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Abstract
This  work  presents  a  real-time,  motion-only  pipeline  that  recognizes  affect  in  VR  using  consumer 
hardware (Meta/Oculus Quest 2). The approach relies solely on behavioral kinematics – head and hand 
6DoF streams – captured at 90 FPS, avoiding additional physiological sensors. Raw pose sequences are 
segmented into 2 seconds sliding windows with overlap, preprocessed via smoothing, outlier handling, 
and  gesture  debouncing,  then  transformed  into  a  compact  feature  set  (kinematics,  posture,  gesture  
dynamics, spectral descriptors, and summary statistics). The feature space is standardized and reduced 
with PCA that preserve 95% variance, supporting both unsupervised structure discovery (Mini-Batch K-
Means, DBSCAN) and supervised mapping (classification) to five emotion categories (joy, focus, boredom,  
anxiety, stress) using Random Forests, SVM, and a lightweight 1D-CNN for mapping evaluation.
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1. Introduction

The rapid advancement of virtual reality (VR) technologies has fundamentally transformed how 
people interact with digital environments, delivering compelling immersive experiences that blur 
the boundary between the real and the virtual world. VR has emerged as a powerful platform –  
ranging from video games and training simulators to telemedicine and educational applications – 
where user engagement and satisfaction are key determinants of success.

A  major  obstacle  to  improving  such  experiences  is  understanding  the  emotional  and 
psychological  state of users while they interact with VR content.  In VR where sensory load is 
carefully  controlled  the  user’s  emotional  state  can  directly  affect  task  performance,  sense  of 
presence, and cognitive workload. Accordingly, integrating affective computing – the capacity of 
systems  to  recognize,  interpret,  and  respond  to  human  emotions  –  is  necessary  for  building 
emotionally adaptive virtual environments [1][2][3][4].

Although traditional emotion-recognition systems largely rely on physiological measures (e.g., 
electroencephalography, heart-rate variability, electrodermal activity) or facial-expression analysis, 
these  methods  often require  additional  equipment,  involve  invasive  sensors,  or  exhibit  limited 
generality  across  users  and  contexts.  In  contrast,  behavioral  movement  analysis  offers  a  non-
invasive, scalable alternative. How a user moves – head tilts, hand gestures, body posture, and 
movement patterns – can contain rich information about emotional and cognitive state.

The aim of this work is to develop a real-time system for recognizing a user’s emotional state in 
virtual reality that relies exclusively on natural behavioral motion captured with an Oculus Quest 2 
headset  or  compatible  VR  devices.  To  achieve  this  aim,  we  implement  a  staged  process  that  
includes: high-rate motion data acquisition; construction of informative features from these data; 
clustering of the discovered movement patterns; and classification of emotional states – joy, stress,  
boredom, focus, and anxiety.
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System design accounts for strict real-time constraints (target rendering at 90 FPS and end-to-
end latency below 30 ms), ease of integration into existing VR applications, and ergonomics and 
scalability considerations.

We expect  that  completing these stages will  align motion-based interaction with automatic 
emotion  recognition  in  VR,  thereby  contributing  to  affective  computing  and  human-centered 
immersive systems.

2. Literature Review

2.1. Affective computing in VR

Research on recognizing emotional states in immersive environments combines elements of several 
disciplines: affective computing, human–computer interaction (HCI), motion analysis, and machine 
learning. Affective computing – an interdisciplinary field initiated by Rosalind Picard in 1997 [5] – 
seeks to equip machines with the ability to perceive, interpret, and respond to human emotions. In 
user-centered  systems,  an  emotionally  aware  response  is  a  key  component  of  the  overall 
experience [5].

Within  VR,  traditional  affective  computing  methods  often  rely  on  physiological  signals  to 
recognize emotions. The most common data sources are: electrodermal activity (EDA) or galvanic 
skin response (GSR), which measures sweat gland activity as an indicator of arousal [6][7]; heart 
rate (HR) and heart rate variability (HRV), which reflect sympathetic nervous system activity [8]
[9]; electroencephalography (EEG), which records electrical brain activity associated with various 
cognitive and emotional states [10][11].

These  signals  are  informative  and  have  demonstrated  effectiveness  in  both  clinical  and 
entertainment VR applications [12][13]. However, they typically require wearable sensors, careful 
calibration, and noise control, which complicates their practical use in active VR scenarios. As an 
alternative and promising direction in affective computing, behavioral signals – particularly motion 
data – have shown potential for inferring emotional state without additional invasive equipment 
[14].  Head  pose  dynamics,  hand  gestures,  and  overall  movement  patterns  correlate  with 
engagement, anxiety, and relaxation [15].

Contemporary VR studies consider behavioral analytics for detecting stress based on indicators 
such as abrupt head movements, increased gesture frequency, or constrained posture. Behavioral  
data have several advantages: they can be collected passively without extra hardware; they are  
robust to momentary occlusions; and they scale across users and contexts.

Meta (Oculus) Quest 2 is selected as the main device for data acquisition because it combines a  
performant platform with inside-out head and hand tracking, making it possible to capture high-
frequency motion data – position and orientation of the head and controllers, as well as derived 
kinematic features – for multidimensional analysis of user behavior  [16][17][18]. We propose to 
develop this approach by formalizing a system that uses behavioral signals – specifically head and 
hand motion – to infer emotions in real time. The system is designed to function online, which is 
critical in dynamic VR environments.

2.2. Motion analysis in human–computer interaction (HCI)

Prior work shows that kinematic parameters – speed, acceleration, curvature of trajectories – can 
reflect cognitive activity and the user’s emotional state  [19][20][21]. In traditional HCI settings 
(e.g., desktop), motion analysis has been applied to mouse dynamics, touch gestures, and gaze for 
authentication,  workload estimation,  and adaptive UI design  [22][23].  In immersive media,  the 
expansion of three-dimensional interaction opens new avenues for interpreting user state through 
movement.

Analyzing HCI studies focused on embodied interaction, researchers highlight the relationship 
between movement patterns and user performance in VR tasks  [24]. Data-driven models capture 



characteristic patterns, such as increased head rotation variance during stress, or smoother hand 
trajectories during focused attention  [25][26]. Motion complexity has also been linked to mental 
load: higher task difficulty can be reflected in increased jerk, trajectory irregularity, and reduced 
smoothness, enabling the construction of workload estimators based on these features.

In collaborative or social VR scenarios, indicators such as gaze direction, interpersonal distance, 
and turn-taking gestures help reveal social and affective aspects of interaction in HCI. Systems can 
predict intent and anticipate user actions based on motion patterns – for example, when a user  
attempts to grasp an object or interact with a virtual menu [27].

2.3. Machine learning for emotion recognition

ML  methods  are  typically  divided  into  supervised  and  unsupervised  approaches.  Supervised 
learning  trains  a  model  on  labeled  data  to  map input  features  to  target  emotional  categories. 
Unsupervised learning, by contrast, seeks to discover latent structure – clusters or manifolds –  
without explicit labels, helping to identify underlying behavioral patterns that may correspond to 
affective states [28].

Common supervised algorithms for classification include:
• Support Vector Machines (SVM), effective for high-dimensional spaces, especially in small-

sample regimes with robust margin-based generalization; SVMs have shown reliability in 
classifying emotions from facial expressions and motion patterns [29];

• Random Forest (RF), a tree-based ensemble method resistant to overfitting and noise; RF 
effectively  predicts  arousal  levels  and  distinguishes  behavioral  markers  such  as  body-
movement frequency or gesture rate [30];

• Artificial Neural Networks (ANN) and Convolutional Neural Networks (CNN), particularly 
effective for spatiotemporal data; CNNs capture local patterns and temporal context in time 
series, including head and hand motion velocities in VR [31];

• Recurrent Neural Networks (RNN)  [32] and LSTM networks  [33], designed for sequential 
data where temporal dependencies are critical; they can track the dynamics of emotional 
state over time.

Selecting an algorithm for online multiclass affective classification requires balancing accuracy, 
latency,  interpretability,  and robustness.  The decision depends on dataset specifics and latency 
constraints [6][7].

Emotional  patterns  can  change  substantially  in  dynamic  environments  –  due  to  individual 
differences and context shifts – leading to “concept drift.” Models trained offline may degrade over 
time when user behavior changes, reducing performance on previously learned emotions [34][35]. 
We  therefore  propose  incremental  online  learning  as  a  practical  compromise:  it  supports 
adaptation  to  new  data  distributions  while  maintaining  a  stable  representation  of  previously 
learned classes. Additionally, unsupervised clustering is recommended as a preliminary stage to 
identify  behavioral  movement  segments;  this  facilitates  subsequent  supervised  learning  and 
provides a deeper understanding of affective states.

In this work, the focus is on the kinematic behavioral data in VR which are well suited to online 
acquisition and low-latency inference. Combining established ML models with behavioral motion 
data extends the boundaries of affective computing in VR. This integration enables emotionally 
adaptive systems that can respond to affective cues with low latency and high accuracy.

3. System Architecture

The system for recognizing emotional states in VR is organized as a low-latency, modular pipeline 
that prioritizes minimal algorithmic complexity, efficient resource usage, and unobtrusiveness for 
the user. System high level architecture is presented on figure 1



Figure 1: System high level architecture.

The system consists of five core components:
• Motion data acquisition module;
• Preprocessing and feature-extraction module;
• Clustering mechanism for discovering behavioral patterns;
• Affective classification mechanism;
• Real-time feedback interface.
For ease of integration and simplicity of use, the system employs the Oculus (Meta) Quest 2 

platform, which provides an optimal balance among performance, cost, and sensor accuracy. Data 
streams collected in real time via the Oculus SDK.

Each motion frame is accompanied by a precise timestamp, enabling exact alignment of data 
across sensors for synchronization.

To support both streaming and batch processing, the system uses a sliding-window approach 
with overlap. This preserves the temporal context while enabling real-time processing.

Each window segment contains an n x m matrix (n = window length in frames, m = number of  
variables)  with base  signals  (node positions  and orientations;  head and hands kinematics)  and 
derived features (velocity, acceleration, gesture-change indicators).

To improve accuracy and reduce noise, the module uses:
• Exponential moving average (EMA), applied to all numeric columns within the window;
• Outlier  detection  to  exclude  spikes  caused  by  tracking  losses  or  brief  occlusions,  with 

imputation by the median of the corresponding variable within the same window;
• Gesture stabilization that ignores short, non-salient signals and reduces isolated state flips 

without blurring the boundaries of meaningful events.
• These  measures  increase  the  reliability  of  behavioral-pattern  detection,  especially  in 

dynamic and potentially noisy VR environments.

For training,  validation,  or debugging,  the module supports  session logging in CSV/Parquet 
formats. Each session contains:

• Metadata: pseudonymized user ID, task scenario, VR-application context;
• Start and end timestamps;
• Annotated markers (optional): emotion labels, events.
The  data-collection  module  is  optimized  for  low-latency  operation  (stable  high-frequency 

capture and efficient buffering), forming a reliable foundation for all real-time affective inference 
tasks.



4. Feature Vector Construction

Constructing  the  feature  vector  directly  influences  both  unsupervised  cluster  discovery  and 
supervised classification for emotional-state estimation.

The process analyzes time-segmented motion windows and transforms raw 6-DoF signals into a 
compact feature vector that describes the dynamic properties of head and hand movements.

The features are grouped by functional categories listed in Table 1. 
A comprehensive processing of  the initial  feature set was carried out,  including smoothing, 

normalization, windowing, and extraction of both time-domain indices (moments, rates, ranges) 
and spectral characteristics (dominant frequencies, spectral energy) [36].

Table 1
Features functional categories

Category Characteristics Notation

A Kinematic 
features 
(physical 
movement  of 
the user)

Mean speed of  the head and of  each 
hand;

Standard deviation of acceleration;

Maximum  angular  velocity  (head 
rotation);

Range  of  motion  (Euclidean  distance 
traveled within the window);

Jerk (change in acceleration reflecting 
movement abruptness).

v̄

σa

ωmax

R=max(x) – min(x)

j = da/dt

B Spatial 
orientation 
and posture

Histograms  of  pitch,  yaw,  roll 
(distribution of head orientation);

Spatial  relations  between  hands  and 
headset  (e.g.,  mean  distance  between  a 
hand and the head);

Height asymmetry of the hands (may 
indicate tension or dominance).

h(θ)

dH–H

Δy = yL − yR

C Gesture 
dynamics

Number  of  gesture-state  changes 
within a window;

Distribution  of  gesture  durations 
(dwell  time  in  states  such  as  grip, 
pointing, rest, etc.);

Frequency  of  specific  gestures  (e.g., 
waving, pointing, clenched fist).

Ntrans

tgesture

ρgesture

D Frequency-
domain 
features

Fast  Fourier  Transform  (FFT) 
coefficients;

Dominant  frequency  components 
(characterize movement periodicity);

Spectral energy density (distribution of 
movement energy over frequencies);

fdom

Ef

ρgesture



Rhythmic descriptors.

E Frequency-
domain 
features

Mean, median, variance;

Skewness;

kurtosis  (“peakedness”  of  the 
distribution).

μ, x̄, σ2

γ1

γ2

To stabilize model training, z-score standardization is applied; to reduce redundancy, Principal 
Component Analysis (PCA) is used. The initial data analysis revealed vector fields within the range 
[−5.9, +2.8], reflecting the normalized nature of the data.

The rationale for the emotional relevance of the features is based on interdisciplinary findings 
from  psychology  and  nonverbal  communication  showing  that  gestures  and  posture  are  key 
channels of emotional transmission [37]. High acceleration and frequent changes in body direction 
are reliable markers of stress and anxiety; conversely, a limited range of motion and infrequent, 
muted gestures correlate with boredom and disengagement. Open-hand gestures and a forward-
leaning  posture  are  characteristic  of  engagement  and  joy,  ensuring  effective  emotional  and 
communicative expression [37].

5. Clustering of Behavioral Movements

A key element of the clustering module is the discovery and formation of behavioral movement 
patterns.  This is necessary for two main reasons: first,  it  enables detecting unlabeled recurring 
movement patterns that may indicate emotional state; second, it simplifies input-data analysis by 
structuring similar behavioral sequences before subsequent classification. The unsupervised stage 
is  intended  to  uncover  latent  emotional  dynamics  without  immediate  labeling  or  predefined 
emotional templates.

The  clustering  module  processes  the  feature  vectors  corresponding  to  2-second  motion 
segments  and  groups  them  into  meaningful  behavioral  clusters  using  scalable,  low-latency 
algorithms.

5.1. Goal of clustering and approach

The primary goal of the clustering module is to create behavioral clusters, i.e., groups of movement 
sequences with similar dynamical and spatial characteristics. These clusters can later be labeled 
(offline)  with  emotion  tags  based  on  observer  ratings  or  user  self-reports,  thereby  producing 
training data for classification.

Clustering must meet several critical requirements: support incremental learning for real-time 
adaptation;  impose low computational  load so that a  high frame rate is  maintained in the VR 
environment  (at  least  90  FPS);  and  detect  complex,  non-linear,  and  asymmetric  structures 
characteristic of natural human motor behavior, which rarely conforms to ideal geometry.

5.2. Comparison of clustering algorithms

To  meet  the  module’s  objectives,  four  principal  clustering  methods  were  considered  and 
implemented  for  motion  segmentation:  k-means;  density-based  DBSCAN;  hierarchical 
agglomerative clustering (HAC); and online vector quantization (OVQ).

K-means [38] is a baseline clustering algorithm that partitions data into k groups by distance to  
cluster centers (means). It iteratively updates centroids to minimize the sum of squared distances 
between points and their assigned centers.  Effective when clusters are approximately spherical  
with similar variance, k-means is simple and fast for clearly separated, symmetric clusters,  but 



degrades on complex or noisy data. For real-time use, the optimized Mini-Batch k-means variant is 
often applied to reduce computational load.

Gaussian Mixture Models (GMM) is a probabilistic approach that represents data as a mixture of 
multivariate  normal  components  with  different  parameters  (means,  covariance  matrices,  and 
weights).  Expectation–Maximization  (EM)  iteratively  estimates  point-to-cluster  probabilities  (E-
step)  and  updates  component  parameters  (M-step)  until  convergence.  GMM  performs  “soft” 
clustering  (probabilistic  membership),  can  model  clusters  of  arbitrary  elliptical  shape  and 
orientation, and works well on complex data. Limitations include the need to predefine the number 
of clusters, sensitivity to initialization, and reduced robustness in the presence of outliers or heavy 
noise [39].

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) [40] groups points that 
are  sufficiently  dense  in  space.  It  does  not  require  a  pre-set  number  of  clusters  and  can  
automatically  identify  both  dense  regions  (clusters)  and  sparse  regions  (outliers).  DBSCAN is 
effective for behavioral patterns with uneven density or pauses in motion, though it is sensitive to 
hyperparameter choice, which strongly affects quality.

Hierarchical Agglomerative Clustering (HAC) [41] merges the closest pairs of objects or clusters 
based on pairwise distances until all objects are combined into one cluster. Results can be displayed 
as a dendrogram that visualizes hierarchical structure and supports selecting the desired level of 
detail. HAC is informative but computationally expensive, and is typically used for offline analysis 
or small datasets.

Online Vector Quantization (OVQ)  [42] incrementally updates cluster centers in response to 
streaming inputs. Each incoming vector is approximated by the nearest centroid, which is then 
adjusted  by  the  new  sample.  Owing  to  its  simplicity  and  efficiency,  OVQ  suits  resource-
constrained,  real-time  environments  and  supports  adaptation  to  concept  drift.  Its  lightweight 
nature makes it a good fit for VR platforms with changing behavioral patterns.

5.3.  Analysis of clustering evaluation methods

To evaluate clustering effectiveness, the following internal metrics were used.

5.3.1. Silhouette Coefficient

Silhouette Coefficient (measures cluster separability) [43]:

S (i)=
b(i)-a(i)

ma x {a(i) , b(i)}
(1)

where a(i) is the average distance from point i to all other points in its own cluster; b(i) is the 
minimal average distance from i to all points in the nearest neighboring cluster.
5.3.2. Calinski–Harabasz Index

Calinski–Harabasz Index [44] (ratio of between- to within-cluster dispersion):

CH =
BG S S (k -1)
W GS S (n - k )

(2)

with BGSS

BGSS=∑
k =1

k

nk ‖ ck - c ‖
2

(3)

where BGSS – between-cluster sum of squares, with nk is the number of observations in cluster 
k, ck is the centroid of cluster k, c is the dataset centroid;

WGS Sk=∑
i=1

nk

‖ xi k - ck ‖
2

(4)

where WGSSk  –  within-cluster sum of squares for cluster k,



WGSS=∑
k =1

K❑

WGS Sk

(5)

where k is the number of clusters.
5.3.3.  Davies–Bouldin Index

Davies–Bouldin Index [45] (lower is better):

DB=
1
k
∑
i=1

k

ma x (
∆(xi)+∆(x j)
δ (xi , x j)

)
(6)

where Δ(xk)  is the inner-cluster distance within cluster  xk;  δ(xi, xj) is the inter-cluster distance 
between the centroids of clusters xi and xj.

5.4. Identification of emotional patterns and integration the classification 
module

To  improve  emotion  identification,  we  adopted  a  movement-pattern-oriented  approach  and 
obtained  a  balanced  dataset  with  diverse  emotional  states  exhibiting  varied  behavioral 
manifestations.  A  controlled  VR  session  was  recorded  in  which  the  participant  performed 
movements typical for each state (e.g., active dance-like movements for joy; calm and smooth for 
focus; soft/slow for boredom; nervous and rapid for anxiety; aggressive for stress), and the behavior 
was captured for subsequent annotation. Using these data, we analyzed and classified movement 
patterns (by amplitude,  speed,  and spectral  characteristics)  for  each emotion and formulated a 
mapping rule  based on their  statistical  profiles,  providing a  more objective  and representative 
attachment  of  clusters  to  emotional  classes  for  subsequent  supervised  learning  and  automatic 
recognition.

Based on the results, we built a complete process combining Gaussian Mixture Models (GMM) 
clustering with a domain-specific empirical emotion-labeling scheme. Instead of generic algorithms 
that often introduce noise or converge to uniform outcomes, GMM was used to identify three key  
clusters in a 10-minute VR dataset:

• Cluster  0  (334  samples):  concentrated  interaction  with  low  variability  and  a  stable 
movement pattern.

• Cluster 1 (90 samples): calm/static standing with minimal intensity.
• Cluster 2 (139 samples): vigorous, active movements with high intensity and variability.
For each cluster, detailed statistics were computed, including mean amplitude, speed, dispersion, 

pattern-stability  index,  and the dynamism of  changes between neighboring frames.  A domain-
specific mapping was designed: Cluster 0 → “focus/engagement” (confidence 0.92), Cluster 1 → 
“boredom” (confidence 0.88), Cluster 2 → “joy/activity” (confidence 0.90). Each assignment was 
justified by  real  user  observations  and  then  calibrated  by  cluster  size  and  pattern  stability.  A 
temporal check confirmed the logical sequence of emotional transitions, e.g., “focus → focus → 
boredom → joy → joy.”

The final dataset was augmented with emotion label, emotion name, and mapping confidence. 
The structure (563 windows → 337 cleaned samples) includes 24 PCA components and the cluster 
identifier,  yielding  a  ready-to-train  multi-class  set  with  three  balanced  emotion  classes.  This 
clustering-and-labeling  scheme  establishes  a  solid  basis  for  subsequent  supervised  classifiers 
(Random Forest, SVM, 1D-CNN) and for real-time emotion recognition in VR systems.

6. Classification Pipeline

After  grouping  behavioral  patterns  and  determining  emotional  templates,  the  critical  stage  is 
emotion  classification,  which  ensures  online  inference,  stability  under  noise,  and  low  latency 
suitable for VR applications.



6.1. Goal of classification and approach

The  main  task  of  classification  is  to  implement  a  mapping  function  that  transforms  a  high-
dimensional feature vector x ∈ ℝⁿ into a categorical label from the finite set {e₁, …, eₖ}, where eᵢ is 
one of the predefined affective classes [46].

In our case, the model recognizes five emotional states:
• Joy / happiness
• Focus / engagement
• Boredom
• Anxiety
• Stress
Here  xᵢ  is  the  resulting  feature  vector  representing  a  24-dimensional  space  of  principal  

components combined with the original normalized features and corresponding weights; yᵢ is the 
associated emotion label (a scalar).

To  solve  the  classification  problem,  three  models  were  employed  due  to  their  balance  of 
accuracy, interpretability, and suitability for real-time use:

• Random Forest (RF)
• Support Vector Machine (SVM)
• One-dimensional Convolutional Neural Network (1D-CNN)
Random Forest is an ensemble method based on a set of decision trees trained on bootstrap 

samples with feature subsampling; the final prediction is obtained by majority voting. RF is robust 
to noise, handles heterogeneous features well, and is often used as a baseline in tasks related to  
behavioral analysis.

The Support Vector Machine (SVM) is a kernel model effective for high-dimensional spaces and 
relatively  small  datasets;  by  maximizing  the  margin  between  classes,  it  provides  stable 
generalization. However, inference speed may decrease on very large or streaming datasets.

The one-dimensional Convolutional Neural Network (1D-CNN) is a deep model that captures 
local  temporal  patterns in  motion time series,  providing high accuracy – especially  with GPU 
acceleration – while maintaining low latency in windowed inference.

The cluster-based labeling obtained in the unsupervised stage provides training data for the 
supervised classifiers (RF, SVM, 1D-CNN). This mapping enables objective alignment of movement 
patterns with affective classes and supports validation of the models’ generalization and practical 
applicability.
6.2. Evaluation metrics for multi-class classification

Evaluation metrics for multi-class classification use the standard definitions:

6.2.1. Accuracy

Accuracy=
T P+T N

T P+T N +F P+F N
(7)

where TP – is the number of true positives, FN – the number of false negatives [47].

6.2.2. Precision

Precision=
T P

T P+F P
(8)

where TP – is the number of true positives, FP – the number of false positives [48].

6.2.3. Recall

Recall=
T P

T P+F N
(9)



where TP – is the number of true positives, FN – the number of false negatives [48].

6.2.4. F1 Score

F1=2×
Pr e c i s i o n×R e c a l l
P r e c i s i o n+R e c a l l

(10)

6.2.5. Latency

L=
1
N ∑

i=1

N

t p r e d , i
(11)

 where tᵢ is the processing time of the i-th sample, and N is the total number of samples [49].

6.2.6. Robustness

R=1-
|M o r i g i na l -M no i s y

M o r i g i na l

(12)

where Moriginal is the model metric on clean data and Mnoisy the metric on data with injected noise 
[50].

To  ensure  compatibility  with  real-time  VR  environments,  the  final  (1D-CNN)  model  was 
implemented with optimized inference so that the end-to-end per-window processing time remains 
below the target threshold (less than 30 ms, enabling updates above 30 Hz).

7. Evaluation

To assess the effectiveness,  reliability,  and suitability of  the proposed system, an experimental 
study was conducted. The analysis covered three main aspects:

• Classification accuracy – how precisely the system recognizes emotional states
• Computational efficiency – whether the system meets VR response-time and frame-rate 

requirements
• Robustness  and  generalizability  –  how  well  the  system  adapts  to  different  users  and 

scenarios
Equipment: Oculus Quest 2 (90 FPS), connected via Oculus Link to a PC with an NVIDIA RTX 

4060 GPU.
Emotion labeling: self-assessment using the SAM (Self-Assessment Manikin) scale.
Classification accuracy: the parameters of the models (RF, SVM, 1D-CNN) were evaluated using 

stratified 5-fold cross-validation, details presented in table 2.

Table 2
Classification accuracy

Model Accuracy Precision Recall F1 Score Latency 
(ms)

RF 0.976 0.969 0.968 0.968 0.001-0.005SVM 1.000 1.000 1.000 1.000 0.001-0.005

1D-CNN 0.976 0.968 0.968 0.968 0.001-0.01

The  results  confirm  that  emotional  information  is  distributed  across  multiple  movement 
modalities,  with  gesture  dynamics  being  particularly  informative.  The  system  achieves  high 



emotion-recognition accuracy using only movement data, meets real-time requirements (<30 ms) 
and demonstrated stability and efficiency in a practical VR environment.

8. Comparative Analysis with Baseline Methods

To position the proposed emotion-recognition system within the broader field, we compare it with 
conventional baseline approaches that use physiological signals – such as galvanic skin response 
(GSR),  heart  rate  and heart  rate  variability (HR/HRV),  and electroencephalography (EEG) – to 
determine a person’s emotional  state.  Despite their  high accuracy,  these methods have several 
limitations:  they require  additional  hardware  and careful  calibration;  they reduce  comfort  and 
mobility due to cabled or wearable sensors; they increase setup time and cost; and they complicate 
interactive real-time feedback in active VR scenarios. Table 3 shows comparison of a user emotion-
recognition model based on biosignals (baseline) versus a movement-based model (proposed).

Table 3
Comparison of a biosignals model versus a movement-based model

Criterion Movement-based model 
(proposed)

Biosignal-based model 
(baseline)  

Invasiveness Low – no extra sensors required
High – electrodes/sensors 
neededDependence on equipment Built-in Meta Quest 2 tracking
Specialized sensors (ECG, GSR, 
EEG)

Setup time < 2 minutes
10–15 minutes (including 
calibration)

Real-time operation Native (compatible with 90 FPS)
Depends on signal-processing 
pipelineComfort / mobility Full mobility, wireless Limited by cables and wearables

Scalability High (consumer hardware)
Moderate (rising cost and 
complexity)Generalizability Robust across users/scenarios Often requires per-user tuning

Maintenance None
Sensor cleaning, charging 
required

Privacy Motion only, no biometrics
Medical data; requires 
protection (GDPR, IRB)

The movement-based model built on Meta Quest 2’s integrated tracking provides a fast, low-
friction solution that preserves mobility and minimizes privacy risk by using only motion data. In 
contrast, biosignal approaches typically deliver higher diagnostic power in controlled or clinical 
settings but at the cost of practicality in consumer-scale, real-time VR use. For clarity, we also 
provide a scenario-to-approach mapping. It should be noted that movement- and biosignal-based 
models are not mutually exclusive. Hybrid systems, which combine physiological measurements 
with compact  sets  of  motion features,  often achieve higher accuracy than any single-modality 



approach.  Future  work  includes  integrating  physiological  indicators  in  an  optional  hybrid 
configuration while retaining the proposed movement-only pathway for scenarios demanding the 
best balance of accuracy, convenience, and scalability.

9. Limitations and Future Work

Despite the promising results and practical suitability of the proposed motion-based VR emotion-
recognition system, several constraints remain that delimit the scope of the present conclusions 
and open prospects for further research and refinement.

9.1. Limitations

9.1.1. Subjectivity in emotion labeling

The emotion labels used in training and evaluation – obtained from self-reports and/or observer 
annotations  –  are  susceptible  to  inter-rater  variability  and  contextual  bias.  Reducing  labeling 
subjectivity and ensuring consistency across sessions and users remains a difficult task in affective 
recognition. Also, broader validation across demographic and psychological spectra is still required. 
The robustness of the model for different user groups and contexts needs confirmation on a wider 
sample.

9.1.2. Limited set of affective categories

At present, the system recognizes only five states. Extending the taxonomy (including dimensional 
models) would better reflect the complexity of emotional experience. Also, the system relies on 
clearly  expressed,  classifiable  behavioral  patterns.  Minimal-movement  interactions  and  “quiet” 
states may provide limited signal for inference.  Motion alone may be an insufficient source of  
emotional information, especially for such “quiet” conditions. To improve adaptation to new users 
and changing environments, we will explore semi-supervised schemes and continuous updates that 
enable emotion recognition with minimal user involvement.

10. Conclusion

The study demonstrates that user emotions in VR can be recognized accurately using motion data  
alone, without auxiliary physiological sensors. The full pipeline operates within strict real-time 
constraints (under 30 ms per window) and integrates smoothly with interactive VR applications, 
enabling timely affect-aware responses during immersion. The approach segments short-horizon 
windows  of  6DoF  head/hand  motion,  applies  robust  preprocessing,  constructs  a  principled 
descriptor set, compresses it via PCA, reveals latent behavioral structure with clustering, and maps 
segments to five affective categories with lightweight classifiers.  DBSCAN outperforms MBKM 
under  internal  validity  metrics,  consistent  with  non-spherical,  noisy  manifolds  of  human 
movement. Across varied tasks and participants, the models generalize to new users and scenarios  
while  maintaining  stable  behavior  and  computational  efficiency.  These  properties  make  the 
approach  practical  for  deployment  in  real  VR environments  and  establish  a  reliable  basis  for 
building  emotionally  adaptive  experiences.  Future  work  should  extend  to  semi/self-supervised 
objectives for label efficiency, personalization with safe online updates, domain adaptation across 
devices/contexts without sacrificing the core simplicity of motion-only sensing.

Declaration on Generative AI 
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