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ABSTRACT 
The inability to access non-verbal cues is a setback for peo
ple who are blind or visually impaired. A visual-to-auditory 
Sensory Substitution Device (SSD) may help improve the 
quality of their lives by transforming visual cues into au
ditory cues. In this paper, we describe the design and de
velopment of a robust and real-time SSD called iFEPS – 
improved Facial Expression Perception through Sound. The 
implementation of the iFEPS evolved over time through a 
participatory design process. We conducted both subjective 
and objective experiments to quantify the usability of the 
system. Evaluation with 14 subjects (7 blind + 7 blind
folded) shows that the users were able to perceive the facial 
expressions in most of the time. In addition, the overall sub
jective usability of the system was found to be scoring 4.02 
in a 5 point Likert scale. 

Categories and Subject Descriptors 
H.5.2 [User Interfaces]: Auditory (Non-speech) feedback; 
K.4.2 [Social Issues]: Assistive Technologies for persons 
with disabilities 

General Terms 
Algorithms, Design, Human Factors 

Keywords 
Blind, Facial Expression, Sensory Substitution, Participa
tory Design 

1. INTRODUCTION 
In social communication, both the verbal and non-verbal 
modalities play critical roles in conveying emotions and in
tentions. Argyle et al.[1] showed that people convey 80% 

*The author was affiliated to University of Memphis while 
the project was in progress 
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Figure 1: Illustrative scenario for the usage of 
iFEPS. A blind person participates in a dyadic con
versation where he uses a smart-phone to perceive 
his interlocutor’s facial expressions. 

of the information through non-verbal means of communi
cation (For instance, facial expressions, hand gestures, body 
pose, proximity, touch etc.). The inability to perceive infor
mation conveyed visually is a severe setback for the blind or 
visually impaired individuals. It restrains them from partic
ipating in a spontaneous social interaction. 

A Sensory Substitution Device (SSD) compensates for that 
inability via substituting auditory or haptic information for 
visual. People who are blind use various SSD’s in their daily 
lives such as braille, screen readers, money detectors, color 
detectors, water level detectors etc. However, there is a 
lack of suitable SSD for blind people to access non-verbal 
modalities. Such a device can improve their lives in many 
ways. For instance, if a device could give feedback on peo
ple’s facial expressions, it could be used to help non-sighted 
users to participate in an effective social interaction. It could 
also be part of video calling software like SkypeTMor Google 
HangoutTMetc. Moreover, it would be possible to develop 
accessible movie players – which could comment on the ex
pressions of the movie characters. 

Traditional SSD’s were built into separate devices which was 
inconvenient for the users to carry. Now, the growing avail
ability and computational capabilities of the smartphones 
are making it possible to incorporate multiple SSD’s in one 
single device. It was reported in [8] that, the use of main
stream devices instead of specialized ones provide many ben
efits to the users, e.g. reduced cost, increased mobility, im
proved usability, and less social stigma. Moreover, native 
accessibility features in smartphones are allowing the generic 
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applications to be accessible. Also, smartphones can acquire 
updated information or can offload computational burdens 
to remote servers since it can connect to the internet. Giu
dice et al. elaborated these issues in [6] and recommended 
sensor-rich smartphone platform. 

We describe the design and development of a visual-to-auditory 
sensory substitution device named iFEPS – improved Facial 
Expression Perception through Sound[18]. It is a smartphone
based solution that can provide auditory feedback based on a 

Ă´ personâ Zs facial expressions. The usage scenario is shown 
in Figure 1. In this system, the smartphone captures the pic
tures using its camera and transmits to a dedicated server. 
The server processes the facial imagery and transmits the 
extracted information back to the phone. The phone pro
duces auditory feedback based on the information received 
from the server. 

We address a number of challenges while designing and eval
uating iFEPS. For example, we needed to devise a special 
training method for people who are congenitally blind be
cause they had no idea about facial expressions and its rela
tions with emotions. We trained the users to use the SSD by 
making them attempt different facial movements and listen
ing to the corresponding auditory feedback. In this process, 
they could associate the sound stimuli with the perception 
of facial expressions. Another critical issue was to design 
an appropriate auditory feedback for the users. We involved 
blind users from the Clovernook Center for the Blind and Vi
sually Impaired to decide upon the best design choices. This 
“Participatory Design”[4] was helpful for developing appro
priate components of the SSD. 

In this paper, we describe our design strategy in detail. We 
also report experimental results which illustrate the usability 
of the system was improved by adopting the participatory 
design approach. In addition, based on our experience and 
the needs of the actual users, we provide some guidelines 
on how to develop effective SSD’s in future for accessing 
non-verbal modalities. 

2. LITERATURE REVIEW 
Early SSD’s were focused on mapping all the visual infor
mation to a tactile or auditory channel. For instance, Tac
tile Vision Substitution System (TVSS), designed by Bach
y-Rita [3] used to convert low resolution images captured by 
a camera to haptic sensations on a person’s back. On the 
other hand, Peter e Meijer invented the vOICe [11] system 
which was able to generate a stream of sounds based on the 
pixel intensities of the image. However, several researchers 
claimed that this type of SSD’s are not usable, as they are 
confusing to the users [12]. The extraneous cognitive load is 
so high that it overburdens the echoic memory [13]. 

The SSD’s are, nowadays, more focused on a particular ap
plication than the whole visual field and becoming more 
usable. For instance, Optacon[7] – an SSD to transform 
printed texts into tactile feedback – obtained commercial 
success as it was focused on a single aspect of the visual 
field. The iFeeling system[16] and the SSD implemented 
by the “Team F.A.C.E.”[2] were designed to focus on hu
man face to extract emotion for the blind users. These two 
systems focused on some specific facial movements and are 

known to be more usable than the TVSS or vOICe. This ap
proach of constrained information delivery is well supported 
by Loomis et al.[9], where they recommended for carefully 
selecting the information required for the task in hand. 

However, iFeeling and the other SSD from team F.A.C.E 
attempt to produce feedback on their interpretations on hu
man emotions. In contrast, feedback system of iFEPS is 
only dependent on facial expressions. Our system is not de
signed to infer emotions because, Firstly, the cultural differ
ences in expression-to-emotion mapping may lead a system 
to be biased by cultural idiosyncrasies. Secondly, vari
ous combinations of face and head movements can convey a 
large amount of emotional content. Selecting only a subset 
of these emotions for feedback can under-utilize the poten
tial of an SSD. Finally, it is hard to implement a robust, 
automatic, natural emotion prediction system because it is 
difficult to get annotated data with significant agreement 
between the annotators. 

3. DESIGN OF THE I FEPS 
The iFEPS prototype was built in two phases. In the first 
phase, we designed it “in-lab”, based on the philosophies 
proposed by Belardinelli et al.[12]. In the second phase, we 
adopted participatory design[4]. In this section, we describe 
the process of research, development and evaluation of the 
iFEPS prototype. 

3.1 Phase One: “In-Lab” Design 
According to Belardinelli et al.[12], the designer of an SSD 
must consider three main issues. Firstly, what are the fea
tures to be sonified and the rationale for choosing these fea
tures. Secondly, how to extract the features and Finally, 
the rationale behind designing the feedback system. In our 
design, we tried to keep focus on all these three issues. 

3.1.1 Choice of Facial Features 
According to the Facial Action Coding System (FACS)[5], 
Action Units are the building blocks of a facial expression. 
We chose four facial features as listed in the Table 1. 

Based on our observations from an earlier study, we selected 
the facial features that are related to various AU’s. We par
ticularly focused on Frequently Occurred and Strongly Con
nected [14] AU’s because they are correlated with most other 
AU’s. In Table 1, we show the facial features associated 
with different Action Units, for example, AU 1 (Inner Brow 
Raised), 2 (Outer Brow Raiser), and 4 (Brow Lowerer) are 
all related to the height of the eyebrows from the eye level 
(BrowH) etc. 

3.1.2 Extraction of the Facial Features 
Figure 2 shows the architecture of the iFEPS prototype. A 
smart-phone captures and transmits stream of pictures to a 
server through the Wi-Fi network. The server analyzes the 
pictures, extracts facial features and transmits them back 
to the smart-phone. In order to track the face and facial 
features in the stream of pictures, we used a Constrained 
Local Model (CLM) based Face-Tracker1 as Jason Saragih 

1Face Tracker is freely available online for non-commercial 
use in https://github.com/kylemcdonald/FaceTracker 

https://github.com/kylemcdonald/FaceTracker


Table 1: Facial Features extracted in iFEPS and their relations with Facial Action Units (AU’s) 
Name of the feature Associated AU’s 
Height of the eyebrow (BrowH) 1(Inner Brow Raiser), 2(Outer Brow Raiser), 4(Brow Lowerer) 
Eye opening (EyeO) 5(Upper Lid Raiser), 7(Lid Tightener), 43(Eyes Closed), 45(Squint), 46(Blink) 
Distance between upper 
and lower lips (LipH) 

9(Nose Wrinkler), 10(Upper Lip Raiser), 16(Lower Lip Depressor), 17(Chin Raiser) 
25(Lips Part), 26(Jaw Drop), 27(Mouth Stretch) 

Distance between the corners 
of the lips (LipCD) 

12(Lip Corner Puller), 15(Lip Corner depressor), 
18(Lip Pucker), 20(Lip Stretcher), 22(Lip Funneler) 
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Figure 2: Block diagram of the iFEPS prototype 
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icture of the landmark points tracked 
by the face-tracker (b) Four facial features calcu
lated from the tracked landmark points 

et al. reported in [17]. It can detect and track 64 landmark 
points on human face. The facial features are computed 
in the server by calculating the distances between pairs of 
landmarks as shown in Figure 3. It analyzes the tempo
ral changes of these features to detect an “Up” and “Down” 
event – a sudden increase and decrease in the feature values 
respectively. It smooths the features temporally by averag
ing their values over a window of several frames. Smooth
ing is necessary to remove high frequency noises associated 
with the extracted features. However, it introduces delay 
in the feedback. It was empirically found that averaging 
over five frames usually yields a sufficiently smoothed curve 
while keeping the delay minimal. The smoothed values of 
the features were subtracted from the values in the previous 
frame. Intuitively, this operation determines the changes 
in the signal by applying a low-pass differential filter. We 

apply threshold to the filtered signal to detect the events. 

3.1.3 Design of Auditory Feedback 
In the first phase, up and down events were represented 
using two short (300 ms) tones. The pitch of the second 
tone was one note higher for the up event and one note 
lower for the down event. The base frequencies of the notes 
were different for different features. We assumed such a 
short and sparse feedback would reduce auditory fatigue. 
Moreover, we hypothesized short tones would be useful to 
dispatch the complete information quickly during fast facial 
movements. However, we observed the tonal feedback to 
yield little benefit, as it imposed heavy cognitive load. We 
show this with experimental evidences in Section 4. 

3.2 Phase Two: Participatory Design 
We conducted the participatory design through active col
laboration with a small group of subjects, who were blind. 
Several aspects of the “in-lab” design were modified during 
this design process as described below. 

3.2.1 Center for the Blind and Visually Impaired 
We conducted our research at the “Clovernook Center for 
the Blind and Visually Impaired”, located in Memphis, TN. 
This center provides tailored services to blind and visually 
impaired people according to their needs. It trains the users 
on how to read and write using braille. It also provides 
customized training on lifestyle skills to remain independent. 
It has a well-equipped computer lab where the students can 
learn to use many accessible hardware and software (e.g. 
JAWS, ZoomText etc.). There is even a training program 
on the use of iPhone apps using VoiceOver interface. 

3.2.2 Participants 
We conducted the formal evaluation with a group of 7 blind 
and 7 sighted participants. We primarily selected them 
based on their willingness and availability to volunteer in 
our study. We tried to maintain a broad spectrum of gen
der, ethnic origin, and level of skills in technology use in 
the selection process. In the team of non-sighted users there 
were five African-American, one Asian, and one Caucasian 
participants. Among them 6 were male and one female. On 
the other hand, in the group of sighted users, there were four 
Asian, two Caucasian, and one African-American (2 female 
and 5 male) participants. They were all graduate students 
at the department of Electrical and Computer Engineering 
in University of Memphis. They had an age range of 24 to 
30. The non-sighted users had an age range of 35 to 63. 

We formed a “Design Team” consisting three blind users to 
actively participate into our design process. We selected 



them based on their availability, enthusiasm, experience, and 
exposure to technology. They worked closely with the sys
tem design by actively participating in the discussions and 
brainstorming sessions, by proposing modifications to the 
system, and by creating wish-lists. We worked on modifi
cations of iFEPS in our lab and met with this team once 
a week at the Clovernook center to let them use our modi
fied system. We noted their opinions and recommendations 
about specific changes in the features. We resorted to con
sult this team for small empirical evaluations. The full team 
of 14 participants was employed only in formal objective 
evaluation of the system. Blindness statistics and technol
ogy usage of the non-sighted participants are given in Table 
2. P1, P2 and P3 each took part in the study as a member 
of the design team. 

In the “Technical Skills” column of Table 2, High refers to 
a group of users who are skilled in computer and smartphone 
usage via accessibility software like JAWSTMor VoiceOverTM . 
They usually download smart-phone apps on their own, use 
the app rating and commenting features extensively, and 
have a good collection for their regular use. Users with 
Medium skill has experience with smart-phone apps, but 
they don’t use it in regular basis. Users with Low tech
nology skill usually don’t use smart-phone apps. They use 
computer in rare occasions. 

3.2.3 Design Activities 
The participatory design was initiated with a formal usabil
ity test on our tone-based first prototype. We describe the 
details of this test in Section 4. From the first interaction 
with this early version of iFEPS, the users expressed con
cerns because short and sparse tone-based feedback is dif
ficult to detect accurately. It required a significantly high 
level of concentration to perceive the events. In addition, 
the experiments showed the average accuracy of correctly 
detecting the facial events reached at most 85% even af
ter multiple half an hour training sessions. We, therefore, 
decided to implement a speech feedback based on the rec
ommendations from the design team. Speech feedback takes 
a longer time to dispatch. As a result, presence of a feature 
may suppress the consecutive facial events. Despite these 
drawbacks, it turned out to be a better choice, as it was 
easier to recognize. This was reflected in the usability test 
where we found the rate of recognition to approach 100%. 

The design team, however, was not satisfied with the speed 
of the system. Despite the first version of the prototype run
ning on 2 to 4 frames per second as shown in Table 3, there 
was a delay of about 1 to 2 seconds between the actual oc
currence of the facial movement and the production of sound 
feedback. It was due to the smoothing operation applied to 
remove noises in the facial features. As this operation was 
an indispensable part of the signal processing algorithm, we 
tried to circumvent the problem by increasing the communi
cation speed between the client and the server. We did this 
by changing the communication protocol. Instead of trans
mitting the raw frames, we changed the system to transmit 
the JPEG encoded version of the images. Later, we further 
improved the speed by encoding the differences between two 
consecutive video frames (“delta frames”). Since the consec
utive frames in a video stream do not change much, there is 
little information to transmit. This type of encoding tech-

Table 3: Average Time of communication using an 
Android smart-phone, D-Link Cloud Router 2500 
and an Intel Xeon E5630 machine with 6GB RAM 

Environment Time(ms)/FPS 
in old system 

Time(ms)/FPS 
in new system 

In front of Library 500/2 111/9 
Coffee Shop 322/3 90/11 

Building Corridors 312/3.2 78/12 
Building where 
server resides 

250/4 73/13.6 

Room where 
server resides 

250/4 72/13.8 

nique is known as “temporal compression”. In our current 
design, a full image (key frame) is transmitted after every 
5 frames. The frames in between are transmitted in delta 
form. These changes improved the communication speed 
from an average of 4 FPS to 13 FPS. 

In our system, radical changes in consecutive video frames 
could occur due to involuntary hand shake and jitters. There
fore, we needed to stabilize the video frames for yielding the 
total benefit of the temporal compression. We implemented 
a basic algorithm for video image stabilization using phase 
correlation[15]. Although we used this algorithm for image 
stabilization, we capped the maximum possible translation 
and rotation in a video frame as it can produce erroneous 
results from time to time. Overall, the incorporation of this 
stabilizer reduced the amount of jitters. The stabilized video 
stream also helped to reduce the amount of tracking failure. 

Apart from these issues, the design team also identified the 
requirement of holding the smart-phone perfectly horizon
tal to start detecting a face. This was due to the use of a 
non-rotation-invariant face detector. We attempted to re
solve this problem by using the gravity sensors incorporated 
in an android smart-phone. The direction of the gravity 
vector was used to determine the relative orientation of the 
camera with respect to ground. This direction was used to 
rectify the angular rotation and to make the pictures per
fectly horizontal. However, this solution completely fails if 
the users keep their heads tilted. Currently, we circumvented 
the problem by keeping a provision to turn the auto-rotation 
adjustment off. We will try solving this problem in the fu
ture by incorporating a rotation invariant face detector. 

4. EXPERIMENTS AND RESULTS 
The iFEPS was evaluated based on, 1) The performance of 
the system e.g. the accuracy of the face-tracker, speed of 
communication etc. 2) Objective evaluation of the feedback 
and, 3) Subjective evaluation of the system. In this section, 
we describe the experiments and associated results. 

4.1 Performance of the System 
We tested the speed of iFEPS in several places. In this 
test, we used an Android smart-phone, University of Mem
phis Wi-Fi network, and a 2.53GHz Intel Xeon E5630 based 
Windows computer as a dedicated server. We measured 
the average round-trip time of the communication – i.e. to 
transmit the frame and to receive the extracted features. 
The results of this experiment is shown in Table 3. As dis



Table 2: Blindness and technology usage statistics for Non-Sighted Participants 
ID Age Gender Total/Partial Congenital 

Non-Cong. 
Years in 
Blindness 

Technical 
Skills 

P1 35 M Total Non-Cong. 23-30 High 
P2 63 M Total Legally Cong. 12 High 
P3 36 F Partial Cong. in one eye – Medium 
P4 55 M Total Non-Cong. 25 Low 
P5 58 M Partial Non-Cong. – Medium 
P6 56 M Total Non-Cong. 16-25 Medium 
P7 40 M Partial Non-Cong. – Low 

cussed in Section 3.2.3, the difference in speed between the 
old and new system was due to the communication proto
col. The old system used to transmit the whole raw frames 
of the video stream, while the new system used temporal and 
JPEG compression. Moreover, the communication speed of 
the iFEPS varies from indoor to outdoor environment based 
on signal strength and lighting conditions. 

We evaluated the accuracy of tracking the facial features 
using the Extended Cohn-Kanade Database [10]. It con
tains frames extracted from videos containing articulated 
facial expressions. It also contains manual annotations of 
the facial landmarks. For each feature, we calculated the 
distance between the points corresponding to that feature 
and the same points detected by the face-tracker. The dis
tances were normalized by expressing them as a fraction of 
the distance between two pupils of eyes in the picture. It was 
necessary since absolute value of the error distance can vary 
depending on the resolution of the picture. The result of this 
experiment is shown in Figure 4. The plot shows fractions 
of the database containing a maximum average normalized 
error. For instance, considering landmark points responsi
ble for BrowH features, about 65% of the pictures in the 
database contain less error than 0.1. It is evident from this 
figure that, EyeO is the most erroneous feature. Further
more, we noticed this phenomenon during our experiments, 
where opening the mouth occasionally caused failure in eye 
tracking. It is likely to be a bias of the system. Since the 
height of the eye brow was calculated from the position of 
the eyes, failure in tracking eyes correctly incorporated error 
in BrowH feature as well. However, we did not attempt to 
solve this problem as it was infrequent enough to be within 
acceptable boundaries. 

We also evaluated the failure characteristics of the face-
tracker. We say the tracker “lost track” when it completely 
failed to detect any face in the video-frame even though there 
is actually a face. In this experiment, we used 10 videos 
of about fifteen minutes to test the failure characteristics. 
These videos were compiled using the frames transmitted 
by the smart-phone. These videos contained usual hand 
movements and jitters. We made sure that every video clip 
contained a face for its full duration. We created two ver
sions of these videos clips. One version was stabilized and 
rotation-normalized using the stabilizer and sensor data as 
described in Section 3.2.3. Another version was unmodified. 
We tracked the face using the face-tracker in both versions 
of the videos. We noticed that after stabilization, there was 
an average of 65% reduction in the frames with lost track. 
Figure 5 shows the locations of such frames in one of the 
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Figure 4: Accuracy of detection for different points 
associated with the facial features 
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Figure 5: Failure characteristics in a 15 min video. 
White stripes represent frames with lost track 

videos. The white regions represent the video frames where 
the face tracker failed to detect the face. 

4.2 Objective Evaluation of Feedback 
We evaluated the feedback through an experiment involving 
training and testing parts. It was conducted after both the 
“In-Lab Design” and the “Participatory Design” phases. The 
goal of this experiment was to identify what proportion of 
the audio feedback was correctly identified by the users. The 
mistakes arising from the tracking failure of the system was 
not considered in this experiment. The training and test 
setup is shown in Figure 6. Participants trained themselves 
by making some facial gestures and listening to the feed
back. The usability of the auditory feedback was evaluated 
through a speaking test. In this test, an actor sat in-front of 
the subject and showed different facial expressions. Sighted 
subjects were blindfolded for this part. The subject held 
the smart-phone camera towards the actor and listened to 
the sound feedback. The task was to speak out the names 
(e.g. “mouth open”, “eyebrow up” etc) of the events that the 
subjects could identify from the auditory feedback. In case 
of second prototype, the subjects repeated after the spo
ken feedback. We recorded the screen and audio from the 
server computer which incorporated the facial movements, 
detected events, sounds played by the smart-phone, and ver



Table 4: Accuracies (%) of the subjects’ responses to identify the facial events from audio feedback 
Phase One Phase Two 

Subjects S/NS Session 1 Session 2 Session 3 Average Session 1 Session 2 Session 3 Average 
1 NS 81.13 84.37 79.13 81.54333 98.26 100 95.86 98.04 
2 NS 91.07 79.31 91.01 87.13 96.96 96.31 94.1 95.79 
3 NS 70.88 76.33 82.25 76.48667 95.48 96.86 98.84 97.06 
4 NS 88.69 80.36 84.43 84.49333 99.9 98.6 100 99.5 
5 NS 74.34 77.17 84.16 78.55667 97 97.22 94.92 96.38 
6 NS 94.21 84.96 85.07 88.08 97.74 85 95.57 92.77 
7 NS 87.25 81.87 88.25 85.79 100 89.75 100 96.58333 
8 S 80.13 80.97 92 84.36667 99.9 100 96.67 98.85667 
9 S 88.77 87.17 80.99 85.64333 93.27 97.06 100 96.77667 

10 S 80.14 82.41 86.53 83.02667 99.3 98.63 96.03 97.98667 
11 S 87.39 90.01 85.09 87.49667 96.06 97.33 98.8 97.39667 
12 S 88.22 83.53 73.09 81.61333 98.29 96.1 99.22 97.87 
13 S 83.81 88.54 82.02 84.79 100 100 100 100 
14 S 84.53 83.42 84.41 84.12 94.32 100 98.1 97.47333 

Average 84.32571 82.88714 84.17357 Average 97.60571 96.63286 97.72214 

(a) (b) 
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Figure 6: Experimental setup for evaluation of us
ability. In the training part (a) the user made facial 
gestures and listened to the feedback. In testing 
part (b) the user listened to the feedback for his 
interlocutor’s facial expressions. 

bal response of the subject. We analyzed the video offline 
to calculate the amount of correct responses by the human 
subjects. The accuracy was calculated as a ratio of correct 
responses to the total number of events sonified in the audio 
feedback. Each subject participated in three half-hour ses
sions. In total there were 84 (= 14 * 2 Phases * 3 Sessions) 
sessions of audio-video screen capture. The accuracy of de
tection for each session is given in Table 4. The abbreviation 
S/NS in the second column of this table refers to whether 
the subject was sighted or non-sighted respectively. 

We conducted several statistical analyses on these data. A 
Box-Whisker plot of the accuracy values is shown in Figure 
7, which represents the results using six different boxes. The 
three red boxes on the left represent performances with the 
first prototype of iFEPS while the blue boxes on right rep
resents the second prototype. We notice from the plot that 
the mean accuracy of detection in the first phase was lesser 
than the second, whereas, the variance of results in the first 
phase was larger. 

Figure 7: A Boxplot showing performances of the 
subjects to identify the sonified events 

We conducted a few hypothesis tests to understand the sig
nificance of these values. We denoted the accuracies of the 
three sessions of phase one as group one and those of phase 
two as group two. Then we compared the mean of these two 
groups using a tailed t-test. Since the variances of these two 
groups were different, we used a MATLAB implementation 
(ttest2) of Welch’s tailed t-test. Our null hypothesis was, the 
sample mean of group one is higher than the sample mean 
of group two. Our t-test rejects the hypothesis with 0.01 
significance level since the p-value was 4.9569e-23. A paired 
t-test also rejects the hypothesis with 0.01 significance level. 
In this case, the p-value was 4.7658e-18. 

4.3 Subjective Evaluation of the System 
We conducted a survey to evaluate the subjective opinions 
about Learnability, Usability, Error and Satisfactions on us
ing iFEPS. In this survey, we made several statements and 
asked the participants to rate their agreement or disagree
ment with the statements in a 5-point Likert scale. The 
higher the values in Likert scale, the higher the agreement 
it represents. The statements for subjective evaluation are 
given in Table 5. All of the 7 non-sighted subjects partici
pated in this survey. The results associated with this survey 
is given in Figure 8. The figure shows the average Likert 



Table 5: Questionnaire for subjective evaluation 
Description Questions 
Learnability iFEPS is easy to learn. iFEPS 

doesn’t require a long training. 
The audio feedback is easy to 
distinguish. 

Usability I performed well to identify 
expressions with little training. 
I performed well to identify emotions 
with little training. I consider iFEPS 
to be fast enough. iFEPS conveys more 
information than what is available 
through voice. 

Error Has few or no occasions of serious 
error. Has few or no tracking failure. 
iFEPS behaved consistently. I faced few 
or no difficulty in initializing face-
tracking. 

Satisfaction I am satisfied. I’ll use it in my 
personal life. 
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Figure 8: Result of subjective evaluation. The bars 
are in sequence to the statements of Table 5. 

ratings on the subjects’ confidence about several aspects of 
iFEPS prototype. It is evident from the figure that iFEPS 
is easy to learn. It became possible because of the speech 
feedback which allowed the users to detect the expressions 
almost exactly. The users showed varied amount of con
fidence about the statements referring to device usability. 
Although they were very confident about the facial expres
sions, they looked quite hesitant about detecting emotions. 
Perhaps, because the users believed emotion to be context 
dependent. 

Most of the users were quite confident about the correctness 
of the iFEPS sonification. However, they were a little cau
tious about directly using this prototype in their personal 
life. It felt awkward to them to hold a smartphone towards 
a person’s face in a dyadic conversation. They mentioned it 
would be much more satisfactory if the camera was located 
somewhere not easily noticeable to the interlocutor. The 
whole interaction should be discreet. Moreover, some of the 
participants found it tiring to hold a smartphone over a long 
time. We discuss these issues in the next section. 

5. SUGGESTIONS FOR FUTURE DESIGN 
The design team and the blind participants pointed out sev
eral weaknesses of the current implementation of the iFEPS 
prototype. Moreover, from our design experience, we iden
tified a few issues that should be considered in any future 
endeavor of designing SSD’s similar to iFEPS. In this sec
tion, we discuss these issues. 

Unobtrusiveness of the System: Most of the blind sub
jects mentioned that the use of smart-phone camera is un
comfortable to them because of social issues. It seemed awk
ward for them to use a smartphone to understand another 
person’s facial expressions in a dyadic conversation. Some 
people mentioned our design to be “tiring” as it requires 
holding the camera towards somebody’s face. Some users 
found it difficult to hold the camera steadily. A better SSD 
for non-verbal communication should be unobtrusive so that 
it does not attract attention of the interlocutor. Moreover, 
it should be easy to use for long hours. We decided that 
such an unobtrusive system could be glasses embedded with 
digital camera, such as, Google Glass2 . We decided to im
plement our next prototype in Google Glass. It will be un
obtrusive in nature, so the users would be able to use it more 
comfortably. 

Haptic Feedback: The use of auditory feedback might 
be distracting in a dyadic conversation. One of our par
ticipants informed us that the accuracy of detection of the 
facial expressions could have been worse if they would have 
to identify the facial expressions while participating in a con
versation. The use of sound feedback somewhat restricts the 
user to listen to other sound sources. Therefore, the system 
could be improved by incorporating a haptic feedback. In 
the future, the SSD should incorporate a haptic feedback. 
This will also be helpful to the blind-deaf community for 
accessing non-verbal modes of communication. 

Detection and Removal of Eye Blink: Eye blink causes 
a major distraction in understanding the facial expressions. 
Since eye blink causes the eye open features to be changed at 
regular interval, it creates distraction. Moreover, the pres
ence of this non-informative feature often causes suppres
sion of other important features. Therefore, in future, eye 
blink should be detected and removed from the feedback. 
It should be noted that eye blink could be related to vital 
information about a person’s tiredness or boredom. These 
information should be estimated and fed back as separate 
cues. 

A Wider Spectrum of Non-Verbal Events: The users 
want to know information beyond the basic facial features 
we chose. For example, the head nod and shake for showing 
agreement or interest are something to be given feedback 
about. The participants in our study mentioned their in
terest in other features like identity, gender, ethnicity etc. 
Therefore, those features could also be incorporated in the 
feedback system. A major problem we encountered in in
corporating many features is to design a viable feedback so 
that all of the information could be dispatched to the users. 
This is an interesting problem to be solved for designing a 
successful SSD of this kind. 

2http://www.google.com/glass/start/ 



Robust Detection and Tracking of Face: A future de
sign of SSD should be smart in capturing the camera frames. 
In our current implementation, the face-detector responsi
ble for initializing the face-tracker is not rotation invariant. 
As a result, the smartphone needs to be correctly aligned 
with the face to start tracking. A gravitational sensor based 
rotation correction is not a solution to this problem as it 
makes the pictures horizontal while the face itself can be 
tilted with respect to the ground. A rotation invariant face 
detector is necessary for this purpose. Gravitational and ori
entation sensors may be used to estimate the device’s pose 
for providing feedback to the users regarding movements of 
the camera. Moreover, the system should be able to au
tomatically detect whether parts of face is occluded or the 
camera view is blocked in some way. In such cases, the SSD 
should provide feedback about the occlusion. When the face 
tracker loses track, it should automatically detect and reset 
the tracker. 

Elimination of Network Dependence: The process of 
transmitting the video frames to a remote server and re
ceiving the processed information is problematic in many 
aspects. It often causes slow dispatch of feedback. The 
necessity of good Wi-Fi signal restricts the movements of 
the users. In an ideal situation, the SSD should work lo
cally in the device without any network connection. Re
cent smartphones are computationally capable enough to 
perform many computer vision tasks locally. 

6. CONCLUSION 
In this paper we have described the implementation of iFEPS 
through a participatory design process. A comprehensive us
ability study was performed to illustrate the efficacy of the 
system. Throughout the study, we gained valuable insight 
about its functionality and also identified issues that should 
be addressed to enhance the overall user experience. 
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