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Abstract—This research WIP paper introduces a framework
for automating the evaluation of students’ class presentations.
During oral class presentations, a human judge (mostly a
faculty) will evaluate several factors in a short presentation time.
This makes the judging task difficult, inconsistent, and highly
subjective. Certain evaluation metrics can be assessed using an
automated system rather than a human judge. The evaluation
system provides objective, consistent, and fair judging of stu-
dents’ presentations. The presenter’s body language is among the
factors that can be evaluated by such a system. Body language is
crucial for communicating messages, emotions, and confidence.
Misused body language can convey wrong messages, and be a
source of anxiety, distraction, and misunderstanding. The aim
is to establish an automated, continuous, computer vision-based
system for objective body language/nonverbal presentation skills
evaluation. We divide the non-verbal communication skills into
four categories: head pose, eye contact, facial expression and
emotion, and body pose and gesture. In this paper we focus on
head pose as an indicator to evaluate the presenter’s eye contact
with the audience. We labeled an existing head-pose image dataset
into three classes: eye contact (EC), weak eye contact (WEC), and
no eye contact(NEC). We designed and trained a neural network
model to learn and predict the speaker’s eye contact using the
extracted features. Finally, we established a scoring system that
combines the output of the model to generate a final presentation
score. The scoring system is a weighted scheme system, where the
user can specify which of the three categories may be weighted
higher than the other categories. The proposed system can be
used by engineering students to obtain feedback and improve
non-verbal presentation and communication skills.

Index Terms—Automatic presentation evaluation, automatic,
eye contact assessment, Feature representation, Neural network.

I. INTRODUCTION

Students must acquire and develop numerous crucial skills
throughout their college education to master the art of de-
livering effective presentations. These skills hold significant
value for students not only during their college years but also
in their future professional endeavors. Eye contact is one of
the essential skills needed to deliver successful presentations.
Establishing and maintaining continuous eye contact is of
significant importance when delivering oral presentations. A
recent study shows students’ difficulties in using eye contact.
Figure 1 shows the percentages of students having difficulties
using eye contact when giving presentations [13]. In college,
faculty members assess this skill during term or project pre-
sentations. The evaluations and feedback given are brief and
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Fig. 1: Students having difficulties using eye contact [13]

subjective. In addition to that, this assessment could be tedious
and time-consuming. To address these issues, researchers have
started investigating automating this process using various
multimodal sensing devices. In recent years, advancements in
computer vision and machine learning have made it possible to
automate the assessment of eye contact skills. The automated
system will also offer objective and unbiased evaluations.
The rest of this paper is organized as follows. Section II
will introduce the literature review associated with face pose
detection. Section IV will introduce the methodology, this
section will cover the design and training of a neural network
model for face pose characterization, face features extraction
and model training. The results are discussed in section V.

II. LITERATURE REVIEW

In recent years, many researchers have been working to
establish comprehensive automated systems for oral presen-
tations and social skills evaluation and training. The authors
of [2] proposed an automatic evaluation system for social
skills training. This system was built to help rehabilitate social
skills for people with certain types of disabilities. This system
provides the user with an evaluation as well as feedback. The
system uses experts labeled multimodal (video, voice, and
range data) datasets to train several random forest classifiers.
These models learn the most important features associated
with social skills. After learning these features, the system
provides an evaluation and feedback to the user for future
improvement. Chen et al. [3] introduced an approach leverag-
ing multi-modal data for assessing oral presentation delivery



and slide quality. Their study utilized audio, video, and depth
modalities to assess six important criteria of presentation per-
formance: speech organization, volume/voice, language, slides,
body language, and confidence. This method combines these
performance metrics to deliver a comprehensive final score.
The authors of the paper [4] introduced a methodology aimed
at assessing nonverbal behavioral cues in presentations. They
utilized primary sources such as speech, facial expressions
(including head and eye gaze movements), and body posture
to evaluate presentation competence. Through a thorough ex-
amination of nonverbal features extracted from these sources,
they proposed a fusion technique to aggregate these features
and generate a comprehensive evaluation of presentations. The
method proposed by Hincks [5] assesses the student’s ability
to use their voices in a lively manner. The speaker’s voice
pitch was analyzed and used as an indicator of the liveliness
of the presentation. The method introduced by Echeverria [6]
combines both video and Kinect data to evaluate presentation
eye contact and body poster. The presenter’s performance
level is evaluated as good or bad using machine learning and
features extracted from both modalities. A deep learning-based
framework for presentation assessment was proposed by [8].
Specifically, the authors used a bidirectional long-short term
memory model. This framework used two modalities: video
and body skeleton generated using depth sensors to provide
presentation assessment. Video data representation plays an
important role in the accurate assessment of presentation
delivery skills. This was emphasized in the work introduced
by [9]. The authors used unsupervised learning to generate
low-level audiovisual descriptors and self-organizing maps
for video classification. Each of these descriptors is used to
assess different presentation aspects. The authors introduced a
technique to combine all performance measures to provide a
final presentation performance score. A method for automatic
assessment of public speaking skills using multimodal cues
was introduced in [10]. The proposed method used audio,
video, and 3D motion capture sensors. The authors established
a scoring model using features extracted from speech content,
delivery, hand, body, and head movements. A more recent
work by [11] used multimodal transfer learning for oral
presentation assessment. The proposed method used three
types of features: linguistic, acoustic, and visual features. The
linguistic features were extracted from the recorded text and
represented using word embeddings. The acoustic features
were extracted by segmenting the audio files into 5-second
tracks and receiving the prosodic, voice quality, and spectrum
information from each track. The visual features are 2D face
landmarks extracted from face regions such as the eye, mouth,
and eyebrows.

III. PROBLEM STATEMENT

Consider the classroom setup depicted in Figure 2, where a
student is delivering a class presentation. We aim to explore
whether we can establish an automated system to address the
following research questions:

o Can the system determine if the presenter is facing the
audience and maintaining effective eye contact during his
speech?

o Can the system generate an objective assessment score
for the presenter’s eye contact?

« Can this score be utilized to offer feedback and compare
the performance of different presenters?
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Fig. 2: Problem statement

IV. PROPOSED FRAMEWORK

Assessing the presenter’s eye contact with the audience is
directly linked to the presenter’s head pose. Existing methods
for eye contact evaluation rely on human evaluators [12]. We
established a system capable of identifying three head poses
direct eye contact (e.g. facing the audience), weak eye contact
(e.g. looking sideways), and no eye contact (e.g., looking up
or down). The proposed framework is shown in figures 3, 4,
5 bellow:
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The proposed method consists of three steps: recognizing
the presenter’s head pose, predicting the presenter’s head pose,



and assigning a score to the entire presentation. To recognize
the user head pose, we designed and trained a neural network
using a labeled face pose dataset. After training this model it
will be deployed to predict the head pose. Given the prediction
results, we used a scoring function to assess user eye contact
during the entire presentation. In the remaining of this section,
we will discuss each step in details.

A. Face feature extraction

In order to recognize the head/face pose, we extracted
478 facial landmarks from face images using the Mediapipe
tool [1]. These face landmarks are represented as 3D points,
they are extracted from different face areas such as the iris,
eyebrow, mouth, and nose. Each point is represented using the
point coordinates (z,y, z), which will create a feature vector
of size 1434. Figure 6 shows the landmarks extracted for three
faces (no eye contact, good eye contact and weak eye contact).
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(a) No eye contact (b) Good eye contact (c) Weak eye contact

Fig. 6: Face feature extraction

B. Neural network model

Figure 7 shows the neural network architecture proposed
in this study. This architecture consists of 13 layers with
varying numbers of neurons. ReLu activation function shown
in equation (1) is applied to all layers except the final layer,
which employs SoftMax activation. The total parameter count
for the model is 6,520,561. To train the network, the dataset is
divided into three folds: 70% for training, 10% for validation,
and 20% for testing. The training phase consists of 1500
epochs. The best model is determined by validation accuracy
and saved accordingly. Evaluation using the testing dataset
reveals the best model achieving an accuracy of 88.42%.

1 ifz>0
ReL = 1
eLu(z) {0 if 2 <0 M
SoftMax(z) = :71 (2)
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C. Training dataset

In this paper, we used the head pose image dataset provided
by [7]. This dataset consists of 2,790 face images of 15
individuals, with each person having 93 images of various
head poses. The images were captured with pan and tilt angles
ranging from -90 to +90 degrees. We categorized the dataset
as follows: images with pan and tilt angles between -15 and

15 degrees are labeled as “eye contact”; images with angles
between -30 and -15 or +15 and +30 degrees are labeled as
“weak eye contact”; and images with angles between -90 and
-30 or +30 and +90 degrees are labeled as “no eye contact”.
Note that this dataset labeling depends on the classroom size,
the camera location, and the audience. This labeling could be
biased depending on the person performing the labeling. To
minimize this bias, several experts could perform the labeling
of the dataset, and consider only agreements between these
experts.

D. Eye contact score

Given a recorded video presentation containing 7' frames,
we calculate the eye contact score as follows:

EYEscore = wq * DEC + wa * WEC + ws * NEC (3)

Where:

e Dpgc is the number of presentation frames classified as
“Eye Contact” divided by the total number frames in the
presentation.

_ #frames = EC
N T
e Wgc is the number of presentation frames classified as

”Weak Eye Contact” divided by the total number frames
in the presentation.

Dpc “4)

_ #frames = WEC
B T
e Ngc is the number of presentation frames classified as

”No Eye Contact” divided by the total number frames in
the presentation.

Dgc

&)

#frames = NEC
T
o w; are weights associated with each class. These weigh

could be assigned manually to emphasis the significance/
insignificance of each class.

(6)

Ngc =

V. RESULTS

To validate our method, we used the recording of four video
presentations. We deployed the learned neural network model
to classify each frame into one of three classes: eye contact,
weak eye contact, or no eye contact. Figures 8, 9, 10, and
11 show quantitative assessment of these four presentations.
They show the number of frames classified as “eye contact”,
“weak eye contact”, and “no eye contact”. They also show
the percentages of each class in each video. Table I below
summarizes the video characteristics and the eye contact score
computed using equation 3. In this demonstration the weights
wy, we, ws are given the values 1, 0.5 and 0.25 respectively.

It is clear from Table 1 and figures 8, 9, 10, 11 that the eye
contact scores provide a good reflection of the presenters’s eye
contact with the audience.
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Fig. 7: Neural network architecture

TABLE I: Eye contact score for the four presentations

video | number of frames | eye contact score
1 2756 0.59
2 3024 0.93
3 1422 0.65
4 2745 0.52

1000

Frames.

Eye contact  Some Eye Contact No Eye contact

(a)

Fig. 8: Presentation 1: (a) number of predicted frames for each
class (b) percentages of frame predictions

(b)

VI. CONCLUSION AND FUTURE WORK

In this paper, we designed and trained a neural network
model to learn and predict the speaker’s eye contact using
face-extracted features. The proposed model achieved 88.4
accuracy. This model is used to predict the class of a new
frame in a video presentation. We established a scoring system
that combines the output of the model prediction to calculate
a final presentation score. The scoring system is a weighted
scheme system, where the user can specify which of the three
categories may be weighted higher than the other categories.
In future work, we will consider adding more modalities and
evaluate other parameters such as body pose and gestures.
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