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Abstract

Emotion recognition models are widely used in affective
computing and learning analytics. However, most models
are trained on web-scale or controlled datasets that dif-
fer substantially from real classroom environments. Class-
rooms introduce variations in camera angle, lighting, im-
age resolution, and interaction structure, which may affect
both prediction reliability and fairness across student pop-
ulations. This paper evaluates emotion recognition models
in classroom learning environments. We analyze three state-
of-the-art models (EmoNet, HSEmotion, and iMotions) us-
ing data collected from 69 students across three learning
environments: game-based, embodied, and collaborative
activities. The evaluation examines model sensitivity to vi-
sual perturbations and demographic variation across Fitz-
patrick skin tone groups. Results show that prediction er-
rors increase under changes in camera angle, lighting, and
resolution, and vary systematically across skin tone groups.
We further observe that embodied learning environments
exhibit higher sensitivity to visual perturbations compared
to game-based and collaborative settings. Lightweight
mitigation strategies using data augmentation and partial
fine-tuning reduce both prediction error and fairness gaps.
These findings highlight challenges in deploying emotion
recognition models in classroom learning environments and
motivate evaluation practices that account for real-world
classroom conditions.

1. Introduction
Learning can be examined both as an outcome and as a
process. While learning outcomes describe what students
ultimately achieve such as grades, assessment scores, or
demonstrated knowledge; understanding the learning pro-
cess requires examining how students regulate cognition,

motivation, and emotions during learning activities [9, 39].
Research in the learning sciences often analyzes these pro-
cesses through constructs such as self-regulated learning
(SRL), socially shared regulation of learning (SSRL), and
student engagement. Emotions play a central role in these
processes, influencing how learners interpret challenges,
persist through difficulties, and collaborate with peers dur-
ing complex tasks. Consequently, understanding students’
emotional states provides important insight into how learn-
ing unfolds in real classroom environments [12, 46, 50].

Advances in affective computing have enabled auto-
mated emotion recognition using computer vision models
that analyze facial expressions [1, 13, 27]. State-of-the-art
models such as EmoNet, HSEmotion, and commercial sys-
tems like iMotions1 estimate continuous emotional states
such as valence and arousal from facial images [45, 47].
These approaches provide scalable alternatives to tradi-
tional methods such as self-reports or observational coding
[8, 10, 33]. However, their reliability in classroom environ-
ments remains uncertain.

One challenge arises from the datasets used to train
these models. Most emotion recognition models are trained
on datasets containing adult facial expressions collected
in controlled or semi-controlled settings. Although some
datasets include images captured “in the wild,” they rarely
reflect the visual conditions present in classrooms [41]. In
addition, publicly available datasets containing facial ex-
pressions of K–12 students are limited. Existing educa-
tional datasets are often collected within specific contexts
or demographic populations, which restricts their ability to
represent the diversity of classroom environments [7, 26].
As a result, models trained on these datasets may not gener-
alize well when applied to different educational contexts or
student populations.

Classroom environments introduce additional complexi-

1https://imotions.com/



ties for emotion recognition systems. Students interact with
peers, change their body orientation, and move within the
learning space. These conditions introduce variations in
camera angle, lighting, and image resolution, which can af-
fect the visibility of facial features used by emotion recog-
nition models [24]. Prior work has also highlighted poten-
tial algorithmic biases in facial analysis systems, suggesting
that prediction errors may vary across demographic groups
and environmental conditions [5, 36].

Despite increasing use of automated emotion recog-
nition in educational research, systematic evaluations of
model behavior under classroom conditions remain lim-
ited. In particular, it is unclear how visual perturbations
commonly observed in classrooms influence emotion pre-
dictions, whether prediction errors vary across skin tone
groups, and whether different learning environments intro-
duce additional sources of bias. Addressing these questions
is essential before deploying emotion recognition systems
in educational settings.

This study evaluates the behavior of emotion recogni-
tion models in classroom learning environments. We ana-
lyze three widely used models: EmoNet, HSEmotion, and
iMotions, using data collected from students participating
in three learning environments: game-based, embodied, and
collaborative learning activities. The analysis examines pre-
diction robustness under variations in camera angle, light-
ing, and image resolution, as well as fairness across Fitz-
patrick skin tone groups [11, 22]. We further investigate
whether lightweight mitigation strategies improve robust-
ness and reduce fairness gaps.

The study addresses the following research questions:
• RQ1: How sensitive are emotion recognition models to

visual perturbations commonly observed in classroom en-
vironments?

• RQ2: Do prediction errors vary systematically across
Fitzpatrick skin tone groups?

• RQ3: Does the learning environment influence the mag-
nitude of prediction bias?

• RQ4: Can lightweight mitigation strategies reduce both
prediction error and fairness gaps?
To address these questions, this paper makes the follow-

ing contributions:
• Evaluation of emotion recognition models in K–12 class-

room settings, a domain that is underrepresented in exist-
ing affective computing benchmarks.

• Application of a paired-instance perturbation framework
to isolate the effect of camera angle, lighting variation,
image resolution, and skin tone on valence–arousal pre-
dictions in classroom data.

• Joint analysis of robustness and fairness under real class-
room conditions, revealing that prediction instability and
demographic disparities are amplified in this setting.

• Empirical evidence that learning environments, particu-

larly embodied settings, introduce additional sources of
variation that impact model reliability.

• Assessment of lightweight mitigation strategies, showing
that while improvements are possible, significant robust-
ness and fairness gaps remain.

2. Related Work
Emotion Recognition Models for Valence–Arousal Estima-
tion: In educational settings, affect is often expressed
through states such as confusion, frustration, and boredom,
which do not map cleanly to basic categorical emotions
[12, 19]. For this reason, dimensional affect representa-
tions based on valence and arousal are more appropriate for
classroom emotion analysis than basic emotion classifiers
alone, since they allow these learning-centered states to be
interpreted in a continuous affective space [2, 3, 23, 43].

A large number of FER models have been proposed for
affect estimation, including ResNet-based affect predictors,
Face-SSD, AffWildNet, VGG-FACE-based models, Emo-
tionGCN, and recent challenge systems built on ensembles,
visual transformers, or multimodal fusion [41, 49]. How-
ever, many of these methods are either optimized for a sin-
gle benchmark, designed primarily for categorical emotion
recognition, computationally heavy, or not released with
convenient pretrained weights for direct reuse in down-
stream applied settings. By contrast, EmoNet [47] and HSE-
motion [44] remain strong choices for this study because
both provide publicly usable pretrained models and have
been evaluated across multiple affect benchmarks rather
than a single dataset.

EmoNet was designed specifically for joint facial land-
mark detection, categorical emotion recognition, and con-
tinuous valence–arousal estimation in a single architec-
ture. It was evaluated on AffectNet, AFEW-VA, and SEWA,
and reported improved performance over baselines such as
ResNet-18, Face-SSD, and VGG-FACE+2M images for va-
lence and arousal [47]. HSEmotion provides EfficientNet-
based pretrained models for facial emotion recognition, in-
cluding a variant that predicts valence and arousal, and
was evaluated across several benchmarks including Affect-
Net, AFEW, VGAF, LSD, and ABAW4 MTL. In addition
to benchmark performance, HSEmotion was explicitly de-
signed as a high-speed, reusable FER library with public
pretrained weights, making it practical for empirical evalu-
ation in new application domains [44, 45]. Thus, although
newer FER systems exist, EmoNet and HSEmotion remain
appropriate choices here because they combine continuous
affect prediction, multi-dataset evaluation, and public avail-
ability. In addition to open-source models, we included
iMotions as a commercial baseline. iMotions is widely used
in applied behavioral and educational research and provides
an integrated pipeline for facial expression analysis and af-
fect inference [46]. This makes it a relevant comparison



point for evaluating how research-oriented FER models and
commercial systems behave in classroom environments.

Although several FER datasets support affect modeling,
such as AffectNet [37], AFEW-VA [30], and SEWA [31],
these datasets primarily contain facial imagery of adult sub-
jects collected in laboratory, media, or general in-the-wild
contexts. Some datasets related to learning environments
have also been introduced, including DAiSEE [26] and the
EmotiW engagement challenge datasets [17]. However,
these datasets predominantly involve adult learners, such
as undergraduate or graduate students, rather than school-
aged children. As a result, existing FER models are typi-
cally trained and evaluated on adult facial expressions and
may not generalize well to K–12 classroom environments,
where facial morphology, expressions, and interaction con-
texts differ substantially. This gap motivates the need to
evaluate how current emotion recognition models perform
on data collected from school-aged students in real class-
room learning environments.

Bias, Fairness, and Robustness in Facial Emotion
Recognition: Bias in computer vision systems has been
widely documented and is often attributed to dataset imbal-
ance, demographic underrepresentation, and domain shifts
between training and deployment environments [20, 36,
40]. In facial emotion recognition (FER), disparities in
prediction performance have been observed across demo-
graphic attributes such as skin tone, age, and gender, partic-
ularly when models are trained on datasets with uneven rep-
resentation. Prior work has explored mitigation strategies
including data rebalancing, adversarial debiasing, domain
adaptation, and data augmentation techniques to improve
fairness and robustness in FER models. In addition to de-
mographic bias, studies have shown that FER performance
is sensitive to image-level perturbations such as variations
in camera angle, lighting, occlusion, and image resolution,
which can degrade facial feature extraction and affect va-
lence–arousal estimation [5, 21, 48, 51].

While these issues have been studied extensively in com-
puter vision benchmarks, their impact in educational en-
vironments remains relatively underexplored. Most FER
evaluations rely on benchmark datasets collected in labora-
tory or general “in-the-wild” settings, and it remains unclear
how these models behave when applied to real K–12 class-
room environments with diverse learning activities. More-
over, classroom settings introduce recurring visual con-
ditions—such as non-frontal camera viewpoints, fluctuat-
ing lighting, varying webcam resolution, and diverse stu-
dent populations—that differ substantially from benchmark
datasets. In this work, we focus on these commonly ob-
served classroom perturbations to evaluate how state-of-the-
art FER models behave under realistic learning conditions.

Emotion Recognition in Educational and Classroom
Settings: Modern learning environments include a wide

range of platforms such as intelligent tutoring systems,
simulation-based learning environments, open-ended learn-
ing environments, game-based learning environments, col-
laborative learning settings, and embodied or immersive
learning environments [4, 16, 25, 32]. These modalities
differ substantially in interaction structure and physical dy-
namics, which directly influence the visual characteristics
of recorded facial data.

In particular, collaborative and embodied learning envi-
ronments introduce interaction patterns that differ from in-
dividual computer-based learning. Collaborative activities
and socially shared regulation of learning can produce a
broad spectrum of affective expressions that are not eas-
ily captured by basic emotion categories but can instead
be represented within a continuous valence–arousal space
[18, 28]. Embodied activities additionally involve physical
movement and spatial interaction with peers and artifacts
[16, 35]. These conditions introduce variations in camera
viewpoint, head pose, facial visibility, occlusion, and im-
age resolution as students move, interact with peers, or en-
gage with shared artifacts. Such variations create conditions
under which facial emotion recognition models may pro-
duce unstable predictions [29, 34]. Evaluating FER mod-
els across representative classroom learning environments
therefore provides insight into how prediction errors or po-
tential biases emerge under realistic classroom conditions.

3. Learning Environment and Dataset
To evaluate emotion recognition models in real classroom
data, we analyze video data collected from three learning
environments: (1) a narrative-centered learning environ-
ment, (2) an embodied learning environment, and (3) a col-
laborative computational modeling environment. These en-
vironments differ in interaction structure and student activ-
ity patterns, providing varied conditions for evaluating fa-
cial emotion recognition models.

Data were collected from three independent classroom
studies involving middle- and high-school students in the
United States. Participants across the three environments
were distinct, meaning that no student appears in more than
one dataset. Recordings were captured using a combination
of webcam and multi-camera classroom setups. Table 1
summarizes the environments, participants, and recording
configurations.

In total, the dataset includes recordings from 69 students
aged 11–18 years (51% female, 49% male). All data collec-
tion procedures received Institutional Review Board (IRB)
approval, and informed consent was obtained from students
and their guardians prior to participation.

Narrative-centered learning environment. The first
dataset was collected from EcoJourneys [38], a narrative-
centered, game-based collaborative learning environment
designed for middle school science learning. Students work



Table 1. Overview of learning environments and recording setups used in the study.

Environment Students Group Size Camera Setup Session Length

Narrative-centered (EcoJourneys) 25 3–4 Laptop webcam 45 min × 2 sessions
Embodied learning (GEM-STEP) 20 4–6 4 classroom cameras 25 min × 6 sessions
Collaborative modeling (C2STEM) 24 2 Laptop webcam 90 min × 4 sessions

in groups of three to four to investigate the cause of ill-
ness affecting tilapia fish at a local aquaculture farm. The
activity is organized into sequential quests requiring stu-
dents to gather data, analyze environmental conditions, and
construct explanatory models. Facial video was captured
using laptop webcams during gameplay (Figure 1). Stu-
dents worked on individual laptops while collaborating with
peers, occasionally turning toward group members or away
from the screen, producing variations in head pose and fa-
cial orientation.

Figure 1. Example frame from the narrative-centered learning en-
vironment (EcoJourneys).

Embodied learning environment. The second dataset
was collected from GEM-STEP [24], an embodied learn-
ing environment in which students enact scientific processes
such as molecular motion or photosynthesis. Students move
within a classroom space while interacting with projected
simulations. Four cameras positioned around the classroom
recorded student movement and facial activity, introducing
variations in viewpoint and visibility (Figure 2). Because
students move within the classroom space during the activ-
ity, the recordings contain substantial variations in camera
viewpoint, facial visibility, and distance from the camera.

Collaborative computational modeling environment.
The third dataset was collected from a collaborative com-
putational modeling activity where high school students
worked in pairs to construct simulations of physical motion
using C2STEM [15]. Students built and evaluated mod-
els representing variables such as velocity and accelera-
tion. Video recordings captured student interactions while
they collaborated and interacted with shared displays (Fig-
ure 3). Students interacted primarily through a shared dis-
play while collaborating with peers, resulting in frequent
head-pose changes and partial facial visibility when stu-
dents turned toward each other or the shared screen.

Figure 2. Example frame from the embodied learning environment
(GEM-STEP).

Figure 3. Example frame from the collaborative computational
modeling environment (C2STEM).

4. Methodology
Emotion Recognition Models: Three facial emotion
recognition systems were evaluated: EmoNet, HSEmotion,
and iMotions (version 10.1). These systems were selected
because they provide predictions in the valence–arousal af-
fective space, enabling analysis of affective states beyond
discrete emotion categories.

EmoNet is a deep neural network based on the Emo-
FAN architecture, which integrates a Face Alignment Net-
work (FAN) with emotion prediction layers to estimate fa-
cial landmarks, categorical emotions, and continuous affect
dimensions. In this study, the pretrained EmoNet model
was used to obtain continuous valence–arousal predictions
from facial images. For HSEmotion, we used the pretrained
enet b0 8 va mtl model, an EfficientNet-B0–based archi-
tecture designed for multi-task facial emotion recognition
including valence and arousal prediction.

This configuration was selected because it is reported in
the original implementation as a high-performing model for
affect prediction. The commercial facial emotion recogni-



tion platform iMotions (version 10.1) was included as an ad-
ditional baseline system and used in inference without any
model modification.
Face Detection, Sampling, and Preprocessing: All class-
room videos were first processed with MTCNN for face
detection. This detector was selected because the dataset
includes both webcam-based and multi-person classroom
recordings, including embodied activities with substantial
movement and partial occlusion. Detected facial regions
were cropped and used as input to the emotion recognition
models after resizing to the required input resolution.

For HSEmotion, facial crops were resized to 224 × 224
pixels, consistent with the EfficientNet-B0 input size used
in the official implementation. For EmoNet, facial crops
were resized to 256 × 256 pixels, following the preprocess-
ing configuration used in the EmoNet implementation. No
modifications were made to the default inference settings of
the pretrained models.

To reduce redundant predictions from temporally adja-
cent frames, we applied temporally sparse frame sampling
and extracted one frame per minute for analysis. This ap-
proach reflects the focus of the study on affective states in
learning contexts, which typically evolve over longer inter-
vals than instantaneous facial expressions.
Bias Mitigation Strategies: To examine whether simple
model adaptations can reduce performance disparities in
classroom data, we evaluated two mitigation strategies: tar-
geted data augmentation and partial model fine-tuning.

Data augmentation: Augmentation was applied to de-
tected facial crops in the training set to simulate visual con-
ditions commonly observed in classroom recordings. Three
transformations were used: small in-plane rotations and
mild affine transformations to simulate camera-angle and
head-pose variation; brightness and contrast jitter to rep-
resent classroom lighting changes; random downsampling
followed by resizing to the model input resolution to simu-
late reduced image resolution. Augmentations were applied
only to training images to maintain a clean evaluation of
model robustness and fairness. Validation and test samples
were kept unmodified.

Fine-tuning strategy: To adapt pretrained models to
classroom data while preserving learned facial representa-
tions, we performed partial fine-tuning. The majority of the
pretrained backbone was frozen, while the final prediction
layers (and the last feature block when applicable) were up-
dated. Training used the Adam optimizer for 10 epochs with
early stopping based on validation error.

Fine-tuning used the training portion of the classroom
dataset, pooling samples from the available learning envi-
ronments within each fold. In student-independent cross-
validation, students appearing in the training fold were ex-
cluded from validation and test sets [6]. For environment-
held-out evaluation, fine-tuning was performed only on

source-environment data, excluding the target environment
from training.

Fairness evaluation: To measure demographic dispari-
ties in prediction error, we computed group-wise mean ab-
solute error (MAE) for each Fitzpatrick skin tone group
(Types I-VI). Fairness disparity was summarized using the
Type VI minus Type I MAE gap, which captures the largest
observed skin-tone-related error spread in the dataset.

Evaluation Metrics: To quantify sensitivity to visual per-
turbations, we compute Bias Magnitude (BM) as the abso-
lute difference between predictions for paired instances:

BM = |ŷref − ŷperturbed| (1)

where ŷref and ŷperturbed denote valence or arousal pre-
dictions for the reference and perturbed frames. Paired in-
stances were constructed to preserve the underlying facial
expression while varying a single visual factor. For cam-
era angle, lighting, and resolution, paired samples were
obtained from naturally occurring variations in classroom
recordings. For apparent skin tone, paired samples were
generated by applying a computer-vision-based facial ap-
pearance transformation to the same facial crop [14, 42].
This transformation was intended to alter skin-color ap-
pearance while preserving facial geometry and expression,
thereby reducing variation in identity and expression across
the pair.

In addition to robustness analysis, we report prediction
error using mean absolute error (MAE) for valence and
arousal. Ground-truth affect values were obtained from
human-annotated classroom data, where two annotators in-
dependently assigned valence–arousal labels to sampled
frames. Only frames with annotator agreement were re-
tained for analysis.

We also report Expected Calibration Error (ECE) for va-
lence predictions, computed by binning predicted values
and measuring the deviation between predicted affect and
observed annotation averages within each bin.

Human Validation of Expression Consistency: Across
the three learning environments, the dataset contains ap-
proximately 55,000 sampled frames. From these, paired
perturbation instances were constructed and independently
reviewed by two annotators to ensure that the underlying
facial expression remained consistent across perturbations.
Only pairs with annotator agreement (Cohen’s κ = 0.81)
were retained, resulting in 1800 (angle), 1680 (lighting),
1550 (resolution), and 2400 (skin tone) validated pairs used
in the analysis. This validation step was also used to con-
firm that skin-tone transformations preserved the underly-
ing facial expression.



Table 2. Baseline emotion prediction performance across evalu-
ated models.

Model MAE (Valence) MAE (Arousal)

EmoNet 0.21 0.23
HSEmotion 0.24 0.26
iMotions (v10.1) 0.28 0.30

5. Results

Baseline Emotion Prediction Performance: We first
evaluate the baseline performance of three facial emotion
recognition systems—EmoNet, HSEmotion, and iMotions
(v10.1)—on classroom video data without any mitigation
or model adaptation. All models produce continuous va-
lence–arousal predictions, enabling direct comparison of
prediction errors across the dataset.

Table 2 reports the overall mean absolute error (MAE)
for valence and arousal predictions computed across the an-
alyzed classroom frames. Among the evaluated systems,
EmoNet achieves the lowest prediction error, with MAE
values of 0.21 for valence and 0.23 for arousal. HSEmotion
exhibits slightly higher errors (0.24 / 0.26), while the com-
mercial system iMotions produces the largest prediction er-
rors (0.28 / 0.30). These results indicate that models explic-
itly designed for dimensional affect prediction transfer more
effectively to classroom data than systems trained using
proprietary pipelines. However, even the best-performing
model exhibits nontrivial prediction error, suggesting that
emotion recognition models trained primarily on web-based
or laboratory datasets do not fully generalize to the visual
conditions present in real classroom recordings.
Robustness to Classroom Perturbations: To examine the
sensitivity of emotion recognition models to visual varia-
tions commonly observed in classroom recordings, we eval-
uated prediction stability under four perturbation condi-
tions: camera angle, lighting variation, resolution degrada-
tion, and skin tone differences. Robustness was measured
using the Bias Magnitude (BM) metric, which quantifies the
average prediction shift between paired reference and per-
turbed instances representing the same student expression.

Table 3 summarizes the BM values for valence and
arousal predictions across the evaluated models. Across
all perturbation conditions, prediction shifts are consistently
observed for each system. For EmoNet, BM values range
between 0.20–0.24 for valence and 0.23–0.27 for arousal
depending on the perturbation type. HSEmotion exhibits
larger shifts across most conditions, with BM values be-
tween 0.25–0.29 for valence and 0.26–0.31 for arousal. The
commercial system iMotions shows the largest sensitivity to
perturbations, with BM values exceeding 0.30 for both af-
fect dimensions across several conditions.

Table 3. Robustness via Bias Magnitude (BM): average prediction
shift under perturbations. Higher values indicate greater sensitiv-
ity. Models: EN (EmoNet), HS (HSEmotion), IM (iMotions).

M P BM Va BM Ar d p

EN Angle 0.24 0.23 1.00 1×10−12

EN Lighting 0.20 0.27 0.93 1×10−13

EN Resolution 0.21 0.23 0.66 5×10−15

EN Skin Tone 0.23 0.26 0.71 5×10−8

HS Angle 0.28 0.26 0.98 4×10−12

HS Lighting 0.29 0.28 1.08 1×10−14

HS Resolution 0.29 0.27 0.73 3×10−6

HS Skin Tone 0.25 0.31 0.92 2×10−15

IM Angle 0.31 0.30 1.15 2×10−14

IM Lighting 0.34 0.35 1.20 5×10−16

IM Resolution 0.30 0.32 0.88 7×10−9

IM Skin Tone 0.33 0.36 1.12 3×10−15

Among the evaluated perturbations, lighting variation
and camera angle changes produce the largest prediction
shifts across models. Resolution degradation produces
moderate shifts, while skin tone variation also introduces
measurable changes in prediction outputs. These results
indicate that facial emotion recognition systems trained
on web-based datasets exhibit substantial sensitivity to vi-
sual conditions commonly present in classroom recordings.
The magnitude and consistency of these shifts suggest that
model predictions are influenced not only by the underlying
facial expression but also by environmental factors such as
camera angle and lighting condition. This observation mo-
tivates further analysis of fairness disparities and learning-
environment effects presented in the following sections.
Fairness Across Skin Tone Groups: To evaluate demo-
graphic disparities in emotion prediction performance, we
analyze model errors across Fitzpatrick skin tone groups
(Types I–VI). Fitzpatrick labels were assigned by two an-
notators based on visual inspection of reference facial im-
ages using the Fitzpatrick scale, with disagreements re-
solved through discussion. For each group, we compute
mean absolute error (MAE) for valence and arousal predic-
tions. Fairness disparity is summarized using the MAE gap
between Type VI and Type I, representing the largest ob-
served error difference across skin tone groups.

Table 4 reports group-wise prediction errors for each
evaluated model. Across all systems, prediction error in-
creases progressively from lighter skin tones (Type I) to
darker skin tones (Type VI). For EmoNet, valence MAE
increases from 0.179 (Type I) to 0.230 (Type VI), produc-
ing a fairness gap of 0.051. A similar pattern is observed
for HSEmotion, where MAE increases from 0.211 to 0.262,
yielding an identical fairness gap of 0.051. The commercial



Table 4. Fairness across Fitzpatrick groups (I–VI). Metrics: MAE
for valence (Va) and arousal (Ar), and ECE for valence; Fitzpatrick
Type (FT).

Model FT MAE Va MAE Ar ECE Va

EmoNet I 0.179 0.198 0.051
EmoNet II 0.192 0.210 0.058
EmoNet III 0.198 0.221 0.071
EmoNet IV 0.211 0.229 0.080
EmoNet V 0.220 0.240 0.092
EmoNet VI 0.230 0.251 0.100
EmoNet Gap (VI–I) 0.051 – –

HSEmotion I 0.211 0.231 0.047
HSEmotion II 0.219 0.239 0.059
HSEmotion III 0.229 0.253 0.068
HSEmotion IV 0.242 0.257 0.079
HSEmotion V 0.250 0.271 0.091
HSEmotion VI 0.262 0.279 0.099
HSEmotion Gap (VI–I) 0.051 – –

iMotions I 0.240 0.260 0.082
iMotions II 0.255 0.272 0.094
iMotions III 0.268 0.289 0.108
iMotions IV 0.281 0.300 0.120
iMotions V 0.295 0.318 0.137
iMotions VI 0.312 0.337 0.155
iMotions Gap (VI–I) 0.072 – –

system iMotions exhibits the largest disparity, with MAE
increasing from 0.240 (Type I) to 0.312 (Type VI), corre-
sponding to a fairness gap of 0.072.

In addition to prediction error, calibration differences are
also observed across skin tone groups. Expected Calibra-
tion Error (ECE) increases monotonically across Fitzpatrick
groups for all evaluated systems, indicating that prediction
confidence becomes less reliable for darker skin tones.

These results show that demographic disparities persist
across both research and commercial emotion recognition
systems when applied to classroom data. The consistent in-
crease in prediction error across skin tone groups suggests
that models trained on web-based datasets may not general-
ize equally across diverse student populations.
Learning Environment Effects: To examine whether
classroom activity structure influences prediction stability,
we analyze Bias Magnitude (BM) across the three learn-
ing environments used in this study. Table 5 reports the
BM values across perturbation types for each learning envi-
ronment. Across all evaluated systems, embodied learning
environments produce the largest prediction shifts. For ex-
ample, EmoNet exhibits a BM of 0.24 for camera angle and
0.28 for skin tone in the embodied setting, compared to 0.21
and 0.21 respectively in the game-based environment. Simi-

Table 5. Bias Magnitude (BM) across environments. Higher val-
ues indicate greater sensitivity. Models: EN (EmoNet), HS (HSE-
motion), IM (iMotions). Environments: Gb (Game-based), Eb
(Embodied), Co (Collaborative).

M Env BM Ang BM Light BM Res BM ST

EN Gb 0.21 0.22 0.25 0.21
EN Eb 0.24 0.25 0.26 0.28
EN Co 0.23 0.24 0.24 0.22

HS Gb 0.30 0.25 0.24 0.25
HS Eb 0.35 0.33 0.30 0.33
HS Co 0.25 0.29 0.27 0.27

IM Gb 0.34 0.36 0.32 0.31
IM Eb 0.39 0.41 0.38 0.37
IM Co 0.32 0.33 0.30 0.29

Table 6. Mixed-effects regression results estimating the influence
of perturbation factors on prediction bias. Student identity is mod-
eled as a random effect. O: Outcome; Va: Valence; Ar: Arousal.

O Fixed Effect Beta (β) SE t/z p-value

Va Angle 0.08 0.02 3.4 7× 10−4

Va Lighting 0.06 0.03 5.6 2× 10−8

Va Resolution 0.07 0.03 5.1 3× 10−7

Va Skin Tone 0.09 0.02 2.4 1× 10−2

Va Embodied 0.10 0.01 3.2 1× 10−3

Ar Angle 0.07 0.03 5.0 6× 10−7

Ar Lighting 0.09 0.02 4.3 2× 10−5

Ar Resolution 0.06 0.02 2.1 3× 10−2

Ar Skin Tone 0.08 0.01 2.4 1× 10−2

Ar Embodied 0.07 0.03 4.3 2× 10−5

lar trends are observed for HSEmotion and iMotions, where
prediction shifts increase across most perturbation types in
the embodied environment.

These results indicate that activity structures involving
student movement and multi-camera viewpoints amplify
perturbation sensitivity in emotion recognition models. In
contrast, game-based environments with primarily frontal
webcam recordings produce smaller prediction shifts, while
collaborative computational modeling settings fall between
these two conditions. To further quantify these effects while
accounting for repeated observations from the same stu-
dents, we fit a mixed-effects regression model with student
identity as a random effect and perturbation factors as fixed
effects. Table 6 reports the estimated coefficients for va-
lence and arousal outcomes.

Across both affect dimensions, camera angle, lighting
variation, resolution degradation, skin tone, and embodied
learning modality emerge as statistically significant predic-



Table 7. Effect of mitigation strategies on prediction accuracy, robustness, and fairness. BM denotes average Bias Magnitude across
perturbations. Fairness gap is computed as MAE(Type VI) - MAE(Type I). Models: EN (EmoNet), HS (HSEmotion), IM (iMotions). Va:
Valence; Ar: Arousal; FG: Fairness Gap

Model Setting MAE (Va) MAE (Ar) Avg BM (Va) Avg BM (Ar) FG (Va) FG (Ar) ECE (Va)

EM Baseline 0.21 0.23 0.22 0.25 0.06 0.07 0.09
EM + Augmentation 0.20 0.22 0.19 0.21 0.04 0.05 0.08
EM + Fine-tuning 0.19 0.21 0.17 0.18 0.03 0.04 0.07

HS Baseline 0.24 0.26 0.28 0.28 0.06 0.07 0.09
HS + Augmentation 0.23 0.25 0.23 0.25 0.04 0.05 0.08
HS + Fine-tuning 0.22 0.24 0.20 0.22 0.03 0.04 0.07

iM Baseline 0.28 0.30 0.32 0.33 0.08 0.09 0.14

tors of prediction bias. For example, camera angle per-
turbations increase valence prediction bias by β = 0.08,
while embodied learning modality contributes an additional
β = 0.10 shift. Similar effects are observed for arousal pre-
dictions. These results confirm that the observed prediction
shifts are systematic and not attributable to random varia-
tion. Together, these findings show that classroom activity
structure and recording conditions interact with visual per-
turbations to influence emotion prediction stability, high-
lighting the importance of evaluating emotion recognition
systems under real classroom environments.

Mitigation Effects: To examine whether simple adapta-
tion strategies can improve prediction stability and reduce
demographic disparities, we evaluate two mitigation ap-
proaches: targeted data augmentation and partial model
fine-tuning.

Table 7 summarizes the effect of these strategies on over-
all prediction error, perturbation sensitivity, and fairness
disparity. For EmoNet, augmentation reduces the valence
MAE from 0.21 to 0.20 and decreases the average Bias
Magnitude (BM) from 0.22 to 0.19. Fine-tuning improves
performance, reducing MAE to 0.19 and BM to 0.17. For
HSEmotion, MAE decreases from 0.24 to 0.23 and then to
0.22, while Avg BM decreases from 0.28 to 0.23 and further
to 0.20. Mitigation reduces fairness disparities across skin
tone groups. For both EmoNet and HSEmotion, the fairness
gap in valence predictions decreases from approximately
0.06 to 0.03 after fine-tuning. In addition, calibration im-
proves, with Expected Calibration Error (ECE) decreasing
from 0.09 to 0.07 for the evaluated models. The commer-
cial system iMotions was evaluated only in the baseline con-
figuration because model parameters are not accessible for
adaptation. As a result, its performance and fairness gap
remain unchanged. These results indicate that lightweight
adaptation strategies can reduce both prediction error and
fairness disparities when emotion recognition models are
applied to classroom data, without requiring substantial ar-
chitectural modification or large-scale retraining.

6. Conclusion

This paper presents a structured evaluation of emotion
recognition models in classroom settings, focusing on ro-
bustness and fairness under realistic visual conditions. Us-
ing paired perturbation analysis, we show that camera an-
gle, lighting variation, image resolution, and skin tone in-
troduce systematic shifts in valence–arousal predictions,
with additional amplification in embodied and collaborative
learning environments. These results demonstrate that mod-
els validated on benchmark datasets do not reliably gener-
alize to classroom data and may produce biased or unstable
predictions in deployment scenarios. The goal of this work
is not to optimize model performance but to identify failure
modes in real-world settings; accordingly, mitigation strate-
gies were intentionally limited to lightweight augmentation
and partial fine-tuning. the evaluation is constrained by the
need for manual validation of paired instances, which limits
the number of analyzed frames but ensures reliability of the
robustness analysis.

Future work should explore stronger domain adaptation
approaches, multimodal integration, and the development
of large-scale K–12 classroom datasets. Additional direc-
tions include scaling validation protocols, extending eval-
uation beyond paired perturbations, and designing models
that explicitly account for interaction dynamics and visual
variability in learning environments.
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