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Abstract. This paper presents a hybrid deep learning architecture that takes gaze data as input and recognizes emotions efficiently and in
real time in resource-constrained augmented reality (AR) environments. Unlike conventional systems, which typically rely on facial
expressions or speech signals, the proposed system uses eye tracking and gaze dynamics as the main indicators of emotional state, which
offers better privacy, stability, and usability in practical AR applications. The model combines a convolutional neural network (CNN),
which extracts spatial representations from eye-region images and gaze heatmaps, with a gated recurrent unit (GRU), which models time-
varying gaze behavior. The model was evaluated on a self-curated dataset of 3,500 temporally sequenced samples annotated with six
emotion classes. The proposed model achieved an accuracy of 91.2%, outperforming the baseline long short-term memory (LSTM) and
standalone CNN models while remaining efficient. The GRU-based architecture was also more sensitive to temporal patterns and had a

lower computational cost, with an average inference latency of 14.5 ms per sample, which meets real-time processing requirements.
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I. INTRODUCTION

Emotion recognition has become an important research
topic in affective computing [1], human-machine interac-
tion, and intelligent tutoring systems [2], where the user's
emotional state can be used to adapt and personalize system
behavior. Conventional emotion recognition methods rely
on facial expressions [3], [4], speech signals [5], and physi-
ological responses [6], [7], but these approaches often face
limitations in augmented reality (AR) environments be-
cause of privacy concerns, environmental variability, and
hardware constraints. This paper addresses these issues with
a lightweight hybrid model that combines a convolutional
neural network (CNN) and a gated recurrent unit (GRU).
The CNN-GRU model captures the spatial and temporal
features of gaze data to recognize emotions in AR in real
time.

II. REVIEW OF LITERATURE

Recent studies have shown emotion recognition to be a cen-
tral feature of affective computing, intelligent interaction
systems, and immersive environments. Eye-gaze behavior
has proven effective for recognizing emotional and anxiety-
related states, especially in educational contexts [8]-[10].
Deep learning-based gaze analysis methods can identify
spatial and temporal behavioral patterns and characteris-
tics [11], [12]. Multimodal emotion recognition approaches
that combine gaze with audiovisual and physiological sig-
nals have also achieved higher accuracy [13]-[16]. Emotion
recognition has been applied in virtual reality (VR) [17],

human-robot interaction (HRI) [18], and personalized
learning systems [19].

III. PERFORMANCE METRICS AND MATHEMATICAL
ForMULATION

Let the dataset contain N samples and C emotion classes,
where each input x; has a corresponding label y;. Accuracy
measures overall correctness, (1); precision measures the re-
liability of predictions, (2); recall (sensitivity) measures de-
tection capability, (3); the Fl-score is the harmonic mean of
precision and recall, (4); and inference latency is the time
required per prediction, (5). Here TP, FP, and FN denote
true positives, false positives, and false negatives.
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IV. METHODOLOGY

The method uses eye-tracking and gaze data obtained with a
HoloLens 2 headset equipped with the Tobii eye-tracking
software development kit (SDK).
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A. Gaze Feature Representation

Each input sample X is a sequence of eye-region images
[=[11,L,...,I], with I, € R"™"*¢_and of gaze vectors
G =g1,82,...,gr], with g; € R? (for example, the [x, y]

gaze coordinates on the screen). The gaze vectors are
encoded into gaze heatmaps H, € R’ with a Gaussian

kernel centered at each gaze point:

(x-g)*+(y-g)?
202 ’

where  controls the spread of the heatmap. Each frame F;

is represented as the composite image concat(/;, H,), with
Ft c thwx(cﬂ)

Hy(x,y) =exp |- (6)

B. CNN Module for Spatial Feature Extraction
The CNN processes each frame F, to extract spatial features
f; € R9. A typical CNN stack computes

fi = CNN(F) = (W'« F, + b)), (7)
where * denotes convolution, ¢ is the rectified linear unit
(ReLU) activation, and W) and 5(°) are the learnable
weights and biases. Tables 1 and 2 show the successive lay-
ers of the convolutional pipeline that extract spatial features
from the eye-region images. In these tables, X1 and Y1 are
the spatial dimensions after the Conv2D layer, and X2 and
Y2 are the dimensions after max pooling.

V. HYBRID ARCHITECTURE

The CNN takes these inputs and derives spatial features,
while the other gaze features are processed by a dense layer.
The joint features are then classified by a softmax layer into
six emotion categories: happiness, sadness, anger, fear, sur-
prise, and neutral. Fig. 1 depicts this hybrid deep learning
architecture for identifying emotions from eye-tracking data
in AR settings.

HoloLens 2 headset with
Tobii eye-tracking SDK

Eye-region images Gaze vectors g; —
I, Gaussian gaze heatmaps H;
[ Composite frame F, = concat(I;, H;) ]

~

P

CNN: Conv2D (32, 3x3, ReLU) Dense layer
+ max pooling (2x2} (other gaze features)
v
GRU temporal learning
over fi,...,fr - hr

Fully connected + softmax
(six emotion classes)

Fig. 1. System pipeline of the proposed hybrid CNN-GRU architecture.

TaBLE 1. Conv2D LAYER (32 FiLTERS, 3x3) FOR FEATURE EXTRACTION

Trainable
Set Filters Kernel Activation Output shape params.
Training 32 3x3 ReLU (None, X1, Y1) 896
Test 32 3x3  ReLU (None, X1, Y1) 896
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TABLE 2. MAX PoOLING LAYER FOR DIMENSIONALITY REDUCTION

Output
Set Pool Stride Inputshape shape Purpose
Training 2x2 2 (X1,Y1,32) (X2,Y2,32) Reduces spatial
dimension
Test 2x2 2 (X1,Y1,32) (X2,Y2,32) Avoids overfitting

A. GRU for Temporal Learning
To model the sequence F = [ f1, f>, ..., fr], a GRU is used;
it suits real-time AR systems because it has fewer parame-

ters than a long short-term memory (LSTM) network. The
GRU cell is updated as follows:

2 =0 (W fi +Uzhyq + by), ®)
re =0 W, fi + Urhi1 + by), ©)
hy = tanh(W, f; + Up(ry © hy—y) + byp), (10)
hzz(l—Zt)th—l"‘Zt@ilta (11)

where z; is the update gate, r; is the reset gate, h; is the can-
didate hidden state, &; is the hidden state, ©® denotes ele-
ment-wise multiplication, and o is the sigmoid activation.
The final hidden state Ay is passed to a fully connected
layer.

B. LSTM for Temporal Feature Learning

LSTM networks address the vanishing gradient problem
when deep or very long dependencies exist in sequential
data, and they can therefore capture long-term dependen-
cies. For emotion recognition from eye-tracking sequences,
the LSTM allows the model to capture the temporal nature
of gaze movements and the shifts across multiple frames.

C. Output Layer
The final prediction is

¥ = softmax(W,hr + b,), (12)

where $ € RC is the probability distribution over the emo-
tion classes and C = 6 (happiness, sadness, anger, fear, sur-
prise, and neutral). The model is trained with the categori-
cal cross-entropy loss:

C
L=-7)" yilog(9,). (13)
i=1

VI. RESULT ANALYSIS AND DiscUssION

The GRU-based and LSTM-based emotion recognition
models were evaluated on temporally sequenced gaze data
and eye-region images captured in AR environments. A
total of 3,500 eye-tracking sequences were recorded during
controlled AR interaction sessions with a HoloLens 2 head-
set and the Tobii eye-tracking SDK. The models were
trained on an 80/20 train-test split with a batch size of 32
for 100 epochs to ensure convergence and adequate general-
ization. The GRU model consistently outperformed the
LSTM model on all evaluation metrics.

Tables 3 to 7 and Fig. 2 compare the GRU and LSTM
models on five key metrics under the same protocol (80/20
train-test split, batch size of 32, and 100 training epochs).

VII. COMPARATIVE PERFORMANCE

Because computational latency is a key factor in real-time
AR, the GRU and LSTM models were compared
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specifically to assess temporal learning efficiency under
real-time AR constraints. Table 8 and Fig. 3 summarize the

comparison.
TaBLE 3. AccurACY COMPARISON

Model  Accuracy (%) Epochs Batchsize Optimizer  Split
GRU 91.2 100 32 Adam 80/20
LSTM 89.6 100 32 Adam 80/20

120 1

Il GRU BN LSTM
100 1

80

60 A

40 1

20 A

0 -

Accuracy (%) Batch size

Epochs

Optimizer Dataset split
Fig. 2. Accuracy and training settings of the GRU and LSTM models.

TABLE 4. PrEcisioN COMPARISON

Precision
Model (%) Class-wise mean Split Notes
GRU 90.1 High for happiness 80/20 Slightly better than
and fear LSTM

LSTM 87.8 Average across 80/20 More confusion between

classes anger and sadness
TaBLE 5. REcaLL COMPARISON

Model Recall (%) Split  Observations

GRU 92.4 80/20  Captures temporal cues well

LSTM 88.9 80/20 Missed fast-changing emotions
TABLE 6. F1-ScorRE COMPARISON

Model Fl-score (%) Split Interpretation

GRU 91.2 80/20 Balanced precision and recall

LSTM 88.3 80/20  Slightly less balanced performance

TABLE 7. INFERENCE LATENCY COMPARISON
Inference time Batch

Model (ms/sample) size  Notes

GRU 14.5 32 Lightweight, faster

LSTM 19.3 32 Heavier, with more gates
TABLE 8. PERFORMANCE MATRIX

Metric GRU LSTM

Accuracy 91.2% 89.6%

Precision 90.1% 87.8%

Recall 92.4% 88.9%

F1-score 91.2% 88.3%

Latency 14.5 ms 19.3 ms

The GRU model outperformed the LSTM model on all
measured metrics: it was more precise, generalized better,
and had lower latency. The GRU is therefore the preferable
option for emotion recognition systems in immersive AR
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and VR settings, where delay, latency, and accuracy are par-
ticularly critical.

100 7
90 A
80 1
70 A
60 1
50 1
40 A
30 A
20 A
10 A
0 -

GRU LSTM

Bl Accuracy (%)
Bl Precision (%)
Bl Recall (%)

Bl Fl-score (%)
I Inference latency (ms/sample)

Fig. 3. Comparison of the GRU and LSTM models.

Table 9 compares the proposed CNN-GRU framework
with other model configurations. It outperforms the other
configurations on accuracy, precision, recall, and F1-score,
with lower inference latency than the CNN-LSTM configu-
ration, which makes it suitable for real-time AR-based emo-
tion recognition systems.

TABLE 9. ABLATION ANALYSIS OF DIFFERENT MODEL CONFIGURATIONS

Acc. Prec. Rec. F1 Latency
Configuration (%) (%) (%) (%) (ms)
CNN only 84.1 83.5 82.8 83.1 11.2
GRU only 86.7 85.9 86.2 86.0 13.8
CNN-LSTM 89.6 87.8 88.9 88.3 19.3
CNN-GRU (proposed) 91.2 90.1 924 912 14.5

VIII. CoNncLUSION

The CNN-GRU model achieved an accuracy of 91.2%, pre-
cision of 90.1%, recall of 92.4%, and F1-score of 91.2%
(Table 9). The model is highly accurate yet has low compu-
tational complexity and latency, which makes it suitable for
wearable AR devices. The findings confirm that lightweight
hybrid deep learning networks can capture emotional pat-
terns in real time.
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