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Abstract—Student attentiveness within the classroom can be
assessed by observing student attention toward the teacher or
whiteboard, which may be inferred through eye-gaze direction.
This paper introduces a novel technique for evaluating student
attentiveness by analyzing the direction of their eye gaze derived
from their 3D skeletal pose in a reconstructed 3D environment.
As for the contributions, the paper suggests a novel 3D head
pose estimation algorithm that, unlike other works, does not need
frontal face information. As a result, the method is highly effective
in uncontrolled environments such as classrooms, where frontal
face data is often unavailable. Moreover, a new algorithm was
developed to evaluate student attentiveness based on 3D eye gaze
information interpreted from the 3D head pose. The proposed
method has been validated using a set of instructional videos
collected at the University of Virginia.

I. INTRODUCTION

In today’s era, artificial intelligence (AI) is seamlessly
integrated into various aspects of human life, including ed-
ucation, where it plays a crucial role in enhancing quality and
accessibility [1]. One significant application of Al in education
is the automation of teacher performance assessments [2]. Tra-
ditionally, these assessments have been conducted manually,
a process that is labor-intensive and prone to errors [3]. In
recent years, considerable research efforts have focused on
developing automated, Al-driven systems for teacher evalu-
ation [4], [5], [6], [7]. However, much of this research, such
as instructional activity recognition, has emphasized teacher
behavior while neglecting the critical role of students in the
evaluation process [8].

A student-centered approach to assessing teacher perfor-
mance can provide deeper insights into classroom dynamics
[8]. One intuitive method is through analyzing students’ eye
gaze and head direction, as engaged students are more likely to
focus their attention on their teacher [9], [10]. To facilitate this
gaze analysis, estimating 3D head poses is a viable strategy
[11]. However, traditional methods of 3D head pose estimation
rely on frontal facial features [12], which are often ineffective
in classroom settings.

This ineffectiveness arises for several reasons. First, class-
room videos are typically captured with the camera focusing on
the teacher, leaving students’ faces partially or completely out
of frame. Second, in densely packed classrooms, students are
often occluded by peers or objects. Third, even for students
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whose faces are visible, the wide-angle focus of classroom
cameras frequently results in low-resolution or blurry facial
features.

To address these challenges, this paper proposes a novel
method for estimating 3D head poses in classroom environ-
ments using 3D skeletal poses instead of facial features. Unlike
faces, the body provides a more reliable and informative rep-
resentation under varying camera angles, occlusions, and low-
resolution conditions, making the proposed algorithm more
effective in classroom settings.

Furthermore, we introduce an innovative algorithm to eval-
uate student attentiveness based on their estimated 3D head
poses. Our pipeline is designed to operate on single images,
making it highly generalizable for real-world applications
where videos are often captured using standard cameras.

II. RELATED WORK

Research in 3D head pose estimation has progressed signif-
icantly in recent years. Early methods focused on multi-stage
techniques for real-time estimation, predicting Euler angles
with data-driven regressors and optimizing face detection for
efficiency [13]. Subsequent advancements utilized attention
mechanisms to enhance pose estimation from single RGB
images, addressing issues such as complex pose variations
[14]. Later approaches incorporated heteroscedastic neural net-
works to improve robustness and provide uncertainty estimates,
enabling more reliable predictions [15]. Collaborative multi-
task learning frameworks combining RGB and sparse depth
further reduced errors on benchmark datasets. However, all of
the aforementioned methods require frontal face features for
proper 3D head pose estimation [16].

Advancements in classroom activity monitoring have
evolved from basic methods like eye status and head ori-
entation analysis [10], which struggled with occlusions and
nonstandard angles, to more integrated approaches. [9] com-
bined emotion, gaze, and head movement data, addressing
some limitations but still hampered by resolution issues. [17],
improved robustness by integrating action units with head pose
and gaze, while [18] leveraged deep learning to handle the
diversity in input effectively. However, the problem of finding
an effective student-centered method to work effectively in
classroom settings with persistent challenges such as occlusion,
various camera angles, and low resolution remained unsolved.
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Fig. 1: Pipeline for attentiveness calculation for a video clip

III. METHODS
A. Overview

Fig. 1 shows the overview of the proposed pipeline. The
teacher locations are provided through annotated bounding
boxes during the training phase. The video clips during the
testing phase are first fed into the TAA-GCN and SMAP
blocks. The TAA-GCN block [19] determines the teacher
location, Pieqcher, Utilizing semantic information, including
the skeletal structure and clothing style, to predict the age
of the subjects. Then, the SMAP [20] block identifies the
3D skeletal structure of each student, p,,. Each element of
the p,, list is then utilized to calculate the expected direction
of attentiveness, dy, teacher 1N T€SPECt tO Preqeher, and the 3D
head pose estimation of the student, h,,.

Next, based on the estimated head pose vectors, the atten-
tiveness scores are then calculated. The difference of the two
vectors is compared using cosine similarity and then rescaled
to a scale from O to 1. The measure of attentiveness will be
measured from 0, no attention being given to the teacher,
to 1, fully attentive to the teacher. These scores are then
averaged over all the students in the video to find the average
attentiveness for the clip.

In the following sections: Section III-B explains the 3D
head pose block methodology and Section III-C details the
comparison of the expected student to teacher vector and
the estimated student engagement vector to find the total
attentiveness for the students.

B. 3D Head Pose Estimation

We use SMAP [20] to extract 3D skeletal poses from
classroom videos. SMAP provides a unique approach that can
simultaneously reconstruct 3D head poses and the relative 3D
positions of individuals in the scene. This distinctive feature
is crucial for our study, as it enables us to capture both the
3D head poses and the relative spatial locations of students
to the teacher, which are essential for accurately determining
students’ attentiveness scores.

The 3D head poses are then estimated based on the
extracted 3D skeletal pose. We consider the normal vector of
the 3D plane intersecting the head, right and left shoulder and
an estimate for the 3D pose as shown in Fig. 2.
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Fig. 2: 3D headpose estimation based on 3D skeletal pose.

C. Student Attentiveness Evaluation Algorithm

To evaluate student attentiveness, the alignment of the
students’ head directions concerning the teacher is computed.
The attentiveness score is obtained for each frame by averaging
it across M students. Finally, for each video clip, the atten-
tiveness score is calculated by averaging across 1" frames. The
alignment of the students’ head direction is computed using
cosine similarity, cos(6,,,) and accordingly, the attentiveness
score A, for student m and frame ¢ as follows:

hm,t : dm,teacher

ey

co8(0p, ) =
Gnt) = T T teacher]

Ay — 1+ cos(Orm.t) @
2

where h,, ; € R? are 3D head pose vectors for student m at

frame ¢ and the relative direction vector based on the position

of teacher and students: d, teacher = Pteacher — Pm- The

above procedure is summarized as Algorithm 1.

IV. EXPERIMENTAL RESULTS

An elementary school dataset was collected to analyze in-
structional activities. We used 10 hours of instructional activity
videos annotated by a team of nine professional annotators at
the University of Virginia. Each video is around 30 minutes
long.
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Fig. 3: Visualization of student attentiveness scores for two examples of classroom video frames.
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Algorithm 1 Overall Attentiveness Score Calculation based
on 3D Head Pose for Multiple Students

Require: M > Number of students

Require: T > Number of frames

Require: h,,; € R3 > 3D head pose vector for student m at
frame ¢

ReqUire: Pteacher € R3

Require: p,, € R?

> Position of the teacher
> Position of student m
1: Aoverani < 0 > Initialize the overall attentiveness score
2: fort =1to T do > Loop over all frames
3: A; < 0 > Initialize the attentiveness score for frame ¢
4 for m =1 to M do > Loop over all students at

frame ¢
5: Compute relative direction vector dy, teacher =
Pteacher — Pm
6: Compute cosine  similarity:  cos(0y, ¢) =
h?n,t‘dnL,teachcr
”hm,tH”d'rn,teathr”
7: Attentiveness score for student m at frame t:
A — 1+COS(67VL,t)
m,t 2
8: Add student’s attentiveness score to frame score:
At < At + Am,t
9: end for
10: Compute average attentiveness for frame ¢: A; ‘1%}
11: Add frame’s attentiveness score to the overall score:
onerall — onerall + At
12: end for
13: Compute final overall attentiveness score across all frames:
onerall 4 Foverall
Ensure: A,ycrail > Return the final overall attentiveness
score

Fig. 3 visualizes the student attentiveness scores for two
classroom video examples. In the top example, there is a small
group activity in which, ideally, students pay full attention to
the teacher by aligning their head direction to the teacher’s
position. However, the results show that the attentiveness score
varies for different individuals. The same goes for the whole
class activity Fig. 3 - bottom.

Fig. 4 shows the average attentiveness score for 21 instruc-
tional video clips of our instructional videos. The results show
varying attentiveness scores for different videos but ranged
generally between 0.65 and 0.75.

The video clips of our instructional videos range from no
attention on the teacher to fully attentive students. Index 2 in
Fig. 4, displays an attentiveness of nearly 0. This video clip
was of students engaging in group activities and individual
notebook work where their attention was not supposed to be
on the teacher at that moment. A score of 0 attentiveness gives
a strong indicator that attentiveness is not teacher-centered and
instead, in this case, is focused on group and individual work.

Another example, index 20 shows an attentiveness score of
about 0.5 indicating that only half the subjects in the video are
attentive. This video clip shows a teacher sitting at a desk with
one student next to her sitting facing the same direction and
another student across from her facing her. This score reflects
the activity in the clip indicating that the activity is less teacher
centered.

The final example of index 12, shows the highest level of
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attentiveness of the example videos. With a score of about 0.75
index 12 indicates that the students are very attentive to the
teacher and engaged in teacher-centered learning. The score
of this clip is higher because the class is engaging in teacher-
centered instruction where the teacher is lecturing on a math
lesson and the students are engaging by watching, listening,
and occasionally going to the board to write. The latter is most
likely the reason that the score is not closer to 1 because the
students in the clip are not always placing their attention on the
teacher when they are writing on the board. The score of 0.75
gives a strong descriptor of the students attentiveness showing
that the activity they are engaging in is more teacher-centered.

V. CONCLUSION

This study presents a novel framework for analyzing
classroom interactions by integrating a new 3D head pose
estimation with spatial context to assess student attentiveness.
By combining precise 3D positional data and head orientation
metrics, our approach offers a comprehensive perspective on
student-teacher dynamics. This study establishes a foundation
for future research exploring scalable, automated methods for
evaluating learning environments. The effectiveness of the
proposed method has been demonstrated using a collection of
instructional videos recorded at the University of Virginia.
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