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Abstract
The proliferation of digital communication has increased the significance of precise emotion recognition
across various applications, including human-computer interaction, mental health monitoring, emotional
chatbots, and security systems. However, only a handful of emotion recognition models have been
implemented on Indian emotion datasets. However, the majority of existing models have not been tested
on Indian datasets, which pose distinct challenges due to cultural differences and variations in emotional
expressions. This paper implements deep learning-based emotion detection models - ResNet-50 and Mel-
Frequency Cepstral Coefficients-Convolutional Neural Network (MFCC-CNN) - and trains them on
popular Indian datasets: InFER, IIITM, ISED, MENDELY, and PUMAVE-D. These datasets provide a wide
range of expressions and cultural nuances, posing significant challenges for model performance.
Experimental results reveal that the ResNet-50 model attains an accuracy of 99.89% - ISED dataset (video
modality), while the MFCC-CNN model achieves 93% accuracy on the PUMAVE-D dataset (audio
modality). The multimodal approach achieves 93% accuracy on PUMAVE-D (audio-video), although
performance varies across datasets, with MENDELY (87.05%) and PUMAVE-D (video) (84.41%) showing
lower accuracy due to increased variations in expressions and data characteristics. This study assesses the
performance of ResNet-50 and MFCC-CNN models on image, audio, video, and multimodal datasets,
highlighting their adaptability across different datasets, providing insights specific to each dataset, and
employing score-based fusion to improve overall performance.
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Introduction
Emotions are feelings through which we judge the world around us and other people, based on our beliefs.
This helps us to respond and adapt to different situations [1]. Applications of emotion recognition extend
to various domains, including marketing and security, mental health assessment, and human-computer
interaction. Machines can interpret human emotions through facial expressions, speech, or physiological
signals. Emotion recognition systems enhance user experiences and facilitate more intuitive
interactions. For instance, in healthcare, these systems can assist in monitoring patient moods, while in
marketing, they can help gauge consumer reactions to products. With advancements in technology, there
is an increasing expectation for interactive machines to accurately recognise and exhibit emotions like
human emotional expression [2]. Despite global advancements, the performance of emotion recognition
models can significantly vary across various demographic and cultural groups due to inherent differences
in expressions and gestures. It emphasises the need to develop systems that can accurately react and
interpret human emotions, allowing for smooth and effective interaction between people and computers
[3,4].

Emotion recognition is classified as unimodal and multimodal. Unimodal systems focus on a single
modality, such as facial expressions, speech, to separately recognise emotions [5-7]. However, a single
modality might not accurately describe emotions for certain complex emotional states [8]. A multimodal
emotion recognition system integrates the data from various modalities, such as speech patterns and
facial expressions, for more accurate results [9,10].

India, with its rich diversity of languages, ethnicities, and cultural norms, presents a unique and complex
landscape for emotion recognition. Indian datasets offer diverse facial structures, expressions, and
emotional cues, providing a robust test bed for developing and refining emotion recognition technologies.
Motivation to focus on Indian datasets in this study is twofold: i) these datasets capture the intricate
nuances of emotional expressions specific to Indian culture, which are often underrepresented in global
emotion recognition research, ii) growing demand for localised AI solutions in India, driven by its
expanding technology sector.

The primary contributions of this paper are outlined as follows:
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• Explored Indian emotion datasets containing unimodal (Audio-A, Video-V) and multimodal (A-V) clips.

• Implemented different deep learning models (ResNet-50 and Mel-Frequency Cepstral Coefficients-
Convolutional Neural Network [MFCC-CNN]) on unimodal (IIITM, InFer, IIMI, Mendely, IHED, ISAFE,
ISED) and multimodal datasets (PUMAVE-D, IndEmoVis).

• Analysed the performance of these models on Indian emotion datasets.

A novel score-level fusion strategy is introduced, where the most dominant modality is selected to achieve
more reliable multimodal emotion recognition.

Materials And Methods
Related work
Existing datasets are classified on the basis of the data modality they provide, i.e., either Audio-A, Video-
V, or A-V. Certain datasets contain single-modality data, images, or audio, while others offer multimodal
data combining both audio and visual modalities. We have categorized the Indian datasets based on their
modality-unimodal and multimodal. The unimodal category comprises audio and video clips separately,
and the multimodal category includes both audio and video clips together.

Figure 1 illustrates the taxonomy of these Indian datasets, while Table 1 provides an overview of the
available datasets based on emotion categories, modality, sample count, and the inclusion of Indian
emotions.

A critical observation is that most existing research on emotion recognition relies mostly on global
datasets, with limited research specifically focusing on Indian datasets. Studying Indian datasets is
essential due to the cultural and contextual differences in emotional expression, which can significantly
impact the accuracy and generalizability of the models. Cultural nuances, language diversity, and distinct
social norms in India influence how emotions are expressed and perceived. Therefore, research centred on
Indian datasets is crucial to developing more efficient and contextually relevant emotion detection
systems tailored to the Indian subcontinent.

Unimodal Emotion Datasets

Rizvi et al. [11] published an image dataset, InFER (Indian Facial Emotion Recognition). It offers a vast
amount of labelled facial images captured under controlled conditions. It consists of 4,200 video clips and
10,200 images, which are of nearly 600 human subjects and feature 6,000 spontaneous expression images
sourced from the internet through crowdsourcing. A wide range of variations in terms of age, gender,
ethnicity, and expressions makes this dataset unique. The expressions are divided into seven basic
emotions: neutral, fear, anger, disgust, happiness, sadness, and surprise. The IIITM face dataset is an
essential resource for evaluating the efficiency of facial attribute detection models in the context of the
Indian subcontinent, introduced by Arya et al. [12]. There are 107 human subjects, having 1,928 images
with varied facial characteristics such as pose, gender, emotion, facial hair, glasses, hair, and clothing. The
IIMI [13] emotional face dataset contains an emotional face database of Indian subjects from the northern
regions of India. Another dataset of Indian face images with varied expressions (Mendely data) was
introduced by Dachawar [14].
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FIGURE 1: Taxonomy of Indian unimodal and multimodal emotion
recognition datasets
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Modality Dataset
Unimodal
(U)/Multimodal
(M)

Number of
samples

Emotions

Images

IIITM Face Dataset [12]
(2020)

U 1,928
Neutral, Sad, Smiling, Surprised, Surprised with Open Mouth (SO),
Bored

Indian Facial Emotion
Recognition [11] (2023)
(InFER)

U
10,200 images,
4,200 video clips  

Neutral, Fear, Anger, Disgust, Happiness, Sadness, Surprise  

IIMI [13] (2023) U 1,302 Anger, Disgust, Fear, Happy, Surprise, Neutral, Sad

Mendely [14] (2024) U 6,000+ Happiness, Thoughtfulness, Anger, Surprise, Sadness, Fear, Excited

Audio
IIIT-H TEMD [15] (2017)        U 5,317

Anger, Happiness, Sadness, Neutral, Surprise, Fear, Disgust,
Sarcastic, Frustrated, Relaxed, Worried, Shy, Excited, Shout

PUMAVE-D AUDIO  (2022) U 1,188 Anger, Disgust, Fear, Happy, Neutral, Sad

Video

 ISED [16] (2016) U 428 Happiness, Surprise, Sadness, Disgust

iSAFE [17] (2015) U 395
Happiness, Sadness, Surprise, Disgust, Fear, Anger, Uncertainty, no
emotion

 PUMAVE-D VIDEO  (2022) U 1,188 Anger, Disgust, Fear, Happy, Neutral, Sad

Audio-
Video

IndEMOVis [18] (2024) M 122 Anger, Disgust, Fear, Happy, Neutral, Sad

PUMAVE –D [19] (2022) M 1,188
Happiness, Surprise, Neutral, Anger, Sadness, Disgust, Awe, Fear,
Sympathy

TABLE 1: Overview of Indian emotion recognition datasets

The IIIT-H TEMD dataset consists of emotional speech, introduced by Gangamohan et al. [15]. It consists
of 5,317 annotated utterances, having 2,341 females and 2,976 male speakers. These utterances are
annotated with different emotion categories and confidence levels. The emotions are categorized into 10
basic emotions: anger, sad, neutral, happiness, surprise, fear, disgust, sarcasm, frustration, and worry.

Happy et al. [16] developed the Indian Spontaneous Expression Database (ISED) dataset. The dataset
contains 428 differentiated video clippings, which are facial expressions of 50 participants. The dataset
consists of 213 images depicting 7 different facial expressions - sadness, happiness, surprise, anger,
disgust, fear, and neutral - captured from 10 subjects. Additionally, it contains 486 expression sequences
from 97 participants, with each sequence illustrating the progression from a neutral state to a peak
emotional expression. The iSAFE (Indian Semi-Acted Facial Expression) Dataset for Human Emotions
Recognition was introduced by Singh and Benedict [17].

Multimodal Emotion Datasets

Karani and Desai [18] developed a novel multimodal dataset known as the IndEMoVis. It comprises 122
recorded audio-video clips, which were captured in conversations between the individuals. It comprises 61
participants, out of which 25 were females and 36 were males, aged between 18 and 21. These participants
were primarily from Gujarat and Maharashtra states in India. A total of nine emotions are there:
happiness, surprise, neutral, anger, sadness, disgust, awe, fear, and sympathy. PUMAVE-D was introduced
by Singh et al. [19] as a multimodal audio-video dataset developed for emotion recognition within the
Indian context. It consists of synchronized audio-visual recordings of subjects expressing seven primary
emotions: happiness, sadness, anger, surprise, fear, disgust, and neutral. The dataset ensures high-quality
recordings with proper lighting and minimal background noise, making it suitable for both speech
emotion recognition and facial expression recognition tasks.

Models and methods
Models play a crucial role by enabling the extraction of complex emotional data from different modalities.
Conventional approaches depend on manually designed features and machine learning models for
automatic emotion detection. Recent trends have shifted towards sophisticated deep learning models. For
image-based emotion recognition, models ResNet-18 and ResNet-34 are used, offering varying depths and
complexities. ResNet-50 is preferred due to its 50-layer deep architecture, which maintains a balance
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between depth and computational efficiency. In audio-based emotion recognition, MFCC features
combined with CNN architectures have shown promising results. In this paper, ReNet-50 [20] and MFCC-
CNN models have been implemented for both modalities [21]. ResNet-50, a deep neural network
architecture, overcomes the vanishing gradient challenge by integrating residual (skip) connections. It
consists of 50 layers, organised into five stages, with each stage containing convolutional and identity
blocks. The architecture begins with an input layer for 64 × 64 RGB images, followed by zero-padding, a 7
× 7 convolution, and max-pooling to reduce spatial dimensions. Each stage combines convolutional blocks
for down-sampling and identity blocks for deeper feature extraction, with the number of filters increasing
in subsequent stages (from 64 to 2048). To finalize the classification process, the model uses global
average pooling, which condenses the spatial dimensions to 1 × 1. This is followed by a fully connected
layer that employs SoftMax activation to determine the output class. The overall architecture of ResNet-
50 used in this study is illustrated in Figure 2.

FIGURE 2: Architecture of the ResNet-50 model for image- and video-
based emotion recognition

MFCC-CNN is another deep learning model used for recognizing emotions from speech. It is used to
analyse and classify emotions from audio modality. MFCCs are widely used features in speech processing
because they capture important frequency details that reflect how humans hear sounds. These features are
then passed to a CNN that learns audio patterns to capture different emotions. For the video modality,
frames were extracted from each video clip and resized to a resolution of 64 × 64 pixels in RGB format.
These frames were then normalized before being passed into the ResNet-50 model. In the case of the
audio modality, the original audio files were first converted to mono WAV format with a sampling rate of
16 kHz. MFCCs were computed using a 25 ms window with a 10 ms overlap, extracting 13 coefficients per
frame. To maintain consistent input dimensions for the CNN, all MFCC sequences were either padded or
trimmed to a fixed length. The MFCC-CNN model is built using three 2D convolutional layers, each
activated by the ReLU function and followed by 2D max-pooling. The resulting feature maps are then
flattened and passed through two fully connected layers with 128 and 64 neurons, respectively. A SoftMax
layer is used at the end for classification. To reduce the risk of overfitting, a dropout rate of 0.5 is applied
after each dense layer. Figure 3 illustrates the complete architecture of the MFCC-CNN model.
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FIGURE 3: Architecture of the MFCC-CNN model for audio-based
emotion recognition
MFCC-CNN, Mel-Frequency Cepstral Coefficients-Convolutional Neural Network; ReLU, Rectified Linear Unit

MFCC-CNN inputs extracted MFCC features of the audio data and then applied multiple convolutional
layers to detect patterns, followed by pooling layers. Afterwards, the flattened data is passed through fully
connected layers that classify emotions. The final output layer employs the SoftMax activation function to
categorize six different emotional states. Score-based modality selection method is used for multimodal
emotion recognition. Instead of directly fusing audio and video features, the models are evaluated
separately to determine the stronger modality. ResNet-50 is trained on video data (PUMAVE-D-Video) and
MFCC-CNN on audio data (PUMAVE-D-Audio), with accuracy tracked at each training epoch. Final
classification is based on the modality with the greatest accuracy, ensuring that the dominant model
contributes to the final decision. This approach prevents performance degradation that can occur when
combining weaker modalities and allows for a stronger and more effective emotion recognition system.

Evaluated three fusion strategies: early fusion (by concatenating features), late fusion (by averaging
prediction scores), and score-based selection. Among these, score-based selection achieved the highest
accuracy of 93% on the PUMAVE-D dataset. In comparison, early fusion and late fusion resulted in
accuracies of 89.2% and 90.4%, respectively. Due to its better performance and straightforward
implementation, score-based fusion was chosen for the final model.

Both models were trained using the categorical cross-entropy loss function, with optimization carried out
using the Adam optimizer. The training process was conducted over 50 epochs, incorporating early
stopping based on validation loss to prevent overfitting. An 80/20 stratified train-test split was employed
to maintain a balanced distribution of emotion classes across both sets. Model performance was assessed
using standard evaluation metrics, including accuracy, precision, recall, and F1-score. To ensure reliability
and minimize variability in the results, all experiments were repeated three times, and the final metrics
were reported as the average across these runs.

Results And Discussion
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Experimental results
The performance of deep learning-based models (ResNet-50, MFCC-CNN) is analyzed on several Indian
emotion datasets (InFER, IIITM Face Dataset, IIMI, Mendeley, IIIT-H TEMD, PUMAVE-D AUDIO, ISED,
iSAFE, PUMAVE-D-VIDEO, IndEMoVis, PUMAVE-D-AUDIO-VIDEO). While cross-validation is commonly
used, it was not adopted in this study to maintain consistency across all datasets and to minimize training
time, considering the large number of dataset-model combinations involved. Instead, an 80-20 stratified
split was used to ensure that emotion classes were evenly represented in both the training and test sets.
Each dataset is split into training and testing (80-20). To maintain uniformity, we selected the same
parameters, such as 50 epochs, a dropout rate of 0.5, and the Adam optimizer configured with a learning
rate of 0.001. The models are trained and tested with GPU support with Intel Xeon W7-2475X (37.5 MB
cache, 20 cores, 40 threads, 2.6 GHz to 4.8 GHz) and a Graphics Card of NVIDIA RTX A5500 (CUDA
enabled).

Evaluation metrics
Proposed models for emotion recognition have been assessed using evaluation metrics such as accuracy,
F1-score, precision, and recall, which are defined in Table 3, and Table 2 summarizes these evaluation
metrics.

Metrics Equation

Accuracy (TP + TN)/(TP + TN + FP + FN)

Precision (P) (TP)/(TP + FP)

Recall (R) TP/(TP + FN)

F1-score 2 (P × R)/(P + R)

TABLE 2: Performance metrics
TP: True Positive, TN: True Negative, FP: False Positive, FN: False Negative

Performance analysis
Performance of models (ResNet-50 and MFCC-CNN) on the existing Indian datasets is shown in Table 3.
The pre-trained ResNet-50 model is known for its depth and the residual connections, which help in
capturing emotional expressions from images/video. For audio datasets, the MFCC-CNN model is used to
process sequential data.

Model Dataset Modality Accuracy F1-score Precision Recall

ResNet-50

IIITM (2020) Image 99.07% 0.990 0.991 0.990

MENDELY (2024) Image 87.05% 0.866 0.867 0.864

ISED (2016) Video 99.89% 0.96 0.96 0.96

PUMAVE-D–VIDEO (2022) Video 84.41% 0.78 0.78 0.78

MFCC-CNN PUMAVE-D–AUDIO (2022) Audio 93.00% 0.95 0.95 0.95

ResNet-50 PUMAVE-D–AUDIO-VIDEO (2022) Audio-video 93.00% 0.95 0.95 0.95

TABLE 3: Performance of ResNet-50 and MFCC-CNN models on emotion datasets
MFCC-CNN, Mel-Frequency Cepstral Coefficients-Convolutional Neural Network

As analysed from Table 3, it is found that the ResNet-50 model provides an accuracy of 99.07% on the
image dataset - IIIT and 99.89% on the video dataset - ISED.
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FIGURE 4: Confusion matrix of ResNet-50 on Mendeley dataset

 

FIGURE 5: Confusion matrix of MFCC-CNN on PUMAVE-D Audio dataset
MFCC-CNN, Mel-Frequency Cepstral Coefficients-Convolutional Neural Network

In addition to overall performance metrics, confusion matrices (Figures 4 and 5) and per-class analyses
offer deeper insights into model behavior, especially on challenging datasets such as Mendeley and
PUMAVE-D. These analyses reveal class-specific strengths and weaknesses: emotions like happiness and
neutral are recognized with higher reliability, whereas emotions such as fear and disgust are frequently
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misclassified, largely due to limited training data and greater variability in expression. These results show
that the model successfully detects emotional expressions in high-quality, structured images, where facial
features are well-defined and consistently represented. However, performance dropped to 87.05% and
84.41% for diverse datasets such as MENDELY and PUMAVE-D - VIDEO dataset. The decline results can be
attributed to variations in lighting conditions, occlusions, background clutter, and motion artifacts
present in video sequences. The differences between static images and dynamic video frames also play a
crucial role, as temporal variations in facial expressions can introduce inconsistencies in feature
extraction. These findings highlight the importance of robust feature extraction techniques and domain
adaptation methods to enhance the generalizability of image- and video-based emotion recognition
models.

The audio model MFCC-CNN achieves an accuracy of 93% and an F1-score of 0.95 on PUMAVE-D-AUDIO.
The use of MFCC effectively captures essential acoustic features that distinguish different emotional
states. Audio signals convey critical emotional cues through variations in pitch, tone, intensity, and
speech modulation, making MFCC an essential component in speech-based emotion classification. While
the model performed well, challenges such as background noise, speaker variability, and differences in
pronunciation could affect classification accuracy.

The integration of audio and video modalities has been evaluated using ResNet-50 on PUMAVE-D -
AUDIO-VIDEO (2022), where the model achieved 93% accuracy and an F1-score of 0.95. Multimodal
models leverage complementary information from both visual and auditory inputs, enhancing the
robustness of emotion recognition systems. The results indicate that combining both modalities leads to
improved classification performance compared to unimodal systems. However, the similarity in accuracy
between the audio-only and multimodal models suggests that the fusion strategy used may not be fully
optimized to exploit the benefits of multimodal learning. Advanced fusion techniques, including attention
mechanisms and late fusion strategies, can be explored to enhance multimodal emotion recognition.

In a nutshell, deep learning models excel on well-structured datasets but face challenges on diverse data
sources. Image and video-based models perform well with clear visual data but require robust feature
extraction techniques for unstructured content. MFCC-CNN provides good results for audio-based
recognition, while multimodal fusion holds promise but demands optimised integration strategies for
significant performance gains.

One of the major challenges faced was an imbalance in class. By this imbalance, the precision and recall
were affected, which ultimately led to lower accuracy. These results show the importance of using data
augmentation effectively for enhancing the model's resilience and balancing the datasets. These findings
suggest that the performance of the models can be significantly enhanced on diverse datasets designed for
Indian datasets. Another limitation arises from class imbalance and variability introduced by background
noise and uncontrolled recording conditions. These challenges may be mitigated through techniques such
as data augmentation, resampling, and noise-robust training, which we propose to explore in future work.
For enhanced feature extraction, transformer models could be explored in future research, which can help
in improving the accuracy and efficiency. Making more diverse and larger datasets, which have more
emotional variations and improved labeling, will create more comprehensive models. Making more
advanced multimodal architectures that effectively combine audio and video could enhance the
applicability and accuracy of emotion recognition.

Conclusions
Performance of emotion recognition models was evaluated across various Indian datasets, leveraging pre-
trained ResNet-50 models for image and video data, and MFCC-CNN models for audio data. The key
findings show that ResNet-50 achieved high accuracy on the IIITM and ISED datasets, whereas MFCC-
CNN performed best on the PUMAVE-D audio dataset. Additionally, combining modalities through score-
based fusion further enhanced overall performance, highlighting the benefits of selecting models based on
data type. The results revealed that ResNet-50 performed well on image-based datasets (IIITM, ISED),
achieving accuracy (99.07% and 99.89%, respectively). However, some datasets presented challenges due
to class imbalance and noise, which impacted the models' precision and recall. MFCC-CNN models
demonstrated strong performance on audio-based emotion recognition, with 93% accuracy on the audio
dataset, while multimodal fusion of audio and video data improved overall performance, highlighting the
benefits of both modalities. Our results show that datasets with higher expressive and structural
variability, such as MENDELY and PUMAVE-D, tend to result in lower model performance. This highlights
the importance of developing robust, culturally aware emotion recognition systems and provides a
foundation for future research in multimodal and cross-cultural approaches. Challenges encountered
include class imbalance, background noise, and modality-specific limitations, which affected precision
and recall for certain datasets. Despite these successes, issues like class imbalance and real-world data
variability, inconsistent lighting, and background noise affected the model's robustness. along with the
implementation of score-based multimodal fusion, providing dataset-specific insights and practical
guidance for emotion recognition tasks in the Indian context. Future research could focus on exploring
more advanced fusion methods, creating larger and more diverse Indian datasets, and integrating
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transformer-based architectures to improve the accuracy and robustness of multimodal emotion
recognition.
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