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ARTICLE INFO ABSTRACT

Received: 25 May 2026 ~ Over the past few years, wearable devices like smartwatches have become central to
the seamless tracking of physiological signals that reveal a person's emotional and
physical state. Although earlier research has shown that it is possible to identify stress
and emotional states from this kind of data, the results are usually simplified to
abstract measures like class labels, confidence scores, or statistical plots that have
very little interpretability or value for the end users’ experience. Besides, many
emotion detection tools rely on externally visible features, especially facial
expressions, which may not accurately represent the real emotional states if the
expressions are being regulated either deliberately or unintentionally. Conversely,
emotional states inferred from physiological signals are more accurate
representations of the true affect, however, this area has not been sufficiently
explored in terms of intuitive and human-centered interactive visualization. Here is
where PersonaGAN comes in, a conditional stacked adversarial framework that
converts physiological signals obtained from wristbands into expressive visual
avatars. Wrist data from the WESAD dataset are first processed, then normalized and
encoded into emotion-aware conditioning vectors that depict internal affective
responses without depending on facial cues. The proposed framework is a two-stage
conditional stacked generative adversarial architecture with perceptual refinement
that helps in semantically coherent and visually realistic avatar generation.
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INTRODUCTION

The widespread use of wrist-worn wearable devices has made it possible to continuously and discreetly monitor
physiological signals using highly popular consumer technologies like smartwatches. These gadgets detect a variety
of physiological signals, such as Electrodermal Activity (EDA), Blood Volume Pulse (BVP), skin temperature, and
accelerometer signals, which have become increasingly important sources of information for affective computing and
emotion recognition applications. Most of the time, existing methods use machine learning and deep learning
techniques to categorize physiological signals into predefined emotional or stress-related groups. While these
techniques often attain very high classification accuracy, their results are usually limited to numerical labels,
confidence scores, or statistical representations, thus offering only a very narrow interpretation and user engagement
potential.

Converting physiological signals into expressive visual representations is quite a difficult cross-domain mapping
problem. Physiological measurements naturally carry implicit and non-observable affective responses, but avatar
generation needs explicit visual and semantic structures that can represent emotional characteristics. So, establishing
significant connections between these different modalities still seems to be a difficult issue in affective visual
synthesis.Generative Adversarial Networks (GANs) are a new type of models that can understand complex data
distributions and create very realistic images [1]. Conditional GANs can do even more as they add extra information
that allows for controlled image generation [2]. On top of that, stacked GAN architectures take the quality of
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generation even further by using coarse to fine refinement strategies [3,4]. Moreover, GAN-based methods have
unlocked a great deal of potential in healthcare and biomedical areas by enabling data augmentation, privacy
preservation, and representation learning [5,6]. While we have seen quite some advancement in wearable emotion
recognition and generative modelling, these two areas have barely interacted with each other. Usually, physiological
sensing systems deliver emotion labels or probabilities, and except the visual input, the existing avatar generation
methods mainly use facial images, motion capture data, or depth information. Most of the existing methods for avatar
synthesis are aimed at appearance transfer, facial animation, or motion-driven generation. As a result, physiological
signals are not directly included as conditioning information. Therefore, present avatar systems frequently do not
depict the user's fundamental emotional state that is deduced from physiological measurements.

In an effort to overcome this drawback, the paper introduces PersonaGAN, a health-aware conditional stacked
generative adversarial framework that converts physiological signals obtained from a smartwatch into visual avatars
that are emotion-aware. The suggested framework integrates normalized physiological features and affective labels
into a single conditioning representation and uses a two-stage conditional GAN architecture to produce affinitive and
visually perfect avatars. The first stage creates the overall avatar, whereas the second stage enhances the visual quality
and structural consistency through stacked adversarial learning. The experimental results show that the framework
proposed here is able to perform stable training, yield low Fréchet Inception Distance (FID) scores, and maintain a
high level of conditional consistency across different emotion categories. The main contributions of this work is as
follows:

e A conditional stacked GAN framework, focused on health, has been introduced. It aims at creating emotion-aware
avatars based on physiological signals collected from smartwatches along with their corresponding affective labels.

e A novel two-step adversarial generation approach is proposed that significantly enhances the semantic
consistency, the visual realism, and the structural coherence of the generated avatar.

e Through numerous and thorough quantitative and qualitative assessments, such as FID analysis, conditional
consistency checks, and ablation experiments, the results clearly show that the fusion of physiological features
with emotional labels is a potent approach for avatar creation.

The rest of this paper is structured as follows. Section II examines existing research in areas such as wearable
emotion recognition, conditional generative modelling, and avatar generation. Section III introduces the new
PersonaGAN framework. In Section IV, we analyze the experimental results and evaluation, while in Section V, we
wrap up the paper.

I. RELATED WORK

With the increase in wearable device usage such as smartwatches and bio-sensing technology, research in wearable-
based emotion and stress recognition has gained significant attention. The WESAD dataset is quite popular this
domain since it includes synchronized recordings of physiological data from human subjects obtained from both
heart and wrist sensors [7]. Even if sensors on the chest generally give better signals, for objective reasons their
limited use in daily wear has led to the rising of wrist-only sensing. Machine learning and deep learning methods
have all been tried on WESAD along with similar datasets. Convolutional neural networks have shown great results
for classifying stress and emotions [8], while ensemble and multimodal learning methods are providing robustness
and higher accuracy of predictions [9,10]. A number of works also indicate that physiological signals from the wrist,
especially electrodermal activity and skin temperature, are still highly revealing without the need for chest sensors
[11]. Despite such progress, the majority of present-day methods concentrate mainly on predictive classification and
offer numerical labels or probabilities that are very limited in terms of understandable and engaging representation.
Interactive emotion-aware systems that have been recently developed proved that visually understandable
representations of emotional states can increase user involvement, therapeutic feedback, and human-centered
interaction in healthcare and rehabilitation settings [12,13]. Nevertheless, these systems do not directly deal with the
creation of physiologically influenced visual avatars based on wearable sensing data, thus leaving a large gap between
wearable affect detection and natural emotion visualization.

At the same time, GANs have become incredibly effective tools for modeling complex data distributions and creating
realistic images. Conditional GANs, for instance, enhance this idea by adding extra information that helps guide the
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image creation process through semantic conditioning [2]. Additionally, auxiliary-classifier versions further enhance
the semantic accuracy by jointly optimizing both the adversarial and classification objectives. Stacked GAN
architectures like StackGAN and StackGAN++ break down the task of image generation into multiple stages, which
allows for the coarse-to-fine refinement and also makes the training more stable when the conditioning information
doesn't have a clear spatial structure [3,4]. These features make stacked conditional architectures especially fitting
for conditioning signals that come from non-visual domains, such as physiological measurements. GAN-based
approaches have already found their way into healthcare and affective computing for purposes such as data
augmentation, modality translation, and privacy-preserving biomedical applications [14—16]. In the field of affective
computing, emotion-aware emoji generation [17] and adversarial strategies for physiological emotion recognition [18]
are examples of how generative modeling is expanding its capabilities. Nevertheless, these techniques usually work
with specific emotion vectors or representations at the signal level and do not produce visually realistic avatars that
are physiologically conditioned.

Over the last few years, avatar creation has also turned a significant corner. Initial techniques concentrated on the
learning of parameterized or free-form avatar representations [19]. However, nowadays, the focus is on controllable
3D and 3D-aware avatar synthesis from a very limited number of visual inputs [20,21]. Methods for human
reconstruction from a single image are also constantly proving that one can extract realistic geometry and appearance
with minimal visual data [22,23].Top-tier systems like AvatarArtist and Snapmoji provide avatars that are not only
highly expressive but also visually convincing, perfect for interactive applications [24,25].Further studies have delved
into multimodal instruction-guided avatar animation [26], comprehensive avatar modeling pipelines [27], and
geometry-aware reconstruction techniques that facilitate immersive digital-human interaction [28—30].Even with
these dramatic breakthroughs, the majority of avatar creation tech stacks still predominantly depend on visual, facial,
or motion-based inputs and don’t allow for the integration of physiological sensing or internal affective information
as conditioning signals.

TABLEI
PERSONAGAN VS. RELATED METHODS

Method Physiologi | Avatar Multi-
cal Generati | Stage
Conditioni | on GAN
ng

Emoji- No No No

based

GAN [17]

GANSser Yes No No

[18]

AvatarArti | No Yes No

st [24]

Snapmoji | No Yes No

[25]

PersonaG | Yes Yes Yes

AN

The collection of works reviewed in the article exhibit three major shortcomings. First, the wearable emotion
recognition systems are mainly designed for predictive classification. As a result, their outputs lack interpretability.
Second, most of the avatar creation methods do not physiologically sense and therefore, cannot reflect the internal
emotional changes. Third, despite the advances made in affective computing and avatar synthesis, the two are still
largely being researched in their separate tracks. The repercussions of these three limitations are most severely felt
in applications where internal physiological states are crucial but, at the same time, hard to directly observe, such as

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 2046

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management
2026, 11(3s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

in healthcare monitoring, stress management, telepresence communication, rehabilitation support, high-
performance sports, industrial safety monitoring, disaster-response training, and mission-critical operational
environments. In these cases, just numerical indicators are not likely to give the most intuitive or usable
representations of the user's emotional state. These findings, in turn, call for the creation of models that would merge
wearable physiological sensing and visually interpretable emotion-aware avatar generation.

II. PROPOSED PERSONAGAN FRAMEWORK

In all of our experiments, we used the PyTorch deep learning framework, and they were carried out on a workstation
with an AMD Ryzen 9 7940HS processor, 16 GB RAM, and an NVIDIA GeForce RTX 4070 Laptop GPU with 8 GB
VRAM. The training was done on a 64-bit Windows operating system with CUDA acceleration turned on for GPU-
based optimization and inference. Here, we outline the PersonaGAN framework that we've developed to synthesize
emotion-aware avatars from physiological signals obtained via a smartwatch. The framework is composed of four key
steps: (i) capturing and preprocessing data using the wearable, (ii) creating the conditioning vector, (iii) generating
the avatar coarsely conditioned, and (iv) improving the high-resolution avatar via a stacked generative adversarial
network.

A. Wearable Data Collection and Preprocessing

The PersonaGAN uniquely relies on the wrist-only portion of the WESAD dataset [7] for its construction. Although
WESAD includes physiological signals from both chest-mounted and wrist-mounted sensors, chest devices require
specialized hardware and do not reflect the capabilities of consumer smartwatches. For this reason, only wrist-based
signals were considered. The selected modalities include blood volume pulse, electrodermal activity, skin
temperature, and tri-axial accelerometer data. The original signals, sampled at 32 Hz, were resampled to 1 Hz using
window-based aggregation to align them with the available emotion labels. Data segments corresponding to
undefined or transition states were excluded, and the remaining samples were grouped into four emotion classes:
Baseline, Amusement, Meditation, and Stress. To address class imbalance, controlled oversampling was applied
during preprocessing. Further, the wrist-only sub set features are selected to realistically model consumer smart
watch sensing. All these features are normalized prior to conditioning vector construction, ensuring consistent
feature scaling during adversarial training, as listed in Table 2.

TABLE II WRIST SUBSET FEATURES FOR PERSONAGAN CONDITIONING

Feature Rat | Range
e
BVP 1Hz | [-1773.78, 1789.09]
(Wrist_BVP_o0) a.u.
EDA 1Hz | [-0.089, 9.862] uS

(Wrist_EDA_0)

Temp 1Hz | [29.40,35.98] -C
(Wrist_TEMP_o0)

ACCX 1Hz | [-158.60, 174.26] g
(Wrist_ACC_o0)

ACCY 1Hz | [-149.48,140.38] g
(Wrist_ACC_1)

ACCZ 1Hz | [-188.55,180.17] g
(Wrist_ACC_2)

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 2047

which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.



Journal of Information Systems Engineering and Management
2026, 11(3s)

e-ISSN: 2468-4376

https://www.jisem-journal.com/ Research Article

B. Conditioning Vector Construction

All wrist-derived physiological features are first normalized to the range [0,1] using Min—Max scaling to ensure
numerical stability during training. The emotion labels were then encoded using a one-hot representation and
concatenated with the normalized features to form a fixed-length conditioning vector as represented in (1):

c = [f{norm}' y{one—hot}] €y

Here, fnorm denotes the normalized wrist-derived physiological features, and yone-hot represents the corresponding
emotion label. In order to assess how well wrist-only signals can be distinguished, a gradient-boosted decision tree
(XGBoost) classifier is trained and tested with the same normalized feature representation that was used for
PersonaGAN conditioning. On the balanced dataset, the classifier achieved strong classification performance,
consistent with results reported in [9, 10]. Subsequently, a lightweight Convolutional Neural Network (CNN) trained
on the same features set showed similar performance. These models served only for validation and analysis purposes
and are not used during adversarial training. The predicted results suggest that normalized wrist-derived
physiological features contain enough emotional information for conditional avatar generation. To prevent the
generator from relying exclusively on categorical emotion supervision, PersonaGAN jointly conditions the synthesis
process on both continuous physiological embeddings and high-level affective labels.

The physiological feature vectors preserve continuous biological variations extracted from multimodal smartwatch
signals, whereas the predicted emotion labels provide coarse semantic guidance for affect-aware avatar generation.
To further analyze the relative contribution of physiological signals and categorical labels, additional ablation
experiments were conducted using: (i) labels-only conditioning, (ii) physiology-only conditioning, and (iii) combined
physiological and affective conditioning. The results demonstrate that physiology-only conditioning produces
structurally unstable avatars, whereas labels-only conditioning preserves 5 coarse semantic structure but lacks
physiological modulation. The integrated conditioning approach delivered the most semantically coherent results
combined with the lowest FID score. This means that the generator is not only relying on the categorical labels but
gaining additional physiological information when synthesizing the avatars. At inference time, the trained XGBoost
can optionally infer emotion labels from incoming smartwatch data. The inferred labels are then combined with the
normalized physiological features and used as input to the conditional generator for live avatar synthesis.

C. Avatar Dataset Construction

To the best of our knowledge, there is no public dataset that directly connects physiological signals with avatar images.
Therefore, we created a custom avatar dataset using the Dice Bear Avatars API [31]. Since the DiceBear API does not
provide deterministic affective control or explicit emotion-specific generation seeds, avatar images were initially
generated using randomized combinations of facial attributes, hairstyles, accessories, background settings, and color
palettes. The resulting avatars were manually inspected and categorized into the predefined emotion classes, namely
baseline, amusement, meditation, and stress, based on visually perceived emotional characteristics and expression
styles.

The initial generation process produced approximately 106 stress, 74 baseline, 69 amusement, and 51 meditation
avatar
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Fig. 1 Stage 1 Conditional coarse avatar generation architecture.
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samples. To maintain balanced class distributions during GAN training, each emotion category was subsequently
expanded to 300 samples through controlled duplication, upsampling, and appearance-preserving variations.
Samples that were visually corrupted, duplicated, or semantically inconsistent were excluded through manual
verification in order to enhance dataset quality and ensure consistency in diversity. The images that were generated
were subsequently sorted into emotion-specific folders, thus facilitating the use of conditional supervision during
adversarial training. To maintain the same quality among the images, every avatar picture was reset to a
predetermined resolution and color space, whereas the backgrounds got a uniform color in order to eliminate any
unintentional visual cues during training.

D. Stage 1: Conditional Coarse Avatar Generation

The first-stage architecture of PersonaGAN is shown in Fig. 1. This architecture is used to perform conditional low-
resolution avatar synthesis through an auxiliary classifier GAN formulation. The generator G, represented in (2),
takes as input a concatenation of a 100 dimensional Gaussian noise vector z and a 10-dimensional conditioning vector
c. The conditioning vector encodes normalized wrist-based physiological features along with a four-class one-hot
emotion representation. This joint latent embedding is first projected through a fully connected layer and then passed
through a sequence of upsampling convolutional (ConvTranspose) blocks with batch normalization and ReLU
activations, producing a coarse 64 x 64 RGB avatar image:

X 64 = G0 (2)
The corresponding discriminator, denoted as D,, follows a design similar to Auxiliary Classifier GAN (AC-GAN) with

two output branches: (i) an adversarial head that distinguishes real images from generated ones, and (ii) an auxiliary
classification head that predicts the associated emotion class. This dual head structure explicitly enforces alignment
between the generated avatars and the underlying physiological emotion labels [2, 32]. In addition, the adversarial
loss drives the generator to match the distribution of real avatar images and is expressed in (3):

L(l)

adv

=E,[logD, (x,c)] + E, [log(1 — (3)
DI(GI(ZI C), C)))]

Similarly, the auxiliary classification loss enforces semantic consistency between the generated avatars and the target
emotion class and is given in (4):

£}) = E,,[~log D" (y|x)] + &)

cls

E,y[—log DS (y|G4(z,))]
The overall optimization objective for Stage 1 is formulated by (5):

‘CStagel = L(l) + lcls‘c(l) (5)

adv cls

Where, Ads controls the weight of the auxiliary classification loss. Empirically, training converges after approximately
6000 epochs, producing coarse avatars that reliably reflect the target emotions. Stage 1 training was implemented
using the PyTorch deep learning framework and optimized using the Adam optimizer with a learning rate of 2x10-4
and momentum parameters f1 = 0.0 and 2 = 0.9. The batch size was fixed at 128 during adversarial training.

E. Stage 2: Conditional Refinement Using Stacked GAN

The stage 2 performs high-resolution refinement of the coarse avatars generated in stage 1 using a conditional stacked
GAN strategy inspired by StackGAN and StackGAN++ [3, 4]. The objective of this stage is to enhance visual fidelity,
texture sharpness, and structural coherence while preserving the emotion semantics encoded during stage 1. As
illustrated in Fig. 2, the pretrained stage 1 generator G, is frozen and used to produce low-resolution conditional
avatars X e4, which serve as input to the refinement generator G.. The stage 2 generator adopts an encoder—
residual-decoder architecture and produces refined 128 x 128 RGB avatars as given in (6). The encoder—residual—
decoder layout was chosen as it allows for a clean dissection of the steps at which features are compressed, semantics
are refined, and the high resolution of the output is restored. The encoder gradually derives multi-scale structural
representations of the coarse stage 1 avatar image, while residual blocks maintain semantic similarity and stabilize
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the passage of features during the emotion-aware refinement. The decoder then resumes the high-frequency facial
details and the sharpness of the texture through the upsampling process. Compared with direct image-to-image
translation architectures, this design provided improved training stability, reduced visual artifacts, and better
preservation of emotion-conditioned facial structures during high-resolution avatar synthesis. The refined avatar
generation process is formulated as:

X128 = G2(%64,0) (6)

Here, ¢ denotes the same smartwatch-derived conditioning vector used in stage 1. The encoder progressively
downsamples the stage 1 output to extract multi-scale feature representations, after which the conditioning vector ¢
is fused through channel wise broadcasting. A stack of residual blocks then refines the intermediate representations,
and the decoder upsamples the features to generate a high-resolution avatar image. The corresponding stage 2
discriminator, D,, follows the same dual-head auxillary classification design as D,

PersonaGAN Stage II: Refinement (128x128)
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Fig. 2 Stage 2 Conditional refinement architecture.

consisting of an adversarial real/fake head and anauxiliary emotion classification head. In addition, D, exposes
intermediate feature maps that are used to compute a feature-matching loss. To improve training stability and reduce
sensitivity to high-frequency artifacts, alight blur preprocessing operation is applied to both real and generated
images before discriminator evaluation. The stage 2 optimization objective integrates adversarial, reconstruction,
and perceptual constraints and is expressed as given in(7):

LStageZ = L((jd)y + AclsL(Z) + aLLl + ﬁLFM + prerc (7)

cls

Where, L) denotes the adversarial loss, L2 controls the weight of the auxiliary classification loss, £;; enforces
pixel level consistency, Lpy aligns discriminator feature statistics, £, captures perceptual similarity using a
pretrained network, and L;, leads to spatial smoothness. Thus, refining stage achieves stable convergence and
produces visually consistent, emotion-aware avatars with a Fréchet Inception Distance (FID) of approximately 2, and
indicating high perceptual similarity between generated and reference avatar distributions. The refinement stage
used Adam optimization with generator and discriminator learning rates of 2x10-4 and 1.5x10-4, respectively. Using
momentum parameters 31=0.0 and f2=0.9 with a batch size of 128. Multiple complementary objectives, including
adversarial loss, perceptual loss, feature-matching loss, L1 reconstruction loss, and total variation regularization,

were jointly optimized to improve visual realism, texture consistency, and structural stability during refinement.

F. Stage 2 Hybrid Loss Integration: To ensure the both visual realism and semantic correctness during high-
resolution refinement, stage 2 is trained using a hybrid multi-objective loss formulations. This can balance
adversarial supervision, emotion consistency, reconstruction fidelity, perceptual similarity, and spatial smoothness.

Similar to (3), the adversarial loss of stage-2 ( ij}v ) is formulated to encourage the generator to produce avatars

that are indistinguishable from real samples as presented in(8):
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L2 = E,[log D, (x,6)] + sy [log(1 — (&)
D, (%128, ©)))]

Let DS* (-) denote the classification head of the stage2 discriminator and y the ground-truth emotion label. An
auxiliary classification loss is applied to both real and generated samples to enforce emotion-consistent generation
and is defined in (9):

LY = Eyy[-log DS* (y|2)] (9)
+ ]Effus,y[_ log Dgls (y|55128)]

Let x denote the reference avatar image. The {1 reconstruction loss (£, ;) constrains the stage 2 generator to preserve
low frequency structural content while limiting excessive deviation from the stage 1 output and is defined in (10):

Ly = E[llx — X128ll4] (10)

The feature-matching loss in (11) is computed using intermediate discriminator activations to stabilize adversarial
training and suppress high-frequency artifacts. Here, Dz(l) (-) denotes the feature map extracted from the l-th
discriminator layer.

Lpy = ZIIDQ')(X) - D;l)(fﬁzs)”l (11)
]

Since pixel-wise losses fail to capture high-level visual similarity, a perceptual loss, defined in (12), is computed using
features from a pretrained CNN, with ¢, (-) representing the activation of the k-th network layer. In the
implementation, a pretrained VGG16 network is employed to extract intermediate perceptual feature representations
from multiple convolutional layers, enabling the refinement network to preserve high-level semantic similarity, facial
structure, and visual consistency between generated and reference avatars during high-resolution synthesis.

Lpere = Z”¢k(x) — ¢Pr(X129)ll2 (12)
3

Here, x refers to the pixel intensity of the stage 2 generated avatar. To reduce noise artifacts and encourage spatially
smooth outputs, total variation regularization is calculated using (13):

Lyy = Z(|xi+1,]' = x|+ [xije1 — x45]) (12)
ij

The complete stage 2 optimization objective is achieved using (14),

Lstage2 = £Z) + Acls‘C(Z) +ali+ BLpy (14)

adv cls

+ prerc + S‘CTV

Ads, @, B, y, and 8 denote weighting coefficients that control the relative contribution of each loss term during training.
This hybrid loss computations balance visual realism, structural fidelity, and semantic emotion alignment, while
improving training stability and suppressing high-frequency artifacts. As a result, stage 2 produces visually refined,
perceptually consistent, and emotion-aligned high-resolution avatar representations suitable for immersive AR and
VR applications.

ITII. EXPERIMENTAL RESULTS

This section presents the stage-wise experimental evaluation of the proposed PersonaGAN framework in terms of
both qualitative and quantitative results.

A. Refined Conditional Avatar Generation and Evaluation

Stage 2 improves the sharpness, color consistency, and structural coherence to create visually refined avatars. Unlike
stage 1 output’s representation 64 x 64, stage 2 refines these representations into 128 x 128 avatars with enhanced
visual fidelity. Table 3 presents the outputs of stage 2 based on four emotion classes (i.e, amusement, baseline,
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meditation, and stress). For each class, two avatars are generated using distinct latent noise samples while
conditioning on physiological vectors. This demonstrates the stable emotion-aware avatars generation with
controlled intra-class variation. Here cond_idx refers to the dataset index of the conditioning vector containing the
corresponding smartwatch physiological features and emotion conditioning information used during avatar
generation. Thus, the refinement stage significantly reduces noise, but minor texture artifacts may persist in some
cases.

As shown in Fig. 3(a), the training stability and perceptual quality are assessed using FID and adversarial loss curves.
Where the FID exhibits the characteristic oscillatory behavior commonly observed in adversarial training, while
progressively reaching minimum values close to 2 on the constructed avatar dataset, it indicates a high perceptual
similarity between the generated and real samples. Similarly, the generator and discriminator loss curves in Fig. 3(b)
present the stable adversarial convergence throughout the training process. Besides, conditional consistency was
quantitatively evaluated using an in dependent ResNet18-based emotion recognition model trained exclusively on
real avatar images using separate training, validation, and held-out test splits. The classifier demonstrated strong
performance on the constructed avatar dataset, achieving high precision and class separability across the predefined
emotion categories. The elevated classification accuracy is primarily attributed to the controlled nature of the
generated avatar dataset, where emotion categories exhibit visually distinguishable appearance patterns and reduced
inter-class ambiguity. After training, the frozen classifier was applied to PersonaGAN-generated avatars to evaluate
conditional semantic consistency. The resulting confusion matrix in Fig. 4 demonstrates strong inter-class
separability among the generated emotion-aware avatars, with only minor misclassification observed for a small
number of stress samples toward the amusement and baseline categories. ResNet18 was an evaluation tool. It was
not part of PersonaGAN training and generated avatars were never used to train it.

FID Score During Stage-2 Training
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(b) Generator and discriminator losses.

Fig. 3 Stage 2 Training Dynamics.
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TABLE III STAGE 2 LATENT VARIATION UNDER FIXED PHYSIOLOGICAL CONDITIONING

Emotion | Avatar | Avatar 2 | cond_idx
1
Amuseme 3 s 784342, 617417
Baseline ‘ 1889154,
@\ 2793237
Ny
Meditatio 3862476,
n @ 4639842
Stress 5360465,
5224635

1000

1000

amusement

800

600

True Condition
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1000 - 400

- 200
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i i
baseline meditation stress
Predicted Condition

|
amusement

Fig. 4 Conditional confusion matrix using ResNet18 trained on real avatars.
B. Ablation Study on Conditioning Strategies

Ablation studies were performed to understand how physiological features and affective labels influence PersonaGAN.
Tested how three different conditioning strategies: labels-only, physiology-only, and combined, impact the model.
All the experiments were done with the same architecture and training settings in Stage I for 1000 epochs, and we
used the Fréchet Inception Distance (FID) to measure performance. Running with only labels, the model got an FID
of 58.93. It thus generated emotion-consistent avatars but they had quite a bit of noise and less visual quality. With
physiology only, the model produced really noisily-looking images and got the lowest performance with an FID of
261.78. This means physiological features alone do not give enough semantic guidance to generate avatars reliably.
When combining the conditioning strategies, the model scored the best with an FID of 13.54 at 900 epoch. It was
able to generate avatars that were both visually better and emotionally consistent. What can be inferred from these
findings is that emotion labels offer the main semantic guidance. Physiological features, on the other hand, provide
additional information that helps to improve image quality and diversity. The fact that the combined conditioning
strategy outperformed the others highlights the value of integrating physiological and affective cues for emotion-
aware avatar generation.
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IV. CONCLUSION

This paper introduces PersonaGAN, a health-aware conditional stacked generative adversarial framework that
translates physiological signals obtained from a smartwatch into emotion-aware visual avatars. While traditional
wearable emotion recognition systems mainly give numerical labels or stress scores, the novel framework allows users
to see the internal emotional states visually through avatar synthesis. The variable physiological features and the
emotional labels are combined into a single conditioning representation in PersonaGAN, while a two-stage stacked
GAN architecture is utilized to produce avatars that are both semantically referring and visually appealing. Through
experimental validation, it was found that the adversarial training was stable, the conditional consistency was high
across various emotion categories, and the perceptual quality was very good. The ablation research indicated that
using physiological features together with affective labels leads to better performance than using only labels or only
physiology as conditioning strategies. This also emphasizes the role of physiological information as a complement in
emotion-aware avatar creation. Such abilities could provide ways for mental health support systems, telehealth
communication, rehabilitation systems, stress-awareness platforms, affective human—computer interaction, and
emotion-aware digital assistants, where visual feedback might be more accessible and understandable than
numerical indicators. Research will next focus on synthesizing humanized avatars, natural language processing-
enabled conversational avatars, and AR/VR integration.
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