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ABSTRACT
Building an interactive retrieval system for lifelogging contains
many challenges due to massive multi-modal personal data besides
the requirement of accuracy and rapid response for such a tool. The
Lifelog Search Challenge (LSC) is the international lifelog retrieval
competition that inspires researchers to develop their systems to
cope with the challenges and evaluates the effectiveness of their so-
lutions. In this paper, we upgrade our previous Myscéal and present
Myscéal 2.0 system for the LSC’21 with the improved features in-
spired by the novice users experiments. The experiments show
that a novice user achieved more than half of the expert score on
average. To mitigate the gap of them, some potential enhancements
were identified and integrated to the enhanced version.

CCS CONCEPTS
• Information systems → Information retrieval; • Human-
centered computing→Human computer interaction (HCI);
User interface design.
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1 INTRODUCTION
The rapid development of low-cost wearable sensors has led to
the emergence of lifelogging [14], which is the process of captur-
ing personal digital evidence life traces. This personal digital data,
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also known as lifelog, can contain images, location information, or
biometric signals, dependent on which devices the person utilises.
Although lifelogging has shown promise for many applications
[1, 8, 35], the fundamental challenge of searching through such
massive archives in an effective manner is, as of yet, an unsolved
task. There is a clear need for a highly usable interactive informa-
tion retrieval tool for such archives.

Over the past five years, there have been a first generation of
research challenges and associated datasets released for community
use [11, 12, 29]. One such challenge is the Lifelog Search Challenge
(LSC) workshop [13], which began in 2018. This annual challenge
provides a large annotated lifelog dataset including photos, GPS
location, and biometric information and supports a comprehensive
evaluation of interactive lifelog retrieval systems in terms of speed
and accuracy. Participating systems in the LSC need to facilitate a
user to execute a descriptive information need, which is mentioned
in a semantic query, and to locate an exact match from the large
lifelog archive within a limited time period. Moreover, the ease of
use of a system is an important challenge due to the requirement
for systems to be used by novice users during the comparative
evaluation.

According to the criteria described above, an efficient retrieval
system has to process a query with a powerful search engine and
provide the user with an intuitive user interface to facilitate efficient
retrieval. The top performing system for the first LSC challenge in
2018 was built in the virtual environment [6] where users can fully
operate easily while the top system in the second LSC [34] processed
images as a sequence events of a video combining with its capacity
of searching by drawing to optimize their seeking performance. The
LSC challenge in 2020 introduced many new participating systems,
one of which, Myscéal [37], incorporated a simple interface aimed
at novice users and an efficient text search engine. This paper
introduces a revised Myscéal 2.0 system that implements a number
of improvements to make the retrieval system more competitive in
2021.

In order to improve the 2020 system, we carried out a novice user
experiment to evaluate how Myscéal works for these newcomers.
The experiment was configured the same way as the LSC challenge
with similar evaluation metrics to have a fair comparison. By ana-
lyzing its result and the volunteers’ feedback, we then introduce
new features for Myscéal to present the enhanced version of it,
named as Myscéal 2.0, to participate in the LSC’21 challenge. These
extra features are not only about the internal search engine but
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Figure 1: Myscéal 2.0 system pipeline follows its previous version with the extra module for color detector and the ability of
text recognition (OCR). The visual similarity which inherits from the modified version of Myscéal participated in the Image-
CLEFlifelog2020 challenge [38] also is integrated.

also the user interface (UI) of the system to make it become easier
for users to interact with. Prior to that, we also briefly describe the
previous system for readers to have deeper insights into how our
system operates.

2 RELATEDWORK
One of the earliest approaches for lifelog retrieving was to view the
challenge as a form of database inquiry [9]. As the size of lifelog
datasets increased, it became necessary to replace the database non-
ranked approach with a more conventional search-based approach
that supports the provision of ranked output [14]. This idea was
firstly applied in an official lifelog challenge by the LeMore [5]
interactive system. In general such systems implement the concept
of annotating each lifelog photo with semantic information of de-
tected objects, location and activity context. This method allows a
single image to be represented by a set of descriptive words, which
supports text matching and ranked lists. Many lifelog retrieval tools
in various lifelog benchmarking challenges were built on top of
this standard but effective approach [16, 19, 21, 38], including all
winners of the LSC challenges [6, 34, 37].

The most recent LSC competition (3rd in the series) had 14 partic-
ipating teams, with a wide range of proposed algorithms to partake
in the challenge. The liveXplore [21] and VIRET [18] are two sys-
tems that attended all LSC competitions to date. Both applications
supported retrieval by implementing a drawing mechanism where
users could sketch the general structure of an image need to be
searched, and the result can be filtered by the textual annotation
which is also the approach of the vitrivr system [16]. The DCU Vox-
ento system [2] with its voice control feature counted the number of
matching concepts between an inquiry and the semantic metadata
of images as a ranking criterion. Similarly, the THUIR [22], Myscéal
[37], and VRLE [7] system followed the document comparison idea
in which the annotation of an image and a query are considered as
textual documents. While the former team used the conventional

BM25 ranking function in the document retrieval field [32], the two
latter systems applied a customised variation on the TF-IDF scoring
function [37], which was based on regionalised object detection.
Another common approach is to transform images metadata and
queries into the same space through an embedding algorithm to
be able to make the comparison. This idea was adopted by almost
the half of the participants in the LSC’20 [17, 20, 26, 27, 39]. On
the other hand, SOMHunter [27] which was the runner-up system
of the competition and Exquisitor [17] heavily relied on user’s rel-
evance feedback, while LifeGraph [33] explored the potential of
indexing the lifelog into a graph structure [30].

In this research, we enhance the top-performing system of the
LSC’20 challenge, Myscéal , and introduce the improved system
called Myscéal 2.0 for LSC’21. The enhanced version integrates
additional features and a refined user interface, in order to address
some issues we found after conducting a novice user experiment
independently of the LSC’20 event. The experiments showed that
although they were trained in a short period of time, novice users
can utilise the essential features of the system without having con-
siderable issues and obtain more than half of the score of the expert
users. The novice users also suggest several ideas to cope with
difficulties that they found during the experiments. The Myscéal
2.0 now has the capacity to recognize visible text in images as well
as the dominant colors appearing in them. Some features from the
modified version of Myscéal in the ImageCLEF lifelog challenge
[38] are also adopted to enhance the performance of Myscéal 2.0.
Our main contributions, therefore, are threefold. Firstly we set up
a novice users experiment and report on it’s findings. Secondly, we
run an analysis based on the results to identify potential improve-
ments to be made to Myscéal . Finally, we introduce new features
and changes of the original system to overcome the issues and
present the upgraded version Myscéal 2.0.



Figure 2: Solutions for 5 queries in our novice users experiments accordingly from left to right.

3 THE LSC DATA AND METRICS
The lifelog archive from the LSC’20 was reused for LSC’21 [15],
though there were some images removed by the organisers. It was
personal data gathered from four months during the years 2015 to
2018. The dataset contained data concerning the daily activities of
a single lifelogger, who was the owner of the data and contained
more than 190,000 images annotated with the visual concepts of
detected objects appearing within them. This lifelog dataset also
provided biometrics of the lifelogger, date, and GPS signals of where
and when the photos were taken. All images are anonymized by
blurring faces and sensitive information.

Regarding the evaluation metrics for the LSC, the accuracy and
the retrieval time are both taken into account in calculating scores
for each team [13]. Our Myscéal was developed to match with
these metrics where its straightforward design of interface can help
users to find the results promptly supported by the powerful search
engine inside. The score for each correct retrieval, which is officially
used in the LSC, is calculated by

𝑆 =𝑚𝑎𝑥 (0, 𝑃 ∗ 𝑀 ∗ 0.9𝑖 − 0.5 ∗ 𝑡
𝑀

)

which is influenced by both metrics. It is noted that 𝑃 and 𝑀 are
the allowed maximum point and the maximum seeking time for
each query accordingly. Since there is a huge gap in the experience
between expert and novice users,𝑀 can be configured specifically
dependent on them. The 𝑖 indicates the number of incorrect sub-
missions, and 𝑡 is denoted by the retrieval time of a user.

4 THE MYSCÉAL SYSTEM
4.1 Myscéal System Operation
In this section, we will briefly describe how Myscéal functioned for
LSC’20, since it is the foundation for our LSC’21 system. However,
readers are recommended to go through the original work to have
a deeper understanding [37].

The pipeline of Myscéal is summarised in Figure 1. The system
was inspired by a conventional lifelog retrieval engine [40] in which
each image is stored in a database as a semantic form produced by
a descriptor. The Myscéal , as depicted in Figure 1, used an object
detector called DeepLabv3+ [4] to generate any object appearing
within an image. This textual information was combined with the
metadata, including the GPS location, date, activities, and visual
concepts supported by the LSC organizer, then indexed in an open-
source full-text search library Elasticsearch [10].

A user interacts with the system through a clean interface as
illustrated in Figure 3 by entering a query in the search bar. The

query was then enriched by a customised query expansion mecha-
nism in which each term in the query would be mapped into specific
words in the index based on its similarity scores. These scores were
calculated by using Word2Vec model [28], and the synonyms, hy-
pernyms, and hyponyms from WordNet [31]. These mapped terms
were used to compute a ranked list of image surrogates using a
novel scoring measurement called aTF-IDF [37], short for area
term frequency-inverse document frequency, inspired from the
original TF-IDF measure usually used in the information retrieval
field. The idea behind it was similar to the TF-IDF, but the area
(number of pixels) of a detected object was considered instead of
the occurrence of its semantic data in the database.

Figure 3: Myscéal user interface [37]

A common feature of many LSC systems was the provision of
a faceted search panel for users to select filter items. In Figure 3,
Myscéal did not have such a faceted filters panel. Instead, users
could perform the filtering, for example, date or day-of-the-week,
by inserting them into the search bar, which kept our interface
clean and simple. Additionally, a map panel allowed a user to select
a geographic reason for filtering results. Myscéal also introduced a
temporal query mechanism to address a query that describes the
information about the sequence of activities, which usually appears
in the LSC challenge. This was facilitated by the provision of three
separate query boxes (before, during, after) to support sequence
specific information needs.

4.2 Novice User Evaluation
The essential idea of Myscéal was that it would be simple enough
to be used by novice users. However, due to the Covid-19 pandemic,
the LSC’20 did not facilitate a novice session, as it had done in
previous years. The official sessions all required expert users, who
were typically the system developers. Consequently, we conducted



Table 1: Experiment score of 8 novice users compared to Myscéal team score in LSC’20

Query Myscéal U1 U2 U3 U4 U5 U6 U7 U8
1 94.86 92.5 94.86 85 86.81 98.19 87.92 90.69 82.36
2 78.06 54.86 50.69 68.61 47.08 59.03 57.92 43.33 59.58
3 87.5 53.47 0 0 53.33 0 0 0 0
4 78.61 0 77.5 51.11 0 52.5 0 64.44 0
5 0 0 0 0 0 0 0 0 0

Total 339.03 200.83 223.06 204.72 187.22 209.72 145.83 198.47 141.94

our own novice user experiment to elicit feedback from novice
users and evaluate system performance of Myscéal . A total of 8
volunteers participated in the experiment, and each of them had to
solve 5 queries within a limited time period. All users used 3 sample
queries in a pre-experiment training session. The experiment was
then set up similarly to the LSC challenge, with each query bring
incrementally refined with a hint every 60 seconds and have a
total of 5 hints meaning that a user will have 6 minutes to find
the solution. In all 5 official queries and 3 sample queries were
selected from the query bank of the LSC’20 competition. They
were ordered according to ascending level of difficulty and the 5
examining queries were:

• Q1: Taking a photograph of an A380 airplane in Germany
before boarding a flight in the late afternoon in 2015 on the
19th March.

• Q2: It was the best cake I had in years, in an antiques store.
I was alone drinking tea and eating cake. I think I finished
all the cake in 3 minutes. It was in the UK on a Saturday
morning.

• Q3: I was having beer after a long day of meetings. It was
a ‘corona extra‘ beer in a bottle. I remember the room was
dark. I was relaxing in a hotel lobby bar. I don’t remember
there was anyone else there. It was in May 2018, in Wuhan.

• Q4: Passing by a clocktower while running in a park near
my home. It was in the early morning, around dawn. I drove
to the park and I drove home again afterwards. It was a
saturday morning in February.

• Q5: Four red figures, maybe they are aliens. It looked like a
painting of aliens. There were walking on the desert. There
was a big red wall behind the painting. And a TV, I think
there was also a TV there. I was having tea and sandwiches
in March 2015.

The score of each volunteer is shown in Table 1 where the
Myscéal score is taken from the LSC’20 result generated by an
expert user during the actual LSC’20 challenge. As depicted in Ta-
ble 1, all volunteers could not find the answer to the last query,
including the expert. In general, the average total score of novice
users was more than half of the author with 55.74%. With 6 out
of 8, most novice users could solve three queries while the two
remaining volunteers only completed two queries.

We observed that our map feature had shown its usefulness
during the experiments when it played a critical role in the first
four queries. Nevertheless, its position in the interface (bottom
right corner) did not effectively grasp the attention of users. It
suggests one minor change in our user interface. Furthermore, the
fourth query also witnessed some novice users having difficulties

identifying where the "home" location was on the map, although
they had been trained about it. Therefore, the map would be better
if there are some location annotations on it. The third and the fifth
queries had shown a big disadvantage of Myscéal when it did not
have text and color recognition. These features were visible in the
solution images, as depicted in Figure 2. These two things are also
the required features that we got from the feedback of novice users.

Additionally, they commented about our map filtering mecha-
nism, which could be more prominent. We realized that our tempo-
ral retrieval feature had worked quite slowly and its visualization
was still confusing for novice users. It was necessary to reorganize
this feature to make it more easy-to-use for novice users. Another
issue for consideration was that a novice user tended to fill in the
search bar with every word that occurred in the query, leading to a
noisy ranked list. This problem could be alleviated by our improved
query expansion mechanism.

4.3 Improvements for Myscéal 2.0
Generally, the new version Myscéal 2.0 still uses the same pipeline
as its original flow as illustrated in Figure 1 with the introduction
of 3 new modules of visual similarity, color detection, and character
recognition. We also make a few changes in the user interface as
shown in Figure 4. Specifically, we consider the following upgrades
for LSC’21.

Map position and visualization. To encourage the users to
use themap utility more often, we decide to move the position of the
map from the bottom-right of the screen into the top-right corner,
which is next to the query section. We also increase the size of
the map and thus make the saved section smaller. Some important
locations, such as the lifelogger’s home or workplace, are also noted
on the map to help users better understand the data, reducing the
seeking time. There are 421 different named places in the metadata
of the whole dataset. However, we only choose a subset to visualize
on the map, depending on the locations mentioned in the query.

Visual similarity and day summary. The system has been
modified once to fit the LifelogMoment Retrieval Task at ImageCLE-
Flifelog2020, where the visual similarity function and an overview-
of-the-day row in the interface were introduced [38]. We brought
these features into Myscéal 2.0. Regarding the former feature, the
similarities between images are computed using the pretrained
VGG16 model [36] combined with the visual local features [23–25].
This information can be seen as an annotation and is indexed in
our database. A user can find similar images by clicking on a small
visual similarity icon at the bottom of each photo as depicted in
Figure 5. Figure 5 also presents the events view window, which
is similar to Myscéal but with the addition of the last row for the



Figure 4: User interface of Myscéal 2.0 and the geographic map panel located at the top right corner of the UI.

day summarising feature. Each image in this row is a thumbnail
of an activity that happens in the same location (walking in the
airport, sitting inside the airplane). Using this, the user can browse
the images through the day at a faster pace.

Additional information. We enrich the annotation associated
with each image with color features and Optical Character Recog-
nition information as well as Logo Detection for branded objects.
The color features are generated by the pretrained bottom-up at-
tention model [3] which can infer colors of detected objects in an
image. Regarding the 2 remaining descriptors, we utilise the Mi-
crosoft Computer Vision API1 service for the OCR and the logo
recognition.

Figure 5: Events view window [38]

Improved query expansion. In the original version, each word
in a query was expanded into a list of keywords in our indexed
dictionary by the query expansion mechanism. For example, tea
might imply the presence of a mug, or a teapot. However, novice
users tend to enter most of the words in the given query leading to
a noisy expansion output. In this version, we model the usefulness
of the word from the user using similarity score and the frequency
1https://azure.microsoft.com/en-us/services/cognitive-services/computer-vision/

of each keyword in the dataset. If a word is considered not useful by
the model, we notify the user by highlighting the word in the query
and give the option to change or delete it to get a more accurate
result with less noisy images.

Other utilities aiding novice users. A few utilities are also
added to aid novice users in terms of saving time, including a reset
button to clear the query and a zoomed view when the user hovers
over the thumbnails. Moreover, a pop-up reminder is also used to
remind the user to use a map whenever a location is mentioned in
the query which is entered by the user.

5 CONCLUSION
In this paper, we describe a second generation interactive lifelog
retrieval system developed for LSC’21. This system (Myscéal 2.0)
was based in a first-generation retrieval system that ranked top of
LSC’20. In order to enhance Myscéal 2.0, we report on a user exper-
iment with novice users that took place after the LSC’20 workshop.
The experiment revealed some weaknesses of our Myscéal system,
including some important retrieval features that are missing as well
as some usability bugs in presenting the interface options. Conse-
quently we introduce an improved system with the extra modules
of character and colour recognition with the re-design of the user-
interface that more effectively supports and guides the searcher to
suitable UI features. Two additional functions from the modified
Myscéal in the ImageCLEFlifelog2020 [38] are also implemented in
this enhanced version.
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