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ABSTRACT
Designers frequently utilize engineering equipment to create physical prototypes during the iterative
concept generation and prototyping phases of design. Currently, evaluating designers’ efficiency during
prototype creation is a manual process that either involves observational or survey based approaches. Realtime feedback when using engineering equipment, has the potential to enhance designers’ efficiency or
mitigate potential injuries that may result from incorrect use of equipment. Towards an automated
approach to addressing these challenges, the authors of this work test the hypotheses that i) there exists a
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difference in designers’ comfort levels before and after they use a piece of engineering prototyping
equipment and ii) a machine learning model predicts the level of comfort a designer has while using
engineering prototyping equipment with accuracies greater than random chance. It has been shown that
the level of comfort that an individual has while completing a task, impacts their performance. The authors
investigate whether automatic tracking of designers’ facial expressions during prototype creation, predicts
their level of comfort. A study, involving 37 participants using various engineering equipment, is used to
validate the approach. The Support Vector Machine regression model yielded a range of R squared values
from 0.82 to 0.86 for an equipment-specific model. A general model built to predict comfort level across all
engineering equipment, yielded an R squared value of 0.68. This work has the potential to transform the
manner in which design teams utilize engineering equipment, towards more efficient concept generation
and prototype creation processes.

1 INTRODUCTION
Typically, a designer has an architectural view of how they wish a product or
design should evolve [1]. The initial phase of design involves making decisions about the
main characteristics of the product. Then, designers develop conceptual solutions by
forming functional structures [2], an important step towards a successful product
development process [3]. The key to successful prototyping involves the ability of
designers to quickly translate their ideas into real world solutions [4]. Prototyping helps
design teams explore multiple approaches and ideas, hereby reducing risk and ensuring
that all the design requirements are met. Prototyping typically involves iterations that
include feedback pertaining to either the prototype itself or the process by which a
designer creates the prototype. In order to achieve faster and more efficient prototyping
processes, designers must understand the interactions between humans and other
elements in a particular work system. Humans must be comfortable operating all
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elements of the work system, such as power operated machines [5]. These machines help
the workforce achieve the required level of productivity and efficiency [6]. Stiff global
competition, tighter schedules, and low budgets demand higher accuracy with respect to
performance of work [7][8]. Decision makers are therefore motivated to adopt
technologies that have the potential to increase productivity and efficiency through the
quantification of factors (e.g., affective states) that impact designers’ performance.
From designers’ perspective, real time feedback pertaining to their performance
during design-related tasks has the potential to enable them to learn about their creative
strengths/weaknesses. Comfort influences performance because designers must be
comfortable with the tools and equipment that they use on a regular basis in order for
them to efficiently perform their tasks [6][9]. In this work, comfort is defined as a state of
an individual wherein they are in control of a task at hand and perceive themselves at
being at minimal risk from errors and injuries. While comfort may not link directly to
ability, increased comfort during the design process leads to more openness for learning
with a potential to increase efficiency while working with heavy machinery. In a
prototyping experiment using mixed reality techniques, Bordegoni discovered that
among good prototyping practices, people were found to be comfortable during the
prototyping process [10].
As work task performance often determines successful engineering design projects,
real time information concerning performance, has great value for real-time, or near realtime decision making [7]. In an attempt to address these issues, semiautomated/automated technologies have been developed to capture designers’ internal
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representations using text [11], speech [12] or body language [13]. For example,
individuals’ internal representation can be captured and mined through textual data in
order to model individuals’ responses to external stimuli [14]. However, analyzing
designers’ internal representations using text may be impractical in a design workshop
environment because it may interfere with the required task at hand. Speech analysis
may also be a challenging solution, as the noise levels of the engineering equipment may
interfere with the audio frequencies projected by designers’ voices. Other data modalities
may be explored to mitigate the limitations of using audio or textual information to
communicate designers’ comfort with engineering machines. For example, Behoora and
Tucker explored the use of non-wearable sensing systems to capture designers’ body
language during design team interactions in order to infer designers’ affective states [13].
However, body language exhibited during the prototyping phase of design, is dependent
on the task, rather than the designers’ particular comfort with a given engineering
equipment.
To mitigate the aforementioned challenges, the authors of this work propose to
model designers’ comfort levels with engineering equipment by capturing their facial
expressions while engaged in product prototyping. Facial expressions involve different
cognitive processes. Emotional expressions elicit rapid responses which an individual
might not be aware of. They are not just reflexive, but also have a communicative
component [15].
Facial data is also explored for other reasons such as:
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Unlike other body parts such as hands and feet, a designers’ face is typically unobstructed
during the prototype creation phase



Facial expressions exhibited by a designer can be mapped to internal affective states



Facial key points can be automatically captured and mined using machine learning
algorithms
The field of Affective Computing aims to reduce the gap between the human and the
computer by developing computational systems that recognize and respond to affective
states [16]. Systems that recognize affect are appearing in a number of domains, including
gaming, mental health, and learning technologies [17].

It has been shown that

automatically recognizing and responding to a user’s affective states, enhances the
quality of the interaction between the user and the computer, thereby making the whole
system more effective [18].

In automatic facial expression detection, accurate

registration of the face is required which can be achieved using a deformable model
approach where 60-70 points on the face is used. The mean shift algorithm used in this
paper extracts 66 key points for automatic comfort detection [19].
Advancements in the field of Affective Computing have the potential to enhance certain
engineering design activities that benefit from automation and real time performance
feedback. In this work, the authors hypothesize that comfort is reliably detected using
analysis. The method presented in this paper has the potential to improve the design
prototyping process through enhanced efficiency and safety feedback.
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2 LITERATURE REVIEW
2.1 Concept Generation and Prototyping in Design
Design concept generation is a critical step of the engineering design process. If this step
is not well understood, it leads to undesirable outcomes such as design fixation that refers
to designers’ inability or reluctance to establish and solve a design need in multiple ways
[18]. Also, design concepts affect the quality and efficiency of production, as they lead to
different manufacturing processes (i.e., mass production, lean production or manual
production) [20]. Methods such as brainstorming, parallel thinking and technology probes
are used to create design concepts [21] [22]. A significant correlation exists between the
quantity of brainstormed ideas and the quality of design outcomes [23]. After design
conceptualization, design prototypes are created (often in an iterative manner) to test
the feasibility of the design concepts. A design prototype is an abstraction of the schema
that results from similar design cases [24].
A design prototype consists of three factors: function, structure, and behavior
[25]. The specific level of a factor depends on the stage of the design [26]. In many cases,
equipment such as power saws, drilling machines etc., are used to create prototypes that
represent a physical manifestation of design concepts and ideas. In one study, the ability
to create visual prototypes enabled designers to perceive failure as an opportunity for
learning, which ultimately strengthened their beliefs about their creative ability [27]. It
was found that successful design teams use more physical prototypes throughout the
design process [28]. Therefore, given the iterative nature of prototyping, it is important
that designers feel comfortable while using engineering equipment in order to minimize
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risks associated with incomplete prototypes or injuries during their creation. Proper
equipment performance is difficult to guarantee without the careful focus on human
factors and safety [29]. Furthermore, the ergonomics of the machines themselves could
be assessed towards more user-friendly designs [30].
However, there is a knowledge gap in terms of how to provide designers with
personalized feedback during the concept generation and prototyping phases of design.
The method presented in this work aims to mitigate these challenges by exploring the use
of automated facial feedback capture systems that model and predict designers’ comfort
with engineering equipment during the physical prototype process. This work has the
potential to enhance designers’ performance and efficiency.
2.2 Modeling Designers’ Performance on Tasks
Engineering systems design require design teams to use design as well as decision-making
skills [31]. In order to acquire these skills, novice designers require feedback to improve.
The timing and consistency of feedback are crucial to the design learning process [32].
More feedback during the design phase leads to a better prototype and, ultimately, a
better product. For example, students who received systematic feedback and
encouragement concerning their sketching abilities were more likely to sketch, and show
improvement in sketching skills over the course of a semester [33]. Similarly, it has been
shown that self- reflection on the quality of team work during the design process, leads
to a more positive rating of team satisfaction [34]. Feedback and prompts for selfreflection ensures that individuals consistently reflect on their own work. Continual
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reflection leads to better team work among designers and increased confidence within
individual designers [35].
The four main criteria for a good design practice are 1) control over the process,
2) clear and available information, 3) feedback, and 4) support from management [36].
Balancing supervision with autonomy can be difficult for management with limited time
resources, especially during the prototype development stage [11]. Automating this
process could mean that designers receive appropriate amounts of feedback while also
maintaining a sense of control. Computers are able to offer feedback and encouragement
during the design process [37]. In addition, computers can be adapted to the specific
needs of the designer. As the timing of feedback becomes more adaptive to the situation,
the entire design process has the potential to become more efficient. Evaluating
efficiency of the entire prototyping process is necessary when evaluating designers.
Performance can be evaluated using computational methods, observational methods, or
a combination of the two. For example, Latent Semantic Analysis (LSA) is a computational
method used to evaluate design team performance [34]. Other observational methods
capture the psychological experience of the designer because emotional states relate to
productivity of the designer’s process [38]. However, there has been a push in design
research to automatically collect and analyze data [39]. Facial expressions allow for a
noninvasive, yet computationally robust assessment approach to providing designers
with feedback during the prototyping phase of design. In addition, researchers are able
to collect more objective data as more technology is integrated into the designers’
processes.
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2.3 Affective State Recognition and Classification
Automatic affect analysis has attracted much interest from researchers in various
research fields. The most current approaches to computer-based analysis of human
affective states are limited to either face images or the speech signals [40]. Ekman
conducted various experiments on human judgment of deliberately posed facial
expressions and concluded that there were six affective states that could be recognized
universally: anger, happiness, disgust, sadness, and surprise [39]. Previous work on
affective state classification and affective state detection focused on these six
expressions. A complete review of recent affective state recognition systems based on
facial expressions is provided by Pantic et al. [40]. Instead of proposing a new affective
state class, the authors of this work propose to use facial key points to predict designers’
comfort level with engineering machinery.
In terms of using affective states to predict real world outcomes, Zeng and
colleagues explored ways for a computer to recognize users’ affective states (e.g.
interest, boredom, frustration and confusion) and to apply the corresponding feedback
strategy [41]. Khan et al. presented a concept to identify and integrate learning styles and
affective states of a learner into web-based learning management systems. This system
provides learners with adaptive courses and additional guidance that is tailored to their
learning styles and affective states [42].
Previous work mainly consists of classification of the six universal emotions such
as happiness, anger, sadness, fear, disgust and surprise using traditional classification
models. The method presented in this paper focuses on predicting the level of comfort,
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as opposed to the classification of the six basic emotions and paves the way for
automated and real time personal feedback during design prototype creation.
3 METHOD
The authors of this work propose a machine learning model that predicts the level
of comfort a designer has while using a given engineering equipment. However, before a
machine learning model is developed that predicts the level of comfort a designer has
while using a piece of engineering equipment, it must be quantitatively shown that
comfort levels do indeed change while using a piece of engineering equipment.
Therefore, the authors first test the hypothesis that designers’ comfort levels change
while using a given piece of engineering equipment. If comfort levels do not change
during actual prototyping, then only the initial comfort level could be used to infer
designers’ performance when using a given piece of engineering equipment. On the other
hand, if it can be quantitatively shown that comfort levels during prototyping vary, then
this demonstrates the need for real time feedback to measure these changes. The authors
investigate if a set of facial movements of a designer, will be able to predict a designer’s
level of comfort with a given piece of engineering equipment. In this work, facial key
points are captured automatically by video recording systems and mined using machine
learning algorithms. The detailed steps of the method are presented in Figure 1. The
method involves four major steps: Data Acquisition, Facial Key Point Extraction, Data
Normalization and Model Building and Evaluation, with the design context presented
below for further clarity.
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The Design Context
Given a design objective (e.g., redesign a shopping cart in just five days), designers will
embark on design conceptualization and iterative physical prototyping, often under tight
time constraints. There are a wide range of engineering tools that can be used to create
physical prototypes, ranging from power drills to electric band saws. For example, Figure
2 represents a designer from the company, IDEO, creating a physical shopping cart
prototype that will be compared against other prototypes being simultaneously built by
other design team members [43]. In this design context, the designer is focused on
ensuring that the ideas presented during the design conceptualization phase are
communicated accurately by the physical prototype. Furthermore, given the stringent
time constraint that designers typically face, it is imperative that prototypes are created
in a timely and efficient manner, while ensuring safety. Therefore, the proposed method
has the potential to capture designers’ facial expressions (even if they are wearing safety
glasses) that are exhibited during the prototype creation phase, in order to quantify their
comfort level with different pieces of engineering equipment. Such capabilities would
enable design teams to discover the engineering equipment that are better suited for
creating a specific prototype or what design team member(s) is better suited to use a
specific piece of engineering equipment.
3.1 Data Acquisition of Designers’ Facial Expressions
The objective of the data acquisition step is to capture the facial expressions of a designer
while using a given piece of engineering equipment. To accomplish this, it is assumed that
video data pertaining to a designer’s facial expressions, can be acquired for each piece of
engineering equipment in use. Formally stated, given designer d, d ∈ 𝐷 and a piece of
Bezawada et al.
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engineering equipment m, m ∈ 𝑀, the objective of the data acquisition step is to capture
the facial expressions E, expressed by designer d, when utilizing a piece of engineering
equipment m. To accomplish this, it is assumed that video data pertaining to a designer’s
facial expressions E, can be acquired for each engineering equipment m. Standard
resolution (640x480 pixels) video recording equipment are assumed to be the minimum
requirements to capture facial expressions. For each designer, the video data captured,
represents a given designer performing a certain task using a given piece of engineering
equipment. In this study, engineering equipment refers specifically to prototyping
equipment that is used to generate a prototype of a design concept. Power saw, drill
machines and scissors are typical types of prototyping equipment. Ground truth data is
needed to train the machine learning model for future unseen instances of designers
using machines. Questionnaires, which capture initial affective states and the affective
states after the completion of the required task, establish ground truth data. From the
questionnaire data collected, the Wilcoxon Signed Rank T test can then be performed to
test whether there is a statistically significant difference in the level of comfort before
and after performing each task at a given piece of engineering equipment. The data
acquisition protocol can be applied in a prototyping workshop when the designers are at
work using the different engineering equipment. It is a non-invasive form of data capture,
enabling designers to perform their tasks with minimal disruption.
3.2 Facial Key Point Extraction
Each video clip v acquired from a designer, is comprised of a set of mutually exclusive
frames, f ∈ 𝐹 , where frame f1, represents the first frame acquired by the video recording
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system and frame fn represents the last frame acquired by the video recording system.
These facial key points are reported in the two-dimensional space of the image, and hence
are in the form of (x, y). The facial key points are shown in Figure 3.
For each frame f in Figure 3, facial key points or facial features are extracted using the
regularized mean-shift algorithm [19]. Deformable model fitting refers to identifying a
parametrized shape model to a frame such that its landmarks correspond to consistent
locations on the object of interest. For a detailed explanation about the regularized mean
shift algorithm, please refer to [19]. In this work, the mean and standard deviation of each
key point in the frames of the video sequences are modelled as a single feature for
simplicity.
3.3 Data Normalization
The location, size, and orientation of the facial image in the frame are likely to be
characteristics of a designer’s pose and location relative to the camera, and not aspects
of the designer’s affective state. Therefore, Ordinary Procrustes Analysis is performed on
the facial key points obtained from each frame in order to standardize the facial location
and orientation while retaining the unique facial expression information from each frame.
Ordinary Procrustes analysis matches all the faces in the frames as closely as possible to
a specified reference frame by uniform rotation, translation and scaling, as shown in
Figure 4. The reference frame is chosen such that the face of the individual is
approximately in the center of the frame and is looking directly into the camera.
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3.4 Model Building and Evaluation
In order to validate the predictive ability of face-tracking to assess the comfort level of
designers, nonlinear regression was conducted using a Support Vector Machine (SVM)
algorithm. SVMs were chosen because they have been shown to perform well with
continuous variables in high dimensional spaces [44]. In this case, the predictors for the
model are the means and the standard deviations of the normalized key points across all
the frames in a particular video clip. The mean and standard deviation of the rotation
parameter of the Procrustes Analysis are also used as predictors along with the means
and standard deviations of the facial key points. The dependent variable for the model is
the level of comfort, which is rated by the designers on a scale of 1- 10. It is important to
note that this rating is only performed once by each designer to establish ground truth
data for the machine learning algorithm.
For the SVM model, hyper parameter optimization chooses the best parameters
for the model by training multiple models. The two parameters to be estimated are
Epsilon ( ) and Cost(C). Epsilon ( ) controls the width of the -insensitive zone used for
fitting the training data. The Cost(C) determines the tradeoff between the model
complexity and the degree to which deviations larger than

are tolerated in the

optimization formulation with different epsilon ( ) and cost (C) values. The mathematical
formulation of the SVM is presented below.
1

∗
Minimize ‖𝒘‖2 + 𝐶 ∑𝑁
𝑖=1(𝜉𝑖 + 𝜉𝑖 )

(1)

subject to 𝑦𝑖 − 𝒘𝑔(𝑥𝑖 ) − 𝑏 ≤ 𝜀 + 𝜉𝑖

(2)

𝒘𝑔(𝑥𝑖 ) + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖∗

(3)

𝜉𝑖 , 𝜉𝑖∗ ≥ 0

(4)

2
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where,
𝑥𝑖

Training sample of facial key points acquired from designers, 𝑖 = 1, … , 𝑁

𝑦𝑖

The dependent variable comfort that is based on a scale of 1-10, where 1
represents “least comfortable” and 10 represents “most comfortable”,
𝑖 = 1, … , 𝑁

𝒘

Normal Vector to the Hyperplane

𝜀

Tolerable Error

𝐶

Cost of error

𝜉𝑖 , 𝜉𝑖∗

Deviation outside epsilon intensive band, i=1,…,N

𝑔(𝑥 )

Radial Basis Kernel Transformation, 𝑖 = 1, … , 𝑁, 𝑗 = 1, … , 𝑁
2

𝑔(𝑥𝑖 ) ∙ 𝑔(𝑥𝑗 ) = exp(−𝛾‖𝑥𝑖 − 𝑥𝑗 ‖ ), 𝛾 > 0
𝑏

Bias Term

SVM regression uses an epsilon intensive loss function to allow deviation from the
true value within distance and at the same time, reach global minimum. Specifically, the
points within the epsilon intensive band have no cost of errors and the cost of error
outside the band are measured by parameter 𝐶. Slack variables 𝜉𝑖 , 𝜉𝑖∗ are introduced to
measure the deviation outside the epsilon intensive band. Figure 5 is a conceptual
representation of a one dimensional nonlinear SVM regression model with an epsilon
intensive band. The epsilon intensive band boundaries are determined by the
parameter 𝜀.
The SVM regression model is employed to determine the relationship between
the facial key points acquired from a designer (d), and their comfort levels with different
pieces of engineering equipment (m). The following section presents a case study that
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demonstrates the feasibility of the proposed method in a real world engineering design
workspace.
4. APPLICATION
4.1 Experimental Setup
The data for the study was collected in an engineering workshop at the Pennsylvania State
University. For this study, three engineering equipment stations were set up. Station 1
contained a power saw, Station 2 contained a drilling machine, and Station 3 contained a
pair of scissors. Video recording equipment was set up at each engineering equipment
station such that the face of the participant performing the task could be seen clearly
(Figure 6). Cardboard pieces of uniform size (21cm x 9 cm) were used for designing two
tasks at each engineering equipment station, one simple task and one more complicated.
The first task at Station 1 (power saw) and Station 3 (scissors) consisted of cutting
along a straight line drawn along the middle of the piece of cardboard. The second task
consisted of cutting a figure ‘8’ in a piece of cardboard. At Station 2 (drill), the first task
consisted of drilling a hole in the center of the piece of cardboard, and the second task
consisted of drilling two holes 1 cm apart along a line parallel to the edge of the
cardboard. The participants had to ensure that the two holes did not join together while
drilling. Approximate task instructions are shown in Figures 7 and 8.
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4.2 Questionnaire Design
An initial questionnaire asked participants to rate their current affective state based on a
series of emotional words. Participants rated the degree to which they were currently
experiencing the emotion on a scale of 0-10. Participants also completed the Personality
Minimarker, which evaluates personality according to the Big Five traits [45] . Participants
were also asked about their knowledge and comfort of workshop machinery and
laboratory tasks. Lastly, participants provided their gender, age, and race (Table 1). Once
participants provided signed consent, they completed the initial questionnaire. Upon
completing the initial questionnaire, an experimenter assigned each participant to a
randomized order of machines.
Participants completed one task specific questionnaire after each task. The task specific
questionnaire consisted of the same emotional items as the initial questionnaire. In
addition, questions asked participants about perceived danger of the specific machine.
Lastly, the task specific questionnaire asked participants to evaluate their performance
on the task and report their level of focus. Each participant provided six task-specific
questionnaires: two (one for each task) per station for three stations.
4.3 Participant Recruiting
The participants in the study were all freshman engineering students of 18-19 years of
age and enrolled in EDGSN 100 Introduction to Engineering Design. All participants
provided informed consent. Participation in the study was voluntary. A total number of
40 students participated in the study.
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4.4 Data Acquisition
The participants entered the machine shop in groups of three, with a different participant
assigned to each workstation. There was no interaction or communication between
participants. The participants were recorded while performing the two tasks at each
station. After completion of both tasks, participants were rotated to the next machine so
that each participant completed all six tasks. Videos were edited such that the final clips
used for analysis consisted of the participants performing the two tasks (Figure 9 shows
an example of the video recording).
4.5 Facial Key Point Extraction
A total of 60 clips were used for the study. The clips were chosen such that the face was
not hidden by the equipment. The clips consist of a diverse mix of participants performing
the two tasks at each of the three engineering equipment stations. Some of the clips were
omitted, as the participants in most of the frames were blocked by the equipment or were
out of range of the video recording equipment. Therefore, while the data collection
started with 40 participants, only 37 were used in the hypothesis test and model
generation, as explained in the results section. The number of frames in each clip varied
as the time taken for each task by the participant differed. 66 facial key points were
extracted using the CSIRO Face Analysis SDK and the Face Modeling [19]. Each feature
had an x and y coordinate, resulting in 132 features per frame (see Figure 10). Ordinary
Procrustes analysis was performed to align all faces to a canonical orientation and scale
centered at the origin and scaled to unit variance, as explained Section 3.3.

Bezawada et al.

18

MD-16-1285

Journal of Mechanical Design

4.6 Model Building and Evaluation
SVM Regression was used to predict self-reported level of comfort from mean and
standard deviations of the 66 facial key points and Procrustes alignment parameters using
the R package ‘e1071’ [46]. As the facial keypoints had an x and y component, the total
number of facial features were 132. The means and standard deviations of all 132
features, along with the procrustes parameters were used. Grid search determined that
C = 1 and = 0.01 were the optimal parameters to minimize the cost function of the SVM
model (see equations 1-4 in section 3.4). The parameters were chosen so that they
yielded the maximum model accuracy. Box-Cox transformations [47] were performed to
equalize the variance for both the positively and negatively skewed predictors. The model
performance was tested using a leave-one-out cross-validation approach. In this
approach, one video is left out of the training process and used for testing. This process
is repeated until all the videos have been left out exactly once.
5. RESULTS AND DISCUSSIONS
5.1 Hypothesis Test Exploring Whether Designers’ Comfort Levels Change While Using
a Given Piece of Engineering Equipment.
As stated at the start of the method section, before the value of the SVM model can be
evaluated, it must first be shown that designers’ level of comfort does indeed vary, as
they perform a given task on a specific piece of engineering equipment. The questionnaire
data collected is used to compute the summary statistics of the level of comfort of the
participants. Formally stated, the hypothesis to be tested is as follows (at α=0.05):
H0: µA = µB
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Ha: µA ≠ µB
Where, H0 is the null hypothesis which indicates there is no significant difference between
the mean initial level of comfort at an engineering equipment station (µA) and that after
completion of the tasks (µB).
Ha is the alternate hypothesis which indicates there is a significant difference between the
mean initial level of comfort at an engineering equipment station (µA) and that after
completion of the tasks (µB).
The results of the hypotheses test indicate that the comfort level before and after
each task at the three engineering equipment stations varied across the different
machines. Overall, the participants were mostly comfortable with the equipment in the
machine shop with the level of comfort at all engineering equipment stations (sampled
mean (𝑥̅ ) = 6.8). This may be attributed to the fact that the participants had been working
with the same equipment for a semester for their course EDGSN 100. Participants were
more comfortable with the power driven equipment, the power saw 𝑥̅ Task 1 = 6.9, 𝑥̅ Task2 =
8.02) and the drilling machine (𝑥̅ Task 1 = 8.05, 𝑥̅ Task2 = 8.2), compared to the scissors (𝑥̅ Task 1
= 5.05, 𝑥̅ Task2 = 4.88). Surprisingly, participants were least comfortable with scissors (𝑥̅ Task1
= 5.05, 𝑥̅ Task2 = 4.88). Participants reported highest comfort at the drill station (𝑥̅ Task1 =
8.05, 𝑥̅ Task2 = 8.2). Participants were slightly more comfortable with the second task
(𝑥̅ Task2= 8.02) at the power saw station than the first task (𝑥̅ Task1 = 6.9) despite the increase
in complexity of task two. The comfort increase may stem from the knowledge about the
task processes and machine operations gained from the previous task. However, there is
a comfort decrease at the scissors station between two tasks. According to the video,
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participants exerted considerably more effort and strength to cut the cardboard using
scissors. Furthermore, because the figure “8” is more intricate than a straight line, more
effort and strength is needed in task two. The increase of comfort by knowledge gained
from the previous task may be offset by the heavy demands of strength and effort at the
scissors station. Figure 11 presents a visual summary of the comfort levels at different
engineering workstations.
A series of Wilcoxon Signed Rank tests were conducted to determine whether
there were statistically significant differences in participants’ comfort level before and
after completing a particular task at a given piece of engineering equipment. The results
indicate that there was no significant difference between the initial levels of comfort and
that after the completion of task one at the power saw station (p = 0.054). However, there
was a significant difference between the initial level of comfort and that after the
completion of task two at the power saw station (p = 0.04). According to Table 2 and Table
3, comfort level significantly increased in task two at the power saw station. In terms of
all other four tasks, under the significant level of 5%, there are significant differences
between the initial levels of comfort and that after the completion of these four tasks
respectively (i.e., two tasks at the drill station and two tasks at the scissors stations). There
is a significant comfort increase at the drill station for both tasks, while there is significant
comfort decrease at the scissors station. Table 3 summarizes the results of the t- tests
for both tasks completed at each of the three engineering equipment stations. As a
reminder, while the researchers originally captured data of 40 participants, only data
pertaining to 37 participants was used in the hypothesis test due to the fact that the facial
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data of some participants, was hidden from the view of the video recording system, and
hence, represented noise in the data set.
As discussed in the literature review section, the comfort level of a designer when
using a piece of engineering equipment, has a direct impact on their performance and
safety. Furthermore, as showed in Tables 2 and 3, comfort levels vary when using
different machines and performing different tasks (i.e., five experiments out of six have
significant comfort level difference). Therefore, it is of great importance to measure the
real-time comfort level while designers’ are at work. Based on real-time comfort level
feedback, designers may adjust the process of prototyping, hereby improving design
performance and workshop safety. Low or decreasing level of comfort may act as an
alarm or stop signal for assistance or timely feedback. On the other hand, positive
feedback may act as an encouragement or safety signal while comfort level is increasing
or high. The following section provides evidence of the ability of machine learning
algorithms to predict comfort levels, based on participants’ facial expressions while
performing tasks using engineering equipment.
5.2 Evaluation of the SVM Regression Model in Predicting Designers’ Comfort Levels
5.2.1 Evaluation of the Equipment-Specific SVM Regression Model in Predicting
Designers’ Level of Comfort
Numeric results in the previous section demonstrated the existence of statistically
significant variation of comfort levels before and after the tasks at different engineering
equipment stations. Five null hypotheses out of the six stated in the previous section were
rejected. Given the variation of comfort level, without feedback, designers will not be able
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to gain knowledge of the comfort level during the design prototyping process. This may
decrease the productivity of the prototyping process or even increase the risk of getting
injured during the process. A machine-specific SVM regression model was trained for each
equipment station to predict participants’ comfort level from automatically-extracted
facial expression data. The clips were segregated based on the work station the
participant was working at. The R squared values for each work station is shown in Table
4 with the 𝑅2 range from 0.82 to 0.86. Different fitness of data may result from individual
discrepancy such as frame quality or self-perception. As seen in Table 4, the SVM
regression model is quite accurate at predicting what a designer’s level of comfort will be
when using a given piece of engineering equipment (that has been used before and that
has ground truth data associated with it). With such a model, designers working to
iteratively create physical prototypes, will be able to determine quantitatively what
pieces of engineering equipment are most/least comfortable to use to design creative
and efficient prototypes. The comfort level can be used as a quantitative measure to
determine the level of comfort that results in increased creativity or safety.
While equipment-specific models are quite accurate at predicting the designers’
comfort levels, prior ground truth is needed (i.e., comfort level of the participant and
facial key points at the specific equipment station) to generate future predictions of
comfort levels while using a specific machine. However, prior data about the designer or
the given piece of equipment may not always be available. For example, if a design team
attempts to use a new piece of engineering equipment for which ground truth data has
yet to be acquired. Therefore, this study further explores the accuracy of a general model
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that could predict comfort level without prior knowledge of the specific machine being
used. Details are demonstrated in the next section.
5.2.2 Evaluation of the General SVM Regression Model in Predicting Designers’ Level of
Comfort
In the general SVM regression model, the objective is to predict comfort level, regardless
of the piece of engineering equipment or designer in the engineering workspace. As can
be imagined, this is a more complex objective, given the variations that exist in machine
complexity, designer experience, etc. However, in the absence of engineeringequipment-specific ground truth data (as needed in the previous section), the general
model could be used as a baseline model, while additional ground truth data is being
acquired for the new design prototype scenario. The results in Table 5 show that the SVM
regression model has a Coefficient of Determination (R2 value) of 0.68, which indicates
that 68% of the variation in level of comfort is explained by the facial key points.
Moreover, the levels of comfort were rated by the participants themselves on a
continuous scale. This indicates that the level of comfort used as “ground truth” is
subjective, resulting in high variance across individuals. Another factor that may have
contributed to lower accuracy (compared to section 5.2.1) is missing facial key point data
for some engineering tasks. During data collection, the participants’ face might have been
hidden by the equipment while performing the task for a short period of time or may have
moved away from the focus of the video recording equipment. In future setups, the angle
of the video camera should be adjusted to each individual so that the equipment does
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not block the face. In addition, the use of smaller wireless cameras will allow for more
flexible and customizable camera angles.
For a new design scenario involving equipment or designers where ground truth data may
not be yet available, using the general model during the prototyping process would
provide an initial prediction of the comfort level, albeit with lower accuracy, compared to
the engineering-specific-equipment model in section 5.2.1. However, in the absence of
any feedback system, the general model is still better than random chance. Furthermore,
given that comfort is on a continuous scale, designers could discretize the comfort level
range (e.g., “low comfort”, “medium comfort”, “high comfort”) so that if the general SVM
regression model over or under estimates a level of comfort, it still maps to one of the
discretized comfort categories. In terms of feedback, efficiency and productivity of the
designers may benefit, based on the ability to provide assistance as and when they need
it (i.e., when they are least comfortable with the equipment they are using).
The results indicate that an automatic classifier operating on videos of natural
facial expression is able to extract the level of comfort of an individual. The results show
that the data collected through non-invasive data capture techniques while designers are
at work, can be used to effectively model and predict their comfort level. During design
conceptualization and prototyping, designers would not need to be disturbed and could
continue with the task at hand, while the proposed system modeled and predicted their
comfort level. Design teams could choose if/when intervention feedback would be
provided that enhanced designer efficiency, while minimizing distraction and injury.
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It is expected that with a larger data set and more advanced modelling algorithms,
the accuracies of the proposed method will improve. Future experiments will explore
these research questions by including dynamic information in a traditionally static system
using procedures such as time-delay embedding, for example, in a Support Vector
Machine.
5.2.3 Base Facial Expressions
It is possible that individuals may have very different base facial expressions. For example,
one person may naturally have an angry facial expression. However, this does not
necessarily mean that they are uncomfortable or angry. Another scenario worth exploring
is that the variation of each individual’s facial expressions, may cause our prediction
model to predict inaccurately, as the model described in this paper does not account for
interpersonal differences in facial structure. The accuracy of this model reflects the ability
to predict level of comfort without explicit base-expression information about the
individual in view. We could improve our prediction if baseline measurements were
incorporated into the prediction model. Future research can include explicit control for
person-specific neutral facial expressions for better prediction accuracy so that a model
is tailored to an individual.
6. CONCLUSION
Developing prototypes is an essential step in the design process. The current design
landscape calls for enhanced productivity and efficiency. Therefore, designers must be
comfortable with the equipment that they utilize during design conceptualization and
prototyping. The questionnaires in this study indicated that comfort levels were higher
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after the use of a machine (𝑥̅ power saw = 8.459, SD = 1.626; 𝑥̅ drill = 8.135, SD = 2.668)
compared to pre task comfort levels (𝑥̅ pre task = 6.838, SD = 2.339). However, comfort levels
differed from task to task. To properly track the dynamics of comfort levels, designers
must be monitored throughout the prototyping process. Although real time observation
and feedback may be costly for enterprise decision makers, it has the potential to
minimize safety hazards and increase productivity. Automating this process may enable
enterprise decision makers to provide the same benefits as manual observation and
feedback at a fraction of the cost. In this work, a predictive model for engineering-specific
equipment had quite promising results, with a 𝑅2 range from 0.82 to 0.86. However, such
a model may not be applicable to all design scenarios, especially if new engineering
equipment or new designers are introduced to a design project, where no ground truth is
yet available. To mitigate these challenges, a generalized SVM model was also explored
in this work. The general model showed the comfort level in individuals can be predicted
by using facial expressions with a reasonable accuracy (R2 = 0.68) using standard video
equipment. Introducing video monitoring equipment to the design process is a low cost,
yet beneficial, adjustment to 1) streamline the delivery of feedback, 2) enforce safety
guidelines, and 3) intervene if a designer is distracted while using power equipment.
Though this study lays preliminary groundwork, the findings advocate for building
intelligent feedback systems to help enhance productivity and efficiency. The system will
be able to detect if an individual is comfortable or distracted while using potentially
dangerous equipment. Automatic feedback systems also benefit workforce training,
engineering laboratory teaching, and other domains. Intelligent feedback systems can
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increase efficiency and productivity of learning processes by providing assistance as
needed. In addition, in workshop or laboratory settings, more monitoring will ensure that
individuals follow safety protocols at all times. Feedback from these systems will build
confidence in individuals as they perfect their design and prototyping skills. More selfesteem in engineering and designers has the potential to induce more confidence in
projects and influence productivity.
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Figure 2: A Designer at IDEO Creating a Shopping Cart
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Figure 4: Procrustes Analysis: The left figure is the pre-aligned figure and the right
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Figure 5: One Dimensional Nonlinear Regression with Epsilon Intensive Band
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Figure 8: Tasks to be
performed at the Drill
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Figure 9: Snapshot of Video Sequence
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Figure 10: Conversion of Raw Facial Key Point Data into Data ready for
Analysis
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Figure 11: Statistical Summary of Level of Comfort at the Three Workstations
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Table 1: Participant Summary
Participant Summary

Bezawada et al.

Number of Paricipants

40

Age of Participants

18-19 years

Undergraduate Year

Freshman

% of Female Participants

27.5%
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Table 2: Analysis of Comfort Level at the Three Workstations
Level of Comfort

Minimum 1st Quartile Median Mean

3rd Quartile Maximum

Initial

0

6

7

6.838

8

10

Saw Station after Task 1 0

7

8

6.914

10

10

Saw Station after Task 2 1

7

8

8.027

10

10

Drill Station after Task 1 2

7

10

8.057

10

10

Drill Station after Task 2 3

7

9

8.2058 10

10

0

3

5

5.053

7

10

0

3

5

4.886

7

10

Scissor

Station

after

Task 1
Scissor

Station

Task 2
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Table 3: Wilcoxon Signed Rank Wilcoxon Signed Rank test to Assess Comfort as
Baseline and After the Tasks at the Equipment Stations
Comfort Level

N

Mean

Standard
Error
0.385

VValue
-

P value

6.838

Standard
Deviation
2.339

Baseline

37

Power Saw after Task 37
1
Power Saw after Task 37
2
Drill after Task 1
37

6.703

3.045

0.501

161

0.054

8.459

1.626

0.267

255.5

0.0408

8.459

1.789

0.294

105.5

0.002

Drill after Task 2

37

8.135

2.668

0.439

130

0.012

Scissors after Task 1

37

8.324

2.199

0.362

169.5

0.012

Scissors after Task 2

37

8.14

2.134

0.541

141.5

0.021
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Table 4: R squared values for the Equipment Specific Models
Engineering

Equipment R squared Value

Work Station

Bezawada et al.

Power Saw Station

0.835

Drill Station

0.863

Scissors Station

0.824
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Table 5: Evaluation of SVM Regression Model
Metric
Correlation Coefficient
Adjusted R squared Value

Value
0.83
0.68

Mean Squared Error

1.157

Root Mean Squared Error

1.32

Relative Absolute Error

0.41

Root Relative Squared Error 0.23
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