CEUR-WS.org/Vol-4226/paper01.pdf

CEUR
E Workshop
Proceedings

published 2026-07-17

Exploring Spontaneous Emotion Recognition from Face
Tracking in Head-Mounted Displays

Julia Domingo-Ajenjo®*, Almudena Palacios-Ibafiez?, Alberto Altozano’,
Maria Eleonora Minissi!, Manuel Contero!, Mariano Alcafiz! and Javier Marin-Morales’

"University Research Institute of Human-Centered Technologies, Universitat Politécnica de Valéncia, Valencia, 46021, Spain

2Universitat Jaume I, Castellén de la Plana, Comunitat Valenciana, Spain

Abstract

Head-mounted displays (HMDs) are becoming valuable in fields such as education, gaming, and digital health,
where understanding user emotion is increasingly important. However, HMD-based emotion recognition remains
challenging. First, headset position constrains the mobility of key facial regions. Furthermore, generating reliable
ground truth labels is challenging since external annotators cannot see the user’s actual face for accurate emotion
assessment. We study facial emotion recognition from on-board face-tracking signals recorded with a Meta Quest
Pro while 49 participants viewed affective images and videos in a non-acted protocol. Additionally, an external
labeling procedure was conducted using synthetically recreated participants’ faces. Using nested cross-validation
and One-Versus-All XGBoost classifiers, we obtain strong classification performance. Happiness achieved the
highest scores (balanced accuracy = 0.94), while surprise, sadness, disgust, and neutral reached balanced accuracies
of 0.77-0.80. These findings demonstrate that annotations derived from synthetic facial reconstructions can serve
as a viable ground truth. While certain limitations remain, the results demonstrate that the models are capable of
effectively recognizing emotions.
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1. Introduction

Head-Mounted Displays (HMDs) enhance users’ sense of presence and immersion in virtual environ-
ments, which has led to their growing adoption across multiple domains. In education, they have been
shown to boost student motivation, support collaborative learning, and foster autonomous strategies
and self-efficacy [1, 2]. In gaming, HMDs enable more natural and engaging experiences, while serious
games that employ them show strong potential for assessing and rehabilitating motor dysfunctions
[3, 4]. In digital health and psychology, HMD-based VR allows controlled anxiety induction for exposure
therapies and enables real-time monitoring of mental workload during cognitive tasks [5, 6].

As VR adoption grows, emotion recognition has become essential for personalizing experiences,
boosting engagement, and supporting affective computing [7]. It has been shown to enhance immersion
in gaming [8] and enable emotional assessment in psychological contexts [9]. Emotional responses can
be captured via a wide range of signals, including physiological measures such as EEG or ECG [7, 10]
which offer valuable insights into the body’s reactions to emotional states. However, these methods are
often costly and have low scalability.

Conversely, behavioral sensors provide a more ecological and scalable approach. Speech- or
movement-based methods, which integrate more easily and collect data with minimal user effort,
face strong limitations when participants are silent or motionless. On the other hand, facial expression
analysis, rooted in psychology and informed by the Facial Action Coding System (FACS) [11, 12], which
describes facial muscle movements as Action Units (AUs), provides non-invasive real-time detection
of emotional cues through micro-expressions. Previous work has shown that face tracking can be
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effectively applied in emotion recognition [13, 14]. However, a current challenge is the lack of studies
developing or proposing methodologies to model facial expressions specifically adapted to HMDs,
underscoring the need to carefully consider how emotional expressions are elicited in experimental
research.

There are two main approaches to eliciting emotional facial expressions in research: spontaneous
and posed. Spontaneous methods evoke genuine responses through stimuli such as evocative images
or memory recall [15], whereas posed methods require participants to deliberately display expres-
sions without necessarily experiencing the emotion [16]. Both approaches have limitations related
to human bias, ecological validity, and variability. Posed expressions can be exaggerated or fail to
reflect genuine affect, while spontaneous elicitation may be ineffective if the target emotion is not
fully experienced. Given these challenges in reliably eliciting genuine affect, an external ground truth
becomes indispensable, as shown in prior studies [17, 18].

However, in HMD-based emotion elicitation, this requirement becomes inherently difficult to satisfy
due to two fundamental challenges. First, the headset physically occludes large portions of the face,
particularly the eyes and eyebrows, which convey critical affective cues [19]. This occlusion restricts
the information available to computational models, directly impairing automated emotion recognition.
Second, the HMD'’s facial coverage hinders external annotation, as evaluators cannot observe the upper
facial region, making reliable ground truth labeling difficult. This limitation constitutes a significant
methodological challenge, particularly given that classical computer vision models have traditionally
been developed and trained on fully visible facial data [20].

To address these challenges we introduce a methodology that integrates spontaneous audiovisual
emotion elicitation with external annotations derived from synthetic facial reconstructions. Using facial-
gesture signals captured by the Meta Quest Pro HMD, we generate avatar-based facial renderings that
restore the full facial configuration and allow independent evaluators to observe and label expressions
without the visual constraints imposed by the device. By removing these occlusion-related limitations,
the proposed reconstruction enables third-party assessment that would otherwise be unachievable, ef-
fectively operationalizing an external ground truth while preserving ecological capture conditions. This
approach corroborates spontaneous emotional responses and increases the reliability and consistency
of the resulting annotations. Furthermore, relying exclusively on data obtained from the Meta Quest
Pro ensures ecological validity and scalability, avoiding the need for complex multimodal pipelines
while supporting robust One-Versus-All (OvA) emotion classification adaptable to real-world individual
and social contexts.

2. Materials and Methods

2.1. Participants

For this exploratory study, 49 native Spanish-speaking participants were recruited (21 female, 28 male;
age 20-55, M = 30.7, SD = 8.4). To minimize biases in emotion elicitation, participants were screened
for depressive symptoms and state anxiety using the PHQ-9 [21] and STAI-Y1 [22]. Only participants
scoring below 9 on the PHQ-9 and below 38 on the STAI-Y1, which correspond to moderate symptom
and level thresholds, were included in the study. The study received ethics approval from the Universitat
Politécnica de Valeéncia, and all participants provided informed consent.

2.2. Experimentation and data collection

To elicit emotional responses, participants were presented with either affective images or short video
clips, corresponding to two widely employed emotion-elicitation modalities. All stimuli were delivered
within an immersive VR environment. Accordingly, we utilized the IAPS database [23] to provide
validated emotional images and developed a custom set of emotional video clips. The inclusion of
both stimulus types enabled broader coverage of expressive and affective variability, as different media
formats are known to evoke distinct emotional responses.



The experimental procedure comprised two elicitation-based methods:

2.2.1. Experiment 1. Image-Based Emotion Elicitation

This experiment focused on eliciting, through static images, six primary emotions: happiness, sadness,
disgust, anger, surprise, and fear, along with a neutral condition. For each target emotion, twelve stimuli
were selected from the IAPS database. Twenty-six participants (15 male, 11 female; M = 28.3, SD = 8.3)
completed consent before viewing blocks of six emotional images and one neutral image. Each stimulus
was displayed for 5 seconds while the VR headset recorded their facial expressions continuously.

2.2.2. Experiment 2: Video-Based Emotion Elicitation

This experiment used dynamic audiovisual stimuli to induce the same six emotions, excluding neutral.
Twelve internet-sourced video clips were initially selected as candidate stimuli for the target emotions.
They were validated by twelve independent raters, and for each emotion, the clip with the highest
agreement was retained as the final stimulus. The selected videos ranged from 40 seconds to 2 minutes,
for a total experimental duration of approximately 8 minutes and 50 seconds. Twenty-three participants
(13 male, 10 female; M = 32.4, SD = 7.0) completed consent before watching the six validated videos in
randomized order. Each clip was followed by a 10-second rest and self-report ratings, while the VR
headset continuously tracked facial movements.

2.3. Spontaneous Emotional Face Tracking Dataset

The Meta Quest Pro headset captures facial movements through internal sensors mapped to 63 FACS-
based blendshapes, sampled at 50 Hz with values ranging from 0 to 1. Blink-related blendshapes were
removed during preprocessing.

Although each stimulus includes theoretical emotion labels, the corresponding facial expressions
are not always consistently present, as emotional responses may only emerge at specific moments. To
address this limitation and obtain more accurate annotations of facial expressions, we performed an
external labeling.

The first step was to distinguish moments when participants exhibited emotional responses from
those with neutral expressions. To this end, the Mahalanobis distance was computed for all samples, and
only the top 15% most distinctive samples were retained as emotionally expressive. The remaining 85%
were excluded from manual labeling, as they primarily reflected low-intensity or neutral expressions.
The selected samples were grouped into continuous segments, with segments shorter than 1 second
discarded. This procedure resulted in a total of 6,279 one-second expressive facial segments, of which
2,046 corresponded to image-based elicitation and 4,233 to video-based elicitation.

The 6,279 segments were manually labeled by an expert evaluator into the categories “happy”, “sad”,
“neutral”, “surprise”, “disgust”, “anger”, and “fear”. While this process captures the most distinctive facial
expressions, some segments could include movements not directly related to emotions, such as sneezes,
yawns, or headset adjustments. To account for these, an additional “non-emotional” category was
introduced. To facilitate this, GIF visualizations of each segment were generated in Unity by animating
a head model with the recorded FACS values. The avatar used for this purpose was developed by
Meta and is specifically optimized for high-fidelity blendshape and eye-tracking transmission from
the Meta Quest Pro headset, ensuring accurate reproduction of the participants’ facial movement (Fig.
1). A custom labeling application was developed to streamline annotation, providing buttons for the
six emotions, neutral, and a non-emotional category for those expressions corresponding to noise or
emotional states not included in the target emotion set (Fig. 2).

The final dataset included the curated face-tracking segments, participant IDs, and manually assigned
emotion labels. The distribution of labeled samples was as follows: 2,356 neutral, 1,207 non-emotional,
620 surprise, 536 sadness, 492 happiness, 446 disgust, 362 anger and 260 fear. To address class imbalance,
random selection reduced the predominance of neutral and non-emotional samples. Additionally, a
subset of randomized data segments previously excluded using the Mahalanobis distance threshold was
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Figure 1: Specific frames for emotions obtained from head model implemented in Unity.
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Figure 2: Application developed for emotion classification.

resampled into continuous 1-second windows and incorporated under the neutral label, as their low
expressiveness aligned with the operational definition of neutrality. The resulting dataset contained
400 samples each for neutral and non-emotional classes, including 150 neutral segments originally
discarded by the Mahalanobis criterion.

2.4. Data modeling and Validation

First, to prepare the data for modeling, each face-tracking segment, lasting 1 second (50 frames, with
each frame representing 0.02 seconds), was reduced to a feature vector by computing the maximum



activation value of each blendshape, representing the most expressive point. Additionally, to account
for individual baseline differences, we applied subject-wise normalization by subtracting from each
feature vector each participant’s average blendshapes during a blank-image viewing period.

As for our modeling strategy, we implemented a nested cross-validation scheme using OvA XGBoost
classifiers for each emotion, including the neutral and non-emotional classes. In the outer loop,
participants were split into training and test sets on a subject-wise basis to ensure that no individual
appeared in both. For classification, each OvA model generated a probability score for its target
emotion, with the class with the maximum probability assigned as the predicted label. The inner loop
performed hyperparameter tuning and class-weight balancing. The hyperparameter tuning was carried
out using the Hyperopt library. The values of n_estimators and learning_rate were fixed at 300 and
0.01, respectively. The optimization focused on the following parameters: max_depth ranging from 3 to
10 with a step size of 2; min_child_weight ranging from 1 to 6 with a step size of 2; gamma ranging
from 0.1 to 2; reg_alpha ranging from 1 to 5 with a step size of 1; and colsample_bytree ranging from
0.5 to 0.9.

After model training, performance was evaluated using balanced accuracy, F1-scores, True Positive
Rate (TPR), True Negative Rate (TNR) and ROC/AUC score for each classifier, under a binary framework
where each model distinguished its target emotion from all others. Evaluation metrics were computed
by fold aggregation.

2.5. SHAP Explanation Values

To obtain interpretable insights into the model’s decision-making process, SHAP values were computed
for each emotion class to identify the blendshape coefficients that contributed most strongly to the
predicted outcomes. This method allows us to examine whether the learned decision patterns are
consistent with FACS-based facial movements and to confirm that the classifiers rely on meaningful
expressive cues rather than artefacts or noise. In this way, SHAP contributes to model transparency
and supports the detection of potential sources of bias.

Because SHAP explanations depend on the specific model configuration from which they are derived,
it was essential to compute them on models operating under their best-performing settings. For this
reason, all classifiers were re-trained on the full dataset using 5-fold cross-validation for hyperparameter
optimization. The hyperparameters yielding the highest accuracy were selected so that the subsequent
SHAP analyses would reflect the models’ optimal behavior.

After the optimal classifiers were obtained, each OvA estimator was stored independently, allowing
SHAP values to be extracted for each emotion class separately. Explanations were computed using all
available training samples to maximize coverage of the data distribution and to better characterize how
each blendshape contributed across the full range of expressive variability.

Finally, SHAP summary plots were generated to visualize both feature importance and feature influ-
ence. These plots display the distribution of SHAP values using color gradients (red for higher feature
activation, blue for lower), enabling identification of the five blendshapes with the strongest impact
on each model’s predictions and illustrating how their activation levels shaped the final classification
decisions.

3. Results

In terms of model performance, the results obtained are shown in Table 1. Overall, the results indicate
that happiness was the most accurately classified emotion, achieving a balanced accuracy of 0.94 and
an F1-score of 0.85, as reported in Table 1. Surprise, sadness, disgust, and neutral also demonstrated
relatively high classification performance, with balanced accuracies of 0.79, 0.80, 0.79, and 0.77; and F1-
scores of 0.66, 0.65, 0.64, and 0.53, respectively. In contrast, fear and the non-emotional categories, despite
attaining balanced accuracies of 0.72 and 0.68, exhibited lower F1-scores of 0.48 and 0.45, respectively.
Anger was the most poorly classified emotion, with a balanced accuracy of 0.55 and an F1-score of 0.19.
Overall, the least represented emotions, anger and fear, showed the lowest classification performance,
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Figure 3: Confusion Matrix implemented for emotion classification task. Disgust (DIS), Anger (ANG), Happiness
(HAP), Neutral (NEU), Non-Emotional (NOISE), Surprise (SUR), Sadness (SAD).

with the notable exception of the non-emotional class, which also displayed low performance despite
its higher representation in the dataset.

Also, a confusion matrix was constructed to evaluate how individual OvA models classified emotions.
The results of all folds were aggregated into a single confusion matrix (Fig. 3). It indicates that happiness
achieved the highest prediction performance among all classes, correctly identifying 447 of 492 test
samples. The model also demonstrated relatively strong performance for surprise, sadness, disgust, and
neutral, correctly classifying 402/620, 352/536, 285/446, and 254/400 samples, respectively. These results
suggest that the model can reliably recognize these emotions and the neutral class, although some
misclassifications occurred: surprise was primarily misclassified as fear, disgust as happiness, sadness as
neutral, and neutral as sadness. In contrast, the classification performance for fear and non-emotional
samples was considerably lower, with only 126/260 and 168/400 samples correctly predicted, respectively.
Misclassifications contributed to this reduced performance, with fear often labeled as anger or surprise,
and non-emotional samples predominantly misclassified as neutral. The anger class exhibited the
weakest overall performance, with only 53 of 362 samples correctly classified. Anger instances were
misclassified across nearly all other categories except happiness, most frequently as fear, neutral, or
sadness.

Table 1
Balanced accuracies (Bal. Acc.), F1-scores, True Positive Rates (TPR), True Negative Rates (TNR) and ROC-AUC
score obtained for each OvA model.

Emotion Bal. Acc. | F-1scores | TPR | TNR | ROC-AUC
Happiness 0.94 0.85 091 | 0.96 0.94
Surprise 0.79 0.66 0.64 | 0.95 0.79
Sadness 0.80 0.65 0.66 | 0.93 0.79
Disgust 0.79 0.64 0.64 | 0.95 0.79
Neutral 0.77 0.53 0.65 | 0.93 0.77
Fear 0.72 0.48 0.48 | 0.96 0.72
Non-Emotional 0.68 0.45 0.42 | 0.94 0.68
Anger 0.55 0.19 0.15 | 0.96 0.55
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Figure 4: SHAP summary plots for each OvA classifier.

SHAP Explanation Values for each model related to emotions are represented in Summary Plots (Fig.
4). The values computed for each OvA estimator align with FACS theory [11]. For happiness, the most
influential features correspond to smile-related blendshapes, and their positive SHAP values indicate
that higher activation of these blendshapes increases the likelihood of the happiness class. For surprise,
blendshapes associated with widened eyes and raised eyebrows show the greatest positive contribution to
the model’s decision. In the case of sadness, the most relevant features include blendshapes related to lip
depressing and partial eye closure, which are commonly associated with crying or sad expressions; higher
values of these blendshapes positively influence sadness classification. For disgust, blendshapes linked
to facial wrinkling exhibit the strongest impact. Regarding fear, blendshapes involving upper eyelid
raising contribute significantly and are consistent with FACS expectations; however, other fear-related
blendshapes, like InnerBrowRaiser, show SHAP contributions opposite to those theoretically expected.
Finally, for anger, the most relevant blendshapes correspond to eyebrow lowering and tightened eyelids,
which aligns with FACS. This is also consistent with patterns observed in misclassifications, as anger is
most frequently confused with fear and sadness, which share the same AUs.

4. Discussion

In this study, we propose a novel methodology for facial emotion recognition in HMD experimental
settings. The approach combines spontaneous emotion elicitation with externally annotated labels
derived from synthetically reconstructed facial representations, ensuring high-quality training data that
closely reflects naturalistic emotional behavior. Furthermore, the methodology is validated through
explainable machine learning techniques, providing interpretable insights into the model’s decision-



making process.

To implement this approach, we employed emotion elicitation using validated images and ad-hoc
selected videos. Among these, videos proved to be the most informative, generating the largest amount
of facial expression data (4,233 video-based GIFs vs 2,046 image-based). To maximize the captured
information, both types of stimuli were combined into a single dataset, ensuring broad coverage of
facial expressions. Nevertheless, incorporating additional elicitation methods, such as interactive virtual
agents or serious games, could further enhance the diversity and quantity of captured expressions.
Importantly, the primary value of this dataset lies in the spontaneity of the elicited emotions, which
minimizes posed biases and preserves the natural dynamics of facial expressions.

In traditional emotion-recognition studies, models rely on full-face data [8, 20], which is not available
in HMD settings due to occlusion. Our use of Meta Avatar reconstruction mitigates this limitation by
recovering the obscured facial regions with high anatomical fidelity, enabling more reliable external
annotation of spontaneous expressions. This approach reduces dependence on self-reports and allows
for higher-quality ground truth labels, ultimately improving the robustness of emotion analysis in
immersive VR environments.

Despite being trained exclusively on spontaneous expressions, the resulting pipeline demonstrated
strong predictive performance. Happiness achieved the highest classification accuracy, with only a few
instances misclassified, indicating that it forms a well-defined and robust category. Similarly, surprise,
sadness, and disgust exhibited relatively strong performance. In contrast, lower classification accuracy
was observed for fear and non-emotional samples, while anger proved to be the most difficult category
to distinguish. Misclassifications tended to occur between emotions with similar facial action patterns,
as revealed by SHAP interpretability analyses. For instance, anger was often confused with fear or
sadness, reflecting its lack of a distinct classification pattern, whereas fear was frequently misclassified
as surprise due to overlapping theoretical AUs [11]. The non-emotional category was particularly
challenging, as it does not follow consistent patterns and tends to appear more randomly compared
to other emotions. Notably, the SHAP analyses confirmed that most emotional categories exhibit
discriminative patterns consistent with FACS theory, providing empirical support for the validity of the
learned representations.

These findings are consistent with prior literature. For instance, Zhang et al. [24] reported high
recognition accuracy for happiness, sadness, surprise, and neutral using reconstructed facial surfaces;
however, their results were obtained from posed expressions and validated within a Unity-dependent
reconstruction environment, limiting ecological validity. Similarly, research in immersive gaming
contexts [25] achieved strong classification performance for comparable emotions, but relied on dual-
camera recordings of participants imitating expressions, which were subsequently labeled from 2D
imagery. In contrast, our approach uses only the Meta Quest Pro’s facial landmark activations to
classify spontaneously elicited emotions. Moreover, the use of Meta blendshapes provides a degree
of interpretability that is difficult to achieve in camera-based or muscle-sensing setups, enabling us
to identify which facial movements contribute most to prediction outcomes. These methodological
differences likely explain the performance variations observed across studies.

While our findings support the viability of combining spontaneous affective responses with synthetic
facial reconstruction, several limitations remain. Certain emotions, particularly fear and anger, proved
difficult to distinguish, highlighting the need for more targeted elicitation strategies capable of producing
clearer and more sustained affective responses. Future work will therefore focus on improving emotion
elicitation through the integration of virtual humans within narrative and conversational VR scenarios,
enabling more naturalistic and context-driven emotional engagement.

In addition, increasing annotation reliability constitutes an important next step. We plan to expand
the number and diversity of external annotators and explore annotation protocols to enhance labeling
consistency and reduce subjective bias.

Beyond these improvements, the primary direction for advancing this work lies in incorporating
temporal modeling approaches capable of capturing the dynamic evolution of facial expressions over
time. Ongoing research is exploring sequence-based architectures, including Transformer models,
CNN-LSTM hybrids, and MiniRocket, with the goal of improving emotion discrimination by leveraging



temporal dependencies that are not captured by static representations. Together, these developments aim
to strengthen the robustness, interpretability, and ecological validity of emotion recognition pipelines
in immersive HMD environments.
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