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ABSTRACT

The advancement of artificial intelligence and wearable computing

triggers the radical innovation of cognitive applications. In this

work, we propose VIMES, an augmented reality-based memory

assistance system that helps recall declarative memory, such as

whom the user meets and what they chat. Through a collaborative

method with 20 participants, we design VIMES, a system that runs

on smartglasses, takes the first-person audio and video as input,

and extracts personal profiles and event information to display on

the embedded display or a smartphone. We perform an extensive

evaluation with 50 participants to show the effectiveness of VIMES

for memory recall. VIMES outperforms (90% memory accuracy)

other traditional methods such as self-recall (34%) while offering

the best memory experience (Vividness, Coherence, and Visual

Perspective all score over 4/5). The user study results show that

most participants find VIMES useful (3.75/5) and easy to use (3.46/5).
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1 INTRODUCTION

Millions of people are affected by various forms of memory

problems [60]. Dementia covers various diseases characterized by a

cognitive decline that considerably affect people’s abilities and daily

life. It involves diverse symptoms, including short-term memory
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(a) Interface on smartglasses. (b) Interface on smartphone.

Figure 1: VIMES in action. The system automatically de-

tects the faces of people and extracts information from the

recorded interaction. Users can then visualize a summary of

their previous information on the smartglasses’ screen (a) or

on the phone (b).

loss, having difficulty recognizing relatives and friends, or becoming

unaware of the time and place [14]. Even healthy human beings

often forget essential information in their daily activities. There

is thus undoubtedly a need for memory aids, such as reminder

notes [4, 35], for dementia patients and healthy people alike.

With recent developments in wearable computing and multi-

media processing, wearable devices can provide real-time memory

assistance through automatic information retrieval from the em-

bedded sensors. People often forget everyday details and events,

and solutions based on summarizing techniques can considerably

improve memory recall [36]. Multiple empirical shreds of evidence

show the potential of wearable cameras as a viable solution to re-

mediate autobiographical memory impairment [2, 17, 20]. Several

works propose wearable cameras with recognition features such as

the face and objects, to improve users’ memory recall [17, 20]. The

rise of these ‘lifelogging’ wearables, such as smartglasses [23], can

impact the adoption, such as the rising concern of privacy [37, 45].

Moreover, individuals’ opinions about these wearable devices’ abil-

ity to collect data differ, depending on whether they are bystanders
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or users. Further understanding of the constraints and concerns is

necessary to design these devices. While these approaches have

brought exciting insights, they lack user involvement in the de-

sign of the device and further analysis of the possible privacy and

adoption challenges of these ‘lifelogging’ devices.

In this work, we present VIMES, a comprehensive wearable mem-

ory assistance system for helping users to remember daily-life facts

events (also known as also known as declarative memory). Remem-

bering acquaintances is a typical use case of declarative memory.

We consider the following scenario: A user meets a new person

for the first time. When meeting this person a second time, days or

weeks later, the user hardly recalls their names or other information

about them. Addressing this use-case is highly dependent on the

users’ own preferences regarding lifelogging and its applications.

Thus, we co-design VIMES with a panel of 20 participants to define

the requirements, functionalities, aesthetics, and interactions for a

wearable memory assistance system for daily use. Following the

insights of the co-design study, we develop VIMES as an augmented

reality (AR) system on smartglasses for supporting declarative mem-

ory in daily life. The proposed system extract information from

face-to-face conversation using face recognition, speech recogni-

tion, and natural language processing techniques, and concisely

displays them in augmented reality, as shown in Figure 1. We evalu-

ate the system from both technical specifications and memory recall

performance. Our results show that VIMES is efficient in informa-

tion retrieval (M=0.93) against other memory recall methods. The

adoption of the system features such as information recording (e.g.,

video) depends on the role of the participant (user or bystander). To

the best of our knowledge, this is the first comprehensive study that

encompasses the entire design process from the early co-design

study to the final user evaluation, going through the development

of an integrated system for memory assistance.

The contributions of this paper are as follows:

• We conduct a collaborative design study (20 participants) of

a wearable memory assistance system.

• We develop VIMES around the expectation and requirements

defined in the co-design study. VIMES is an AR-based wear-

able autobiographical memory assistance system that ex-

tracts personal profiles and event information from the user’s

visual and auditive point of view.

• We evaluate the system performance through an extensive

evaluation. VIMES operates with high performance within

the boundaries of a normal conversation (visual and audio

accuracy > 80%, response delay < 1s).

• We study user performance, as well as their acceptance, pri-

vacy, expected social conformity, and adoption intention [44]

of VIMES through a 50-participants study. VIMES achieves

better memory recall performance (93%) against traditional

methods (34%), and provides a better memory experience.

The reminder of this paper is organized as follows.We summarize

the most relevant studies related to memory aid in Section 2 before

describing our co-designmethodology and the system requirements

in Section 3. We describe the resulting architecture in Section 4. We

then present the system performance evaluation in Section 5 and

user evaluation 6. Finally, we discuss the implications of VIMES and

the results of our final evaluation in Section 7.

2 BACKGROUND AND RELATED WORK

In this section, we first review the state-of-art of memory aug-

mentation techniques and then discuss the wearable assistance

systems and the mechanisms used for wearable offloading.

2.1 Cues of Memory Recall

The details and events of everyday experience are often not re-

tained in memory, and solutions based on summarizing approaches

can improve the memory recall of individuals [36]. Visual lifelog-

ging [10, 16] captures real-life images through the camera embed-

ded in wearable devices to create a personal photo or video-based

memory prosthetics [33]. The goal of lifelogging is to support peo-

ple’s self-awareness and self-management for memory recall [47].

Current research study how to summarize such data and visualize it

to reflect on meaningful personal events [25, 34, 48]. SenseCam [21]

is one of the first feasible lifelogging cameras. A neck-work sensor-

enhanced camera records images and context passively. Several

studies have shown SenseCam’s benefits for supporting the recall

of episodic memories [6, 20, 50]. Other types of cues have been in-

vestigated to assist memory recall. Examples include geo-locational

cues [28], audio cues [9], such as ambient sound recording, or

emotions [27]. Although recording all-time may seem an excellent

approach to help users in their daily lives, the amount of result-

ing information can hinder their autobiographical memory perfor-

mance due to the lack of a summarizing system. In [61], authors

propose a storytelling system to relive users’ moments using sum-

marized stories created from photos. The system helps users to

remember previous events in a kinematic manner and offers better

performance than other state-of-the-art systems. We confirm these

findings in our co-design experiment, where most participants re-

quired these summarizing systems to cope with the information

recorded by the wearable devices.

2.2 Wearable Assistance

A large number of applications are emerging for wearable assis-

tance like emotion sensing [24] and gait recognition [52]. Many of

the applications focus on assisting the physically impaired. For ex-

ample, OpenGlass [57], Chroma [55] and Gear Face Recognition [7]

are designed to help visually impaired people. Bachlin et al. [3]

presents a wearable assistance application for the Parkinsons’ dis-

ease patients with the freezing of gait symptoms (a sudden and tran-

sient inability to move). As mentioned before, SenseCam [21] takes

images from a wearable digital camera based on lifelogging [50]. It

can help people to recall episodic memory by reviewing the images

of previous events. Though valuable, it does not provide real-time

memory assistance, and therefore cannot allow instant reminding

as VIMES does. Authors in [17] take one step further and works as

a real-time wearable assistant for cognitive decline. The contribu-

tions of these works focus on the design of the system architecture

that efficiently incorporates various cognitive engines like face

recognition, object recognition, and optical character recognition.

As mentioned earlier, emotions are an essential cue for memory

recall [27]. Modern wearables include electroencephalogram (EEG)
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sensors to record users’ mental activities such as emotions. Lifelog-

gin applications can also collaboratively collect multiple sources

of information from different sources, aggregate these different

types of data in cloud-based services, and provide users with richer

information about a particular logged event [1]. For example, IoT

sensors can collect temperature, humidity, and number of people

in a particular room, where the user is logging a particular event.

Ourwork focuses on inventing a novelmethod for helping people

retrieve cognitive information, such as personal profiles and event

information. Furthermore, our work places much emphasis on user

experience and intended adoption in addition to the technology.

3 CO-DESIGN STUDY

Collaborative design studies empower users to be part of the de-

sign process [26]. Related works on memory aid systems only focus

on system design (e.g., computer vision modules [7, 17], summa-

rization techniques [36, 61]). We adopt a co-design approach [46]

in which researchers, designers, and potential users share their

ideas and cooperate creatively to generate a new wearable memory

assistance system.

3.1 Participants

We recruited 20 participants (8 female, 12 male, age 18 to 24: 8, 25

to 34: 6, 35 to 44: 6) around the university campus. Profession demo-

graphics (9 computer science students, 2 post-doc civil engineers, 4

environmental engineers, 2 journalist, 2 office managers, 1 post-doc

electronic department) and technologies usage: smartphone (1 to

2 hours: 13.3%, 2 to 3 hours: 40%, 3 to 4 hours: 20%, more than

4 hours: 26.7%), and all participants work with computer (2 to 3

hours: 20%, 3 to 4 hours: 26.7%, more than 4 hours: 53.3%). Only

three participants wear smart-watches. We focus on young early

adopters of wearables, as according to [12], 31% of U.S. population

aged between 25-35 years use wearable accessories (2017).

We informed participants that data would be deidentified, and

all recorded data will be password-protected and deleted after the

study ends. Participants provided informed consent to participate

and be audio-recorded. We carried out the study following the local

IRB regulations. We rewarded participants with sweets and soft

drinks after the completion of the experiment.

3.2 Study Goal

We ask participants to design a wearable memory assistance system

collaboratively.

Design space. Description of the design space: ‘The system will

need to help users to remember daily life events such as meeting peo-

ple, buying groceries with straightforward interactions and minimal

interruptions. The system should be implementable in a wearable

device that users can wear.’

System capabilities. We analyze participants’ responses for dif-

ferent characteristics of the system: (i) aesthetics (location of the

wearable, size, weight), (ii) functionality (e.g., interface design), and

(iii) interaction with the device (e.g., input, feedback).

Event-cues. Details, information to remember about an event.

4

8

3

Event cues

Device aesthetics

emotions

10

touchscreen

voice

audio
visual

smart glasses
smart watch

Functionality

context based

personalization
key points

notification

haptic

button interface

others
contact lenses

body language
chest camera

biometrics

summarizing

companion devicce

Interactions

Figure 2: VIMES co-design space. Each circle corresponds to

the number of participants that propose the same key idea.

3.3 Protocol

A person with a software and design background helps partic-

ipants describe their ideas using schemes and photos of different

wearable devices, sensors, and locations where wearables can be

worn, to help participants during the co-design study. The study is

divided into five phases, during which we audio record the partici-

pants’ answers.

(1) Initial Interview (5minutes). Participants answer demographic

and general technology usage questions.

(2) One-to-one design (18 minutes): We describe the structure

of the project as follows: ‘We want to design a wearable memory

assistance system for autobiographical memory.’ We also describe to

participants the wearable capabilities and our design space.

(3) System design (20 minutes): In this part, we gather participants

in groups of three to four, where they discuss their design ideas

materialized in the previous part. During this phase, we show par-

ticipants different commercials and prototypes of wearable devices.

We describe different familiar places where these wearable devices

can be worn, the different capabilities.

(4) Event-Cues (15 minutes): In this phase, we ask each group of

participants what they would like to remember from a particular

scenario or encounter with other people. Participants propose dif-

ferent use case scenarios: meeting a new classmate on the first day

of a course; diary; note-taking application, which can be used for

taking class notes. For each proposed situation, we ask participants

what details are essential to remember.

(5) Final co-design (15 minutes): In this part, participants summa-

rize their ideas for each of the system capabilities.

3.4 Results

To analyze audio data from the custom design study, we itera-

tively develop a set of key ideas from the interview transcripts [19].

First, two independent researchers read the transcript and devel-

oped an initial set of key ideas. Then, both researchers meet in

person to discuss and consolidate the key-ideas from participants’

transcripts. The inter-coder reliability was 0.73 (Cohen’s Kappa).

Our goal is to have a breadth of common key-ideas, such as aes-

thetic designs, event-cues, interactions, and functionality. The two
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researchers agree on the top key ideas for the prototype design.

Figure 2 shows the resulting co-design space for the system capabil-

ities, device aesthetics, and event-cues that the system is required

to collect/retrieve. The farther the key ideas are from the center,

the more critical they were to the co-design study participants.

Scenarios. Participants propose several use-case scenarios where

the wearable memory assistance system can help them. P2 said: ‘The

device can be beneficial during work meetings or lectures as a notes

recorder, the system will also summarize the key points of the meeting.’

Other participants (P5, P7) suggested: ‘I would like to have a device

that can help me in my first day of class when I meet a lot of unknown

classmates, so it can help me remember names and other important

aspects such as hometown or age.’

Device-aesthetics: smartglasses. Participants have some con-

cerns about the aesthetic of the device and prefer a more fashionable

wearable, which is also discreet, (Figure 2). The most recalled wear-

able to use as assistive memory was the smartglasses, and also, the

most commented solution to visualize the retrieved information

was augmented reality (AR). Several participants note an interesting

aspect of the wearable device, as P15 (shoes) said: ‘I want something

I wear and do not need to think of putting on every day.’

Event-cues: visual and audio. Figure 2 depicts the main interac-

tion methods that participants prefer. Following the device decision,

40% of the participants decide that visual information can help them

remember more information about a particular event. Some other

interesting participants’ opinions (P4, P17) comment: ‘I would like

a system that can tell me the body language of a person such as ges-

ticulation.’ P5: ‘In some situations, I would like a device that can track

my biometrical data such as heart-rate so that I can remember my

feelings at that moment.’ Several participants (P1, P5, P16) like the

idea of audio as a more private approach to record events.

Interactions: voice and companion device. Participants decide

that voice is a seamless approach to interact with the device, see

Figure 2. Participants (P9, P10) highlight that they might be em-

barrassed by using these voice interactions in public. The main

concern with all the interaction methods is the ability to turn the

device on-and-off according to their preferences. Participants (P15,

P13) choose haptic feedback as a reminder notification technique

for future events. Users can interact with VIMES using voice com-

mands, and a companion device such as a smartphone (to access

and configure the profile database).

Functionality: summarizing and context-based. Participants

(P11, P2) prefer a system that changes its interactions and recording

modes according to the user’s surroundings, such as conversation

topic, location, see Figure 2. P2: ‘I would like the system to recognize

the context automatically and start collecting the event’s information.’

P13: ‘I would like the system to recognize the conversation and garner

information according to my privacy preferences.’ P8: ‘Looking for

information in all the collected data can be cumbersome, so I would

like to have a system that can provide me the key-points of the events.’

A fire-and-forget usage model will be the default mode to provide

accurate and richer information to help users daily.

Additional comments. The user interface was also part of the

discussions related to the functionalities and interaction. Accord-

ing to the participants, AR is the best interface approach to show

information and display the retrieved data about an event or a

person. Our proposed system uses AR and smartglasses to enable

users to retain more information and interact with the environ-

ment more effectively [22]. Participants are very concerned with

the collecting capabilities of the device in private conversations or

events. P7: ‘Although I would like to have a contact lens device to

help in my daily life, I believe the use can be toxic, as it can record

all-time.’ However, they would appreciate for the system to be part

of a larger life-planning solution. P8: ‘I would like the system not

only to monitor my surroundings but to get useful information from

my online calendar, email, and other online services to provide me

with more personalized and accurate information.’ Participants agree

that a full-day battery or auto rechargeable one (e.g., user’s move-

ment) would be a welcome addition. Other factors were discussed as

side-effects of the design choices, such as interacting with records,

e.g., P7: ‘Timeline and scrolling can be cumbersome when there is a

lot of recorded daily information.’ As mentioned earlier, emotions

are an essential cue for memory recall [27]. Several participants

suggest the idea of recording emotions with VIMES. Modern wear-

ables include electroencephalogram (EEG) sensors that can be used

to record users’ mental activities such as emotions. Lifelogging

applications can also collaboratively collect multiple sources of

information from different sources, and aggregate them.

Privacy by default. Any system relying on the embedded smart-

glasses camera captures a wide variety of privacy-sensitive infor-

mation. Such information may be violated by a third party, depend-

ing on where the data is stored and processed. Therefore, privacy

preservation must be at the core of the design of the system.

Responsive. The system shall recognize people and return relevant

information with a short response delay. Besides, display latency is

significantly constrained in mobile AR environments, and should

be kept below 20ms for avoiding alignment problems [5].

We focus the prototype of VIMES to audiences with a technology

background and some AR experience, as they will be first adopters

to use the system. Future developments of the system will focus on

audiences that necessary require these memory assistance systems

such as dementia patients.

4 SYSTEM ARCHITECTURE

Figure 3 illustrates the system architecture of VIMES, that con-

sists of three modules: visual module, acoustic, and a profile data-

base. We follow: ‘the meeting a new person’ scenario, as use-case

example for the VIMES prototype.

4.1 Recognition Module

The visual module is responsible for detecting faces from images

and identifying people using their facial features. In practice, the

visual module on the smartglass will detect faces in the camera

interface, extract the face features of detected faces, and pass the

feature-vector (of each face) to the offloading runtime manager. The

face processing pipeline is as follows: (i) face detection using feature

points [49]. (ii) face recognition, a query including the received facial

feature points (feature-vector), is sent to the companion device’s

database to retrieve relevant information based on feature matching.
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Figure 3: The system architecture of VIMES. Left: Google

Glass side. Right: smartphone side.

4.2 Audio Module

The visual module works in conjunction with the audio module,

which includes: (i) speech recognition, VIMES leverages the Google

Glass’ speech recognition API [8] to convert speech to text; and

(ii) language processing extracts useful information from the rec-

ognized speech (defined in the profile database). We use OpenNLP

for this module, which presents a 90% accuracy [51] to extract real-

world information such as persons, locations, and products from

unstructured text. The output of speech recognition is passed in

text-form to the companion device for further language processing

according to the system’s profile database configuration.

4.3 Profile Database

The profile database defines how the information will be stored

and what information is useful to users daily. The profile database

is stored in the companion device as it provides a more feasible

interface to manage profiles. The current system uses templates

for each type of event that users might find useful to recall. In

the ‘meeting a new person use case,’ the profile database would

store facial feature points as a primary key for the visual module;

personal names, affiliations, and information of previous meetings

such as locations and summary of conversations from the audio

module. The profile data, such as facial features, are stored locally

in the smartphone in an encrypted database. We encourage users

to use privacy-protective settings during the template creation,

such as not enabling by default camera or audio recording (privacy

by default). VIMES also emphasizes the minimization of sharing

sensitive data such as collected facial features to outside entities,

and processes/stores all sensitive information on the companion

device in the encrypted profile database (privacy by design).

4.4 Offloading Tasks

We implement a static offloading system between Google Glass

and the companion device. The offloading runtime consists of a

proxy/server and a manager (see Figure 3). The proxy/server han-

dles the control and data transfer for offloaded tasks. The manager

instruments the offloading of face feature points and garnered text

from the speech recognition module. We offload the recognition

and audio module to the companion device. The devices are paired

with Bluetooth as it consumes less energy than WiFi [42] and allow

both devices to access the Internet. Our experiments demonstrate

that Bluetooth latency is acceptable in our use case.

4.5 System Implementation

We implement VIMES for Google Glass [15] using the Glass

Development Kit (GDK). We chose Google Glass as, despite being

computationally limited by nowaday’s standards, it presents all the

sensors and APIs required for our system implementation within a

compact form-factor. Besides, in recent years, smartglasses man-

ufacturers have shifted from improving hardware to relying on

a companion device for running applications1. As such, our pro-

totype system represents a good approximation of more modern

systems. We use existing libraries such as OpenCV4Android [38],

OpenNLP [39], and SQLite [40]. Our experimental device is Google

Glass 2.0 Explorer Edition. The device runs Android 5.0 and is

equipped with a 1.2GHz dual-core CPU, a 1GB RAM, and a front

camera with its resolution of 1920x1080 pixels. We use a Nexus 4

(Qualcomm APQ8064 Snapdragon S4 Pro Quad-core 1.5 GHz Krait

CPU, 2GB RAM) as the companion device. Figure 1 represents the

interface on the Google Glass and the companion device.

5 SYSTEM PERFORMANCE

In this section, we evaluate the performance of our system ac-

cording to response delay, profile retrieval performance, energy

consumption, and the accuracy of recognition and audio modules.

5.1 Experimental Protocol

We evaluate VIMES on the setup described in Section 4.5. All ex-

periments are performed on Google Glass with a companion Nexus

4 smartphone.

We evaluate the following metrics:

• Response delay: the duration between the apparition of a face

in the camera frame and the presentation of the corresponding

personal information on the display if the profile is already in

the system, or the creation of a new profile for a stranger.

• Profile retrieval performance: the performance to retrieve profiles

information among 100 random generated profiles.

• Energy consumption: energy consumed for each device (smart-

glasses, smartphone) and with/without offloading.

• Recognition module accuracy: the face recognition algorithm

accuracy in normal sunlight environments. As the distance and

view angles could affect the accuracy of this module, a tester

using VIMES is placed at various angles and distances from the

target. We classify visual module failures into two categories:

(i) Detection failure; the system does not detect the face in the

camera frame. (ii) Recognition failure; the system detects the

face but does not recognize the person in the profile database.

• Audio module accuracy: the percentage of successful recognition

(i.e., the module correctly transcribes what the user is saying).

The accuracy can vary with different people and different levels

of noise. We use prerecorded audio for simulating the user’s

voice, which varies from 50dB to 70dB2, while the simulated

noise varies from 20dB to 60dB. We generate an audio file with

random noise using a random audio noise generator3.

1Vuzix Companion App - https://www.vuzix.com/appstore/app/reflekt-remote
2https://www.alpinehearingprotection.co.uk/5-sound-levels-in-decibels/
3https://www.random.org/audio-noise/
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Figure 4: Average response delay and standard error of the

mean) for different scenarios. VIMES benefits greatly from

offloading to a companion device (3 to 4 times improve-

ment). VIMES identifies and retrieves profiles in a matter of

seconds, which is sufficient for typical human interaction.

We run the experiments 10 times for each metrics and present

the average results along with a statistical analysis when applicable.

5.2 Results

Response delay.We evaluate the response delay for a single profile

retrieval and creation. Figure 4a illustrates the response delay in

both scenarios, with and without offloading. If the user wants to add

a stranger to the profile database, both modules (visual and acoustic)

must be activated, so the response delay is longer. One-way repeated

measures ANOVA (F (1, 36) = 16.5,p < .001,adjusted − r2 = 0.95)

shows that the offloading technique has a significant effect on the

response delay. The response delay is minimized (M = 0.45 s, 95% :

CI [0.39, 0.52]) when the tasks recognition and language processing

are performed on the companion device.

Profile retrieval performance. Figure 4b depicts the profile re-

trieval performance for multiple faces in the camera frame. The

database’s new profiles correspond to profiles that are not yet

stored in the profile database. One-way repeated measures ANOVA

(F (2, 57) = 276.5,p < .001,adjusted − r2 = 0.99) shows a statis-

tically significant effect of the number of profiles stored and the

status (new/stored) of the profile. The time to retrieve stored pro-

files (M = 1.39 s, 95% : CI [1.14, 1.63]) is significantly shorter

than in cases the profile is new and requires to be created (M =

1.80 s, 95% : CI [1.48, 2.12]). Similarly, the time to retrieve profiles

increases when the number of profiles to retrieve increases.

Energy consumption. Besides faster execution times, another

benefit of computation offloading comes from the energy consump-

tion reduction of Google Glass. Figure 5 displays over 40% energy

savings on Google Glass with computation offloading. The system,

including Google Glass and the smartphone, can work together

for over 90 minutes. The battery of Google Glass is drained within

45 minutes when running the recognition and audio modules on-

device; the 90-min battery life with offloading thus represents a

significant improvement and corresponds to the typical battery life

of Google Glass with the camera on.

Visual accuracy. Figure 6a depicts the visual module accuracy

according to the angle and distance between the user and the indi-

vidual to recognize. The total visual accuracy declines along with

both the distance and angle. The recognition accuracy (face de-

tected but not recognized) is more sensitive to the distance. Within
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Figure 5: Energy consumption. With offloading, the smart-

glasses can be used for 90 minutes, as compared to 45 min-

utes without offloading.
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Figure 6: System accuracy. Visual accuracy decreases over

2m distance and 30◦. Audio accuracy is high as long as user

voice is 10dB higher than the noise. These values correspond

to the requirements for a comfortable conversation.

a two meters range, the visual accuracy of our module is above 90%.

The performance then drops significantly (60%). When the individ-

ual to retrieve the profile is over 2 meters away from the user, the

recognition accuracy significantly decreases as the face resolution

falls with the distance. The angle also affects face recognition over

20◦ to 30◦. The system recognizes faces with a high accuracy when

they are within the typical field of view of the smartglasses, at

conversational distance, which corresponds to our use-case.

Audio accuracy. Figure 6b shows how the audio accuracy drops

when the noise level is close to the user’s voice. The audio accuracy

is 80% when the user’s voice level is 60dB, and the noise level is

50dB. In order to keep high audio accuracy, the user should try to

maintain the voice level at least 10dB higher than the surrounding

noise, which is socially expected in a normal conversation.

6 USER EVALUATION
After evaluating the system performance, we proceed to measure

the users’ performance and their subjective perception of VIMES.

6.1 Participants and Apparatus

To understand users’ memory recall performance, memory experi-

ence, awareness, and intended adoption, we recruit 50 participants.

53% are male, 47% female, with ages ranging from 19 to 31 (M =

24, SD = 3.07). The participants are students invited from business

(20%), science (30%), and engineering (50%) schools at our University.

All participants noted that they have little prior experience of using

smartglasses like Google Glass. There was no overlap between the

evaluation group and the co-design study group.

Poster Session F2: Media Interpretation & Mobile Multimedia MM '20, October 12–16, 2020, Seattle, WA, USA

3196



The experiment was carried out in accordance with the local

IRB regulations. We informed the participants that the data will be

password-protected and deleted after the study ends, and partici-

pants provided informed consent. They were rewarded with sweets

and soft drinks after completion of the experiment.

6.2 Experimental Protocol

We evaluate the memory retrieval performance of our proposed

system against two traditional memory recall methods as follows:

Self-recall. Individuals retrieve information without aid. Users

retrieve the information only using their own memory capabilities.

Visual-cues. Individuals are helped with visual cues (i.e., faces of

persons) to help them retrieve the asked information.

VIMES. Individuals will use our system to retrieve the information.

In this user study, we focus on the following metrics

• Memory performance. We conduct a memory test to quantita-

tively evaluate (recall performance score, RPS) how the system

can provide memory recall to users. We evaluate the described

recall methods. We ask participants to recall the time, location,

name, background, and opinion of the other three students mea-

sure their binary recall performance (0: fail, 1: success).

• Memory experience. We ask participants their memory experi-

ence [31]: vividness, coherence, accessibility, and visual perspec-

tive using a 5-point scale (Answer: 1.lowest - 5.highest).

• Technology Acceptance. We follow the technology acceptance

model (TAM), which includes two criteria: perceived usefulness

(PU), and perceived ease of use (PEOU)We follow a 5-point scale

to quantitatively measure the two criteria (Answer: 1.strongly

disagree - 5.strongly agree).

• Individual awareness and intended adoption. We first evaluate

participants’ privacy concerns using the Internet User’s Infor-

mation Privacy Concerns (IUIPC) [32]. The IUIPC focus on the

collection, awareness, and control of data. We then analyze the

different perceptions of awareness and intended adoption from

both the user and the bystander. Participants answer questions

using a 5-point scale (Answer: 1.very unlikely - 5.very likely).

To evaluate participants’ memory performance, we design a two-

stage experiment. First, users meet and discuss with three unknown

students. In a second meeting, we ask them to recall information

about their encounter. Time hinders memory recall [58, 59]. To

provide a conservative comparison, we run this test only one day

after the first meeting.

First meeting. Each participant has a meeting with the same three

unknown students. Together, the participant and the students in-

troduce themselves and discuss the following topic: Can alternative

energy effectively replace fossil fuels? for ten minutes. We choose

this topic as to keep participants engaged in the discussion. The

participant wears the VIMES device during the meeting. With this

discussion approach we aim to evaluate the personal information

retrieval performance and how much information participants can

remember from other students’ point of views about the topic.

One day later, we ask each participant to recall information about

the three students, including the time and location, the students’

names and background, and their opinions. We distribute the coun-

terbalanced questions for each memory recall method. Therefore,
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Figure 7: Distribution of recall performance score (RPS).

VIMES improves the RPS by 30 to 100%.

Table 1: Users’ Rating of Memory Experience.

Memory Experi-

ence (# items)

Self Recall

mean (SD)

Visual Cues

mean(SD)

VIMES

mean(SD)

Vividness (3) 3.1 (0.74) 3.4 (0.58) 4 (0.67)

Coherence (4) 2.7 (0.48) 2.9 (0.52) 4.1 (0.57)

Accessibility (3) 2.9 (0.74) 3.1 (0.76) 3.8 (0.63)

Visual Perspective (3) 3 (0.67) 3.6 (0.469) 4.1 (0.57)

we do not ask the same question twice using two different memory

recall methods. We counterbalance the memory recall methods .

We conclude with a survey to evaluate the users’ subjective per-

ception of the system, including their memory experience, the TAM

questionnaire, and their awareness and intended adoption.

6.3 Results

Memory Recall Performance (percentage). Figure 7 depicts the

distribution of RPS of all participants. One-way repeated measures

ANOVA F (2, 98) = 74.78,p < .001, adjusted − r2 = 0.9416) shows

that the memory retrieval method has a significant effect on mem-

ory recall performance. The use of VIMES for retrieving information

shows an improvement (M = 0.93, 95% : CI [0.92, 0.95]), compared

to self-retrieval (M = 0.30, 95% : CI [0.28, 0.32]) or visual-cues

(M = 0.39, 95% : CI [0.36, 0.4]). As other works stated [28, 59],

wearable cameras improve users’ autobiographical memory recall.

Memory Experience. Table 1 shows participants’ average rank-

ing on the factors of memory experience. When using the visual

method or VIMES, the average score of the system is four, while the

average manual review score is three. For VIMES, one-way repeated

measures ANOVA indicates a statistically significant difference for:

Vividness, F (2, 98) = 25.11,p < .001,adjusted − r2 = 0.26; Coher-

ence, F (2, 98) = 18.85,p < .001,adjusted − r2 = 0.19; Accessibility,

F (2, 98) = 34.84,p < .001,adjusted − r2 = 0.31; Visual perspective,

F (2, 98) = 41.75,p < .001,adjusted − r2 = 0.35. All the participants

report that they can better recall the meeting’s events with the

assistance of the system.

User Survey. In our TAM survey, participants rate high the per-

ceived usefulness of the device (M = 3.75, 95% : CI [2.83, 4.66]) and

the perceived ease of use (M = 3.46, 95% : CI [2.60, 4.33]). Partici-

pants also left many comments during the experiment. Most noted

that operating VIMES is a unique, refreshing, and user-friendly

Poster Session F2: Media Interpretation & Mobile Multimedia MM '20, October 12–16, 2020, Seattle, WA, USA

3197



experience. Many participants show interest in seeing such an ap-

plication in the market in the future. Example of specific comments

include P23: ‘I like the idea, and it would be beneficial to me because

I often forget the names of the students in my class.’ P27: ‘I usually

take photos or record voices as a reminder but have never tried to

combine these two ways. This idea provides a convenient way which

could be quite useful.’ P42: ‘Interesting experiment but sometimes

the Glass can be intrusive. I would worry about my privacy if I need

to wear it for a long time.’ Overall, most users are satisfied with

the application, and they highlight the convenience and potential

usefulness of the system.

Individual awareness and intended adoption. Participants are

very concerned about privacy in their online behavior. However,

most of them admit they use services if the benefits are higher than

the privacy threats. To analyze the IUIPC, we first perform Principal

Component Analysis (PCA) to verify each scale’s dimensionality.

The IUIPC PCA shows the four original components predicted the

total variance: collection (α = 0.877), control (α = 0.76), awareness

(α = 0.8), and error (α = 0.68). 80% of participants prefer a discreet

device as users, but, as bystanders, the opinions are distributed

along the 5-point scale. Most participants are very comfortable (33%)

or neither comfortable nor uncomfortable (40%) asking VIMES users

to delete the recorded information. More than 90% of participants

believe that VIMES users should ask for permission to record.

7 DISCUSSION AND FUTUREWORK

Technical Performance. VIMES presents a high performance in

the scope of face-to-face and small-group conversations. It detects

and recognizes faces with high accuracy, up to 2 meters, and 30◦.

The audio accuracy is over 80% for voices 10dB higher than the

noise. For up to three individuals in the user’s field of view, VIMES

extracts or creates profiles in less than three seconds, which is

acceptable in day-to-day interactions.

User Acceptance and Intended Adoption. Most participants

agreed that the wearable device should be discrete, fashionable,

and essential. Smartglasses fit these requirements. VIMES’ sum-

marizing capabilities are very welcome to deal with the myriad of

information garnered and highlight the key aspects of an event.

VIMES improves users’ autobiographical memory with high us-

ability. One of the main adoption barriers of VIMES is the privacy

issues that arise when someone else is using it.

Hardware Limitations. Our prototype relies on Google Glass, a

2013 piece of hardware. However, most recent smartglasses only

perform sensing and display while a companion smartphone runs

the applications. As such, our prototype system is representative

of more recent smartglasses’ operation. Besides, it ensures that our

algorithms run on every available piece of hardware. With only

90 minutes, Battery life is another issue. The camera is one of the

most energy-hungry components of smartglasses. Recent smart-

glasses present more energy-efficient cameras and larger batteries.

Context detection (e.g., audio [41], video [62]) to activate sensors

automatically can also significantly improve the battery life.

Software Limitations. Interacting with larger groups of people is a

challenge in the current implementation. The association of voice

and face in multiple-persons environments is a challenging prob-

lem [13]. Besides, the recognition of multiple faces in images is

still a challenging topic that limits the speed to recognize multi-

ple faces [18]. Larger groups also increase the physical distance

between participants, over 2m/30◦. Recent smartglasses feature

cameras with higher resolution and field of view, thus circumvent-

ing the problem. Our prototype system relies on a single hard-coded

topic. Topic modeling [11] would allow us to extract information

from the conversation according to the context. Our current sum-

marization of egocentric video using templates distant from more

flexible summarization techniques in-the-wild such as [43].

Privacy is a common concern among participants. Our privacy by

design approach requires VIMES to keep all sensitive information

on-device. Homomorphic encryption would present an additional

security layer to prevent an eventual attacker from obtaining infor-

mation from a compromised device. The device-to-device commu-

nication protocol should also follow security and privacy standards

to protect the transmitted information between the smart glasses

and companion devices. For privacy awareness and preservation,

we should follow novel notification methods to inform bystanders

about the monitoring of VIMES [30], input interfaces such as ges-

tures [29, 54] to opt-in/opt-out consent, and privacy protection

techniques when bystanders opt-out [53].

Social Acceptance. Besides privacy, smartglasses and AR are sub-

ject to social acceptance issues. Interaction methods are often dis-

ruptive, whether gestural or vocal [56]. By relying heavily on face

recognition and the companion device in VIMES, we limit the user

interaction cost considerably. Non-users may also feel uncomfort-

able or offended by users relying on an external system to remember

facts about them. However, with the democratization of smart-

glasses and AR, we expect such concerns to fade away.

8 CONCLUSION

In this work, we designed, implemented, and evaluated a wear-

able AR system to help recall a memory of facts and events. Partici-

pants in our collaborative design study think that smartglasses are

the best peripheral for autobiographical memory aid. The proposed

system follows participants’ functionality requests such as a good

battery (task offloading doubles the battery life), summarization

techniques, and a companion device to provide further interactions.

We perform several experiments to evaluate the system both in

terms of performance and user perception. VIMES generates and

retrieves personal profiles with an average accuracy of over 90% in

practical scenarios, and users find VIMES not only useful but also

easy to use. The user study also highlights the future challenges the

adoption of such a system will encounter. With the development of

smartglasses hardware and iterative improvements in our system,

we believe it offers excellent potential for improving memory recall

in daily activities.
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