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Abstract

Monitoring classroom-wide students’ visible behavioral engagement is important for teacher
reflection and instructional adjustment, yet video-based classroom analytics raise substan-
tial privacy concerns when students may be identifiable from visual data. To address this
tension, this paper presents a teacher-facing, region-level classroom engagement analytics
framework that converts classroom video into temporal and spatial summaries while reduc-
ing reliance on identity-sensitive visual information. The framework combines stochastic
head obfuscation, adversarial identity decoupling through a gradient reversal layer, and
differentially private release of aggregated engagement summaries through Laplace noise
injection. Using 21 short-duration classroom video segments from the Dataset for Class-
room Group Engagement Recognition and a 13-minute extended instructional sequence,
we examine what interpretable temporal and spatial signals the system can generate for
classroom reflection across short-duration and extended analyses. We also conduct a pro-
fessional evaluation with four middle school teachers to examine whether these outputs
are understandable and aligned with teachers’ professional observations. The generated
outputs and teacher evaluation suggest that region-level timelines and heatmaps can help
teachers review moments and classroom areas that warrant contextual interpretation.
Keywords: Engagement Analysis; Classroom Analytics; Privacy.

1. Introduction

Student engagement is closely related to students’ conceptual understanding and academic
achievement (Reeve et al., 2004), and it provides teachers with important cues for ad-
justing instruction and reflecting on classroom interaction (Virtanen et al., 2013). In live
classrooms, however, teachers often need to monitor many students at once while simulta-
neously delivering instruction, managing activities, and responding to classroom dynamics.
As a result, they may rely on partial and uneven cues, such as eye contact, visible par-
ticipation, or responses from a small number of vocal students. These cues are valuable
but incomplete, making it difficult for teachers to notice classroom-wide temporal changes,
spatial participation gaps, or quiet forms of disengagement during instruction.

Automated classroom analytics can help surface temporal and spatial engagement pat-
terns that are difficult to observe in real time (Liu et al., 2025). However, classroom sensing

© 2026 Z. Xiang, Q. Lin*, X. Jia & S. Zheng.



PRIVACY-PRESERVING ENGAGEMENT ANALYTICS

systems also raise concerns about student privacy, surveillance, and the interpretation of
engagement indicators. When analytics are reported at the individual-student level, vis-
ible behaviors may be misread as judgments of motivation, conduct, or teaching quality.
To address this tension, our framework reorients classroom engagement analytics toward
teacher reflection by shifting the analytic unit from individual students to predefined class-
room regions. The system treats classroom video as a spatial signal of collective activity
and shows how visible engagement patterns vary across regions and over time. This region-
level framing supports teacher interpretation while reducing reliance on identifiable student
information and individual-level behavioral judgments.

This paper presents the design rationale of the framework and examines how it translates
classroom video into teacher-facing temporal, spatial, and disparity-sensitive summaries
for reflective interpretation. Using 21 short-duration classroom video segments from the
Dataset for Classroom Group Engagement Recognition (Lu et al., 2025), together with a
13-minute extended classroom recording constructed by combining selected segments, we
examine what temporal, spatial, and disparity-sensitive visible behavioral engagement sig-
nals the system can generate for classroom reflection across short-duration and extended
analyses. We also conduct an exploratory professional evaluation with four middle school
teachers to examine whether these outputs are understandable, aligned with teachers’ pro-
fessional observations, and potentially useful in practice. This study is guided by two
research questions: RQI. What temporal, spatial, and disparity-sensitive visible behavioral
engagement signals can a privacy-aware classroom analytics tool generate from classroom
video data? R@2. How do teachers interpret these signals, and how useful do they perceive
them to be for classroom reflection?

2. Related Works

Recent advances in classroom sensing and video analysis create new possibilities for captur-
ing fine-grained engagement patterns in authentic educational settings (Liu et al., 2025).
Bidwell and Fuchs (2011) used color-based markers and Kinect depth sensing to connect
classroom observation with automated engagement measurement. Raca and Dillenbourg
(2013) later developed a classroom attention monitoring system that estimated students’
attention from motion information and behavioral synchronization among neighboring stu-
dents. Raca (2015) further examined camera-based estimation of students’ attention through
manually extracted visual features, including head pose, classroom position, periods of still-
ness, and head movement distance. However, much of this earlier work focused on estimating
attention or engagement from low-level behavioral features, with less attention to how ana-
lytics should be reported to teachers in a privacy-sensitive and pedagogically interpretable
form. For teacher reflection, the central question is not only whether a model can detect
behavior, but how its outputs can help teachers notice classroom patterns without turning
students into individually monitored subjects.

Beyond questions of analytic utility and pedagogical interpretation, systems that analyze
or monitor students through classroom video also raise ethical privacy risks and technical
privacy-utility challenges. Classroom videos may expose students’ faces, identities, atten-
dance patterns, and behavioral traces, and visual representations can create risks of identity
inference when models retain or reconstruct sensitive facial information (Khosravy et al.,
2022). These risks are especially important in educational contexts because students may
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not have equal power to opt out of data collection, and because privacy concerns shape
students’ experiences of technology-enhanced learning environments (Blackmon and Ma-
jor, 2023). In response to these risks, prior privacy-preserving video analytics research has
explored technical approaches for reducing identity exposure while preserving analytic use-
fulness. Ren et al. (2018) proposed a video face anonymizer for privacy-preserving action
detection, using adversarial training to remove privacy-sensitive face identity information
while maintaining action detection performance. In their framework, the anonymizer mod-
ifies face pixels, while the discriminator attempts to recover identity-sensitive information
from the anonymized video. Wang et al. (2019) recognized that conventional video sanitiza-
tion often detects and blurs regions of faces, license plates, locations, but does not formally
quantify or bound privacy leakage, so differentially private video analytics were proposed.

Although prior work has explored privacy-preserving video analytics, these approaches
do not fully address the specific privacy risks of classroom engagement analysis, which
still focus on individual action recognition. For example, Ren et al. (2018) reduce facial
identity information for privacy-preserving action detection, but the downstream output,
fine-grained descriptions of individual actions or behavioral patterns, may still be linked to
particular students. Inspire by Wang et al. (2019) ’s emphasis on privacy-preserving video
analytics, our framework avoids reporting what each student is doing nor does it assign
engagement judgments to individual students. Students’ visible behaviors are reflected
through the collective behavior of the regions in which they are located, forming region-level
temporal and spatial summaries of classroom engagement. This design helps teachers focus
on whole-class patterns, thereby reducing the risk of student monitoring while preserving
useful signals for teacher reflection.

3. Privacy Preserving Classroom Engagement Analytics Framework

The proposed tool estimates classroom-level visible behavioral engagement proxies through
aggregated, region-level analytics designed for teacher reflection. Given an input video
stream V = {Iy, I2,...,I;}, where I; denotes the frame at time step ¢, the system produces
a set of regional engagement outputs Ey = {e¢1,€et2,...,e 7} over Z pre-defined classroom
zones. The framework maps classroom video to temporal and spatial engagement summaries
that can support interpretable whole-class reflection.

3.1. Input Privacy Enhancement Module

To reduce dependence on facial information, the model applies stochastic head obfuscation
during training. Unlike post-hoc anonymization, which removes sensitive information only
after inference, this strategy limits the model’s opportunity to learn identifiable facial rep-
resentations in the first place. For each annotated bounding box b; = (x1,y1,x2,y2), the
head region is defined as the top r% of the box. With probability p, the cropped head
region I.,op is randomly transformed as follows:

crop —

, {Gaussian([cmp, o), if random < 0.5 ()

Blackout(¢rep), otherwise

This training strategy encourages the model to rely more on body posture and movement
cues than on facial details, thereby reducing identity leakage at the input stage.
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3.2. Feature Identity Decoupling Module

To further reduce identity-related information from the learned representations, we intro-
duce an adversarial learning branch composed of a feature extractor E and an identity
discriminator D;4. The discriminator is trained to predict student identity labels from
the extracted features F', while the feature extractor is optimized to produce representa-
tions that are invariant to identity information. The intermediate feature representations
F implicitly encode identity-related cues. This is because visual features extracted from
human subjects often contain subtle but distinctive patterns, such as body shape, habit-
ual posture, motion dynamics, and appearance-related characteristics. These cues can be
unintentionally used by a sufficiently expressive model to distinguish between individuals,
even in the absence of explicit facial features. This adversarial mechanism is applicable in
scenarios where identity labels or video-based tracking identifiers are available during train-
ing. These labels are used solely for regularization purposes to suppress identity-sensitive
features and are not involved in any downstream inference or teacher-facing outputs. The
adversarial objective is defined as:

Lody = ZECE (Dia(GRL(F})), yid) (2)

where Lo denotes cross-entropy loss, GRL denotes the gradient reversal layer, and y;¢4
denotes the identity label or video-local track identifier used during adversarial training.
During forward propagation, the GRL acts as an identity mapping. However, during back-
propagation, it reverses the gradient by multiplying it with a negative scalar.

3.3. Multi-Task Prediction Module

The system uses a lightweight YOLOv8-C2f (Sapkota et al., 2025) multi-task architecture
to capture classroom behavioral cues at multiple levels. A detection head localizes students
in the scene. An orientation head estimates body direction as a coarse signal of attentional
focus, and a pose head captures fine-grained body movements such as hand-raising or note-
taking. Together, these components provide the behavioral basis for temporal and spatial
engagement estimation at the classroom level. The multi-task objective is defined as:

'Ctask = )\box['bozv + )‘cls'ccls + )\om’ent'corient + Apose['posea (3)

where Lyoz, Leis, Lorient; and Lyose denote the losses for bounding box regression, classifi-
cation, orientation estimation, and pose regression, respectively. The weighting coefficients
A balance the contribution of each task during training.

3.4. Output Differential Privacy Module

To support privacy-preserving reporting, the classroom is divided into Z pre-defined zones
and engagement is summarized at the group level. For each zone, the final reported engage-
ment score is computed as:

R A
Yo =Yr+ N2y Ny~ Laplace <07 6f> > (4)
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where g, is the raw aggregated score and 7, is Laplace noise controlled by the privacy budget
€. This mechanism reduces the influence of any single student on the released outputs and
helps limit the risk of inferring individual attendance or behavior from regional summaries.

3.5. Comprehensive Training Objective

The framework is trained end-to-end by jointly optimizing behavioral prediction, zone-level
consistency, and privacy-related constraints. The overall objective is:

Ltotal = Ltask + AzoneLzone + )\adeadv + )\attnLattn- (5)

Here, Liysp is the primary multi-task loss, L., supervises region-level statistical estimation,
Lggy penalizes identity-predictive features, and Lgs, reduces sensitivity to high-frequency
facial details. These objectives support engagement analysis while constraining the model’s
dependence on identity-revealing information.

4. System-Generated Visible Behavioral Engagement Analytics Outputs

To evaluate whether the system could generate interpretable engagement signals across tem-
poral scales, we applied it to 21 short-duration classroom video segments from the Dataset
for Classroom Group Engagement Recognition (Lu et al., 2025). To further illustrate the
system’s capacity for longer-duration analysis, we constructed a 13-minute extended in-
structional sequence by combining a subset of short-duration segments that appeared to
focus on the same instructional topic and showed comparable classroom conditions. The
short-duration segments were used to inspect finer-grained engagement changes, while the
13-minute extended recording was used to examine broader engagement trends over a longer
instructional sequence. The analyzed videos contained an average of 8 visible students per
frame, with the detected number varying across frames due to occlusion, camera angle, and
student movement. For each video, the system produced teacher-facing outputs, including
a class-level engagement timeline, a region-by-time engagement heatmap, and summary in-
dicators such as average engagement, equity Gini coefficient, lowest-engagement region, and
largest engagement drop. These outputs were presented through an interactive dashboard
(Fig. 1) that supports regional inspection, 2 x 2 and 3 x 3 grid switching, and time-based
review.

Because regional engagement comparisons can be confounded by differences in student
density, we normalized engagement at the region level. A region with fewer detected stu-
dents may produce a lower aggregate score simply because fewer students are present.
Therefore, region-level engagement was computed as the average engagement proxy of all
detected students within each predefined region at each time step. Each detected student
was assigned to a spatial region based on the center point of the bounding box, projected
onto a normalized classroom plane. The spatial boundaries for the 2 x 2 and 3 x 3 grids
were calibrated according to the classroom seating layout. This calibration is intended to
make the structural capacity and baseline number of seats across regions as comparable as
possible. The engagement score for region z at time ¢ is then computed as:

1
A ) 5
ER Nz,t + 5 ' § €it ( )
€St
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Here, S * z, t refers to the set of students detected in region z at time t; N * z, ¢ gives the
corresponding number of detected students; e;; captures the individual engagement proxy
inferred from posture and pose-based signals; and § = 1075 serves as a small stabilization
constant to prevent division by zero when a region contains no detected students. This
normalization allows dashboard indicators, including the equity Gini coefficient and lowest-
region tracking, to reflect average region-level engagement patterns.

Classroom Insights

0.53 -0.27 Back-Right 0.165

Classroom Blocks (3x3) + Time Scrubber

rrrr

£=00:00 (window=30s)

Figure 1: Teacher-facing Classroom Insights dashboard prototype.

Users can upload an extended classroom video to the system to observe broader engage-
ment changes over a longer instructional sequence. As shown in Fig. 2a-b, the 13-minute
extended recording and regional heatmap captured broad engagement trends, including
drops and recoveries around major classroom transitions. Users can also upload short-
duration classroom video segments to inspect finer-grained engagement changes. As shown
in Fig. 2¢-d, the short-duration timeline and heatmap made transient changes across the
2 x 2 classroom grid more visible. Across the 21 evaluated short-duration segments, the
system surfaced regional participation gaps that may be difficult for teachers to detect dur-
ing live instruction. The Back-Left region was identified as the lowest-engagement zone in
16 segments, followed by the Back-Right region in 4 segments and the Front-Left region in
1 segment. These spatial gaps were further captured by the disparity-sensitive indicators.
The equity Gini coefficient, computed from normalized regional engagement values to assess
the balance of participation across classroom regions, had a mean value of 0.351 across the
21 segments, with a 10th-to-90th percentile range of 0.248 to 0.460. Additionally, engage-
ment in the lowest-performing regions averaged 0.095, with a median of 0.073, indicating
that the least engaged areas often showed lower participation than the classroom average.
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Class Engagement Over Time
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Figure 2: System-generated engagement analytics at two temporal scales. (a) Class-level
engagement timeline for the 13-minute extend recording. (b) Region-by-time
engagement heatmap for the 13-minute extend recording. (c) Class-level en-
gagement timeline for a short-duration example. (d) Region-by-time engagement
heatmap for a short-duration example.

5. Professional Evaluation with Teachers

Four middle school teachers participated in the professional evaluation,including two novice
teachers with 1 and 2 years of experience and two experienced teachers with 24 and 30
years of experience. The purpose of this review was to examine whether the generated
outputs were understandable, pedagogically meaningful, and aligned with teachers’ profes-
sional observations. FEach teacher reviewed selected classroom video clips together with the
corresponding engagement timeline, regional heatmap, and summary indicators. Before see-
ing the system interpretation, teachers were asked to identify moments in the videos where
students appeared quiet, less responsive, off-task, or less visibly engaged. These teacher
identified moments were then compared with the system detected engagement drops. We
calculated a preliminary alignment rate by treating a system detected drop as aligned when
it occurred within a five second window around a teacher identified moment. Specifically,
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17 out of 23 teacher-identified moments were matched by the system, resulting in a prelim-
inary alignment rate of 73.9%, which indicates a meaningful level of agreement between the
system-generated outputs and teachers’ professional observations.

Overall, teachers found the engagement timeline and regional heatmap easy to interpret.
For timeline, they viewed that it helped them locate moments that deserved closer review,
while still requiring them to consider what was instructing. They also praised the regional
heatmap because it made spatial participation patterns more visible. For example, the
heatmap revealed whether students in the back of the classroom were consistently less
active or whether attention decreased after a change in task structure. Since the back
of the classroom is often difficult to monitor during live teaching, the heatmap provided a
useful visual cue for noticing participation patterns that may otherwise be missed. Teachers
also cautioned that low engagement scores should not be interpreted as direct evidence of
disengagement or poor instruction. Quiet reading, individual problem solving, note-taking,
or activity transitions may all produce lower visible engagement signals. These comments
highlight an important limitation: the system can indicate when and where engagement
changes occur, but teachers are still needed to interpret why these changes happen.

6. Conclusion and Future Directions

This study set out to develop a privacy-aware approach to classroom video analytics that
can generate meaningful engagement insights without assigning engagement judgments to
individual students. Building on prior classroom attention analytics that used student
localization, body orientation, and pose-based behavioral cues to estimate classroom en-
gagement (Raca and Dillenbourg, 2013; Liu et al., 2025), this work extends that line of
research by shifting the analytic focus from individual students to aggregated regional sum-
maries. Inspired by privacy-preserving perspectives in video analytics Wang et al. (2019),
the proposed framework transforms student location, body orientation, and pose-based
movement signals into region-level engagement timelines, spatial heatmaps, and disparity-
sensitive indicators. These teacher-facing outputs provide instructors with a way to reflect
on how seating arrangements, task structures, and instructional pacing may shape student
participation over time and across different classroom regions.

The current study also points to several directions for improvement. First, future work
needs to further examine the privacy-utility tradeoff of the framework. We plan to conduct
additional experiments that compare obfuscation strategies and adversarial learning set-
tings to better understand how privacy protection shapes analytic usefulness. Second, the
system needs to be evaluated in more authentic classroom contexts. The present evaluation
focused on teachers’ interpretation of selected video clips and system outputs. During the
summer, we plan to conduct an additional classroom observation study in middle school
settings. This study will collect further engagement data and examine how teachers use the
engagement timeline, regional heatmap, and summary indicators during reflection. We will
also investigate how well these outputs align with teachers’ classroom observations, what
explanations teachers need, and how the interface and indicators can be refined to better
support instructional decision-making. This work responds to broader calls for responsible
Al in education. As Al systems become more common in classrooms, responsible Al should
strengthen teachers’ professional noticing, contextual judgment, and equitable responses to
students’ needs while keeping teachers central in educational decision-making.
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