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Abstract - The current tools for journaling depend
on personal self-reporting which fails to match accurately
with how people genuinely feel, and emotional states affect
sustainable societal development. This research introduces
Kalmora, which stands as a mobile voice-journaling
application which utilizes Wav2Vec2 speech emotion
recognition model that identifies seven basic emotions
(happiness, sadness, anger, fear, disgust, neutral, surprise) in
real time. Kalmora's secure dual frontend backend
framework consisting of Flutter and Flask and Firebase
elements performs time-based emotion assessment and
individual wellness guidance. The model evaluated using
controlled TESS data reached 99.8% accuracy which
surpassed CNN-LSTM benchmark models at 94.1%
accuracy. User testing involved observing real users
interacting with the app to evaluate the ease of voice
journaling, accuracy of emotion detection, and overall user
experience, leading to improvements based on their feedback.
Through its combination of objective emotional knowledge
and practical tips Kalmora brings new possibilities to digital
mental healthcare that enable sustainable emotional self-care
practices.

Keywords - Speech Emotion Recognition (SER),
Mental Health, Voice Journaling, Wav2Vec2, Personalized
Recommendations, Affective Computing

I. INTRODUCTION

The ongoing mental health problems constrain
sustainable development because they reduce both
personal health and work efficiency. Text-based journals
help people reflect about themselves yet lack the ability to
detect authentic emotions through vocal expressions [1].
Kalmora functions as a mobile journaling application
through voice-based entries to detect emotions in real-time
while offering personalized guidance in order to support
emotional health
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sustainably. Depression affects over 280 million
people globally to the estimation of the World Health
Organization.

Due to the lack of clinical care, mobile mental
health apps take on more convenient forms available to
anyone with interest, focusing on emotional well-being.

II. BACKGROUND AND RELATED WORK
A. Voice Emotion Detection Technology

Recent advancements in deep learning,
particularly transformer-based models like Wav2Vec2,
have significantly improved the accuracy of SER systems.
Yang et al. [2] demonstrate that fine-tuned Wav2Vec2.0
models achieve state-of-the-art performance across
multiple speech emotion recognition benchmarks.
Kalmora builds on these findings, utilizing transfer
learning to adapt a pre-trained Wav2Vec2 model for
emotion detection. The choice of Wav2Vec2 to be used in
this study was since it has been proven to outperform in
embedding rich emotional features observed in voice
recordings using transfer learning. Wav2Vec2 was
retrained over TESS dataset, i.e., a collection of 2,800
annotated emotional samples. After fine-tuning, the
accuracy of the model successfulness was 99.8%. Besides,
data augmentation strategies, such as noise injection and
time-stretching, have been proposed to support robustness
and reduce overfitting. Such interventions strengthened
the capability of the system in accommodating the actual
speech input on mobile devices.

B. Existing Journaling Applications
The existing mental health apps including Daylio
and Reflectly need users to manually track moods, but this

method delivers inconsistent and unreliable results. Value-
based applications Mumble Journal and Echo Journal do
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not provide sophisticated emotion recognition features.
Kalmora bridges the existing gap through its combination
of SER with relevant recommendations enabling users to
gain objective and meaningful insights from their
experiences. Unlike existing applications such as Lid or
Mumble Journal which use basic sentiment detection,
Kalmora offers deeper voice-based emotional analysis
across seven categories. While Woebot and MoodMirror
incorporate Al and emotion tracking respectively,
Kalmora uniquely combines accurate emotion recognition
with wellness recommendations based on cognitive
behavioral therapy. This makes it more proactive, private
(voice-only), and adaptable for day-to-day emotional self-
care.

III. METHODOLOGY
A. System Architecture

Kalmora follows a modular architecture:
1. Frontend (Flutter): A user-friendly interface for
voice recording and journal management.

2. Backend (Flask API): Processes audio files and
performs emotion detection.

3. Database (Firebase): Securely stores user data and
journal entries.

The overall system architecture as shown in Fig 1.
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Fig 1: System architecture
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B. Emotion Detection Model

Kalmora brought a Wav2Vec2 model trained on
the Toronto Emotional Speech Set (TESS), a databank that
collects 2,800 labelled audio files into seven emotional
groups: happiness, sadness, anger, fear, disgust, neutral,
and pleasant surprise. The material was also resampled to
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16 kHz and normalized to unity gain thus providing equal
input scaling. Additional processes of data augmentation,
such as adding Gaussian noise and time-stretching, were
used, focusing on less common classes of emotion, whose
representation was made robust by means of methods. The
split of 80-20 was introduced stratified to train and test.
The training was conducted within 10 epochs using the
Adam optimizer, learning rate of 1-5 and a batch size of
16, which was selected to reduce overfitting and improve
generalization. In this setup, the model attained test-set
accuracy of 99.8 %, so it was better compared with CNN-
LSTM baseline (accuracy = 94.1 %) [2].

C. Personalized Recommendations

A rule-based system translates identified
emotions to appropriate interventions which use cognitive
behavioral therapy methods including anxiety breathing
exercises combined with gratitude prompts [3].

D. Security and Privacy

Each of the users the study incorporated in the user-
testing of the Kalmora application gave consent to
participate in the study willingly before the research
continued. The study conformed to ethics authorized under
institutional research regulations though it did not formally
solicit institutional review board (IRB) approval because
the app was not intended to apply to a clinical setting. In
order to preserve privacy and data safety, the voice entries
of users were encoded (end to end) and any sensitive
information was anonymized prior to complete analysis.
Firebase Authentication was used to protect access to
journals and emotional data and restrict access to them
only to authorized people. No personally identifiable
information (PII) had been gathered, and a participant
could revoke at any time. Together, these protocols were
developed in an attempt not only to continue to generate
user trust, but also to align with the ethical norms
governing within the sphere of digital mental-health
software.

IV. RESULTS AND EVALUATION
A. Model Performance

Wav2Vec2  after  fine-tuning  delivered
exceptional results based on precision exceeding 98%,
recall exceeding 98% and F1-score values over 98%, and
test run accuracy reached 99.8%. Emotion classification
performance is detailed in the confusion matrix (Figure 2)
The recorded data came from standard-speaking
professionals who used amplified emotional cues while
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working with a small voice range because of their limited
presenter diversity. Through the architecturally optimized
transformer model and 960 hours of self-supervised audio
pretraining Wav2Vec2 processed prosodic features
accurately from a small dataset consisting of 2,800
samples. The evaluation method included a stratified 80:20
split of the data for training and testing purposes and
manual verification of randomized audio trials to validate
performance consistently. The Kalmora model
demonstrates superior performance, as shown in [8], when
compared to CNN-LSTM models on the TESS dataset. It
also achieves benchmark-level results across multiple
controlled datasets, validated through randomized audio
trials and manual verification.

The bar chart, Figure 2 illustrates the
performance comparison between the CNN-LSTM and
Kalmora (Wav2Vec2) models in terms of emotion
detection accuracy using the TESS dataset. The CNN-
LSTM model achieved an accuracy of 94.1%, while the
Kalmora (Wav2Vec2) model significantly outperformed it
with a remarkable 99.8% accuracy. This highlights the
superior capability of the Wav2Vec2-based Kalmora
model in capturing and interpreting emotional cues in
speech data.

Emotion Detection Accuracy Comparison

Accuracy (%)

ECNN-LSTM  mKalmora (Wav2Vec2)

Fig 2: Emotion Detection Accuracy Comparison
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Fig 3: The confusion matrix

B. User Feedback

The Kalmora system underwent user testing on
Android smartphones involving a sample of 10
participants selected through convenience sampling. The
group included university students and young adults aged
18 - 28, with varying levels of technical experience. Users
were instructed to record emotional voice entries and
interact with features including voice journaling, playback,
and real-time emotion recognition. Feedback was
collected using semi-structured interviews and a 5-point
Likert scale. Participants rated voice journaling experience
an average of 4.6/5, and emotion prediction accuracy
4.4/5. Most users responded positively to the interface and
emotional feedback features. Recommendations were
made to reduce processing time for emotion detection and
to improve button visibility in the UI, both of which were
incorporated in subsequent design iterations. The User
Acceptance Testing (UAT) phase confirmed that all core
functionalities worked as expected and the application was
ready for real-world use.

V. DISCUSSION

Kalmora establishes the possibility of running
real-time speech emotion recognition through mobile
devices through its high precision alongside low latency
performance. Kalmora connects automatic emotion
detection to tailored programmatic interventions because it
resolves the requirement for adaptable mental wellness
tools that move beyond basic mood tracking functionality.
The method supports emotional resistance over time
because it constitutes a central requirement for sustaining
societies [4]. The “Digital Innovation for a Sustainable
Future” program benefits from Kalmora because it
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improves person wellness which creates sustainable
community environments.

While the TESS dataset provides clean and
clearly labeled audio samples, it is composed of acted
emotional expressions by professional speakers in
controlled environments. This may not fully represent the
nuances of spontaneous, real-life emotional speech,
potentially affecting real-world accuracy. To address this
limitation, future work will involve testing the model on
more naturalistic datasets such as RAVDESS or CREMA-
D, which include greater speaker diversity, varying
emotion intensities, and real-life acoustic conditions. This
will help improve the model’s generalizability to
uncontrolled, user-generated voice inputs.

Kalmora stands out by using Wav2Vec2-based
voice-only emotion detection, ensuring both emotional
depth and user privacy, while generating wellness tips
aligned with detected emotional states. This voice-first
approach makes Kalmora more intuitive, private, and
context-aware than many existing tools.

VI. FUTURE WORK

Model Validation: Test the emotion recognition
model using varied and authentic speech datasets such as
CREMA-D and RAVDESS for improved accuracy and
robustness.

Hybrid Emotion Analysis: Combine voice emotion
detection with text sentiment analysis to increase
precision, especially for detecting faint emotions like fear
and disgust.

Multilingual Support: Enable the system to recognize
emotional expressions in multiple languages, improving
accessibility and cultural adaptability.

Personalized Recommendations: The current
recommendation engine maps detected emotions to
cognitive behavioral therapy (CBT) techniques using a
static rule-based system. While effective for initial
deployment, this approach does not adapt to user behavior
over time. Future iterations of Kalmora aim to integrate a
machine learning-based recommendation system that
learns from user interactions, emotional history, and
feedback. This would enable the app to deliver adaptive,
personalized wellness suggestions based on long-term
usage patterns rather than fixed mappings.
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User Feedback Loop: Implement a feedback system
where users can rate the relevance of recommendations,
allowing for continuous personalization improvement.

On-Device Emotion Detection: Develop lightweight
emotion detection features that can run directly on the
user’s device, reducing dependence on cloud services and
improving offline access.

Mental Health Support Features: Expand content to
include mindfulness training and breathing techniques
tailored to the user's current emotional state and feedback
history.

Interactive Calendar: Add a feature that lets users
browse and reflect on past voice journals through a
calendar view, helping track emotional patterns over time.

User Testing: The aim of the present user testing loop
became the creation of preliminary proof of concept. The
next stages will be larger, real-life testing with a more
heterogeneous population, including participants of
different ages, potentially speaking a different language
and having diverse cultural backgrounds, to determine the
accuracy of emotional recognition and the overall user
involvement of a high magnitude.

VII. CONCLUSION

Kalmora represents a significant advancement in
digital mental health tools by combining voice journaling
with real-time emotion detection. Its scalable architecture,
high accuracy, and user-centric design make it a promising
solution for enhancing emotional awareness. Future
developments will further refine their capabilities,
ensuring broader accessibility and impact.
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