective self-management routines. 
Even further, the use of ubiquitous camera recordings can 
lead to a laborious manual analysis process and a vast 
structureless image repository that lowers user’s image 
retrieval and sensemaking processes [15].  
 
2.8 Filling the Gap by Integrating Image Browsing and 
Information Visualisation Methodologies  
Against this background, the research proposed in this 
project is concerned with implementing IA, InfoVis and 
image browsing approaches on patient’s past experiences to 
maximise their sensemaking and exploration capabilities 
amongst vast image datasets and determine its usefulness in 
supporting the reflection of their lifestyle and self-
management practices. Specifically, how does the 
application of existing InfoVis approaches to IA on 
patient’s personal metadata (images of their daily activities) 
help them reflect on their health and well-being? This 
project proposes a novel prototype that simulates the 
combination of the two key components (image analysis 
and visualisation) in creating an interactive image browser 
that provides numerous features and visual modalities to 
engage and support users in exploring and understanding 
large ubiquitously captured image collections. 
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3. DESIGN REQUIREMENTS & METHODOLOGY 
This chapter focuses on the design process of the prototype 
where the requirements, principles and methodologies are 
outlined and justified. The sections also discuss how the 
prototype’s design and implementations ultimately met the 
requirements that were established from prior studies. 
 
3.1 Design Requirements 
In continuation with Section 1 (Project Rationale), the 
design requirements were established based on the issues of 
image analysis from prior studies conducted by a patient 
research team in Australia [18]. The patient study obtained 
video recordings from body cameras that automatically 
converted these into series of 10 second screenshots which 
were manually processed for analysis of daily activities and 
self-management practices. Hence, the resulting image 
collection would result in thousands of images within a 16-
hour session which would require extensive organisation of 
manual image analysis which can be inefficient and 
laborious. Although the patient experts labelled, grouped 
and sorted the dataset into folders on the operating system’s 
explorer view to make image browsing and navigation 
easier, the images presented as thumbnails in the explorer 
view (see Figure 1) still faced challenges in reflection and 
sensemaking where the issues  pointed towards the 
visualisation and presentation of the image collection. 
Hence, the analysis may yield results that are difficult for 
patients to understand due to the complexity of the medical 
data or the format that the results are presented in. Hence, 
the project’s requirements for the IA algorithm and image 
visualisation prototype are established where the former 
establishes its requirements based on a manual analysis of 
the dataset’s contents to find features that can be extracted 
by the algorithm, and the latter basing its requirements on 
patient expert’s feedback, literature and previous user 
studies that outlines the relevant guidelines in designing an 
effective interactive browsing and InfoVis system to 
present the large image collection in a meaningful way.  
 
Establishing Automated Image Analysis Requirements 
The body camera study conducted by a research team in 
Australia [18] introduced a novel approach to acquire 
objective data regarding diabetic patient’s self-management 
routine. Their aim was to rely on more conclusive data to 
accurately pinpoint improvements in the patient’s daily 
self-management rather than having to rely on patient’s 
self-reports which can be subjective and inaccurate at times. 
The study interviewed participants and had them wearing 
body cameras for 16 hours during the day to capture their 
activities, where the footage yielded more than 5000 images 
per participant. The participants also completed time-use 
diaries to help with defining and labelling the activities 
represented in the images. Upon manually analysing the 
images within the dataset, all images have the same size, 
orientation and a visual timestamp on the bottom left corner 
(see Figure 2). These commonalities within the image’s 

content demonstrate a potential for IA algorithms to filter 
this large dataset through sorting, clustering and removing 
duplicates for user-end presentation. Therefore, the design 
requirements for the IA algorithm is as follows (later 
referred to as A1 to A4); 
A1. Sort images in chronological order 
The issue with images extracted from the body camera can 
arise from the unorganised arrangement and filing of the 
photos. Although the images in the patient’s dataset all have 
timestamps in its content (see Figure 2), the extracted 
photos may not be arranged in chronological order in the 
explorer view. To alleviate this, the algorithm should 
automatically read and extract the timestamps to change 
and sort the filenames of the images according to its date 
and time. This is achieved via text extraction methods in 
image analysis where machine-printed timestamps in 
images can be retrieved [35]. This requirement automates 
the sorting process and organises all the images in the 
collection into a chronological order. 
A2. Deleting duplicates and 90% near duplicates 
Another issue with images retrieved from body cameras is 
the number of images that shows hundreds of identical 
images and visually similar scenes (see Figure 1). This 
limits the user’s ability to make sense of such large 
collections as particular sets of images seem to be 
portraying the same visual components. Hence, the 
algorithm should strive to eliminate duplicate images to 
highlight variations within the patient’s daily activities. To 
minimise the number of duplicate images, the algorithm 
would adapt a technique from prior studies [36] to iterate 
every image and compare its visual contents against one 
another to remove any images that report a visual similarity 
above 90%. An image duplication retrieval survey reported 
that most participants mostly detected or perceived images 
of 90%-pixel matchings as duplicates [82] where this 
percentage would also be used in this project as the basis 
for automatic duplicate detection. Moreover, mass deletion 
of duplicate images could indicate that the patients were 
sedentary where the lack in the change of scenery amongst 
the body camera data can be attributed to the patient’s 
inactive lifestyle. Therefore, this requirement not only 
automates the filtering process but also highlights how 
active the patients were in moving around and changing 
their scenery to fit a healthier lifestyle. 
A3. Group images by low-level visual features 
Presenting images in groups can provide more convenience 
for users when browsing large image collections [37]. Prior 
studies have shown that image search performances in large 
libraries is enhanced when photos are grouped by colour 
and content [38].  Motivated by this, the algorithm would 
iterate all images and group them by their dominant hue of 
either red, green or blue where the grouping and proximity 
of these images can help users browse, search and navigate 
through the large collection [39]. Moreover, the patient 
dataset revealed that images dominated by the colour 
‘green’ such as hiking, walking in the park and vegetables 
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in meals often demonstrated the healthier side of the 
patient’s lifestyle and ‘red’ often depicts outdoor activities 
that do not contain nature or vegetation areas (dominant 
green hues) due to the sunlight’s brightness being detected 
as a warmer colour whereas ‘blue’ dominated images show 
the use of computers, mobile phones and television screens 
which depicts a more sedentary lifestyle (see Figure 3). 
Therefore, this requirement acts as a grouping mechanism 
for the image collection and identifies activities in the 
participant’s day through colour detection. 
A4. Export significant images to a visualisation 
Upon completing the aforementioned process of sorting, 
filtering and grouping the large image collection, the 
significant images should then be exported. Although the 
images have passed an automated analysis and 
classification process, the resulting dataset is still expected 
to be large which can present difficulties to users in making 
sense of the image collection. Hence, this requirement 
would provide an appropriate format to export these 
significant images and allow for a readily transfer to a 
visualisation prototype that would present these images 
through visualisation techniques. 
 
Establishing Interactive Image Browser Requirements 
Current image explorer systems present a grid of 
thumbnails in a default order where little consideration is 
placed on browsing and navigation. As previous research 
has noted, visualisations provide support to users in making 
sense of large image collections while having to spend less 
effort browsing all the images thereby ameliorating the 
issue of information overload [40]. For that reason, research 
conducted in Section 2 suggests that applying visualisation 
techniques to image thumbnails can support user’s 
interactions by maximising image retrieval and minimising 
efforts in browsing. Henceforth, the design requirements for 
the image visualisation prototype is as follows (later 
referred to as V1 to V4); 
V1. Present large image collections in an intuitive manner 
Due to the magnitude of such large and expanding image 
collections, visually browsing and searching for specific 
images becomes inherently difficult for the user. To tackle 
this problem, the design of the visualisation will adopt a 
honeycomb structure to arrange images in a space-filling 
manner for multiple interactive views. Prior studies have 
confirmed that visualising large image databases on a 
hexagonal lattice with image thumbnails occupying 
hexagons can increase efficiency of user’s image retrieval, 
sensemaking and browsing abilities [12]. Furthermore, 
image browsing designs (see Section 2.2) have identified 
interactive views that benefit user’s ability in understanding 
large image databases. The interactive views presented in 
the prototype include; (1) the cluster view that visualises a 
cluster by grouping visually similar images closer together, 
(2) the timeline view that presents images in chronological 
order and harness interactive timeline design frameworks 
[41] to draw on features and functionalities to support 

user’s browsing and navigation capabilities, (3) the 
relevance feedback view that allows users to browse for all 
related images from a selection of representative images 
and (4) the annotation view that displays relevant images in 
the collection based on the keywords associated to the 
image’s semantic content. Hence, this requirement provides 
users with many visual modalities that displays large image 
collections in an interactive, intuitive and interpretable 
manner. 
V2. Ease of browsing and navigation 
Designs of interactive views should be accompanied with 
Nielsen’s design principles [44] and browsing techniques to 
support user’s navigational capabilities. The Nielsen’s 
principles were used in conjunction with patient expert’s 
feedback in the iterative design process where the 
framework helped provide expert feedback on the 
prototype’s design and usability amongst the target user 
group. By offering multiple viewing modalities, users can 
choose to visualise their images in their own preference 
whether it be based on visual similarity or in chronological 
order. Prior image retrieval studies have shown that 
arrangements of images by colour and visual similarity can 
enhance user’s accuracy and retrieval rates [42]. Moreover, 
the prototype must be easy to navigate where users can 
explore the visualisations and interactive features freely.  
V3. Incorporating interactive functions to the visualisation 
Allowing users to perform actions in an image browser 
system not only engages them but also promotes their 
ability to make sense of large image collections. Previous 
image browser studies have demonstrated the effectiveness 
of filtering, zooming and annotating images in reducing 
clutter on image visualisations whilst providing more 
information where user tests pointed towards an increase in 
engagement and sensemaking [20]. Therefore, this 
requirement adds another dimension to the visualisation 
that supports the user’s ability to make sense of large image 
collections whilst reducing clutter from an already 
significant dataset.  
V4. Designing a visual profile to summarise analysis results 
As the prototype would be presenting images in a variety of 
image browsing displays, a summary and visual profile that 
characterises the results of the image analysis is needed for 
users to make sense of the processed dataset. This feature 
serves as an objective measure that concludes the user’s 
lifestyle by counting and detecting physical, sedentary and 
social activities as well as meals and medical treatments 
through image classification. Existing diabetic self-
management smartphone interventions have adopted patient 
profiles as a means to visualise data that has been recorded 
to simplify complex health data and suggest solutions to the 
patients [65]. Hence, this requirement is a crucial 
component for users in understanding the results of the 
analysis and visualisation where it determines whether the 
visualised images portray their daily lives accurately. 
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3.2 Design Principles 
Key design principles were highlighted during the course of 
the prototype’s development to guide strategic design 
decisions. The principles were derived from Nielsen’s 
heuristics for user interface design [43, 44] where these 
were employed in the design process of the prototype’s user 
interfaces and visualisations. Moreover, these principles 
acted as additional requirements to support designing for 
usability amongst novice users (see Appendix 1). 
 
3.3 Design Methodology 
The development of the prototype followed the process of 
user-centred design where the involvement of users in the 
design, evaluation and iteration is emphasised. A user-
centred design model by Roozenburg and Eekels [45] 
outlines the following phases: analysis, synthesis, 
simulation, evaluation and decision (see Figure 4). The first 
phase involves the research and understanding of the 
problem which motivates the design and development of a 
solution in the second and third phase. Then the next phase 
would user evaluation where the results of the studies 
would determine any improvements that need to be made 
which iterates the process back to the analysis or synthesis 
phase. The users of the prototype are classified as either 
primary or secondary [46] where primary users who would 
use the artefact are patients and secondary users who would 
use the artefact to evaluate the patient’s self-management 
are patient experts. The simulation phase would present 
datasets via an intelligent image browser prototype that 
combines the capabilities of IA, InfoVis and image 
browsing. The external image analysis system developed in 
this project would automatically process the images into 
corresponding folders at a primitive level where further 
manual classification of images would also be done at a 
semantic level. Consequently, the pre-processed dataset 
would then be inserted into the interactive browser 
prototype where it would be visualised and evaluated by the 
user. Lastly, user evaluations would be conducted on the 
interactive image browser prototype that simulates the 
integration of the two components to find usability issues 
for a final design iteration of the prototype. 
 

 

 
Figure 1. Explorer View of Large Image Database 

 

 
Figure 2. Body Camera Dataset Analysis 

 
Figure 3. Initial Cluster of Body Camera Datasets 

 

 

 
 

Figure 4. Design Process [45] 
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4. IMAGE ANALYSIS DEVELOPMENT 
 This phase focused on the design and development of the 
image analysis system where the large body camera image 
datasets of the user’s day undergoes an automated image 
sorting, filtering and grouping process. This mechanism 
allows for a reduction of massive image collections to a 
significant number of images that highlights the user’s 
routine via temporal, colour and visual similarity 
characteristics. The steps that are needed in implementing 
the system include: background research, system design and 
development where Table 1 describes the process and 
objectives of each step in this phase. 
 
4.1 Research 
Section 2 outlines the research of prior image retrieval 
system’s background and approaches to development where 
the literature reviews focused on user-centred studies that 
appealed to user’s directed browsing strategies. Combined 
with the findings uncovered in analysing the image dataset 
for this project (see Section 3.1), the direction of the 
algorithm’s development that analyses the images would be 
an adapted version of methods utilised in image retrieval 
systems. For this project, the algorithm would analyse 
images at a primitive level where colour and timestamps 
will be extracted from the image’s content. Additionally, 
images that are visually similar would be considered as 
duplicates and removed to reduce the size of the presented 
image collection. This reduces the clutter in the final 
visualisation and not overload the users in attempting to 
make sense of the collection. Moreover, images would be 
sorted in chronological order where the extracted 
timestamps would be the index of how the images would be 
arranged. Hence the aim of this image analysis process is to 
filter and sort the vast initial image collection into a readily 
visualised format that is easy for the users to make sense 
where the resulting dataset would be displayed in the 
visualisation that is designed in Section 5. 
 
 

 

 

 

 

 

 

 

 

 

 

4.2 Functional Requirements 
In this subsection, the functional requirements of the 
automated image analysis system (see Table 2) are mapped 
to the overall design requirements and aim of the project 
(see Section 3.1, Establishing Automated Image Analysis 
Requirements). 
 
4.3 Manual Analysis 
Resulting image datasets would also undergo a manual 
image classification process at a generic level where 
annotations are added to the images based on its semantic 
content. This process helps add another index dimension to 
the image’s classification where the names of the activities 
within each photo are used in its labelling where any 
classification that is conducted on the patient dataset is 
reviewed thoroughly against the patient expert’s 
classifications of the photos to ensure accuracy. 
Furthermore, this new classification opens up possibilities 
for numerous visualisations that provides users with the 
ability to browse images based on semantic content rather 
than relying solely on visual characteristics. Hence, image 
browsing approaches such as relevance feedback and 
annotation view that depends on image analysis at generic 
levels can now be implemented. 
 
Automated Image Processing Results: 

• Image Colours 
• Image’s Timestamp 
• Image Duplications 

 
Manual Image Processing Results: 

• Activities in the Images 
• Meals in the Images 
• Objects in the Images 

 
 
 

 
 
 
 
 
 
 
 
 

 

Utilising programming languages such as Python to build an 
automated image analysis system of the patient’s dataset. 
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4.4 Software Implementation 
The image analysis system was developed using open 
source tools and open APIs in Python. A number of 
powerful image processing libraries are available in Python 
such as OpenCV, Python Image Library (PIL), Pytesseract, 
cv2 and NumPy that can be harnessed to extract visual 
features from large image directories automatically. 
Specifically, the integration of these libraries can 
manipulate colour, read texts and detect visual similarity to 
aid in the automation of image classification process [47]. 
For instance, the pytesseract library employs optical 
character recognition technology that processes and reads 
machine printed text in image’s content which has been 
adopted by existing systems such as “TurnItIn” [78]. 
Similarly, internal tests showed that the use of this library 
was successful in automatically extracting the timestamp 
from the images (see Appendix 13), thus demonstrating the 
benefits of utilising image analysis advancements in 
examining vast datasets quickly and efficiently. The 
implementation of the software is through JupyterNotebook 
where the execution of the code would analyse all the 
images in a specified directory and output the processed 
and sorted collection into new folders to be inserted into the 
interactive browser prototype (see Appendix 12, Image 
Analysis Code). 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 

Image Library Uses 
 
• OpenCV and cv2 - used to create colour histograms of 

the images and determining the dominant colour within 
the image’s content. 
 

• Pytesseract - used to extract text (timestamp) from the 
images. 
 

• NumPy – for adding processed images (image objects) 
into an array to undergo sorting mechanisms. 
 

• PIL – supports the saving and organising of images in 
desired file formats. 
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5. IMAGE BROWSER DESIGN & PROTOTYPE 
The design of this project’s interactive image browser 
prototype underwent an iterative design process where 
artefacts that were developed are evaluated and refined at 
various stages of the prototyping process (see Table 3) with 
patient experts and users. The design process involves 
creating personas, scenarios, user flow diagrams to validate 
user requirements (see Table 4) and map the user’s journey 
and experiences whilst using the prototype. Then low-
fidelity designs and wireframes would be developed to 
conceptualise the initial outlook of the prototype where 
after multiple iterations, the designs would then evolve into 
higher fidelity prototypes. 

 
5.1 User Requirements 
In this subsection, the user requirements of the image 
browser system (see Table 4) are mapped to the overall 
design requirements and aim of the project (see Section 3.1, 
Establishing Interactive Image Browser Requirements). 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

5.2 Design Motivations 
In conjunction with background research conducted in 
Section 2, the types of views that have been selected to 
visualise images in the prototype include; timeline, cluster, 
relevance feedback and annotation. As images that are 
automatically analysed are only at a primitive level, the 
timeline and cluster view serve as the best graphical 
representation of the contents that are automatically 
extracted from the vast dataset such as time and colour. In 
contrast, relevance feedback and annotation view rely on 
image’s content at a generic level which is manually 
processed for this project (see Section 4.3). Finally, image 
thumbnails would be displayed in a hexagonal shape and 
the overall structure of the visualisations displayed in each 
view would be in a honeycomb layout where review of 
recent literature identified the space-filling arrangement’s 
potential benefits in supporting user’s ability to effectively 
displace each individual image from its neighbouring 
thumbnails. 
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Design Decisions 
Due to the novelty of the prototype’s image visualisations, 
the inspiration behind its design mostly stems from the 
background research and prior user studies that noted 
significant potential in integrating certain design choices to 
enhance interactive image browsing experiences for users 
(see Section 2). Table 5 elaborates on the image browsing 
methods and design choices that were implemented and the 
underlying user studies that supports its validity in 
enhancing image browsing experience. Furthermore, all the 
browsing methods in the prototype would incorporate 
InfoVis techniques such as zoom, filter and annotations to 
allow users to interact and look into the images at finer 
detail without adding clutter and obstructing flow. 
 
5.3 Personas, Scenarios and User Flow 
To begin the design process, personas were created based 
on the profiles from the patients that participated in the 
previous body camera study conducted by patient experts in 
Australia [18]. Psychological, physiological (health) and 
lifestyle factors were identified through the analysis of the 
patient profiles that could influence their barriers and needs 
from using this project’s prototype. These factors include; 
risk factor, medical treatment, behaviour, diet and daily 
routine where each persona takes into account the patient’s 
time-use diaries and interview transcripts to objectively 
describe each factor in the personas. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

From this, four personas depicting three fictional patients 
and a fictional patient expert were created (see Appendix 2) 
to match each primary and secondary user (see Section 3.3) 
with different goals that they hope to gain from using the 
prototype. The patient personas hope to gain a visual and 
quick overview of the activities that dominate the majority 
of their day, their meals and their medication where the 
prototype can support improvement in their self-
management by objectively pinpointing areas that are 
contributing to the deterioration of their health.  
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Present large image 
collections in an intuitive 
manner 

Ease of Browsing and 
Navigation 

Incorporates Interactive 
Functions 

Design visual profile to 
summarise results of 
analysis 

User Requirements 
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Moreover, a patient expert persona demonstrates the 
secondary user’s motivations in using the prototype to view 
patient’s self-management routine objectively rather than 
relying on patient’s self-report and recollection which can 
sometimes be inaccurate. This helps medical professionals 
give patients accurate advice on how to improve their 
lifestyle to treat their condition in the long-term. These 
personas then formed a scenario in which the prototype will 
be used by the patients (see Figure 5) where the sketching 
of the storyboards helped contextualise the design 
requirement and support the low-fidelity design decisions.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

The scenario also informed the choice of how the prototype 
should be presented on a desktop rather than a mobile 
screen due to the size of the visualisations that may require 
a large screen real estate. Although mobile screens are more 
accessible and convenient, the display of the images would 
require a sizeable visualisation space to allow users to 
browse, navigate and interact with the prototype’s features 
effectively. The combination of the design requirements, 
personas and scenarios then motivated the illustration of a 
user flow diagram (see Figure 6) to visualise the user’s 
journey in the prototype to map the sequences of their 
actions. Mapping the user’s journey is crucial in 
understanding the number of steps that the users must take 
to achieve their goals on the prototype. 
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5.4 Conceptual Design 
Initial designs are outlined in this section via low fidelity 
prototypes in the form of wireframes on paper or digital 
sketching platforms (see Appendix 3). Patient experts were 
involved during the iterations of the prototype’s design to 
ensure that the personas and scenarios match their 
understanding of the patient’s behaviour through visual 
feedback (see Figure 7). Moreover, involving them closely 
in the design process helped informed many design choices 
that would reduce barriers in user experience for them and 
the patients where a notable change is the merging of the 
label display function with the zoom function that allows 
users to zoom in on individual photos of interest and obtain 
more information (such as a content description or its 
timestamp) without adding clutter (see Figure 8). 
Additionally, patient experts also noted that technology 
literacy amongst patient varies hence the prototype should 
accommodate designs that cater to novice users to ensure 
ease of navigation across all user groups. Further iterations 
then developed the designs into higher fidelity (see 
Appendix 4) through the use of Adobe Sketch for low-
fidelity prototypes and Adobe XD for high-fidelity 
prototypes (clickable and interactive features). Holistically, 
the prototype would be a desktop web application that 
simulates the integration of two components; (1) an IA 
system that processes thousands of photos into a significant 
dataset for display and (2) an interactive image browser 
system that displays the processed images to users in an 
exploratory and interpretable manner. 

 

 
Figure 5. Storyboard 

 
Figure 6. User Flow Diagram 

 

 

 

    
Figure 7. Visualised Feedback from Patient Experts 

 

 

 

 
Figure 8. Interaction Sequence of Zoom/Label Function 

1 2 

3 4 5 

6 7 8 
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6. PICTURESELF APPLICATION 
This section describes the overall design and features of the 
“PictureSelf” application, an intelligent image browser that 
simulates the connection between IA and InfoVis in a high-
fidelity prototype. The user’s journey starts with the users 
uploading and processing their large image dataset where 
this portion of the prototype simulates this automated 
analysis for them and displays the output to a visualisation 
space that allows them to view their processed collection 
through the lenses of different InfoVis approaches and 
interactive browsing features (see Information Architecture, 
Figure 9). Each feature and design choice that is outlined in 
this section also elaborates on how its functionality within 
the prototype addressed the project’s design and functional 
requirements. 
 
6.1 Information Architecture 
The structure of the PictureSelf web application (see Figure 
9) focuses on restricting the user’s options at the initial 
stages to guide users through the process of uploading and 
analysing to the interactive views. Due to the visualisation 
and analysis process requiring an input of an image dataset, 
the first three stages (Start, Upload and Analyse) were 
designed in a way such that this essential requirement is 
achieved before proceeding to the View Menu. Hence, 
introducing this logical sequence to the application’s 
navigation structure can reduce errors and promote usability 
and user experience, especially for novice users. 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

6.2 Design Rationale 
This subsection introduces the design principles that are 
utilised when designing the user interface of the prototype’s 
features. Each principle is grounded in literature that 
presents theory, evidence and design implications from 
prior user studies to justify the design choices that were 
utilised on the PictureSelf’s interface design (see Table 5). 
 
Designing for Novice Users 
Various usability guidelines point to key areas in 
maximising user experience and error prevention amongst 
novice users; clarity and structure, user guidance and 
navigation, text and language, graphics, links and 
consistency [44, 48]. The navigational structure of the 
PictureSelf is in a logical sequence where it gives users the 
opportunity to learn how to use the system through a textual 
instruction guide, a graphical step-by-step demonstration or 
a help button to directly guide users in that view (see Figure 
10). Moreover, icons are used in most of the PictureSelf’s 
screens to help users gain familiarity with the system 
through universal symbols and visual cues. More 
importantly, all graphical representations such as layouts, 
fonts and the colour scheme is consistent throughout the 
system where if the layout of the website constantly 
changes then it involves users having to learn the website 
again and reduces their motivation [49]. For example, the 
“View All” button and the selection panel in each view 
remains at the same location through all views to help users 
quickly establish familiarity (see Figure 12, 13 and 14). 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 9. Information Architecture 
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Honeycomb Visualisation Structure 
Prior designs for interactive image browsing and 
visualisation systems emphasise on grid layout structures 
and traditional interaction techniques which can lead to 
confusing and frustrating user experiences [51]. Utilising 
grids as a primary layout for thumbnails may cause 
overlapping of images which will have a negative impact 
on image browsing experience [50]. Moreover, whilst the 
application of various dimensional scaling techniques to 
map and scale image thumbnails in such a layout can 
provide an interactive tool for browsing, this approach 
however lacks the consideration of image occlusion and 
empty grid spaces that can create an unbalanced and 
inaccurate representation of the database [50, 51]. In 
contrast, the PictureSelf’s visualisation space utilises a 
novel structure that visualises the image repository as a 
hexagonal lattice where image thumbnails are organised in 
a honeycomb arrangement [12].  Previous studies have 
shown that using hexagons to represent data presentation 
spaces within a graphical user interface can encode many 
navigational features such as edge interactions, corner 
interactions, cell colours and spatial organisation [52]. 
Therefore, hexagons were chosen to represent the shape of 
the image thumbnails within a honeycomb layout due to its 
space-filling arrangements that uniformly tiles the plane 
and its ability to enhance user’s perception in displacing 
image thumbnails from their neighbours by avoiding any 
overlapping. 
 

Exploratory Search Interaction 
As the PictureSelf’s interactive browsing system is 
designed to support directed browsing strategies, the 
concept of exploratory search is discussed. Exploratory 
search interactions involve users navigating through the 
system by learning and investigating the interfaces on their 
own [53]. Previous work has shown that by adding 
interactive features to user’s search process such as slider 
adjustments or clusters can engage users in the search 
process by putting them in control of their browsing 
experience [54]. Whereas a targeted image search system 
can limit user experience if they do not have a specific 
target and are hoping to find a target through browsing a 
collection. Moreover, users may be unable to generate a 
descriptive textual query that can bring up images of their 
interest which can limit the collection that is presented to 
them [22]. Hence, incorporating highly interactive 
visualisations in browsing image systems can support users 
who are looking to explore the image collection without a 
specific target to direct their search, where such interactive 
views and features that were implemented are presented in 
the next subsections. 
 
 

 

6.3 Views 
PictureSelf is comprised of four interactive views; timeline, 
cluster, relevance feedback and annotation views designed 
to visualise large image collections in a variety of mediums 
and provides interactive browsing experiences to add 
supporting information about each photo without adding 
clutter to the interface.  
Visual Profile  
Once the users have completed their upload and analysis 
stages, they would be taken to the user dashboard that acts 
as a user profile with a visual and statistical summary of the 
dataset’s analysis (see Figure 11). The content that was 
chosen to be displayed in the profile is based on the patient 
summaries from previous patient-work studies where the 
research identified broad aspects in the patient’s routine that 
can be used to improve their self-management such as 
meals, medical treatments, living status, activities and time 
management [18]. This view addresses requirement V4 
where the visual profile acts as a summary of the results 
presented in each visualisation. The visual profile would 
notify users how many images that have been deleted, what 
the image classification has detected within the image’s 
contents and the amount of time spent on certain types of 
activities according to timestamps. The purpose of this view 
is to provide users with an additional overview of what the 
various types of visualisations convey.  
 
Timeline 
The timeline view displays the resulting images in 
chronological order of the timestamp that is detected in 
image’s content (see Figure 12). Each row represents an 
hour within the day and by selecting one of the hours on the 
left-side panel would fade out the images not relating to that 
hour thus filtering the timeline collection to a desired subset 
of images. Furthermore, selecting an image would enlarge it 
so that users can view it at a higher resolution and also read 
its text description. Therefore, this view addresses 
requirements A1, V1, V2 and V3 (see Table 2 and 4) to 
provide users with a time log of their hourly activities 
through a visualisation structure in tandem with interactive 
functions that enhances browsing and navigation 
capabilities. 
 

 
 

Figure 10. Guide for Novice Users 



 19 

Cluster 
The cluster view groups images by the dominant colour that 
is found within their content where images are arranged in 
the red, blue or green clusters (see Figure 13). Users can 
view all the clusters simultaneously or individually where 
they can navigate easily through using the left-side panel to 
switch colours. The purpose of this view is to allow users to 
identify different sets of activities within their day where 
each thumbnail has a coloured border that represents the 
group they are assigned to. Moreover, larger cluster 
variations often signal a physically active user as the 
changes in scenery means there is constant movement 
throughout their day. This view addresses design 
requirements A3, V1 and V2 (see Table 2 and 4) to provide 
users with a means to look through groups within an image 
collection based on colour and visual similarity. 
 
Relevance Feedback 
The relevance feedback view allows users to select a 
representative image to further generate a new set of related 
images that match their requirements (see Figure 14). These 
representative images reflect different types of images 
within the entire image collection. In this view, when 
images are selected, they are also enlarged which allows 
users to see the images at a higher resolution. This view 
addresses requirements V1 and V2 (see Table 2 and 4) 
where it provides users with an interactive way to find all 
the images relating to their requirement in one step. 
 
Annotation  
The annotation view allows users to select a keyword to 
display all the images that are relevant to that keyword (see 
Figure 15). Ideally during the analysis process, each image 
is classified with an annotation that represents the activity 
that is detected within its contents. Hence, all the possible 
keywords from that process are displayed on the left panel 
where the users can select a keyword to filter for their 
desired set of images. This view addresses requirements V1 
and V2 (see Table 2 and 4) where it provides users with an 
additional method to look for images of their interest via 
textual descriptions. 
 

 
 

Figure 11. Profile View 

 
Figure 12. Timeline View 

 

 
Figure 13. Cluster View 

 

 
Figure 14. Relevance Feedback View 

 

 
Figure 15. Annotation View 
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7. EVALUATION      
After interactive prototypes were developed, an evaluation 
through usability testing, think-aloud studies and semi-
structured interviews were conducted where studies were 
done with master’s students and patient experts to gather 
feedback on the PictureSelf prototype for a final design 
iteration (see Appendix 8 and 9). The objectives of the 
evaluation were as follows: 
 
1. Evaluate the usability of the PictureSelf prototype 
2. Evaluate the usefulness of the PictureSelf prototype in 

improving user’s objective assessment of their lifestyle 
and self-management practices. 

3. Evaluate the user’s ability in making sense of the 
image visualisations that were presented in the various 
views. 

4. Evaluate PictureSelf’s interface design in providing 
frictionless user experience where participants are able 
to intuitively use the prototype with minimal 
supervision. 

5. Discuss improvements and future directions 
6. Participants are willing to use the system in the future. 
 
7.1 Participants 
Due to time and geographical constraints, patients from the 
original study whom provided this project with body 
camera data were unable to participate in the study within 
the project’s timeframe. As a result, ten participants (7 
females and 3 males) were recruited from universities in the 
UK to take part in the think-aloud studies and usability tests 
of the PictureSelf prototype in one-to-one sessions to 
examine usability issues in the prototype’s features. 
Participant’s occupations are students with ages ranging 
between 22 and 29. The number of participants that were 
recruited provided sufficient data as findings became 
saturated and repetitive. 
 
7.2 Materials 
The high-fidelity prototype was presented through the 
Adobe XD application on a 13-inch MacBook where all 
sessions were screen and audio recorded. The images used 
in the usability testing is taken from the patient dataset 
where any content that reveals the participant’s identity is 
censored to ensure anonymity. Moreover, the images 
presented in the prototype’s view have been processed via 
this project’s IA algorithm prior to the usability testing and 
any uploading or analysis done on the prototype is a 
simulation. 
 
7.3 Procedures 
Each study lasted between 30 to 60 minutes where 
participants were briefed about the application’s purpose 
and was instructed to speak aloud their thoughts and 
decision-making process whilst using the prototype (see 
Appendix 5). The participants were asked to complete a set 

of tasks during the testing and think-aloud session but were 
given the freedom to explore and learn the prototype on 
their own. Participants were especially encouraged to 
review the functionalities, content and flow of the 
prototype’s design. Upon completion of the tasks, a 
debriefing interview was conducted to investigate certain 
aspects of the prototype in an in-depth manner. Due to the 
novelty of the proposed system, a semi-structured interview 
is a valuable approach as it gives participants leeway in 
providing rich insights that can support the improvement of 
the prototype’s user experience whilst keeping questions 
focused on aspects of the prototype that needed to be 
emphasised [55]. Finally, participants filled in two 
questionnaires; the System Usability Scale (SUS) [56] (see 
Appendix 6) and Visualisation Questionnaire (see 
Appendix 7) to quantify participant’s thoughts on the 
usefulness and usability of the prototype and their 
preference on certain visualisation components where both 
forms used a 5-point Likert scale [56]. All participants were 
given remuneration of 10GBP.  
 
7.4 Analysis 
The audio recordings were transcribed and went through a 
thematic analysis to identify patterns and underlying causes 
of user’s impression of the prototype and its impacts on 
self-management behaviour, where participant’s interview 
transcripts (see Appendix 11) were coded and grouped into 
categories. The coding process used a deductive framework 
method of analysis [61] where the “Unified Theory of 
Acceptance and Use of Technology” (UTAUT) [62] model 
was adopted to structure findings, as the aim of this project 
is to investigate the usefulness and acceptance of the 
proposed intelligent image browser. 
 
The UTAUT model describes the notion of user acceptance 
from an amalgamation of perspectives that influences the 
user’s behaviours and intentions in using technology [62]. 
The use of this model allows for variables that impact 
user’s actions and behaviours such as effort expectance, 
performance expectance, social influence and facilitating 
conditions to be disseminated across the findings where 
emerging themes would be systematically grouped and 
grounded within the deductive framework. Furthermore, 
this framework not only looks at the determinants for 
usability and perceived usefulness of a system but also 
considers the external variables that impact user acceptance 
such as social factors and the resources available to them 
(see Figure 16).  The UTAUT model has been widely 
adopted within digital healthcare research [63, 64] where its 
ability in guiding technology designers and researchers in 
better understanding technology usage behaviour is the 
reason why it has been selected as an analysis framework 
for this project (see Figure 17). Additionally, results from 
the questionnaires were analysed quantitatively to act as 
evidence in supporting the themes that emerged from the 
qualitative analysis. 
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Figure 16. Unified Theory of Acceptance and Use of 
Technology (UTAUT) Framework [62] 

 
 
 

 
 

Figure 17. Thematic Analysis Mapping 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

8. RESULTS 
This section reports the findings from the evaluation where 
the analysis of the transcripts and questionnaires unveiled 
valuable insights within the UTAUT framework’s user 
acceptance factors that ultimately contributed to the final 
iteration of the prototype. The emerged themes from the 
analysis are divided into four parts; effort expectance, 
performance expectance, social influence and facilitating 
conditions which are categories that were derived from the 
UTAUT framework (see Figure 17). 

 
8.1 Effort Expectance  
This variable of the framework refers to the system’s ease 
of use and any usability issues that arose during the 
evaluation process. The majority of the participants noted 
that the system was easy to use and had minimalist design 
that enhanced the learnability of the prototype where the 
overall SUS results supported these claims (see Appendix 
8). Despite this, participants still faced minor usability 
issues when navigating through the prototype’s features and 
functionalities, which heightens their efforts and cognitive 
load in having to recover from certain situations. 

 
Buttons 
According to some participants, their difficulties stemmed 
from not being able to identify buttons on the interface due 
to its placement and design. For example, one participant 
noticed that every view had a “View All” button that 
allowed the users to remove any filtering or zooming 
effects that were used and return to the display of the entire 
visualisation. However, they were unable to find the button 
in certain views due to its varying placement positions 
across all views (see Appendix 4). Moreover, the selected 
buttons when filtering the set of images by colour in the 
cluster view would disappear after being pressed which 
made users uneasy after making their selections as they 
thought they had committed an error.  

 

 
 

Nielsen’s heuristics also emphasised the importance of 
consistency across the layouts of an entire system [44] 
where in this particular case, if the button’s position 
continuously changes then it adds friction to the user’s 
experience by forcing them to relearn the layout of each 
view. 



 22 

Content 
Another usability issue that the participants noted was the 
language that was used in the naming of the features where 
names such as “cluster” and “relevance feedback” are not 
user-friendly and self-explanatory.  

 
Design guidelines for novice users highlights that the 
design of text must be easy to read and more importantly, 
written in language that allow users to intuitively learn the 
purpose and functions of a certain interface [48]. Therefore, 
using unfamiliar terms to name features and functions can 
have a negative impact on the system’s usability.  

 
Error Recognition and Prevention 
Participants noted that the prototype lacked functions to 
provide help and documentation to assist users in 
recognising, recovering and preventing errors. Participants 
mentioned that they were unable to access the functions in 
the timeline and cluster views during their first attempts due 
to user interface issues where they had to explore and trial 
clickable objects to discover their desired functionality.  

 
Nielsen’s heuristic also stressed the significance of 
designing for errors where guiding user’s away from 
mistakes can effectively improve the system’s navigational 
capabilities [44]. This can be provided to users in a myriad 
of ways such as presenting instructions in plain language, 
suggesting solutions when errors are committed and 
documentations that list out concrete steps that needed to be 
carried out to achieve user’s tasks. 

Although participants experienced minor usability issues, 
they were still able to complete all the tasks with minimal 
supervision. Hence, refining the aforementioned design 
components would assist the user’s already strong 
performance even further.  
 
8.2 Performance Expectance 
This aspect of the framework examines the system’s degree 
of perceived usefulness where participant’s impressions of 
each view were investigated. Participants generally found 
the prototype’s functionalities to be useful in the context of 

improving self-management where they credited the 
intelligence of the browser in extracting, identifying and 
grouping images in a way that is easy to make sense. 
Although participants were able to make sense of the 
visualisations presented in each view, the visualisation 
questionnaire (see Appendix 9) identified certain views that 
were redundant and unhelpful in providing any objective 
measure that can improve their health and well-being. 
Profile 
Even though this feature is not an image browsing method, 
participants found that the profile view was an essential 
component in making sense of the visualisations that were 
presented in the other views. Most of this view’s acclaim 
came from the combination of icons, visual cues and 
traditional data visualisation approaches of representing key 
information in the form of charts, graphs and tables.  

 
Another aspect that the participants praised was the content 
that is presented, where they expressed the benefits of 
image classification characteristics that helped them 
understood the components within a self-management 
routine. 

 
Additionally, the participants commended how this view 
and the other visualisations support each other effectively 
where reading the profile’s content after interacting with the 
other views helped them gain an even better understanding 
of how helpful the visualisations are in the context of 
bettering health and well-being. 

 

 
Moreover, the profile view scored the highest in the 
visualisation questionnaire with an average rating of 4.90. 
With such high preference scores and critical acclaim, the 
profile view has demonstrated how useful it is in supporting 
user’s sensemaking of large image collections to pinpoint 
areas of improvement in their self-management routine. 

 
Relevance Feedback 
Another visualisation that participants enjoyed interacting 
with was the relevance feedback view where they expressed 
approval of how similar images are grouped into certain 
categories. 
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Most of the participants perceived the relevance feedback 
view to be the most useful image browsing method where 
they credited how quickly they were able to retrieve their 
desired images in comparison to the timeline, cluster and 
annotation views. One participant noted that it was easier 
for them to find images based on recalling the visual 
aspects rather than from the time, colour or keywords. 

 
Moreover, participants praised the usefulness of this view 
in the context of improving self-management where the 
number of images related to certain categories is a good 
indicator of how that particular activity dominates their 
self-management routine in a positive or negative manner.  

 
However, participants criticised the lack of text to support 
their browsing experience in this view. Although they 
understood that this view is purely about browsing groups 
of images based on visual aspects, they commented that it 
would have been helpful to have labels accompanying the 
representative images to give them confirmation about the 
categories that they were selecting. 

 
The relevance feedback view scored the highest amongst 
the image browsing methods with an average rating of 4.30 
where participants favoured the browsing experience and 
organisation of this visualisation the most. 

 
Timeline 
A visualisation that received mixed reactions from 
participants in terms of usefulness is the timeline view. 
Participants mentioned that a chronological perspective on 
their routine is beneficial in terms of supporting their 
abilities in recalling their daily events. Furthermore, the 
interactive features (filter and zoom) in this view 
significantly improved user’s browsing experience. 

 
Nonetheless, participants criticised that this view lacks the 
relevant content in helping them reflect on their self-
management. Some participants mentioned that simply 
organising the image collections by time is no more useful 
than a calendar or a diary, where they expressed the need 
for more health and well-being related content to help 
contextualise the purpose of this visualisation. 

 
Alternatively, participants mentioned that this view is 
redundant since they are fairly confident in their abilities in 
remembering their routine and always noting down their 
daily events on their smartphone calendar.  

 
The timeline view scored an average rating of 3.50 where 
the majority of the participants are in agreement that it 
benefits their self-management routine in terms of 
reminding and logging activities at certain times during the 
day but does not provide useful information in bettering 
their health and well-being. 

 
Cluster 
According to the majority of the participants, a visualisation 
that received the most negative feedback is the cluster view. 
Participants were extremely critical about the unhelpfulness 
of this view in terms of identifying improvements in self-
management routines. 

 

 
Some participants struggled to understand how the images 
were grouped and was confused by the design of the 
visualisation itself. 

 
The cluster view received an average rating of 3.20 where 
most participants deemed it unhelpful and confusing in 
terms of identifying areas of improvement in their self-
management routine.  
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Annotation 
Even though the annotation view received mostly negative 
reviews, participants suggested that elements of this view 
could be salvaged by merging this feature with the 
relevance feedback to fill in its missing gaps. The criticism 
of this view stemmed from its redundancies in comparison 
to the relevance feedback where both views categorise and 
filters their images based on semantic content.  

 

 
Most participants preferred the relevance feedback view as 
they find it easier to recognise and spot their desired images 
through visual cues rather than text. However, some 
participants stressed the importance of having text and 
labelling to provide additional description to ambiguous 
images. Hence, they suggest combining the keywords from 
this view to act as labels for the representative images in the 
relevance feedback view to incorporate both view’s 
strengths. 
 

 
Although the annotation view scored poorly with an 
average rating of 3.10, its strengths in categorising images 
by keywords can still be transferred to bolster the benefits 
of the relevance feedback in the final iteration. 

 
Interactive Browsing Features 
Every participant found additional interactive elements; 
zoom, filter and labelling functions of each view to be 
extremely useful in enhancing their browsing experience 
where they scored an average rating of 4.50, 4.80 and 5.00 
respectively.  
 

 
Therefore, it is evident that combining visualisations with 
interactive browsing elements can provide users with useful 
content that enhances their sensemaking of large image 
collections without introducing any clutter to its interface 
design. 
Hexagonal Thumbnail & Honeycomb Layout 
Every participant found the hexagonal thumbnail and 
honeycomb layout to be unique in the context of displaying 
images since they are more familiar with square and grid 
formats. However, participants did praise this structure due 
to its space-filling arrangements that is easier to observe 
than tightly packed image grids. 

 
The positive responses correspond with the user studies 
conducted with the honeycomb image browser systems 
where eliminating the overlapping of images and 
introducing a space-filling structure resulted in favourable 
feedback by users [12]. The hexagonal thumbnail and 
honeycomb visualisation space received an average rating 
of 4.10 and 4.50 respectively which demonstrates its 
effectiveness in supporting users in browsing for desired 
images and making sense of large image collections. 

 

Overall, participants found the system useful and are 
willing to use this system in the future to manage their 
health and well-being where any aspects of the prototype 
that received criticism would be refined in the final iteration 
to produce the most useful and effective version of the 
prototype. 

 
8.3 Social Influence 
This element of the framework delves into societal factors 
that may influence user’s behaviour and intent in using the 
system [62]. One participant noted that they would only be 
motivated to use this system if healthcare professionals 
recommended it and can help them interpret the results.  

 
Although the prototype’s usefulness is commendable, 
participants also expressed concern about having to use 
body or wearable cameras throughout the day to record 
their activities where it could be uncomfortable for them 
and would be violating people’s privacy. 

 
Therefore, social influences must be considered when using 
this prototype as ethical issues may arise during the data 
collection process. It may affect the data that is used in the 
prototype if they opt to not use their body camera 
throughout the day due to privacy concerns from their 
social groups. 
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8.4 Facilitating Conditions 
This aspect of the framework reflects the internal and 
external constraints when using the system such as the 
infrastructure, the environment and the resources that are 
available to the user [62]. Some participants revealed the 
limitations and significant barriers that they would face 
when deciding whether they would use the system in the 
future, where one major issue would be the reliance and 
cost of external resources to be able to use the system 
effectively. 

 
Moreover, one participant was particularly sceptical about 
the system’s technical infrastructure where they questioned 
the reliability and accuracy of the image analysis results 
that were presented in the timeline view. 

 
Therefore, environmental factors, external resources and 
technical infrastructure can pose a significant barrier to 
user’s willingness to accept the technology. 
 
8.5 Design Iterations 
The findings from the evaluation sessions uncovered a 
multitude of design directions for the final iteration of the 
prototype (see Appendix 10). During this iterative process, 
the emphasis is placed on alleviating the minor usability 
issues and refining the features and functions that had the 
most impact on participants.  

 
Navigation 
Due to participant’s inability to identify buttons and 
appropriate navigation features on the interface, the final 
iteration modified the button’s designs and added 
consistency to its location (see Figure 18). Firstly, the 
appearance of the buttons is altered where hover and 
shadow effects are added to appeal to the user’s mental 
model of a familiar interface button. Secondly, the colour of 
the disabled buttons is changed to grey to explicitly add 
constraints and guide users to the functions that are 
currently available. Finally, the location of the “View All” 
button and the function panel in each view is fixed to the 
bottom right corner and the left side of the screen to add 
consistency to all of the view’s layout. 

 
Help and Documentation 
Participant’s initial attempts in using the timeline and 
cluster views resulted in errors where they were unable to 
identify the functions that were available at each view. To 
alleviate this issue, the final iteration added a helper 
function that acts a visual guide to introduce the key 

functions within each view (see Figure 19). The button to 
initiate this function is also demonstrated by a question 
mark icon, a universal symbol for tutorials and guides that 
would appeal to user’s familiarity. 

 
User-Friendly Content 
Unfamiliar terms that are used in the naming of the features 
can pose a barrier to users in identifying its purpose and 
functionalities. Therefore, certain view features have been 
renamed to more user-friendly terms; “cluster” has been 
renamed to “activity” and “relevance feedback” has been 
renamed to “categories”. 

 
Combining Views 
Although the majority of the participants found the 
annotation view a redundant feature in comparison to the 
relevance feedback view, they did praise the selection of 
controlled vocabularies offered by the view that acted as a 
confirmation of the categories they were selecting. 
Motivated by this, the final iteration integrated the strengths 
of these two features to create a “categories” view where 
the keywords from the annotation view are added as labels 
to the representative images in the relevance feedback view 
(see Figure 20) 

 

To conclude, the participants in the final iteration’s 
usability tests offered positive feedback on the prototype’s 
performance and effort expectancy where the proposal of an 
intelligence image browser was perceived as useful and 
usable.  
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Figure 18. Button Iterations 

 

 

 

 

 

Figure 19. Help Function 

 

 

 

 

 

 
Figure 20. Categories View 

 
 
 
 

9. DISCUSSION 
Ultimately, the research, software development, evaluation 
and iterative design process contributed to the consolidation 
of an intelligent image browser prototype that can be used 
by patients, patient experts or healthcare professionals in 
objectively monitoring the patient’s self-management 
routine. The results gathered from the evaluation phase 
have demonstrated the prototype’s effectiveness in 
improving user’s health and well-being where it raised 
several design implications for future digital self-
management interventions. Moreover, the development of 
the IA system alongside the design of the image browser 
prototype promotes the reality of an intelligent image 
browser that bridges the gap between InfoVis and IA in a 
digital health context.  
 
9.1 Principal Findings & Comparison to Other Studies 
Certain findings that were uncovered from the evaluation 
phase corresponds with design frameworks and results 
obtained from prior studies.  

Usability issues raised in the “Effort Expectance” section 
was mostly related to the framework set out by Nielsen’s 
Heuristics [44] and the design guidelines for novice users 
[48]. The design directions outlined in these frameworks 
help alleviate the obstructions that participants in the study 
faced by instilling minimalist design, visual cues and help 
documentations to appeal to user’s familiarity of most user 
interfaces. Hence, the results support the use of these 
guidelines in designing an interface that lowers user’s effort 
in having to learn and navigate through the system. 

Moreover, the feedback regarding the usefulness of the 
visualisation in the “Performance Expectance” section was 
also in conjunction with results from prior studies. The 
introduction of hexagonal thumbnails and the honeycomb 
layout as the visualisation’s space-filling structure were 
praised by all participants where they credited the lack of 
overlapping and the uniform tiling of the thumbnails. More 
importantly, this approach became a preferred structure 
over the usual grid structures that are common amongst 
image library displays. Therefore, the usefulness of this 
structure was aligned with findings from other image 
browsers that also adopted the honeycomb approach [12].  

Furthermore, the relevance feedback view’s high preference 
score demonstrates the need and usefulness of semantic 
image analysis amongst users of image browsers. Prior 
studies noted that users require more than browsing images 
at a primitive level (brightness, colour & time) but rather at 
a generic level that identifies activities, objects and 
meaning within image’s content [66, 67]. Hence, user’s 
positive comments relating to the relevance feedback is a 
testament to user studies conducted amongst current image 
browsers where the need for intelligent and semantic image 
analysis in these browsers are apparent. 
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9.2 Strengths & Limitations 
The project’s research, design and evaluation process 
encountered many strengths and challenges that ultimately 
led to the arrival of the present solution. 

A notable strength of this project is that it encompasses the 
entirety of the user-centred design process where the 
analysis of existing primary user (patients) datasets and the 
regular involvement of secondary users (patient experts) in 
the design process helped inform the requirements and the 
direction of the project. The provision of the patient’s 
datasets allowed for an accurate establishment of the image 
analysis’ functional requirements and specifications, where 
the incorporation of sample datasets that best represents the 
dimensions and features from the body camera into the 
system’s development process allowed the algorithm to be 
continuously refined and tested to accommodate an 
accurate classification of the camera’s output. Moreover, 
access to the patient’s interview transcripts and time-use 
diaries also helped determine the algorithm’s accuracy and 
discrepancies where the processed dataset can be checked 
with patient expert’s manual analysis of the data. Even 
further, patient experts also provided substantial insight into 
the design process where their knowledge of the patients 
and their experiences in manually analysing the large 
collection of images helped guide the approach and 
concepts that were necessary in developing the solution for 
the project. Hence it is evident that including users in 
various stages of the project became extremely beneficial in 
understanding the context of the technology and how a 
solution should be devised specifically for users in those 
circumstances.  

However, the project did face certain challenges throughout 
the design and evaluation process where the lack of 
patient’s perspective led to the validity of the prototype’s 
usefulness in the real world being unresolved.  Due to the 
geographical constraints and the difficulties in running a 
remote patient study, the design and evaluation process 
relied mostly on secondary users and non-patient users. 
Therefore, it is likely that the prototype in this project did 
not take into account the work that is required on the 
patient’s part in adjusting the self-management routine and 
the toll of their condition in operating such a system. As a 
result, there exists a “design-reality gap” [75] between the 
prototype’s design and the patient’s natural state which 
could indicate that the system may not be suitable for real 
world deployment. 

Even further, the challenges in the evaluation phase must 
also be noted where participants had trouble verbalising 
their thoughts in the think-aloud session due to limitations 
in their multi-tasking abilities. This presents difficulties in 
assessing usability issues at exact stages of the prototype as 
participant’s decision-making process are not properly 
observed and noted by the researcher. Consequently, the 
debriefing interview demonstrated that some participants 
attempted to recall all of the usability issues they have 

encountered where this approach may not be as accurate as 
a situated diagnosis within the think-aloud session.  

Additionally, the evaluation of the prototype did not 
involve the participant’s own raw data which can affect 
their perceived usefulness of the system. As every 
participant in the study was reluctant to record themselves 
for this project’s evaluation phase, the evaluated image 
collection must then be taken from the existing patient’s 
dataset instead. Due to the utilisation of existing patient’s 
dataset, the participants were not reflecting on their own 
self-management routine but the patient’s instead. This 
meant that they would only find this beneficial in terms of 
quickly learning about a stranger’s self-management routine 
via the many visualisation tools that were available to them. 
In contrast, if participant’s personal dataset was used, then 
their perceived usefulness would be based on how helpful 
this prototype has been in helping them identify key areas 
of improvement within their own self-management 
practices. Therefore, participant’s perceived usefulness of 
the prototype is based on the premise that they are 
objectively reflecting another individual’s self-management 
routine, which may not provide any insights into how the 
prototype directly benefits the user’s outlook of their own 
self-management practices. 

Lastly, due to the prototype’s integration of IA and InfoVis 
techniques in the evaluation stage being demonstrated as a 
mere simulation, the participant was unable to immerse 
themselves into the journey of collecting and uploading 
their own data which is crucial in depicting the prototype’s 
usefulness in the real world. Participants would go through 
an image uploading and analysing stage in the prototype, 
but those stages were simulated as having been pre-
processed already, hence they would arrive immediately at 
the profile view. The skipping of this process due to the 
simulation could be a turning point as participant’s were not 
aware of the work that is required in collecting and 
uploading the data which could have affected their 
perceived usefulness of the system. Hence, immersing the 
user into the full journey of the prototype during the 
evaluation phase remains a crucial task in determining their 
willingness to use the system if these additional steps were 
required. 

 
9.3 Design Implications 
Rich insights that were assembled from the evaluation 
phase uncovered numerous design avenues for future self-
management interventions where introducing objective 
personal metadata (such as ubiquitously captured images) 
into patient’s dataset can yield valuable results.  

One of the strengths of the prototype’s design is the focus 
on the practicalities of image browsing where the provision 
of different visualisations and browsing methods for users 
can appeal to their vast and diverse browsing strategy 
preferences. According to the participant’s favourable 
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response to the various interactive browsing methods, it can 
be seen that offering multiple interactive visualisations to 
accommodate browsing by time, colour, visual features and 
keywords can effectively support the user’s preference 
across the browsing strategy spectrum. In addition, the 
introduction of InfoVis approaches supported the users with 
extra information without adding any clutter to the 
interface’s design where the filter, zoom and label function 
achieved near perfect ratings. Therefore, the 
implementation of various visualisation techniques was 
successful in enhancing user’s browsing experiences.  

Moreover, the prototype also translates image contents from 
the analysis process to the context of self-management 
which engaged the participants by highlighting 
personalised, relevant and useful information related to 
their health and well-being. This addresses the need to 
simplify complex health data into a language that everyday 
users [65] can understand which was achieved by this 
prototype via the profile view. Hence, a significant design 
implication that arose from the findings is that the quality of 
the content is more important than the interface’s aesthetics 
and usability, where participants generally looked for data 
that can benefit their self-management reflection as 
opposed to interactive features that at times can obstruct 
their process. This is also reflected on their comments on 
how essential the profile view is in supporting their abilities 
to make sense of personal image visualisations. 

In the context of self-management reflection via image 
browsers, a feature that should be emphasised and refined 
to enhance this process is the modified version of relevance 
feedback that is demonstrated on the final iteration of the 
prototype. The participant’s positive response to this feature 
in the context of self-management also validated the 
literature surrounding the usefulness of relevance feedback 
amongst users in other domains. Correspondingly, existing 
research has pointed to the implementation of relevance 
feedback being highly useful amongst users of current 
music streaming applications where users are recommended 
songs that are related to the genre that they enjoy [74].  
Furthermore, the categorisation process behind the 
relevance feedback method can contribute to the generation 
of user profiles as well. Music streaming applications often 
utilise the data that they have collected from user’s 
selection of preferred genres to update their profiles and 
information [74]. The same concept can be transferred to 
the image domain where user interactions with the 
representative images in the relevance feedback feature can 
automatically update and add characteristics in the user’s 
profile. This could effectively reduce the burden that users 
face in having to manually input learning data into the 
system. 

However, the prototype’s reliance on external resources to 
properly operate the image analysis and visualisation 
mechanisms can act as a barrier to user’s acceptance of the 
system. Participants raised several concerns that needed to 

be addressed in order to be able to use the prototype, where 
some participants do not own body cameras, and some are 
unlikely to invest in a new one. Due to the project’s IA 
system being trained specifically to examine body camera 
images, using other types of camera datasets could alter the 
format, size and pixel quality that the system was originally 
designed for. This shows that the prototype’s lack of 
technical infrastructure combined with participant’s lack of 
resources could pose a serious obstruction to user’s 
willingness to use the system. Thus, improving the 
prototype’s technical capabilities and infrastructure can 
instil less dependence on external resources and allow for 
different camera datasets to be analysed such as 
smartphones which is a device that is used commonly and 
everyday by most users. 

 
9.4 Intelligent Image Browser Development 
As the development of a full-fledged intelligent image 
browser was not possible due to the project’s time 
constraints, the processing of the images was done 
separately but was simulated on the prototype as if the user 
had also gone through the analysis process to visualise the 
images. In reality, the images were already analysed and 
added to the prototype prior to participant’s evaluation 
session. Although the PictureSelf prototype was a mere 
simulation, the project’s entire process uncovered that 
automating and integrating both components into one 
system can be possible to bridge the gap between IA and 
InfoVis.  

Due to the maturity of image analysis and artificial 
intelligence technologies, the key to filling in this gap to 
connect the analysis process with the visualisation 
mechanisms to create an intelligent image browser is 
through semantic retrieval. A crucial difference between a 
regular image browser and an intelligence image browser 
lies with its ability in identifying semantic information such 
as objects, scenes, events at a generic level rather than 
colours and brightness at the primitive level [66]. IA 
systems must be trained with a significant dataset prior to 
the analysis stage as classification of its objects, activities 
and events would require a degree of reasoning [67]. In 
contrast, visual features may not require much training and 
intelligence as those characteristics can be easily extracted 
via computational methods demonstrated in this project. 
Moreover, studies pertaining human recognition and 
classification of images found that humans instinctively 
categorise images they have seen into semantic categories 
such as chairs or fruits where visual appearance is less 
prioritised [68]. This also corresponds to the findings 
presented in this project where the prototype’s relevance 
feedback view that categorises its images by its semantic 
contents (driving, shopping, and food) was favoured over 
the cluster view that grouped its images based on visual 
appearance (red, green and blue). Therefore, the need for 
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incorporating semantic retrieval in an image analysis 
process to develop an intelligent image browser is apparent.  

Current trends of semantic image analysis and retrieval 
have seen the progression of automatic scene, object and 
propagating label classifications. Automatic classification 
of scenery in images would be useful in image browsers as 
it can act as an important filter in searching for desired 
images. Existing systems have used a combination of 
colour histograms and texture measures to deploy a 
classification measure that can distinguish between indoor 
and outdoor scenes that yielded high accuracy results within 
the range of 75% to 90% [69, 70]. Additionally, automatic 
object recognition has been a highly sought classification 
measure for image analysis systems as the identification of 
objects in particular images can support user’s 
interpretation of more complex scenes [71]. Prior systems 
have adopted a statistical technique for object recognition 
where a combination of colour and texture features were 
used in training a model to analyse different areas and 
regions in an image’s scene to differentiate and identify key 
objects such as the sky, road, building, fence and car where 
the system’s evaluation recorded an 80% accuracy rate 
[72]. Another image classification method involves the 
propagating annotations done on image’s objects by the 
user that is automatically propagated to other images of 
similar qualities in the collection. This user-assisted 
technique would segment the annotated images into regions 
of interest and extract suitable visual features from those 
regions to search the database and annotate images 
containing similar characteristics [73]. Hence, appropriate 
image annotations can then be propagated to label all 
related images in the same collection automatically. 

Therefore, the advancement of technologies, artificial 
intelligence capabilities and image analysis techniques 
demonstrates that the development of a hybrid image 
analysis and image browsing system to form an intelligent 
browser is highly possible. Furthermore, the accuracy of 
these image classification systems signals a promising 
direction in increasing the reliability of image browsers in 
the context of enhancing self-management reflection. 
 
9.5 Future Work 
Overall, the participants found the prototype to be easy to 
use, despite minor usability issues and concerns with 
content that was quickly rectified during the final iteration. 
However, the design of the prototype did not take into 
account the “design-reality gap” that exists within health 
information systems [75] where the future work involved in 
this prototype should aim to address.  

Developing health information technologies for self-
management intervention such as PictureSelf involves 
balancing the differences between designer, stakeholder and 
user’s desires against the user’s realities. This has yet to 
have been achieved as the prototype was never evaluated 

with patients during the course of this project due to time 
and geographical constraints that made remote patient 
evaluation studies not possible. Most interventions in the 
digital health field undergo evaluations with patients to 
accommodate the exact needs and requirements of the 
patient’s reality and vulnerability into its designs. For 
example, extensive ecological validity studies surrounding 
the use of virtual reality technologies with patients suffering 
from dementia and schizophrenia uncovered the exceptional 
challenges that those patients faced in comparison to 
healthy participants where problems with memory, 
perceptual deficits and limited recognition of required 
sequences of action contributed to their difficulties in using 
the system in a natural environment [76, 77]. Even further, 
the absence of conducting tests with real patients would 
result in not achieving the Norman’s design principles of 
matching the prototype’s design to the real world [46]. 
Hence, future work should focus on conducting evaluations 
with patients to reinforce the design of the system with 
ecological validity and ensuring that the system is safe to be 
deployed in the real world where it is accessible to 
vulnerable and disabled users. 

Additionally, the reliance of external resources to operate 
the prototype efficiently is a significant contribution to the 
design-reality gap where patients are unlikely to own and 
invest in body cameras in order to use the system. As 
evidenced by even non-patient participants, the contextual 
factor of facilitating conditions already had direct 
influences on participant’s behaviours, intentions and 
voluntariness of using the prototype where most 
participants enlisted the investment of a body camera as a 
barrier to acceptance. As the project’s IA system is 
restricted to only analysing body camera data, future work 
should focus on expanding the system’s scope of image 
analysis and classification where the system’s training and 
testing must be conducted with other forms of camera data 
to accommodate a variety of resources owned by different 
user groups.    

Besides that, bolstering the technical infrastructure behind 
the prototype remains at the top priority in bridging this 
design-reality gap. An effective integration of the project’s 
various components such as image analysis, image 
browsing methods and InfoVis can lead to the consolidation 
of a novel intelligent image browser system. Existing 
research has demonstrated a lack of effort in bridging the 
gap between image classification and interactive image 
browsing, where the introduction of InfoVis methodologies 
can effectively support users in exploring and making sense 
of large image databases [20]. This corresponds with the 
findings from the prototype’s evaluation sessions where 
participants found the blend of image classification, 
interactive browsing and InfoVis technique to have 
enhanced their engagement and reflection of large image 
collections. As this project only simulates the integration of 
these components, it is essential for future work to develop 
a fully functional system that can take users through the 
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entire journey spanning through the analysis, classification, 
visualisation and browsing phases. Fortunately, previous 
studies in conjunction with the advancement of artificial 
intelligence has shown the increasing maturity within the 
field of intelligent image analysis and interactive browsing 
[66]. Hence, the development of such systems is highly 
possible with the current development trajectory of 
automated techniques within the image classification space 
[67]. 

Ultimately, closing the design-reality gap would also 
demonstrate a potential for future field studies as well. By 
deploying intelligent image browser for participants to use 
in their natural environments, the study could investigate 
further design implications that participants face when 
incorporating the use of this system into their daily routine. 
Prior field studies that deployed energy consumption 
logging technologies in participant’s home was deemed as a 
necessary evaluation method that can identify a relationship 
between the data that is visualised and user’s personal 
knowledge of daily activities that affected the dataset, 
where the study aimed to leverage the deployed technology 
in supporting participant’s ability in understanding their 
energy consumption  [2]. Similarly, deploying a fully 
functional intelligent image browser can also yield such 
valuable findings where a qualitative field study can 
examine whether participants have leveraged the system’s 
functionalities effectively, in a manner that can successfully 
improve their self-management practices over a certain 
amount of time. Hence, future evaluations conducted on 
intelligent image browsers in the context of self-
management reflection should consider a field study in 
determining whether the system can actually provide users 
with objective measures that can motivate their 
understanding of effective self-management routine into 
practice. 
 
10. CONCLUSION 
Overall, by holistically addressing the need for an 
intelligent image browser to enhance self-management 
reflection, PictureSelf demonstrates its potential as a novel 
system in motivating patients to be more involved in 
identifying areas of improvement within their daily routine. 
Through analysis of prior study’s patient datasets, the 
design requirements in the prototype’s intended context 
were developed and evaluated via usability studies. Despite 
the implications of the findings being unable to reflect the 
reality of patient’s conditions and environments, the 
feedback from a general demographic regarding the 
prototype’s visualisations, browsing methods and 
interactive features were positive which supports the design 
choices that were made in this project. This constitutes as a 
novel insight into the design implications and external 
factors that influence user’s self-management reflection 
within a ubiquitously captured image collection. Although 
this project developed and evaluated a mere simulation of 

an intelligent image browser, current technological 
advancements in automated image classification and 
semantic image analysis has indicated a strong possibility in 
the development of such a system for future work into this 
domain. Hence, this project provides a promising step in 
exploring how the development of an intelligent image 
browser can be expanded to objectively monitor patient’s 
health and well-being from the perspective of patients and 
healthcare professionals. 
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APPENDIX 1: NIELSEN’S PRINCIPLES 
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APPENDIX 2: PERSONAS 
 

 

  

The persona of “David Brown” demonstrates a patient with good self-management routine and primarily 
expects to gain a quick visual overview of his daily activities to help him stay on track of his routine. 

The persona of “George Jones” shows a moderate 
self-management routine where his workaholic nature 
often leads to lack of exercise and healthy diets. 
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The persona of “Regina Wilson” shows a poor self-management routine 
where her lifestyle is entirely sedentary coupled with an unhealthy diet. 
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APPENDIX 3: LOW-FIDELITY SKETCHES 
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APPENDIX 4: FIRST ITERATION OF PROTOTYPE 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Timeline View Iterations 

• Inconsistent Font Usage. 
• Time Slot Buttons do not look like 

buttons. 
• Disabled “View All” Button looks 

clickable. 
• No Instruction Manual for Functions. 

 
Cluster View Iterations 

• Name of View is not User-Friendly. 
• No Instruction Manual for Functions. 
• Disabled “View All” Button looks 

clickable. 
• Remove Disappearing Buttons and Keep 

All Button Positions Fixed. 

 
Relevance Feedback View Iterations 

• Name of View is not User-Friendly. 
• Disabled “View All” Button looks 

clickable. 
• “View All” Button Position is Not 

Consistent 
• Add Labels to Each Category (Merge 

with Annotation View’s Keywords) 

 
Annotation View Iterations 

• Name of View is not User-Friendly. 
• Redundant Feature in Comparison to 

the More Favourable Relevance 
Feedback Feature 

• Lack of Visual Features 
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APPENDIX 5: USABILITY TEST PROTOCOL 
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APPENDIX 6: USABILITY QUESTIONNAIRE 
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APPENDIX 7: VISUALISATION QUESTIONNAIRE 
 
 
 

  



 44 

APPENDIX 8: SYSTEM USABILITY SCALE RESULTS 
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APPENDIX 9: VISUALISATION PREFERENCES 
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APPENDIX 10: FINAL ITERATION 
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APPENDIX 11: EXAMPLE TRANSCRIPT 
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APPENDIX 12: IMAGE ANALYSIS CODE 
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APPENDIX 13: INTERNAL TESTING OF SOFTWARE 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

Text Extraction Internal Tests with the Patient Body 
Camera Image Datasets Showed Great Success. 
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Visualised Feedback by Patient Experts on Timeline View Sketch 

User Journey Diagram 

APPENDIX 14: DESIGN ARTEFACTS 
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Storyboard of Primary User’s Scenario 


