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Abstract—The collaboration between people and machines has
grown largely for real-time applications since the inclusion of
artificial intelligence into 21st-century technology. However, the
advent of virtual assistants is still slow-paced in the emergency
response systems infrastructure. In this paper, we analyse three
popular Virtual Assistants — Amazon Alexa, Google Assistant,
and Apple Siri — against practical parameters - accent, speed
of speech, volume, and noise introduction - to deduce which of
the three have a better accuracy and also to get a picture of
whether the Virtual Assistants are ready to be introduced into
the Emergency Response Systems Infrastructure.

I. INTRODUCTION:

Virtual assistants have become an indispensable part of
many households. When compared to manual operation
schemes, the evolution of Voice Assistant agents has brought
substantial changes in system work flow and process control.
System performance increase, faster response time, precise
and smart system control, real-time monitoring, data rendering
at a faster pace, and resource management are all common
characteristics of such adjustments. Virtual assistants are being
extensively used around us for tasks such as shopping, creating
to-do lists, generating alarms and notifications, and controlling
smart equipment [1].

Emergency response are critical systems that serve as means
for emergency response teams to locate and move resources
to emergency sites.It seems perfectly reasonable to assume
that this area would profit hugely by the assistance of Virtual
Assistants. Patients are being introduced to internet-connected
gadgets in a variety of ways, and VA is now one of them.
Tracking health information, whether from fetal monitors,
electrocardiograms, temperature monitors, or blood glucose
levels, is critical for some patients. Many of these tests
necessitate further engagement with a medical expert. This
allows VAs to communicate more useful data to patients,
reducing the need for direct patient-physician engagement.
Another area the VA may help is reminding people to take
their prescriptions.

According to a new study, virtual digital assistants like
Siri, Alexa, and Google Assistant have the potential to give
users with reliable and relevant information during medical
emergencies, but their present versions aren’t quite up to the
task. In an experiment, the four most popular virtual digital
assistants (VDAs) were quizzed on first aid for a variety of
medical emergencies. Even when the virtual assistant got the
inquiry right, the replies were frequently inaccurate [2]. While
it’s commendable that the VAs advised persons experiencing
heart attack symptoms to dial 911, it would be much better if
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they also provided guidance on what to do while waiting for
an ambulance [2].

Keeping this challenges in mind, we tried to understand why
VAs are still not up to the mark in performance in emergency
situations. For that we tried to analysis its performance in
various situations. If we can find how VA’s are interpreting
the command it is getting and among them how many of the
words it can understand correctly, it might be helpful while
doing research with VA in this field. We tried to come up with
an comparison process by which we can distinguish between
understanding level of different voice assistant.

There are different types of VA’s available of different
company. Each of them has different algorithm to understand
human language. Among them, we worked with Alexa, Google
assistant, and Siri due to our availability. Besides thses are the
most common VA’s out of all others.

In this paper, we stared with brief history Virtual Assistant
to understand VA better. Then tried to define the emergency
situation where we want to make use of virtual assistant. Then
took some existing research paper as a reference, tried to
understand how they compared VA’s. Keeping those ideas in
mind, we tried to develop an automatic process where we can
show a better result of comparisons.

II. BACKGROUND AND RELATED WORK:

Though virtual assistants have become popular very recently
but the idea of virtual assistants is pretty old. Because speech is
humans’ primary and most natural mode of communication,
efforts to develop systems that can interpret and respond to
spoken language have a long history. The earliest effective
systems that identify speech automatically date back to the
early 1950s. Researchers at Bell Laboratories built Audrey, the
first true speech recognition device, in 1952. The use of pattern
recognition algorithms in the 1960s was a turning point in the
development of automatic voice recognition [3]. The Speech
Understand Research program (SUR) at Carnegie Mellon
University was started in the 1970s by the US Department
of Defense Advanced Research Project Agency with the goal
of developing and researching speech recognition technology.
With the introduction of Apple’s Siri in 2011, spoken dialogue
systems have progressed from simple question-answering sys-
tems to more complex virtual assistants (VAs) that learn from
users’ speech. Speech interaction based on VAs can thus be
voice-based, i.e. with a single modality (e.g. Amazon Echo), or
voice-enhanced, i.e. with a multi-modal interface (e.g. Google
Assistant) (e.g. Google Assistant). In the private context,
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current VAs aid the user in carrying out tasks via speech,
typically in simple information retrieval or service execution
activities [4].

A. Use of VA in Emergency Critical system:

Critical situations are serious, unexpected, and often dan-
gerous situations requiring immediate action. To handle crit-
ical situations we often rely on those system which can be
trustworthy in any circumstances, usually defined as Criti-
cal system. So, Critical systems are highly reliable systems
that should retain their reliability as they evolve without
incurring prohibitive costs. On the other hand, Safety-critical
systems (SCS) or life-critical systems are a sub-domain of
critical system, those systems whose failure could result in
loss of life, significant property damage, or damage to the
environment. There are lots of scopes of SCS, among them
Infrastructure (eg-Circuit breakers, Fire alarms, Life support
systems, Telecommunications) Medicine (eg-Emergency re-
sponse systems, Robotic surgery, Pacemaker devices, Health-
care information systems), Recreation (eg-Parachutes, Scuba
equipments), Transport (eg-Railway signalling, Airbag sys-
tems, Aircrew life support systems, Launch vehicle safety
systems).

A continually listening VA device shall be able to detect
an emergency situation and then act on that. An critically
endangered individual could be just a shout away in any
room of the house, through VA’s, Internet-connected car, or
smartphone. Smart speakers can now alert you to impending
severe weather conditions, call a friend for assistance, provide
basic medical information, assist you in alerting someone
when you’ve fallen, and detect burglars. That is the extent
of their emergency response capabilities.

B. Related Work:

Various research is going on the usability of VA in emer-
gency critical situations. For that we also need to understand
how they are performing to understand human voice. There
might be a different scenario where sound quality might be
compromised. As we want to use VA in critical emergency
situation, we need to understand its comprehension level and
where we might need to avoid using it.

Virtual assistants (VAs), such as Alexa, Google Assistant,
and Siri, are Artificial Intelligence assistance devices that repli-
cate human communication and perform web-based searches
and other requests [S]. The VAs’ inability to offer correct
health information is hampered by their faulty comprehension
of complicated medical language syntax [6]. The ability to
detect unique words spoken by different persons is a vital
basis of any medical contact, as like any relevant healthcare
advice can only be given once the language has been properly
understood by service people. The voice recordings from the
46 participants were used in the first publication. All of the
participants were fluent in English, with 12 of them having for-
eign accents that were distinct from a "Canadian accent." Four
of the 12 individuals with non-Canadian foreign accents were
British, three were Spanish/Filipino, two were African, two
were Eastern European, and one was Chinese. Then using two

table (one is for the brand name and other one is for the generic
name) audio command was played. Each speech recording was
played back from a laptop using a Jabra Speak 410 speaker
placed directly next to the VA devices’ microphones during
analysis. A 4th-generation Amazon Echo smart speaker was
used to test Alexa; a Google Pixel 4a smartphone was used to
test Google Assistant; and an iPhone 7 smartphone was used
to test Siri. The latest software was installed on all hardware
devices, and the device language was adjusted to English
(Canada) [7]. This study found no significant interactions
of participant accent in comprehension accuracy. Participants
with a Canadian accent and those with a foreign accents saw
the same impact. From this work, we garner the importance of
difference in accents as a significant factor while considering
the responsiveness of Virtual Assistants.

There has been existing work [8] that compared virtual
assistants against cancer screening terminologies shows that
there has been little research done to evaluate the quality of
health data given by these devices . In May 2020, five investi-
gators used their personal iPhones to perform the investigation
in the San Francisco Bay Area. Four of the five investigators
were native English speakers (2 males, 3 women). There are
notable discrepancies across the four most popular voice assis-
tants(Alexa, Siri, Google Assistent and Cortata) when it comes
to responding to questions concerning cancer screening, and
there is opportunity for improvement across the board. Their
suggestion was to guarantee that assistants deliver reliable
information, software developers should consider collaborating
with health professionals, particularly guideline developers and
evidence-based medicine practitioners [8].

We also considered existing work that investigates per-
sonalized voice characters for in-car speech interfaces [9].
The findings demonstrate that personalized assistants are well
received when they are tailored to the preferences of the
users. Assistants need a more serious tone for driving-related
use cases than for amusement use cases [9]. Statement of
Contribution the paper shared, findings from a real-world
driving research (N=55) in which it evaluated the impact
of personalized voice assistants on trust, user experience,
acceptance, and workload to that of a non-personalized voice
assistant. This article begins with collecting requirements for
in-car assistant personality qualities in order to investigate
customised voice assistants for driving scenarios. Then we
created a set of assistants, which we tested in a real-world
driving scenario [9]. The authors of this paper invited 19
people, 12 of them were men, ranging in age from 19 to
53 years old (M=35, SD=11). Then they came up with six
situations, three of which were related to driving and three
of which were tied to entertainment. Participants had the
opportunity to converse with each of the eight speech aides.
The responses of the assistants were pre-recorded by a voice
actress for each helper and matched their position in the
model. They had participants complete out a MeCue and an
Acceptance Scale questionnaire after each visit [10]. Finally,
they held a semi-structured interview with the participants. The
results shows that the correct matching of assistant characters
to the user’s personality is a crucial prerequisite for positive
effects of penalization. It reflects on how we can improve in-
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car voice interaction through personalising [9].

None of these papers have interrogated the Virtual Assis-
tants against parameters such as volume, speed of speech,
or noise tolerance. But, in our scenario, emergency response
situations, each of the above plays an important factor along-
side accents. Volume of the commands played to the VAs are
influenced by how far or near the subject is from the device. In
probable cases, the subject might be incapacitated and hence
incapable of moving closer to or further away from the device.
The speed of speech is also influenced by stressful or other
such situations [11]. Similarly, external noises, eg. police siren,
commotion, vehicular sounds, etc, are common inclusions to
the original audio in emergency situations. We will go into
deeper detail later in the III section discussing each of these
parameters.

III. METHODOLOGY:

Our work deals primarily with the three Virtual Assistants:
Amazon Alexa, Google Assistant, and Apple Siri. We analyse
them based on how accurately they transcribe voice com-
mands. Our analysis is based on the parameters: accent, speed
of speech, volume, and noise tolerance. Figure 1 shows the
block diagram of our entire workflow.

Matlab Tool to
introduce
Parameters

External Collected
Data

Noise

Accent
Tolerance

Gather
Transcripts
of VA
Responses

Analyze through Data
and tabulate
Success/Failure
cases

Amazon Alexa/
Google Assistant/
Apple Siri

Feed Vocabulary
of Commands

Figure 1: Block diagram of the workflow of data collection,
analysis, and tabulation of the Virtual Assistants

We begin our analysis methodology from the setup step. In
this step, we zero-ize and initialize our three VAs - Amazon
Alexa, Google Assistant and Apple Siri. This ensures setting a
common ground and involves removing any voice recognition
or personalization profiles, adjusting volumes and sensitivity
to an optimum base level, and placing all the three VAs
in nearly identical locations. After the setup is completed,
our understanding involves getting the information regarding
accuracy of transcripts back from the VAs. For this reason,
we need to have the VAs listen to our audio commands
and recognize them. This brings into picture our next few
functional blocks.

In order to play the commands to the VAs with minimal
manual interaction and bias, we proceed to the external
collection of data. This involves collecting our data from an
external audio archive [12], and manipulating this data per our
requirement and our analysis factors. This is performed in the
"MATLAB Tool to Introduce Parameters’ functional block. We
see from the pipelines that this block incorporates our speed,
volume, and noise factors within the audio from the archive
with accent already as a factor. These modified audio files are
then played, using the same MATLAB tool, in a continuous

loop with appropriate pauses to account for the VA’s response
time. This response, in the case of our analysis, is immaterial
and we only concentrate on the transcripts of the audio the
VAs listen to.

Moving on our flow diagram, the next functional block
we encounter is the ’Gather Transcript of VA Responses’
block. Most of the Virtual Assistants have the transcripts saved
for all the audio commands that have been played to them.
These transcripts are, in most cases, sorted by latest time. Our
plan of action involves acquiring a copy of these transcripts
and matching them to the audio commands played to them
to analyse and tabulate their accuracy. Each of the Virtual
Assistants have a different interface and, hence, a different set
of steps to acquire the transcripts. We provide more detail on
these steps later in Section III-E.

Following the transcript gathering, we reach our final step in
the analysis, where we analyse and tabulate the data collected.
We perform this step in order to extract meaningful numbers,
percentages, and comparison graphs from the collected vast
raw data. We use a number of tools in this step as explained
later in Section IV, but most of our operations are performed
on Numbers Version 11.2.

In the upcoming sections, we provide a further detailed
explanation of each step.

A. Setup Virtual Assistants:

We start our workflow with the setup of the three Virtual
Assistants.

1) Amazon Alexa: The Alexa device we used is an Echo
Dot (3rd generation). For Alexa, we removed the voice
recognition profile, because we wished to play audios for it
which were not in our voices and wanted Alexa to be able
to recognize them. After that, we simply rebooted the device
and once it successfully came up, we proceeded to our data
generation for VAs step.

2) Google Assistant: We used a Google Mini device (2nd
generation) for command interpretation. We did not need to
remove any voice recognition, because Google is more generic
to reply for any command it gets. After that, proceeded to our
data generation for VAs step and collected the script.

3) Apple Siri: We used Siri from Iphone. For that before
every command, we needed to concatenate our own voice
“Hey Siri” with our rest command. Because Siri does not reply
for other voice commands. However, that will not affect our
research, because anyone who is going to get the assistant,
he/she will going to use his/her own devices.

B. External Collected Data:

Finding medical data sets is difficult due to the fact that
medical data is very well protected by privacy regulations all
around the world. Aside from that, we wanted to prevent any
emergency instruction that may prompt a call to 911. That’s
why we start with a very generalized data set. Our main focus
to understand which VA can understand better in different
scenario, so that we can trust it better.

We used the exact same voice command from a website[12],
where four participants of four different accents were chosen.
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For the selection of the sentences, we tried to consider to
collect sentence which are more relevant to real word com-
mand. For example: one sentence we choose "it was a sign
from the gods to foretell war or heavy rain", it has some
word "War" and "heavy rain". How VA’s are understanding
this words, give us an idea how VA’s response will be in an
disastrous situations. The other sentence we used “The letter
implied that the animal could be suffering from a rare form of
foot and mouth disease”, which has some similar words that
we could relate with disease. Then we used voice chopper to
collect our desired command part from that part. Then using
matlab[13] simulation, variation in data has been generated.

C. Data Generation for VAs:

We use MATLAB [13] to modulate the input audio files,
according to our parameters: speed of speech, volume, and
noise tolerance. We then play them back to our three Virtual
Assistants and wait for their response.

1) MATLAB [13] Code:: Our MATLAB [13] code starts
with the input of the audio files. We then use the au-
dioread [13] function to read in the audio file as a sampled
data part and a sampling rate part. Next, we create a function
that grabs the audio files one after another and processes
them per each of our parameters and plots as well as plays
back the output using the playblocking [13] function. This
function blocks the program execution until our device output
device (in this case, our laptop speaker) has finished playing
the entire audio. Only then, it moves on to the next part of
the program. If we do not use this function, we would get
overlapping audio, where one play starts before the previous
audio has finished playing. After playback of the audio, we use
the pause [13] function, which takes in a numeral in seconds as
its argument. This function pauses the execution for a certain
time period. We use this function to account for the time
the Virtual Assistant will take to respond to our command.
Alongside playing the audio file, we also plot it with the time
on the X-axis and the amplitude on the Y-axis.

(a) Original Waveform. (b) Sped-Up Waveform.

(¢) Sped-Down Waveform.

Figure 2: Graphs according to speed of output.

Figure 2a shows the amplitude vs time plot for an original
unaltered audio waveform with a South-Western accent. We do
not alter any aspect of this waveform and play it back to the
external speaker as-is. This indicates that the data we collected
in Section III-B is being plotted and played back here, without
any change in amplitude or frequency, i.e, without being sped
up, slowed down, increased or decreased volume, or any added
noise.

Figure 2b shows the amplitude vs time plot for the sped-up
waveform. What it means in a real life scenario is, people often
talk faster or slower when faced with certain situations [11].
Here, we use the stretchAudio [13] function to increase or
decrease the frequency of the waveform and then plot and
play it back. In figure 2b, we speed the audio up twice
for visualization reasons but in our original setup, we have
increased the speed parameters in the range of 1.1 to 1.6 times,
with an 0.1 increment. This is to determine the speed level at
which each of the three Virtual Assistants stop understanding.
We start at 0.1 because despite this being almost unnoticeable,
we needed to start at a base level, which was faster than normal
but yet understandable to all three Virtual Assistants. We then,
with our gradual increments, determine the threshold for each
of the three VAs.

For the sped down part, we start at the speed parameter of
0.1 and increment it with 0.1 increments up to 0.9. In figure 2c,
we show the amplitude vs time plot of an audio waveform sped
down to the factor of 0.5. Here again, although 0.1 sounds
like an unrealistically low volume, we use it as a starting
point where no VA can properly recognize and transcribe
a command, and then with gradual increments deduce the
threshold of each VA.

This modification of speed (frequency) makes the audio
that is being played back to be faster (or slower), i.e, lesser
(or greater) time required to pronounce words, including the
pauses in between. While this is not a very realistic speech
speed-up (or slow-down) simulation, this gives us a rough
closeness as to how the VAs handle the situation, because
our range of increment (or decrement) of speed of speech is
in a low, realistic range.

Morfad Sl AnpitcasonFocor =

Modited Signal Ampitcation Facor =

(a) Amplified Up Waveform. (b) Amplified Down Waveform.

Figure 3: Graphs according to amplitude of output.

Figure 3a shows the amplitude vs time plot for the amplified
waveform. In this case, we multiply the input signal, by
an amplitude factor, and then plot and output our resulting
waveform. We have started here with a range of 0.1 and
gradually incremented in steps of 0.2 up to 0.9, and then again
from 1.2 up to 2. We do this for the same reason as of the
speed up, to start from a baseline when all the three VAs can
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either perfectly recognize the commands or all the three VAs
totally fail to acknowledge the command. Our short steps then
serve as a confirmation that we get closest in threshold to when
and how well each of the VAs switch in their performance. In
figure 3a, the amplitude factor that we have multiplied with is
2. In figure 3b, the amplitude factor is 0.1.

This modification of volume (amplitude) makes the audio
that is being played back to be louder (or lower) in volume.
This, in real life situation, takes into consideration the fact that
wounded individuals might have lower volume of speaking or
might be far from or unable to get closer to the VA device.
Similarly, in an enclosed space, such as a vehicle, the volume
might be louder than in normal settings.

Moited Signl Nois Facor 005 Mafod signsl, Nose Factor 0.1

(a) Noisy (5% added)
Waveform.

(b) Noisy (10% added)
Waveform.

Figure 4: Graphs according to noise incorporation in output.

Figure 4a and figure 4b show the amplitude vs time plot for
the noisy wave forms with 5 and 10 percentages respectively
of white Gaussian noises introduced. Noises are the most
obvious parameters to consider, especially in an emergency
situation. Noises are any audio input to the VA, other than
the desired command audio. There might be a variety of
overlapping noise sources to the original, eg. a police siren,
people’s conversations, and all other kinds. In our experiment
setup, we start with a noise of 0.2 percent. We then increase it
in steps of 0.2 up to 6 percent. We do this to start at a low noise
value, where the command is recognizable accurately by all the
three VAs, and we can deduce very closely the threshold where
each of the VAs cannot recognize with accuracy anymore. Our
noise has a frequency of between 725 and 1600 Hz, which is
the frequency range of a Rumbler siren [14]. This provides us
with a realistic measure of noise interference. We use Gaussian
white noise to serve as a generalization of all the kinds of
noises there can be, but we can also replace this with specific
sound files to see the output for specific category of noises.

D. Feed Commands to VA:

After the initial setup of our VAs (Amazon Alexa, Google
Assistant, and Apple Siri), we play our MATLAB [13] pro-
gram to each of the three for all the audio commands. The
pause [13] function enables the VA to complete its response,
but we do not take note of this response, as we are only
concerned with the transcript of our command as understood
by the VA, word by word. Once we have finished playing all
the audio files, modified by all of our parameters, it is time to
collect the transcripts, which is described in detail in the next
section.

E. Gather Transcripts of VA Responses:

Each of our VAs have a distinct way of collecting the
transcripts of the commands played to them over time. We
collected these transcripts corresponding to all the commands
we played and then proceeded to our next part of action, result
analysis. We discuss next, in brief, the collection procedure of
the transcripts of our VAs.

1) Amaxon Alexa: To access the command history of an
Alexa device, we navigate to the Content and Devices section
of the Amazon profile for that device. Under Privacy Settings,
we select Alexa Privacy. We find our command history under
the Review Voice History section. This section looks like
figure 5.

€ 5 C 0 & amazoncomalexa-privacy/apdin

Review Voice History

Figure 5: Review Voice History section of Amazon Alexa

This voice history can be filtered based on the device the
commands are played on and the time frame as shown in
figure 6.

Review Voice History

Review and manage your voice recordings.

Displaying: Today, All devices ~
Filter by date: Today ~
Today
Yesterday
Last 7 days

Last 30 days

O O O O @

All History

Custom

<

>

Filter by device: All devices

All devices

Sanchari's Echo Show

Sanchari's Echo Dot

Sanchari's Fitbit Sense™

O O O O @

Sanchari's Fitbit

Delete all recordings from today

Figure 6: Voice History filters for Amazon Alexa

In special cases, we get two kind of responses from Amazon
Alexa, other than correct or incorrect transcription. These are
’Audio could not be understood’ (as shown in figure 7) and
’Audio was not intended for this device’ (as shown in figure 8).
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Audio could not be understood v

Today 4:36PM  Sanchari's Echo Dot

Figure 7: 'Audio could not be understood’ for Amazon Alexa

Audio was not intended for this device v

Today 3:13PM  Sanchari's Echo Show

Figure 8: ’Audio was not intended for this device’ for
Amazon Alexa

2) Google Assistant: To access the command history of an
Google mini device, we navigate to the "Google My Activity"
then choose "Bundle View" tab. We find our command history.
This section looks like-

= Google My Activity

Bun

Figure 9: Google Assistant Data Collection Screen

3) Apple Siri: For Siri, to access the command history
we used iPhone device. When siri listen something, it might
not understand but if we turn on the setting "always show
speech" (from Setting> SiriSearch> Siri Responses> Always
Show Speech) is shows the transcript in screen. This section
looks like-

Fever and Pain Relief for Colds and Flu
- WebMD
Sep 9, 2019 ... The

Best Fever Reducers: Options and Helpful
Information - Healthline
en and ibuprofen ¢

hat is the medicine should | get fc

fever >

I found this on the web for what is the
medicine should i get for fever.

\‘

Figure 10: Siri Data Collection Screen

IV. EVALUATION:
A. Segregation, Analysis, and Tabulation

We played four commands in four different accents: Amer-
ican, Australian, Canadian, and British. Our other parameters
being speed, volume, and noise tolerance. Our output numbers
consist of three factors: 1) number of words in the original
played command, 2) number of words in the transcript of
the VA, and 3) number of correct words in the transcript of
the VA in comparison to the words in the original played
command. For each parameter, we take the averages of the
output numbers over the four commands and the number of
times played, which is the same for each case. We measure the
correctness or, as we have called it, the accuracy percentage
of each VA on any parameter as the percentage of the ratio of
the number of words transcribed correctly to the number of
words in the original input command played.

No.ofwordstranscribedcorrectly o
No-ofwordsininputcommand - 100 %

Accuracy% =

Our first analysis involves comparing the original, unaltered
wave forms classified by various accents. We calculate the
averages and the accuracy percentage and get the table I.

Accents Amazon Google As- | Apple Siri
(Original Alexa sistant

wave form)

American 100% 100% 100%
Australian 86% 100% 100%
Canadian 62% 100% 67.5%
British 72% 100% 87.5%

Table I: Accuracy Percentage based on the accents of the
original wave form

From this table I, we see that all of the VAs perform
exceptionally when exposed to American accent. Both Google
Assistant and Apple Siri perform great for Australian accent,
but Amazon Alexa has a lower accuracy at 86%. In the case
of Canadian accent, both Amazon Alexa and Apple Siri have
a accuracy percentage between 60 and 70 %, Google Assistant
performs great here as well with a 100% accuracy. For British
accent, Alexa has an accuracy % of 72, Siri of 87.5 and
Assistant still at 100.

Our second analysis involves comparing the altered wave
forms classified according to their parameters for the three
Virtual Assistants. Table II tabulates our findings for the VA
Amazon Alexa.

We observe that Alexa does pretty well under perfect, loud,
and somewhat noisy conditions. However, in slow, low (as 0.1
as amplitude factor) or more than 5% added noise conditions,
the performance of Alexa is considerably reduced. We also
notice that for low volumes, Alexa often returns *Audio was
not intended for this device’, and for very high speeds, Alexa
often returns ’Audio could not be understood’.

Table III tabulates our findings for the VA Apple Siri.

We observe that Siri does pretty well in most of the cases
except when the volume is very low (as in 0.1 as amplitude
factor) and when the noise is pretty high (greater than 5%). In
these few cases, the performance of Siri is greatly decreased.

Table IV tabulates our findings for the VA Google Assistant.
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Alexa Words  Transcribed | Words  Transcribed
Total Correctly

Perfect 82% 60%
Fast 1.5 54% 50%
Fast 2 23% 8%

Slow 0.5 18% 12%
Slow 0.75 56% 48%
Loud 1.5 82% 60%
Loud 2 82% 60%
Low 0.1 12% 8%

Low 0.5 70% 63%
Low 0.9 82% 60%
Noisy 0.01 74% 58%
Noisy 0.03 56% 36%
Noisy 0.05 32% 18%
Noisy 0.07 14% 5%
Noisy 0.09 6% 2%

Table II: Accuracy Percentage based on the modification
parameters on the original wave form for Amazon Alexa

Siri Words  Transcribed | Words  Transcribed
Total Correctly
Perfect 87.5% 63.5%
Fast 1.5 87.5% 63.5%
Fast 2 60% 55%
Slow 0.5 82.5% 77.5%
Slow 0.75 87.5% 81%
Loud 1.5 75% 63.5%
Loud 2 87.5% 75%
Low 0.1 20% 16%
Low 0.5 73.5% 55.5%
Low 0.9 100% 87.5%
Noisy 0.01 87.5% 75%
Noisy 0.03 60% 75%
Noisy 0.05 50% 42.5%
Noisy 0.07 33% 20%
Noisy 0.09 16% 5%

Table III: Accuracy Percentage based on the modification
parameters on the original wave form for Apple Siri

Assistant Words  Transcribed | Words  Transcribed
Total Correctly
Perfect 100% 100%
Fast 1.5 55.5% 33.5%
Fast 2 20.5% 10.5%
Slow 0.5 100% 87.5%
Slow 0.75 100% 87.5%
Loud 1.5 100% 100%
Loud 2 100% 100%
Low 0.1 50% 12%
Low 0.5 100% 87.5%
Low 0.9 100% 100%
Noisy 0.01 100% 87.5%
Noisy 0.03 62% 38.5%
Noisy 0.05 50% 28%
Noisy 0.07 50% 28%
Noisy 0.09 25% 5%

Table IV: Accuracy Percentage based on the modification
parameters on the original wave form for Google Assistant

We observe that Google Assistant does pretty well in most
of the cases except when faster speech (almost 2 times the
speed of original) and extreme noisy conditions (more than 7%
added noise). In these few cases, the performance of Google
Assistant is low but overall it has a very good performance.

We next plot the above performances in a graphical form
for us to be able to draw concrete conclusions based on this
surfeit of data.

W Amazon Alexa W Apple Sii Google Assistant

0

American Australian Canadian British

Figure 11: Graph plotted percentage of words properly
transcribed, by accent

Figure 11 depicts the performances of the three Virtual
Assistants - Amazon Alexa, Apple Siri, and Google Assistant
- against the four accent parameters - American, Australian,
Canadian, and British accents for the original audio wave
form. We see hence that for American accents, all the three
VAs perform accurately. In the case of Australian accent,
the performance of Amazon Alexa is reduced on average
to 86% whereas the other two VAs still have an accurate
performance. For Canadian accent, Google Assistant continues
to give an accurate performance, whereas the performance of
Apple Siri and Amazon Alexa are reduces to 68% and 62%
respectively. Finally, we have the British accent, for which
Google Assistant continues to have an accurate performance,
but the performances of Apple Siri and Amazon Alexa are
reduced to 88% and 72% respectively. From this analysis, for
these four accents considered in our analysis, we can conclude
that Google Assistant provides the best performance among
the three VAs.
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Figure 12: Graph plotted percentage of words properly
transcribed, by other external factors

Figure 12 depicts the performances of the three Virtual
Assistants - Amazon Alexa, Apple Siri, and Google Assistant
- against the three external parameters - speed, volume, and
noise - used on modification to the original wave forms. The
results are averaged over the four commands, the four accents,
and the total number of times played to eliminate the presence
of biasing factors, if any.

From the graph, we can see that for faster speech and
noisy inputs, Apple Siri performs better compared to Google
Assistant and Amazon Alexa. For the other external factors,
slower speech, louder volumes, and lower volumes, Google
Assistant has a better accuracy than Apple Siri and Amazon
Alexa.
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B. Findings

We analyze and tabulate the vast amount of data that we
have gathered from the transcripts of the Virtual Assistants,
based on four English commands in four different accents -
American, Australian, Canadian, and British, and based on
three external parameters - speed of speech, volume, and noise
introduced. This provides us with a meaningful and easy to
understand set of information to work with. Thus, at this
point, we are able to draw some conclusions regarding the
performance and accuracy of the three Virtual Assistants in
the context of our examination.

Amazon Alexa Google Assistant Apple Siri
Accents “
Faster Speech “
Slower Speech “
Louder Speech “
Lower Speech “
Noise Tolerance “

Figure 13: Table depicting the conclusive accuracy of the
three Virtual Assistants

The figure 13 has been constructed from the data obtained
in the previous section. The tabulation of this data, as we can
observe from figures 11 and 12, lets us undergo a comparative
study of the three Virtual Assistants. For example, if we take
a look at our figure 11 with the accuracy of the VAs according
to the accent of the audios fed, we see that Google Assistant
has a hundred percent accuracy for all the four accents. This
is why we check the Google Assistant column for the Accents
row in table 13. For the other rows and columns, we take a
look at the figure 12. From here, we can see that Apple Siri
performs better than the other two VAs for the factors of Faster
Speech and Noise Tolerance, Hence, we check the Apple Siri
column corresponding to those two rows in our table 13. For
all the other factors, Google Assistant has a comparatively
better performance than Amazon Alexa and Apple Siri. So, we
check the rows of those parameters and the column for Google
Assistant in our table 13. This provides us with the finding
that based on our external factors, out of these three Virtual
Assistants, Google Assistant has better performance in more
of the instances and hence has a better overall comparative
accuracy for our analysis.

V. CONCLUSION:

Our approach, while being a good indicator of the accuracy
of the Virtual Assistants in terms of the external factors -
accent, speed of speech, volume, and noise tolerance, have
some drawbacks in respect to a realistic emergency response
scenario. Most of these drawbacks evolve from the fact that
human beings are not machines, and their response to any
situation is unpredictable. So, firstly, the commands we play
out to the VAs, we have no way of knowing for sure if an
injured individual will always be in a state of mind to form
a complete and accurate VA acceptable command. If he/she
is unable to do such, most of the VAs might ask again for
a command, which is not an ideal thing to do in such a

situation. Secondly, we understand that emergency situations
of various kinds cause different mental states in an individual
which result in a faster or slower speech [11]. This faster or
slower speech does not map exactly to the kind of speed up or
down we are performing in our experiment. This is due to the
fact that such a realistic speech is not uniformly sped up or
down. Most often, it is the pauses that are sped up, whereas the
time frame of pronunciation of each word stays the same. We
have not, hence, recreated this scenario to the utmost accuracy
in our experiment. Thirdly, we have only covered four of the
accents, when there are an immense number of other accents
widely spread. We, also, have not considered other prevalent
languages like Spanish, Mandarin, or Hindi. Finally, our set of
factors is limited due to the reason that we use an audio archive
with various accents and a MATLAB Tool that we created to
generate our modified factors. On the other hand, there can be
a lot of other factors, eg. age, dialect, proficiency with Virtual
Assistants, environment, that can give a more accurate analysis
of Virtual Assistants in an emergency response situation.

Emergency response systems, being the means for emer-
gency response teams to locate and move resources to emer-
gency sites, have a very fine threshold for error when it
comes to accuracy. Concluding only based on our analysis
and associated factors, we can say , gauging by how our three
Virtual Assistants perform, based on accents, speed of speech,
low volumes, and noisy environments, they are not yet fit to
be implemented in these scenarios and are in need of case-
specific modification to their transcribing algorithms before
this step can be realistically taken.
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