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Abstract—Advances in augmented intelligence (AmI) and 
machine learning offers the potential to support aspects of 
remote assistance. This includes situations where a field operator 
requires the technical support of an expert, such as for assembly, 
maintenance or repair tasks. While current remote systems 
commonly rely on human intervention, we propose looking at the 
feasibility of an artificial agent to take on this role. Specifically, 
in this paper we present the findings of a remote assistance 
platform that allows an operator to receive text and video 
prompts via an AmI expert. A preliminary user study with a 
human researcher simulating the expert was conducted to 
compare three levels of AmI (low, medium and high), while 
participants wore a pair of smart glasses. Overall, statistical 
differences were identified in the number of prompts used. 
Further, we identified that participants’ interaction with the AmI 
differed according to the level of perceived intelligence. From 
these findings, design recommendations include having 
segmented videos, active AmI monitoring and intervention, and 
more specific task prompts. 
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I. INTRODUCTION  
Imagine a situation where a field operator or engineer is 

required to work on aspects of a system, but is unfamiliar with 
some of the procedural steps or features involved. Without the 
availability of other on-site personnel, they may require the 
support of a remote expert to advice on a course of action. In 
such situations, the remote expert is typically a person. 
However, increasing developments in artificial intelligence 
raise questions over the inclusion of software agents, or 
artificial companions to take on the role of a human expert.  

In 2015, Lim [1] proposed that augmented intelligence 
could enhance cognitive functioning through the concept of an 
Extended Visual Memory model, which schematically 
structures information through visual short-term and long-term 
processes. In essence, the term augmented intelligence (AmI) 
is used to assist human memory in the recall, recognition and 
search of information in real-time. In layman’s terms, this 
could be thought of as combining artificial intelligence with 
augmented reality applications. In the context of this paper, we 
consider AmI as a software agent, or AmI expert, which 
primarily provides task guidance through visual feedback. 

Within the research community, different forms of 
augmented intelligence have been used to assist in everyday 
tasks such as hand-washing [2], making coffee [3], or even 
operating a printer [4]. On the other hand, wearable devices are 
able to recognise objects in real-time [5], with face detection 
providing the ability to support visually impaired users [6]. 
Likewise, a number of commercial sectors now employ head-
mounted displays with AR and VR capabilities for an array of 
different work-related situations. These vary from logistics to 
healthcare applications [e.g. 7, 8].  

Yet, while such systems are promising, arguably they are 
some way from replacing the human in complex procedural 
tasks. In particular, as considerable resources are required for 
research and development to improve the ‘intelligence’ of 
remote assistance systems, our study begins to understand how 
AmI may affect the user experience in engaging with artificial 
assistance to support remote operations.  

Over the past few decades, an increasing number of HCI 
studies have investigated aspects of remote assistance. 
Commonly these studies involve communicating via a video 
stream, with many cases providing the ability to share visual 
annotations [9-16]. This includes evaluating head-mounted 
displays to compare task performance to side-by-side 
communication [10], and handheld displays [13, 14, 16]. 
Across the literature, we note that themes tend to focus on 
aspects of usability, and the human collaboration between end-
to-end users. 

In contrast, in this paper, we focus on evaluating a remote 
assistance platform, which allows for the support of three 
levels of augmented intelligence (i.e. low, medium and high). 
During two assembly tasks, an operator (or participant) wears 
a pair of smart glasses with a forward-facing camera to 
capture the input scene (Figure 1). This information is then 
sent to the AmI expert, which is controlled by a designated 
researcher. Namely, a Wizard-of-Oz approach [17] is applied 
to simulate the response of the artificial system. Video 
observations and individual interviews are then used to review 
the usability issues of employing AmI in remote assistance.  

The main contribution of the paper is to compare user 
experiences with the different versions of the AmI - both in 
terms of the interaction generated, and task performance 
undertaken. Overall, our findings identified differences in the 
two-way communication, with some preferences for modality 
features explored. To our knowledge, we are unaware of any 



other user-centred study that has examined how the 
intelligence level of an AmI expert impacts on the user 
interaction for remote assistance. 

 

Fig. 1. Example of the study set-up.  

II. SYSTEM ARCHITECTURE  
The system architecture is designed to be scalable and to 

support multiple devices and types of device. An overview is 
illustrated in Figure 2. As a key component, a signalling server 
is used to negotiate communication protocols required to 
enable a live video stream between an expert’s web-based 
application and a remote operator’s Android device. This is 
deployed using a Kurento Media Server (KMS), using Web 
Real-Time Communication (WebRTC) implementation, 
which provides an efficient means of facilitating live 
communication services across a number of different browsers 
[18].  

For the hardware set-up, a field operator uses a pair of 
smart glasses (although other devices such as tablets and 
smartphones equally work). Using an embedded camera in the 
device, the operator is able to capture a live view of the 
workspace. Simultaneously, this information is streamed to a 
web-based application controlled by the expert, from which 

instructions can be uploaded and sent back. In the case of this 
study, instructions are conveyed through a media exchange 
server in the form of pre-defined text prompts and video 
playback.  

 

Fig. 2. Overview of the software architecture. 

III. USER STUDY  
A preliminary user study was conducted to understand 

some of the qualities and features perceived to be important 
when involving an AmI expert in a remote assistance platform.  

Specifically, the study aimed to compare three versions of 
an AmI expert with the intention of understanding the 
usefulness of text prompts and video playback features, and 
how they impacted on the overall user experience. These 
versions were designed to be distinctly different to one another 
in order to gather meaningful data from the study (see Table I).    

A. Participants 

A total of 30 participants (15 males and 15 females), with 
a mean age of 21 years were recruited. All the participants 
were randomly assigned to one of the AmI conditions (10 
participants in each independent group). As part of the 
screening process, none of the participants reported previous 
experience using the assembly tasks. 

TABLE I.  A SUMMARY OF THE STUDY CONDITIONS 

Condition Features Interaction Examples of related technologies  

Low AmI 1) Video playback – in the form of full 
videos 

1) No interaction between the 
operator and AmI 

Video streaming; simple keyword search 
and retrieval 

Medium AmI 
1) Video playback – segmented into steps  
2) Search/retrieval - request for specific 
videos  

1) AmI cannot view the live 
stream from the operator's 
device 
2) Prompts are used if questions 
can be answered without 
viewing the live stream 

Video streaming; contextual search and 
retrieval; video segmentation; speech 
recognition; dialogue systems; task 
modelling 

High AmI 

1) Video playback – segmented into steps  
2) Search/retrieval - request for specific 
videos  
3) Active monitoring/intervention - actively 
monitors operator's actions and intervenes 
with prompts whenever an error is detected  

1) AmI can view the live stream 
from the operator's device 
2) Prompts are also used 
whenever questions are asked 
by the operator 

Video streaming; contextual search and 
retrieval; video segmentation; speech 
recognition; dialogue systems; task 
modelling; object recognition; object state 
identification; activity recognition; anomaly 
detection 



 
Fig. 3. Illustration of the user interfaces. (Left), the AmI expert interface running on a desktop PC, and (right), the remote operator interface displayed on a 

pair of smart glasses. 

B. User interfaces  
Two user interfaces were used in the study - a desktop AmI 

expert interface, and a remote operator interface.  

Specifically, for the remote operator, a pair of Epson 
Moverio BT-200 binocular glasses were worn, with a 960x540 
display resolution and track pad for input control. Developed 
using Google Android, the user interface was divided into two 
areas: 1) a main window that displayed videos and text that 
were sent from an AmI expert, and 2) a camera view from the 
device worn by the operator (Figure 3). By clicking on the 
main window, the operator could manipulate the video with 
play/pause, fast forward and rewind buttons.  

     In contrast, the AmI expert interface was a web-based 
application, displayed on a widescreen LCD monitor, and 
connected with a 1080p Logitech camera. The interface 
consisted of a main window, showing a live video stream from 
the operator's device camera, and two drop-down lists placed 
below - one list contained videos to be sent to the operator, 
while the other text prompts.  

C. Tasks 
Two tasks were built using the Arduino platform [19]. 

Arduino was chosen for its versatility to combine hardware and 
software features, as well as relative ease to master basic skills 
needed to complete the tasks. Micro-controllers, electrical 
components, and a laptop with pre-loaded software were used 
to aid in the assembly builds. In more detail, the two tasks 
consisted of: 

• Construction task. This required the operator to build a 
pinwheel circuit, and included identifying components 
and connecting them to form a complete circuit (33 sub-
steps were identified for this task). The task was 
considered complete when the pinwheel spun, which 
was run from software on a laptop. 

• Troubleshooting task. The task required the operator to 
correct a misaligned circuit (22 sub-steps were 
identified for this task). The task was considered 

complete when LEDs lit up in a traffic light sequence, 
which again was run from software on a laptop.  

D. Input from the AmI expert 
The main mode of instructions was through video. Two 

videos were pre-recorded, one for the construction task (7 min 
55 sec) and one for the troubleshooting task (4 min 34 sec). 
Both were recorded using a first-person perspective, showing 
only the model’s hands in the video. An off-screen instructor 
delivered verbal instructions in the videos. The model and the 
instructor engaged in conversation for clarification of 
instructions to mimic an instructor-learner scenario. In the Low 
AmI condition, the complete video sequences were sent to the 
operator, while in the Medium AmI and High AmI conditions 
the videos were segmented based on the steps of the task. 

In addition, in the Medium AmI and High AmI conditions, 
the AmI expert could provide both text and video prompts. 
Based on an analysis of the sub-tasks, 27 text prompts were 
created, which were split into 6 categories (see Table II). The 
text prompts were read out by a computerised voice. Text and 
video prompts were used to check progress and provide task 
guidance. During the tasks, if the operator did not manage to 
correct an error, a video or text prompt was re-sent. An 
overview of the communication flow between the operator and 
AmI expert is illustrated below in Figure 4. For details of each 
condition, please refer back to Table I.  

 
Fig. 4. The communication flow across the three conditions. 



TABLE  II.  PROMPT LIST  

Category Prompts 

General 

- Hello, are you ready to start? 
- Yes 
- No 
- Try again 

Questions/ 
assistance 

- I do not understand your question 
- Please repeat your question 
- Sorry, I cannot help you with that 
- What do you need help with? 
- Do you need help? 

Breadboard 
orientation 

- Move the breadboard to the right a little 
- Move the breadboard to the left a little 
- Move the breadboard up a little 
- Move the breadboard down a little 
- Please bring the breadboard nearer to the 

camera 
- Please rotate the breadboard 
- I am unable to see the breadboard clearly 

Wrong 
component 

- You are using the wrong component, try 
another one 

Object 
placement 

- It is in the wrong pin 
- Move the component one pin to the right 
- Move the component one pin to the left 
- Move the component one pin to the top 
- Move the component one pin to the 

bottom 
- Repeat your previous step 

Troubleshoot 

- Check if the components are aligned with 
each other 

- Check the Arduino Uno 
- Check the positive/negative rails 
- You missed a step 

E. Procedure & data analysis  
Upon giving informed consent, participants were briefed 

about the tasks they were required to complete, as well as how 
to use the system. All the participants took on the role of the 
operator, and to create a realistic set-up, were not told that 
they would be interacting with a human. Instead, the term 
‘system’ was used to illustrate the AmI expert. For 
consistency, the same researcher who was highly familiar with 
the procedure took on the role of the AmI expert across all 
conditions. Tasks began by the simulated expert asking if 
participants were ready to start. After this, different prompts 
were given based on the participant needs. During the testing, 
the AmI expert and operator were seated in separate rooms, 
with both parties wearing headphones to ensure audio clarity. 

Across the three conditions, tasks were counter-balanced, 
each with the cut-off time of 20 minutes. During this time, the 
operator referred to the instructional videos sent by the expert. 
The operator could request videos verbally, and acquire help 
from the expert (but only in the Medium and High AmI 
conditions). Upon completion, a 15 minutes semi-structured 
interview was conducted to gather feedback on using the 
system. Finally, participants were debriefed on the study.  

The data analysis was mainly qualitative in nature. All 
interviews were transcribed and categorised with reference to 

the K-J Method [20]. Given the sample size, statistics reported 
in this paper were analysed using non-parametric tests. 

IV. RESULTS 
The results are divided into six sub-headings to summarise 

the findings from the video observations and individual 
interviews.  

A. Task completion times and error rates  
The task completion times and error rates are presented 

below (see Figure 5). The results were statistically non-
significant (all p > .05). Despite this, some performance 
differences were identified. To illustrate, for completion times, 
participants in the Medium AmI (Mdn = 1322 sec) condition 
performed better than those in the Low AmI condition (Mdn = 
1374 sec), with the highest median result found in the High 
AmI condition (Mdn = 1441.5 sec).   

One explanation for this difference can be attributed to the 
observations by the human simulator, as it was identified that 
participants in the High AmI condition tended to seek 
confirmation with the system before moving on to the next 
step. This was because the simulator could view the live 
stream. In the other conditions, this feature was not present, 
and therefore can help explain why participants did not exhibit 
the same behaviour.  

 
Fig. 5. Boxplots of the combined task completion times (left) and error 
rates (right) across the three conditions. 

B. Feature preferences 
The interview data revealed that when given a choice, 

participants in the Medium AmI condition favoured the 
segmented video playback feature, while those in the High 
AmI the active monitoring/intervention feature (Table III). 
Both groups did not highly favour the search/retrieval feature. 
Two participants in each condition reported no preference. 
Reasons for these selection choices are described in more 
detail in the following sections.  

TABLE  III.  FEATURE PREFERENCES.  

 Medium AmI High AmI 
Video playback (segmented) 6 2 
Search/retrieval  2 2 
Monitoring/intervention - 4 
No preference  2 2 

C. Video playback 
 Overall, participants liked the segmented videos as it was 
reported to help speed up the process of completing the tasks: 
"It helped with our assembly process, being able to refer to a 
video for each specific parts" (Participant H07). In comparison, 



when presented with a full video for each task (in the Low AmI 
condition), 5 participants mentioned the inconvenience of 
having to manually play/pause the video: “You have to keep 
pressing the button if you miss out... you have to go and tap the 
thing… so it takes a bit of time… you have to rewind to the 
point. There is not a very exact time there” (Participant 
L02). This pattern can also be observed through the video 
observations, as participants in the Low AmI condition had to 
repeatedly pause the video to complete the task before moving 
on to the next one. 

D. Active monitoring/intervention 
 For participants in the High AmI condition, the active 
monitoring feature received positive feedback, as a number of 
the participants liked the platform's ability to identify errors 
without them having to explain to the AmI expert what they 
were having trouble with. The AmI expert could initiate 
interaction by alerting operators of errors before the operator 
needed to ask for help, which was beneficial for the 
participants in this study as they were not familiar with the 
tasks: “I really liked the prompting part, because at the time I 
didn’t even know what was wrong, so it was good that the 
system could tell what was wrong and pull up the video for the 
correct information” (Participant H07). This behaviour was 
not exhibited in the Low and Medium AmI conditions as no 
active feedback was provided. 

E. Search/retrieval 
 The search feature was the least used among the Medium 
and High AmI conditions, as it was felt that it was not really 
needed unless participants were more familiar with the 
procedural steps. As participants were new to the tasks, they 
usually relied on the prompting system to send the required 
videos, rather than search for them themselves: “I never knew 
which step has to be repeated, so I was actually asking the help 
from the system... that's why I never used the search function” 
(Participant H08). Further, it was felt that this feature would 
not need to be automated, with preferences to manually click 
on the video from a playlist. 

F. Task prompts and questions 
The combined number of prompts used to correct actions 

and questions asked in both tasks were compared for the 
Medium and High AmI conditions (see Figure 6).  

Overall, participants in the High AmI condition (Mdn = 
14.50) received significantly more instructional prompts than 
those in the Medium AmI condition (Mdn = 0.50), U(n1 = 10, 
n2 = 10) = 2.50, two-tailed p < 0.001. This could have been 
due to the AmI expert being able to view the live stream from 
the operator’s device in the High AmI, but not in the Medium 
AmI condition. With visual input, the AmI expert could 
actively use prompts to identify and alert the operator of the 
task errors. This could have led to a higher number of prompts 
used. However, in the Medium AmI condition, as there was no 
visual input, the AmI expert could only use prompts to clarify 
doubts when operators asked questions.  

 Although statistically non-significant, it was also observed 
that the number of questions asked by participants in the High 

AmI condition (Mdn = 10.50) was higher than those in the 
Medium AmI condition (Mdn = 0.00), U(n1 = 10, n2 = 10) = 
29.00, two-tailed p > .05. Based on video observations, in the 
High AmI condition, the AmI expert was usually the first to 
initiate interaction through active monitoring/intervention. In 
contrast, in the Medium AmI condition, interaction did not 
occur unless initiated by the operator.  

Further, some participants mentioned that they were not 
comfortable interacting with the AmI expert as they were not 
used to conversing with an entity without a tangible, or 
physical presence. In this regard, participants in the Medium 
AmI condition could have been hesitant to initiate conversation 
with the AmI expert, leading to a lower number of questions 
asked compared to those in the High AmI condition. 

   
Fig. 6.  Boxplots of the number of instructional prompts used (left) and 
questions asked (right) across the Medium and High AmI conditions. 

Feedback on the prompting system was also gathered 
through semi-structured interviews. While prompting was 
generally positively received, participants mentioned that the 
system could be improved. For example, in terms of 
‘intelligence’, the prompts were often not specific enough to 
answer questions: “They actually help you identify which part 
you went wrong, but at the same time there was the issue with 
communicating with the prompts... When further clarification 
was needed, then it's not really that specific… For example, 
when they say 'the component'… it could be the switch or the 
resistor” (Participant H06). In this regard, since the prompts 
were created for general use, they were not perceived to be 
useful when participants required more specific clarification. 

Some participants also mentioned that it was difficult to 
understand what the prompts were asking them to do, 
especially when correcting component errors on the 
breadboard. Due to their generality, the prompts were unable to 
specify parts of the components, and it was hard for the 
participants to clearly understand where the errors were. The 
following conversation illustrates this issue: 

AmI: Move the component one pin to the left. 
Operator: The left leg or right leg [of the resistor]? 
AmI: Sorry, I cannot help you with that. 

V. DISCUSSION  
Overall, the results reveal that the current features of the 

platform are suitable for use with remote task assistance. 
However, there are several issues to be considered for 
implementing AmI in a remote assistance platform.  

First, it appears that active monitoring has a positive impact 
in reducing the amount of verbal assistance requested by the 



operator. This may be somewhat unsurprising, given the 
feature could detect errors and alert participants in advance.  

Second, our results indicate that video instructions should 
be segmented into steps instead of being presented as a whole, 
as this ensures a higher likelihood of task completion. 
Segmented videos allow the operator to complete the task step-
by-step instead of being overwhelmed by repeatedly playing 
and pausing a long video to keep up with the instructions. This 
also allows the operator to complete the tasks at their own 
pace.  

Third, interview feedback revealed that the text prompts 
sent by the AmI expert might sometimes be ineffective, due to 
the prompts lacking details needed for task guidance and error 
correction. In this study, the main problem related to the 
specificity of the prompts, as they were often too generic for 
the operators to accurately understand what they were 
requested to do. Based on the interview feedback, prompts can 
be made more specific by explicitly referring to the names of 
the components (e.g. ‘switch’) instead of just the word 
‘component’. Prompts could also include more specific actions 
for the operator to perform. An analysis of participants’ 
troubleshooting methods showed that some of them became 
frustrated with not being able to understand the AmI, and 
decided to solve errors on their own using the video playback. 
As certain details could be difficult or confusing to describe 
with words, the use of video should be prioritised over text 
prompts.  

Fourth, while the features of the platform received positive 
feedback, the search and retrieval function was not highly 
favoured. As there were many steps in the tasks, it was difficult 
for the operators to remember what the previous steps were. To 
implement this function better, a simple playlist of available 
videos was recommended.  

Further, an interesting point to note from the study was that 
the participants were unaware that a human simulated the 
interaction. To illustrate, none of the participants claimed the 
AmI to be ‘too smart’, even though they felt that the platform 
was behaving intelligently. This suggests high expectations for 
the performance of AmI experts in relation to the user 
interaction.  

For future work, AmI assistance for more complex tasks 
will be explored so that augmented features can be fairly 
evaluated. In this study, we note that most of the participants 
could complete the Arduino tasks using video playback 
without AmI prompts. Therefore, future work should also look 
into the specificity of prompts provided by the AmI for more 
effective task guidance and error correction. This includes 
understanding how the type of task influences the type of 
interaction received from an artificial agent. User measures 
should therefore include evaluating cognitive load and 
assembly efficiency.  

Finally, we believe the research should extend beyond text 
and video modalities to consider other types of media 

exchange. This is particularly important given advances in AR 
and VR technologies that could be applied to the platform.  
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