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Abstract: Human communication is inherently tied to emotions, which play a critical role in
guiding and enhancing social interactions. For neurodivergent individuals, particularly children,
challenges often arise in expression and interpretation of emotions. Emotion detection
technologies can therefore serve as powerful tools to aid in communication and to improve
social interaction. However, emotional changes among neurodivergent individuals span a
wider spectrum and exhibit greater subtle differences. Existing emotion detection models have
been predominantly trained with data in single modality. Integrating data from multiple
modalities provides a more comprehensive approach to understanding emotions, mirroring the
way humans naturally perceive the world through all five senses. This study presents a
Multimodal Emotion Detection System that leverages publicly available datasets to enhance
recognition accuracy. By fusing diverse data sources, the proposed model captures subtle
emotional cues more effectively than traditional methods. Experimental results confirm its
robustness and suitability for real-world applications.

1. Introduction

Human communication is inherently emotional — we tend to use body language, facial expressions and vocal tones
when we are communicating with each other. Human emotions form the bedrock of social interactions. However,
neurodivergent individuals, particularly children, often encounter difficulties in expressing and interpreting
emotions through conventional means. Li investigated various interpersonal differences and variations between
autistic and non-autistic children by following their development over the period of two to three years; the results
of their study indicated that autistic children faced more challenges in discriminating, identifying, and attributing
emotions compared to their non-autistic peers [1]. A recent clinical study involving 113 children aged 5-9 years
across three distinct cultures found that children with Autism Spectrum Disorder (ASD) experience significant
challenges in recognizing emotions across multiple sensory modalities, including visual, auditory, and multimodal
cues [2].

Emotion detection technologies can serve as valuable tools in aiding communication, social
interaction, and overall well-being for neurodivergent users. Previous studies have explored the use of Virtual
Reality, wearable devices, and Machine Learning algorithms for emotion detection in humans across various
contexts, including e-learning environments, classroom settings, and healthcare applications [3, 4, 5, 6].
Automatic emotion detection involves using machine learning models to identify and interpret human emotions,
often through facial expressions, voice tone, and other behavioral cues. However, there is very limited work done
in this field, which is geared towards neurodivergent individuals, especially children. This brings a need to create
supportive tools which help neurodivergent population to navigate these challenges and create a more inclusive
environment for them.

This paper aims to address the gap in automatic emotion detection for neurodivergent individuals. We
propose a multimodal emotion detection system designed to accommodate their unique emotional expressions
and nuanced cues. Our preliminary findings indicate improved accuracy compared to existing studies in this field,
demonstrating the effectiveness of our approach.

2. Related Work

Previous studies on emotion detection have primarily relied on single-modality approaches, with Convolutional
Neural Networks (CNNs) widely used to analyze static images or extract frames from videos. One of the earliest
studies by Pramerdorfer and Kampel [7] investigated the use of a standard CNN model for facial emotion
recognition. However, in practical scenarios, a single modality may be compromised (e.g., poor lighting affecting
facial recognition), making multimodal approaches more robust and accurate [8]. Previous research has explored
audio-visual emotion recognition, demonstrating the effectiveness of multimodal approaches. For instance, Salas-
Caceres et al. introduced a model that analyzes both facial expressions and voice features, improving accuracy
compared to methods that rely on just one type of data [9]. Their study also explored how tracking emotions over
time can enhance recognition, which aligns with the goal of creating more adaptive and responsive
systems. Similarly, Shahzad et al. demonstrated that combining facial and vocal data significantly improves
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recognition accuracy [10]. Using deep learning-based fusion and classification techniques, their model
outperformed unimodal approaches, achieving a 79.81% accuracy rate. However, the datasets utilized in these
studies are primarily on neurotypical populations, limiting their applicability to neurodivergent individuals.

The lack of focus on emotion detection systems tailored for neurodivergent individuals, coupled with the lack
of relevant datasets, presents a significant gap in current research. Addressing this limitation is crucial for
developing specialized models that accurately capture the unique emotional expressions of neurodivergent
populations. In this paper, we aim to address key limitations in existing research by:

e Developing an automatic emotion detection system specifically designed for neurodivergent individuals,

an area that remains largely unexplored.

e Improving the accuracy of existing multimodal emotion detection systems by utilizing advanced deep

learning techniques.

3. Multimodal Emotion Detection

A key challenge in working with multimodal data is aligning different data representations. Audio data is typically
in waveform format, while visual data consists of images. To address this, we propose a streamlined workflow
that converts audio signals into Mel spectrograms, which are further transformed into RGB images. These
generated images are then used alongside facial expression features extracted from video frames.

Specifically, two separate pipelines were developed for audio and visual feature extraction. In the audio
pipeline, audio signals are first extracted from the video and converted into waveforms. These waveforms are then
transformed into Mel spectrograms, which are represented as RGB images. The images are preprocessed and
prepared for training in the neural network. The visual pipeline involves extracting facial expressions from video
frames as RGB images and processing them into a standardized format suitable for neural network input.

Figure 1
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Once the audio and visual datasets are prepared, features are extracted using a popular deep learning architecture
— EfficientNet [11]. This architecture is used in multiple deep learning applications like image classification,
medical image analysis and object detection [13][14][15][16]. The extracted features from the audio and visual
data are then concatenated to form a unified feature set, ensuring that both sources of information contribute to
the final prediction. This combined feature set is then passed through a custom classification layer designed to
map the extracted patterns to specific emotions. The final output of this step is the detected emotion, categorized
into one of the predefined emotion classes. This approach ensures that both audio and visual cues are effectively
utilized, improving the model's ability to recognize emotional expressions accurately. This final classification step
can be adapted based on the desired number of emotion categories. For instance, it can be configured to distinguish
between broad emotional states, such as positive and negative emotions. The final structured pipeline is illustrated
in Figure 1.

4. Evaluation and Preliminary Results
We utilized the CREMA-D dataset [12] which comprises 7,441 video recordings from 91 actors (48 male and 43
female), aged between 20 and 74, representing a diverse range of races and ethnicities. The sentences were
performed with one of six distinct emotional expressions: Anger, Disgust, Fear, Happiness, Neutral, and Sadness.
Table 1 compares the accuracy of leading models in this field with the proposed model. The selected
papers for comparison were carefully chosen to ensure a fair and meaningful evaluation. These studies also focus
on multimodal emotion recognition, specifically utilizing audio and image data, and have been conducted on the
same dataset used in this work. This selection ensures consistent benchmarking and an objective performance

assessment.
Table 1
Comparison of SOTA models and proposed model
Models Accuracy (%)

Salas-Caceres et al. (Audio + Image) [9]  80.27
Radoi and Cioroiu (Audio + Image) [17] 74.20

Shahzad et al (Audio + Image) [10] 79.80
Ghaleb et al. (Audio + Image) [18] 74.00
Proposed Model - Just Image 68.82
Proposed Model - Just Audio 60.69
Proposed Model - Audio + Image 83.73

As demonstrated in the table, the proposed model achieves a performance improvement of approximately 4%
over the best performing model. This enhancement in accuracy may be attributed to two key factors: (a)
representing audio signals as RGB images, which facilitates better integration with visual features, and (b)
employing a simplified model architecture, which mitigates the risk of overfitting and enhances generalization
compared to more complex models.

5. Conclusions/Future Work

This study introduces a multimodal emotion detection system that combines audio and visual data to improve the
accuracy and reliability of emotion recognition. The results demonstrate that converting audio signals into RGB
images and using a simplified deep learning model enhances classification performance, outperforming existing
approaches.

Despite these promising results, several challenges remain. Future research will focus on expanding the
dataset to include a wider range of neurodivergent individuals to improve the model’s ability to generalize across
different populations. Since emotional cues in neurodivergent individuals may differ significantly from those in
neurotypical individuals, further refinement of feature extraction techniques is necessary. However, the promising
performance of our model suggests potential for meaningful advancements in this area.

Another important direction for future work is real-time implementation. This would enable practical
applications in VR-based assistive technologies, supporting education, therapy, and social communication for
neurodivergent individuals.
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