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ABSTRACT: This paper proposes a multimodal fusion framework that integrates speech and visual features to
enhance the accuracy of emotion recognition. The principal contribution lies in extending the visual component
from single-image to multi-image emotion recognition. Specifically, the proposed framework employs an InceptionV3
Convolutional Neural Network (CNN)-based architecture to extract features from multiple facial images representing
the speaker’s expressions throughout an utterance. These features are concatenated into a single vector and subsequently
processed by Long Short-Term Memory (LSTM) or Hidden Markov Model (HMM) for temporal modeling. For the
speech modality, Mel-Frequency Cepstral Coeflicients (MFCC) or filter bank features are extracted from processed
audio signals and fed into a hybrid CNN-time-series model. The two modalities are then integrated through model-
level and decision-level fusion strategies. Since recognition accuracy tends to degrade as the number of utterances and
speakers increases, the Ryerson Audio-Visual Database of Emotional Speech and Song (RAVDESS), which contains
a moderate number of sentences and speakers, is adopted in this study. Experimental results demonstrate that the
proposed multi-image approach improves recognition accuracy from 91% to 96% compared with the single-image
baseline, and that the multimodal fusion framework consistently outperforms its single-modal counterpart.

KEYWORDS: Speech emotion recognition; consecutive facial image emotion recognition; convolutional neural
network (CNN); long short-term memory (LSTM); hidden markov model (HMM); support vector machine (SVM)

1 Introduction
L1 Research Motivation and Objectives

Emotions constitute one of the most informative non-verbal channels of communication in both
humans and animals, are typically manifested through physiological responses and bodily expressions.
They are commonly classified into seven categories: happiness, disgust, fear, surprise, neutrality, anger, and
sadness. In 1978, Ekman and Friesen [1] proposed the Facial Action Coding System (FACS), a widely adopted
framework for facial expression analysis. FACS is based on Facial Action Units (FAUs), which represent
fundamental facial muscle movements such as eyebrow raises and mouth corner movements.

With the rapid advancement of artificial intelligence, human-like machines have been deployed to
substitute for human labor in service context, including unmanned convenience stores, caregiving robots,
customer service agents, and hotel concierge robots. Prolonged interaction with such machines, however,
often induces discomfort in users, as communication tends to be rigid and confined to standardized
operations and message-delivery patterns. In contrast, human interaction relies heavily on emotional cues,
which enable interlocutors to respond appropriately and establish meaningful social bonds. Endowing
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machines with the ability to perceive and respond to human emotions could therefore substantially narrow
the affective gap between humans and machines. According to psychologist Mehrabian [2], only 7% of
interpersonal communication is conveyed through verbal content, whereas 38% is attributed to vocal cues
and 55% to facial expressions. Motivated by this finding, this thesis investigates how speech-based and facial-
expression-based emotion recognition can be jointly leveraged to enable more natural and emotionally aware
human-machine interaction.

Currently, the most widely adopted approaches to emotion recognition fall into three categories: facial
expression recognition, speech emotion recognition, and physiological signal-based recognition. This thesis
focuses on the first two modalities and proposes to integrate temporally continuous facial expression features
with speech emotion recognition results through a Support Vector Machine (SVM) [2]. By combining the
outputs of these two recognition modules, the proposed framework is expected to achieve higher overall
accuracy in emotion recognition and thereby contribute to more natural human-machine interaction [3].

1.2 Research Structure

The emotion recognition framework proposed in this study consists of three main stages.

(I) Speech Emotion Recognition: The first step extracts acoustic features from the speech signal. This
study adopts MFCC [4] and filter bank features [5,6]. Both feature extraction methods follow similar
procedures: preprocessing the raw signal and converting it from the time domain to the frequency
domain using the Fast Fourier Transform (FFT). The key difference lies in the final step, where MFCC
applies a Discrete Cosine Transform (DCT) to compress the feature representation. After feature
extraction, the extracted features are fed into hybrid model —CLDNN which combines CNN [7,8],
LSTM [8,9], and a Deep Neural Network (DNN)—or a Hidden Markov Model (HMM) [10] for training
and testing [11]. The overall process is illustrated in Fig. 1.

[ Speech Signal ]—P[ Speech preprocessing }—P[ CLDNN model training ]—P[ Recognition result extraction ]

Figure 1: Block diagram of the speech emotion recognition system.

(2) Sequential Facial Image Emotion Recognition: The process begins by extracting key frames from a
video in two steps. First, a representative frame is selected to characterize the emotion conveyed
in the video. Second, the video is uniformly sampled to obtain N frames. Each extracted frame is
then preprocessed. The recognition phase is likewise divided into two steps. In the first step, the
representative image is used to train the InceptionV3 model from which the model weights are
obtained. In the second step, the N sampled frames are tested using the trained InceptionV3 model, and
the resulting outputs are fed into time-series models—namely LSTM and HMM [4,12]—for sequential
emotion training and testing.

The overall procedure is illustrated in Fig. 2.

(3) Fusion of Multimodal Emotion Recognition Results: In this stage, the outputs from the speech emotion
recognition (Step 1) and the sequential image-based recognition (Step 2) are combined. Two fusion
strategies are applied: decision-level fusion and model-level fusion.

Specifically, decision-level fusion employs an SVM to integrate the classification results from both
modalities, whereas model-level fusion utilizes a Concatenate layer to merge the feature vectors prior to the
final classification. The final emotion recognition result is then obtained from the fused output. The detailed
tusion processes are illustrated in Figs. 3 and 4.
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(ii)

(iii)

(iv)

[ Emotion video Extract representative image ]—P[ Image preprocessing ]—P[ InceptionV3 model training ]—D[ Extract model weights ]

Uniformly extract N frames H Image preprocessing ]—P[ Model testing with N frames H Train and test time-series model ]

[ Obtain recognition results ]

Figure 2: Sequential image-based emotion recognition process flow.

Extract images 3 Process as shown in Figure 1.1 |{ Obtain image recognition results

sVM_J—{_ Obtain final emotion recognition result__]

Extract speech signal | —| _Process as shown in Figure 1.2 |—)] Obiain specch recognition results

Figure 3: Emotion recognition process via decision-level fusion of speech and sequential images.

Extract images J " Process as shown in Figure 1.1 |- Obtain image recognition results

Obiain final emotion recognition result

Concatenate
Layer

Extract speech signal | Process as shown in Figure 12| Obtain speech recognition results

Figure 4: Emotion recognition process via model-level fusion of speech and sequential images.

The experiments in this study are conducted on the RAVDESS dataset [13]

The main contributions of this work are summarized as follows:

Transition from single-image to sequential-image emotion recognition. Most existing audio-visual
emotion recognition systems extract a single representative frame per utterance and discard the
temporal dynamics of facial expressions during speech. This work systematically replaces the single-
frame visual branch with a multi-frame sequential branch under a unified multimodal fusion
framework, and empirically demonstrates the resulting accuracy improvement from 91% to 96% on
the RAVDESS dataset.

Empirical analysis of the optimal frame-sampling number. A parameter study is conducted to evaluate
the recognition accuracy across different values of N (the number of sampled frames per video). The
results indicate that performance saturates around N = 40, identifying this value as the optimal trade-
off between recognition accuracy and computational efficiency for the RAVDESS dataset.

Innovative improvement of computational efficiency by combining the HMM model with CNNs for
temporal data recognition, and a comparative analysis of HMM and LSTM as temporal backbones.
Within a unified multimodal framework, this work provides a side-by-side comparison of HMM and
LSTM along two complementary dimensions—recognition accuracy and computational efficiency—
accompanied by a mechanism-level analysis explaining the observed differences.

Comparative analysis of decision-level and model-level fusion strategies. A controlled comparison
of these two fusion paradigms is provided within an otherwise identical pipeline, with mechanism-
level interpretation of why model-level concatenation outperforms SVM-based decision fusion in both
mean accuracy and variance.

2 Related Work

Previous studies on emotion recognition typically follow three approaches: (1) facial emotion recog-

nition using extracted facial features, (2) speech emotion recognition using signal features like MFCC or
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filter banks, and (3) multimodal fusion, combining facial and speech features. Some related works are
discussed below.

2.1 Speech Emotion Recognition

Fahad et al. [14] used a DNN-HMM model for speech emotion recognition with preprocessed features,
including MFCC, epoch-based features [15], and their combination. Their results showed that combining
MFCC and epoch-based features yielded the best performance. Wu et al. [16] used capsule networks
(CapsNet) [17] to capture spatial relationships in speech features. They introduced a pooling strategy to
build hierarchical representations of pronunciation features, which were processed by a recurrent neural
network (RNN) to improve speech emotion recognition accuracy. Liu et al. [18] proposed a model combining
Time-Frequency CNN [19] and CapsNet for speech spectrograms. The TFCNN captures local features while
CapsNet captures global features, and the resulting representations are fused through fully connected layers
for emotion classification.

While these works primarily focus on hand-crafted spectral features (e.g., MFCC) combined with CNN-
or RNN-based models, recent studies have increasingly shifted toward self-supervised learning (SSL) and
transformer-based architectures. Self-supervised pre-trained models such as Wav2Vec 2.0 and HuBERT have
been shown to outperform conventional spectral-feature pipelines in speech emotion recognition tasks;
Jafarzadeh et al. [20] reported substantial gains on the RAVDESS dataset—the same corpus adopted in this
paper—by leveraging fine-tuned HuBERT representations. Dabbabi and Mars [21] further demonstrated that
the lightweight Distil HuBERT achieved 87.01% accuracy on RAVDESS while substantially reducing model
size, indicating the practical value of SSL-based representations for resource-constrained scenarios.

2.2 Facial Emotion Recognition

Ma et al. [22] improved emotion recognition using SVM and Deep Boltzmann Machines (DBM)
with feature-level, decision-level [23], and model-level fusion strategies. Zhang et al. [24] extracted facial
features via the Haar cascade classifier [25] and Ada Boost, then trained a CNN. Their method outper-
formed R-CNN [26] and Faster R-CNN [27] in recognition accuracy, though at the cost of inference
speed. Purakkadavath and Chacko [28] used an InceptionV3-LSTM model to detect fatigue from 68 facial
landmarks identified by Gradient Boosting Decision Trees (GBDT) with InceptionV3 extracting sequential
features for LSTM-based temporal classification.

While these studies demonstrate the effectiveness of CNN-based architectures for facial emotion recog-
nition, recent research has increasingly adopted Vision Transformer (ViT)-based models, which leverage
self-attention mechanisms to capture global spatial dependencies that conventional CNNs often overlook.
Tian et al. [29] proposed HLA-ViT, a dual-stream architecture that integrates hybrid local attention with
global contextual modeling, demonstrating improved robustness against occlusion and pose variation. Kus
et al. [30] further provided a systematic review of ViT-based and explainable AI approaches in multimodal
facial expression recognition, identifying ViT as a dominant trend that has progressively replaced CNN
backbones in recent literature.

2.3 Multimodal Emotion Recognition Combining Speech and Facial Features

Liu [31] proposed a multimodal fusion using a Coupled HMM (CHMM) [32], improved to a Semi-
Coupled HMM (Semi-CHMM) [33], aligning facial and speech state sequences and fusing them via
error-weighted classification for emotion recognition. Chen [8] employed decision-level fusion via a lookup
table to combine speech and facial recognition outputs. Speech features were extracted using MFCC and
processed by a CNN with an LSTM replacing the fully connected layer; facial features were extractedfrom
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manually selected frames and processed by a CNN. Ghaleb et al. [34] proposed MERML, which aggregates
video and speech features via Fisher Vectors [35] into sequence representations. These representations are
then used to train an SVM with a Radial Basis Function (RBF) kernel for the final classification.

Overall, these studies show that most multimodal fusion strategies—both decision-level and model-
level —consistently outperform unimodal methods, as evidenced by both quantitative experiments and
visualization analyses. More recent multimodal frameworks have moved beyond conventional fusion
paradigms toward transformer-driven cross-modal architectures. Yi et al. [36] proposed HyFusER, a hybrid
multimodal transformer that employs dual cross-modal attention to dynamically align acoustic and visual
representations, achieving state-of-the-art performance on standard MER benchmarks. Comprehensive
surveys by Ramaswamy and Palaniswamy [37] and Lian et al. [38] further consolidate the observation that
transformer-based fusion, attention-driven gating, and self-supervised pre-trained encoders are progres-
sively redefining the design space of MER, suggesting promising directions in which the framework proposed
in this thesis can be extended.

3 Methods

This study uses a SVM to integrate classification results from multiple deep learning models for emotion
recognition, based on speech and sequential facial expressions. The system has five main components, shown
in Fig. 5:

Feature Extraction

CNNs

Temporal Sequence Models

Facial and Speech Model Architectures

Bimodal Emotion Recognition Model for Speech and Visual Modalities

A

Training Weights Representing Image Features

Transfer

Facial Emotion
Recognition
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) odel-level Fusion Classification Results
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Figure 5: The proposed architecture for multimodal emotion recognition based on speech and continuous visual input
is illustrated in this figure.
3.1 Feature Extraction

This section introduces the feature extraction methods proposed in this study, focusing on the extraction
of speech and facial emotion features.

3.1.1 Speech Feature Extraction

Speech data in this study come from emotional video clips. Emotions are inferred from prosodic,
acoustic, and spectral cues, but recordings are often affected by environmental or device noise, making noise
reduction essential before feature extraction. Here, filter banks and MFCCs are used as primary features.
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MFCCs compress spectral information via filter banks, modeling human auditory perception. The extraction
steps are shown in Fig. 6.

Speech Signal ‘ Endpoint Detection ‘ Frame Extraction
Fast Fourier . . .
Transform (FFT) - Hamming Window - Pre-emphasis
5 Discrete Cosine Transform Mel-Frequency Cepstral
Filter Bank — (DCT) — Coefficients (MFCCs)

Figure 6: The preprocessing pipeline of the speech signal.

3.1.2 Facial Feature Extraction

In this study, emotional video clips are processed by selecting a representative image and a sequence of
continuous facial frames. The representative image trains a facial expression model, whose weights are then
used to test each frame in the sequence, producing video feature vectors. A time-series model is then applied
to capture temporal relationships between frames, enabling overall emotion recognition across the sequence.
For facial region extraction, the Haar Cascade Classifier is used to locate the Region of Interest (ROI), mainly
the facial area. The dlib Python library then extracts 68 facial landmarks, each with (x, y) coordinates for
specific facial structures, as shown in Fig. 7.
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Figure 7: 68 facial landmark points.

These landmarks are predicted using a shape predictor trained on the iBUG 300-W dataset [32]. Non-
facial regions are then cropped, and the facial images are resized to 314 x 314 pixels and normalized. The
complete facial feature extraction process is shown in Fig. 8.
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Figure 8: Flowchart of the facial extraction process.

Facial Position
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3.2 Feature Emotion Image Recognition Model

This study uses temporal models, including CNN and InceptionV3 [39], to train on representative
emotional images from videos. These models learn emotion-specific features, and the trained weights are
then applied to continuous image sequences as a preprocessing step for sequential emotion analysis.

3.2.1 Convolutional Neural Network (CNN)

A CNN typically includes convolutional layers, average or max pooling layers [40], and fully connected
layers. CNNs extract features via local receptive fields, capturing spatial patterns, and stacking layers enables
learning of increasingly abstract, hierarchical representations. In this study, CNNs process 314 x 314 pixel
facial regions to extract features from images and speech-derived data. Convolutional layers capture local
features, and max pooling retains the most prominent values, reducing computation and highlighting
relevant activations.

3.2.2 InceptionV3

This study uses a relatively shallow InceptionV3 model [39] for single-image emotion recognition. Its
architecture, shown in Figs. 9 and 10 [28], replaces large convolutional filters with multiple smaller ones,
reducing computation and complexity while increasing non-linearity to support deeper networks and reduce
overfitting. InceptionV3 is chosen because deeper models like InceptionV4 or ResNet-152 offer little benefit
in sequence-based emotion recognition, where features from multiple images are passed to a time-series
model. Its low single-image error rates make it suitable for this study.

Figure 9: Inception model [29].
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Figure 10: Inception V3 model [29].

3.3 Time-Series Model

This study employs temporal models including HMM [41,42], RNN [43], and LSTM networks.
These models process current and past information to predict future states. The following sections detail
each model.

3.3.1 Hidden Markov Model (HMM)

In this study, a 40-dimensional feature vector is input to a temporal recognition system using Dis-
crete HMMs (DHMMs) [41,42,44]. HMMs, as probabilistic models, handle variable-length sequences like
continuous images or speech with less training time than deep learning methods.

A separate HMM is trained for each emotion. During recognition, the likelihood of the observation
sequence is computed for each model, and the highest likelihood determines the classification. Continuous
image sequences are treated as observation sequences, with feature changes modeled through hidden state
transitions. For each emotion-specific HMM, emission and state transition probabilities are trained, while
all models start from the same fixed initial state.

Let the HMM be defined as: A = {A,B,7,S,V}

e S={s1,8,..., sn}: Set of N hidden states

e V={v,vs,..., Vn}: Set of M observable symbols (observations)

e« A= {aij} ;a5 =P (qt =sjlq1 =5 ): State transition probability matrix

e« B-= {bj (k)},bj (k) =P (o = Vk‘qt = 8 ): Observation (emission) probability matrix
o m={m},m=P(q =s),1<i< N:Initial state probability vector

e 0O={0y,0y,...,07}: Observation sequence

« Q={q1,9,--.,qr}: Hidden state sequence

3.3.2 Long Short-Term Memory (LSTM)

Traditional RNNs struggle with large information sequences and suffer from vanishing or exploding
gradients. LSTM networks address these issues with a more complex architecture, including an input gate,
forget gate, output gate, and cell state update unit [39], each with separate weights. These gates control
whether information is passed through or blocked.

In the context of this study, the LSTM operates directly on continuous-valued probability vectors
produced by the InceptionV3 frame-level classifier. For each video, the 40 sequentially sampled frames yield
a sequence of 40 emotion probability vectors, which are fed into the LSTM in temporal order. Through its
gating mechanism, the LSTM jointly models the gradual transitions between frames—capturing how the
speaker’s facial expression evolves throughout the utterance—rather than treating each frame as an indepen-
dent observation. Unlike the Discrete HMM described in Section 3.3.1, which requires a vector-quantization
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step to map continuous probability vectors into a finite codebook, the LSTM preserves the original
continuous representation, retaining fine-grained intensity information across the 40-frame sequence.

4 Experiments and Results

This section first describes the experimental environment and dataset. We then evaluate the proposed
emotion recognition system using three approaches: speech-based, image-based, and multimodal fusion.
Finally, results are compared with related works to demonstrate the method’s effectiveness.

4.1 Environment

Experiments were conducted on an NVIDIA GeForce RTX 3090 GPU with 32 GB RAM. The environ-
ment used Python 3.8.5 within Anaconda3, and experiments were implemented in Jupyter Notebook using
TensorFlow-nightly-GPU 2.4.0. The detailed software and hardware specifications used in the experiments
are summarized in Table 1.

Table 1: Software and hardware specifications.

Category Specification
CPU Intel(R) Core(TM) i7-10700 @ 2.90 GHz
Memory 16 GB x 2 GB
GPU NVIDIA GeForce RTX 3090
CUDA Cores 10,496
Development Tools Anaconda3, Jupyter Notebook
Programming Language Python 3.8.5
Deep Learning Library TensorFlow-nightly-GPU 2.4.0
Cross-validation 10-fold cross-validation

4.2 Dataset

This study uses the RAVDESS dataset [31] for experiments, containing recordings from 24 professional
actors (12 male, 12 female) expressing seven emotions—neutral, happy, sad, angry, fearful, disgust, and
surprised—through spoken and sung versions of two sentences. Video clip durations vary, and Table 2
summarizes the dataset characteristics.

Table 2: Summary of the RAVDESS dataset.

Category Description
Dataset Name RAVDESS
Language North American English
Number of Speakers Male: 12 Female: 12
Number of Emotions 7 types
Expression Mode Singing, Speaking
Number of Sentences 2
Video Duration 2-5s

Total Samples 2428
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4.3 Speech Recognition Results

The main goal of this experiment is to compare features and models for speech-based emotion
recognition. The following sections detail the feature parameters and models used. After preprocessing, two
speech features—MFCC and filter banks—were extracted and input into CNN-based deep learning models
for emotion recognition. Models were trained for 300 iterations, and their performance was evaluated using
K-fold cross-validation. Table 3 shows the results for different feature-model combinations.

Table 3: Recognition accuracy (%) of different feature-model combinations for speech emotion recognition on the
RAVDESS dataset.

Method CNN CNN-HMM CLDNN CNN CNN-HMM CLDNN
Feature MEFCC MEFCC MEFCC Filter bank Filter bank Filter bank
Fold Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
Fold 1 0.568 0.624 0.736 0.742 0.737 0.822
Fold 2 0.584 0.629 0.767 0.716 0.711 0.841
Fold 3 0.539 0.644 0.681 0.757 0.835 0.785
Fold 4 0.609 0.680 0.773 0.762 0.794 0.822
Fold 5 0.625 0.592 0.760 0.742 0.742 0.798
Fold 6 0.584 0.639 0.767 0.726 0.773 0.847
Fold 7 0.662 0.603 0.779 0.747 0.789 0.847
Fold 8 0.625 0.582 0.779 0.762 0.701 0.815
Fold 9 0.615 0.593 0.765 0.731 0.737 0.796
Fold 10 0.603 0.611 0.775 0.694 0.736 0.784
Mean 0.602 0.619 0.758 0.736 0.755 0.816
SD 0.034 0.02 0.03 0.022 0.041 0.034
Variance 0.0012 0.0008 0.0009 0.0005 0.0017 0.0012

This study uses CNN, CNN-HMM, and CLDNN models. Table 4 compares MFCC and filter bank
features, showing that filter banks (without DCT compression) achieve higher accuracy. CNN alone performs
worse than temporal models like CNN-HMM and CLDNN, with the lowest accuracy of 0.602 using
CNN with 12-dimensional MFCC features. In contrast, the highest accuracy of 0.816 was achieved using
CLDNN with 40-dimensional filter bank features. The observation that filter bank features outperform
MFCCs when paired with the CLDNN model is consistent with prior findings in the deep learning—
based speech recognition literature [11]. The DCT step in MFCC extraction was originally introduced to
decorrelate filter bank coefficients, which was essential for traditional GMM-HMM systems that assume
diagonal covariance among feature dimensions. In contrast, CNN-based models do not require decorrelated
input features; on the contrary, they leverage local correlations across adjacent frequency bands through
their convolutional kernels, which jointly model neighboring frequency channels. Applying DCT therefore
discards the very correlation structure that CNNs are designed to exploit, resulting in a loss of spectral
information that is otherwise useful for learning higher-level acoustic representations. This explains why
the filter bank—-CLDNN combination achieves higher accuracy than the MFCC-CLDNN combination in
our experiments.
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Table 4: Comparison of different models using MFCC and filter bank features for speech emotion recognition. Avg.
Acc.: Average Accuracy; Dim.: Feature Dimension; Time: Training and Testing Time (in seconds).

Method Avg. Acc. Feature Dim. Time (s)
CNN 0.60 MFCC 12 172.5
CNN-HMM 0.62 MFCC 12 215.6
CLDNN 0.76 MFCC 12 420.6
CNN 0.73 Filter bank 40 374.3
CNN-HMM 0.75 Filter bank 40 425.3
CLDNN 0.82 Filter bank 40 518.4

Finally, the results are visualized using a boxplot (Fig. 11), which provides an overview of the K-fold
cross-validation results, including maximum, minimum, upper and lower quartiles, and outliers. Fig. 12
shows a sample boxplot used in this study.
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Figure 11: Boxplot representation of model performance in speech emotion recognition using K-fold cross-validation.
e indicates the mean value, o represents outliers. Model types 1-6 are listed in the figure.
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Figure 12: Boxplot example.
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4.4 Continuous Facial Emotion Recognition Results

This section aims to determine whether single images or sequences of continuous frames yield better
emotion recognition from video clips. For single-frame recognition, the midpoint frame, often showing the
clearest emotion, is selected for model training. The CNN and InceptionV3 models are then evaluated, with
single-frame recognition accuracy (without temporal modeling) reported in Table 5. For sequence-based
recognition, the weights from the single-image models were saved and applied to continuous recognition.
Specifically, N representative frames are extracted from each video using uniform temporal sampling: given
a video of total length T frames, the i-th sampled frame is taken at index [i x %] fori=0,1,...,N -1,
ensuring that the selected frames are evenly distributed across the entire utterance from speech onset to
offset. Facial regions are then extracted and preprocessed for each sampled frame, and each frame is classified
using the pre-trained CNN or InceptionV3 model. The resulting sequence of frame-level emotion predictions
is fed into temporal models—namely LSTM and HMM—for sequence-level emotion recognition, The
corresponding results are reported in Table 6.

Table 5: Single image-based comparison (10-fold cross-validation).

Method Average Accuracy Number of Frames
CNN 0.61 1
InceptionV3 0.84 1

Table 6: Temporal image-based comparison (10-fold cross-validation).

Method Average Accuracy Number of Frames
CNN-LSTM 0.68 8
InceptionV3-LSTM 0.84 8
InceptionV3-LSTM 0.92 20
InceptionV3-HMM 0.93 40
InceptionV3-LSTM 0.94 40

The choice of N = 40 was determined by both the temporal characteristics of the RAVDESS dataset
and a preliminary parameter study. Since the shortest video clip in RAVDESS is approximately 2 s long at
30 frames per second (i.e., approximately 60 frames), N must not exceed this lower bound to ensure that
uniform sampling remains feasible across all clips. As shown in Table 6, recognition accuracy increases with
N and saturates around N = 40, beyond which further increases yield diminishing returns. Therefore, N = 40
was selected as the optimal trade-off between recognition accuracy and computational efficiency. The best
performance was ultimately achieved by combining InceptionV3 with LSTM under N = 40.

4.5 Time Series Model Comparison

This section evaluates continuous facial emotion recognition using 10-fold cross-validation, comparing
accuracy and training time for 40-frame sequences over 300 iterations (Table 7). LSTM achieves higher and
more stable accuracy but trains slower than HMM. HMM trains faster but shows lower and more variable
accuracy, making it potentially better for real-time applications. Accuracy distribution and variability are
illustrated in the box plot in Fig. 13.
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Table 7: Accuracy results of each fold for InceptionV3-LSTM and inceptionV3-HMM (10-fold cross-validation).

Method InceptionV3-LSTM InceptionV3-HMM
Fold Accuracy Accuracy
Fold 1 0.945 0.942
Fold 2 0.941 0.914
Fold 3 0.951 0.947
Fold 4 0.943 0.901
Fold 5 0.939 0.938
Fold 6 0.943 0.924
Fold 7 0.945 0.942
Fold 8 0.945 0.938
Fold 9 0.943 0.934
Fold 10 0.941 0.897
Mean 0.943 0.929
SD 0.003 0.3
Variance 0.0001 0.0009
Time (s) 294.8 29.29

1.000

0975
0950 ® Mean Value
0925 1.Integration of Audio and InceptionV3-

HMM Using SVM
2.Integration of Audio and InceptionV3-
LSTM Using SVM
0875 3.Integration of Audio and InceptionV3-
HMM Using a Concatenate Layer
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Figure 13: Box plot comparison of integrated emotion recognition models.

4.6 Comparison of Multimodal Model Integration

This section evaluates the effectiveness of integrating speech and visual recognition results to improve
emotion recognition accuracy and compares different model strategies. Two fusion strategies are investigated
in this study: decision-level fusion and model-level fusion. In decision-level fusion, an SVM is employed to
combine the highest-performing speech model—the 40-dimensional filter banks features with CLDNN—
with the two highest-performing sequential image-based models. The recognition outputs of them two
modalities are stored as a two-dimensional vector (speech x video) and classified using an SVM under 10-
fold cross-validation. In model-level fusion, the two modalities are integrated during model training by
concatenating the fully-connected layer outputs of the speech and image branches via a Concatenate layer,
followed by a final Softmax layer for classification. This strategy is introduced to mitigate the limitations
of decision-level fusion, particularly the higher accuracy variability observed under cross-validation when
training data are limited. The experimental results of all three configurations are summarized in Tables 8-10.
Specifically, Table 8 reports the results obtained when both modalities are modeled using HMM and
integrated through decision-level fusion; Table 9 reports the corresponding results when HMM is replaced
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by LSTM under the same decision-level fusion strategy; and Table 10 reports the results when the LSTM-
based models are integrated through model-level fusion. Comparing Tables 8 and 9 isolates the effect of the
temporal modeling choice (HMM vs. LSTM), whereas comparing Tables 9 and 10 isolates the effect of the
fusion strategy (decision-level vs. model-level).

Table 8: Performance comparison of speech, sequential image, and decision-level fusion emotion recognition models
based on HMM, evaluated by 10-fold cross-validation on the RAVDESS dataset.

Category Speech Sequential Image Integrated Speech and Continuous Video
Method CNN-HMM InceptionV3-HMM CNN-HMM + InceptionV3-HMM via SVM
Fold Accuracy Accuracy Accuracy
Fold 1 0.737 0.942 1
Fold 2 0.711 0.914 0.980
Fold 3 0.835 0.947 0.959
Fold 4 0.794 0.901 0.959
Fold 5 0.742 0.938 0.959
Fold 6 0.773 0.924 0.939
Fold 7 0.789 0.942 0.939
Fold 8 0.701 0.938 0.939
Fold 9 0.737 0.934 0.898
Fold 10 0.736 0.897 0.833
Mean 0.755 0.929 0.945
SD 0.039 0.017 0.044
Variance 0.0414 0.0003 0.0023

Table 9: Performance comparison of speech, sequential image, and decision-level fusion emotion recognition models
based on LSTM, evaluated by 10-fold cross-validation on the RAVDESS dataset.

Category Speech Sequential Image Integrated Speech and Continuous Video
Method CLDNN InceptionV3-LSTM CLDNN + InceptionV3-LSTM via SVM
Fold Accuracy Accuracy Accuracy
Fold 1 0.822 0.945 0.980
Fold 2 0.841 0.941 0.980
Fold 3 0.785 0.951 0.939
Fold 4 0.822 0.943 0.939
Fold 5 0.798 0.939 0.959
Fold 6 0.847 0.943 0.918
Fold 7 0.847 0.945 0.980
Fold 8 0.815 0.945 0.939
Fold 9 0.796 0.943 0.898
Fold 10 0.784 0.941 0.938
Mean 0.816 0.943 0.947
SD. 0.023 0.0031 0.026

Variance 0.0006 0.00001 0.0007
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Table 10: Performance comparison of speech, sequential image, and model-level fusion emotion recognition models

based on LSTM, evaluated by 10-fold cross-validation on the RAVDESS dataset.

Category Speech Sequential Image Integrated Speech and Continuous Video
Method CLDNN InceptionV3-LSTM CLDNN + InceptionV3-LSTM via Concatenate layer
Fold Accuracy Accuracy Accuracy

Fold 1 0.822 0.980 0.971

Fold 2 0.841 0.980 0.955

Fold 3 0.785 0.939 0.971

Fold 4 0.822 0.939 0.954

Fold 5 0.798 0.959 0.954

Fold 6 0.847 0.918 0.971

Fold 7 0.847 0.980 0.975

Fold 8 0.815 0.939 0.934

Fold 9 0.796 0.898 0.963

Fold 10 0.784 0.938 0.962

Mean 0.816 0.947 0.960

SD 0.023 0.026 0.0116

Variance 0.0006 0.0008 0.00015
Time (s) 518.4 294.08 1194.95

Table 11 shows 10-fold cross-validation results, indicating that model-level fusion is more accurate and
stable than decision-level fusion. Box plot visualizations in Fig. 13 further illustrate these results. The best
performance is achieved by combining 40-dimensional filter bank speech features with a CLDNN model

and video-based recognition models.

Table 11: 10-fold cross-validation performance comparison of integrated models.

Audio + InceptionV3-HMM Audio + InceptionV3-LSTM  Audio + InceptionV3-LSTM

Method using SVM using SVM using concatenate layer
Fold Accuracy Accuracy Accuracy
Fold 1 1 0.980 0.971
Fold 2 0.980 0.980 0.955
Fold 3 0.959 0.939 0.971
Fold 4 0.959 0.939 0.954
Fold 5 0.959 0.959 0.954
Fold 6 0.939 0.918 0.971
Fold 7 0.939 0.980 0.975
Fold 8 0.939 0.939 0.934
Fold 9 0.898 0.898 0.963
Fold 10 0.833 0.938 0.962
Mean 0.945 0.947 0.960

SD 0.044 0.026 0.0116
Variance 0.0023 0.0007 0.00015
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As shown in Tables 8-10, the integrated multimodal models consistently outperform their unimodal
counterparts across all configurations, confirming the effectiveness of fusing speech and visual modalities.
A comparison between Tables 8 and 9 indicates that LSTM-based temporal modeling yields higher mean
accuracy and lower variance than HMM-based modeling, suggesting LSTM’s superior capability in capturing
temporal dependencies in emotional expressions. Furthermore, comparing Tables 9 and 10 reveals that
model-level fusion achieves higher mean accuracy (0.960 vs. 0.947) and substantially lower variance (0.00015
vs. 0.0007) than decision-level fusion, which is consistent with the observation that decision-level fusion
is more sensitive to limited training data and may lose feature-level information during the SVM-based
integration step.

4.7 Comparative Analysis of Previous Studies

This study compares emotion recognition methods across three categories: speech-based, vision-based,
and multimodal models, against our proposed approach. For speech-based recognition, previous SVM
methods show about 3% lower accuracy than ours. In vision-based recognition, reference uses CNN-LSTM,
while our InceptionV3-LSTM improves accuracy by roughly 3%. For multimodal recognition, reference [31]
employs HMM with speech and still images using an error-weighted classifier, and reference [7] uses CLDNN
for speech and CNN for images, achieving 86% accuracy—still 10% lower than our method. Detailed
comparisons are presented in Tables 12-14.

Table 12: Comparison of speech emotion recognition methods in the literature.

Study Method Accuracy Year
[45] Deshmukh et al. SVM 79% 2019
Ours CLDNN 82% -

Table 13: Comparison of facial emotion recognition methods in the literature.

Study Method Accuracy Year
[46] Lietal. CNN-LSTM 91% 2019
Ours Inception V3-LSTM 94% -

Table 14: Comparison of multimodal emotion recognition methods in the literature.

Method

Study Accuracy  Year
Speech Sequential image Integration
[31] Liu HMM HMM Error-Weighted Classifier 82% 2010
[8] Chen CNN-LSTM CNN Look-up table 86% 2019
Ours CLDNN Inception V3-LSTM Concatenate 96% -

4.8 Analysis of Experimental Results

This section provides a mechanism-level analysis of the experimental results presented in
Sections 4.1-4.7. While differences in datasets, frame numbers, and implementations across prior studies
may limit direct comparisons, the analyses below offer interpretive insights into the design choices that drive
the observed performance.
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4.8.1 Effectiveness of the CLDNN Architecture for Speech Emotion Recognition

As shown in Tables 3 and 4, the CLDNN model consistently outperformed the alternative speech-
only architectures evaluated in this study. This advantage can be attributed to its hybrid design: the
convolutional layers extract robust local spectral patterns from the input filter bank features, the LSTM
layer captures long-range temporal dependencies in the speech signal, and the fully connected layers
learn discriminative high-level representations. By integrating the complementary strengths of these three
architectural paradigms within a single end-to-end framework, the CLDNN achieves superior recognition
performance to its individual components.

4.8.2 LSTM vs. Discrete HMM as Temporal Backbones

A central observation of this study concerns the trade-off between Discrete HMM and LSTM. As
reported in Tables 8 and 9, the LSTM-based pipeline achieves higher accuracy and lower variance than
its HMM counterpart under 10-fold cross-validation. This performance gap can be attributed to several
factors. First, Discrete HMMs assume the Markov property—where the current state depends only on the
immediately preceding state—and operate over a discrete state space, which limits their ability to model long-
range and nonlinear temporal dependencies. In contrast, LSTMs employ gating mechanisms that selectively
retain or discard information across arbitrarily long sequences. In the context of the present 40-frame
sequences, a facial emotional expression during a 2-5 s utterance typically unfolds in three temporal phases—
onset, apex, and offset—each spanning roughly 10-20 frames. The LSTM’s gating mechanism enables it
to retain information from the neutral baseline at the onset, accumulate the rising intensity at the apex,
and integrate the entire trajectory into the final classification—dependencies that the first-order Markov
assumption of the HMM cannot directly capture. Second, the discretization step required by Discrete
HMMs—quantizing continuous feature vectors into a finite codebook—inevitably introduces information
loss, whereas LSTMs operate directly on continuous representations. Third, HMM parameters are typically
estimated via the Expectation-Maximization (EM) algorithm, which is susceptible to local optima, whereas
LSTMs are trained end-to-end via backpropagation, allowing them to learn task-specific representations
under sufficient training data. Furthermore, the LSTM’s gating mechanism provides robustness against
noisy frame-level predictions: when an individual frame is momentarily misclassified by InceptionV3 due
to motion blur or partial occlusion, the LSTM can attenuate its influence based on disagreement with
neighboring frames, whereas the HMM relies solely on the smoothness imposed by the transition matrix.

4.8.3 Computational Efficiency of the Discrete HMM

Despite its lower accuracy, the HMM exhibits clear advantages in computational efficiency, requiring
up to ten times less time for both training and inference, and naturally accommodating variable-length input
sequences. These advantages stem from the fundamentally lower computational cost of HMM inference
algorithms (e.g., Viterbi and Forward-Backward), which involve matrix operations of complexity O(N*T),
where N is the number of hidden states and T is the sequence length. In contrast, LSTM inference requires
multiple matrix multiplications and nonlinear activations per time step, and training additionally incurs
the cost of backpropagation through time. Furthermore, HMMs typically contain orders of magnitude
fewer parameters than LSTMs, contributing to their faster convergence and lower memory footprint.
Their generative formulation also enables operation on sequences of arbitrary length without requiring
fixed-size input windows or padding. These observations suggest a clear application-oriented decision
boundary: LSTMs are preferred for tasks requiring high accuracy and robustness, whereas HMMs remain
a practical alternative for real-time or resource-constrained applications such as embedded systems or
mobile deployment.
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4.8.4 Effectiveness of Multimodal Fusion

The experimental results consistently demonstrate that fusion models combining speech and sequential
image data achieve significantly higher recognition rates than either modality alone. This improvement is
consistent with the complementary nature of the two modalities: speech conveys prosodic and tonal cues,
while facial expressions convey visual cues such as muscle movements and micro-expressions. Each modality
captures partially independent aspects of emotional expression, and their combination provides a more
complete representation that is also more robust to modality-specific noise. Among the two fusion strategies
investigated, model-level fusion via a concatenation layer—merging outputs from the speech CLDNN and
the sequential-image InceptionV3-LSTM (40 frames)—achieved the highest mean accuracy and lowest
variance, outperforming decision-level SVM fusion. This advantage likely stems from the preservation
of richer feature-level information, which decision-level fusion would otherwise discard after individual
classification. As shown in Table 14, this configuration achieves the highest reported accuracy among the
studies surveyed, providing a useful reference point for future research in multimodal emotion recognition.

5 Conclusions

This study proposed a multimodal emotion recognition framework that integrates speech and sequential
facial image data through two complementary fusion strategies. Experimental results on the RAVDESS
dataset demonstrate that the proposed framework achieves substantially higher recognition accuracy (96%)
than its single-image counterpart (91%), confirming the effectiveness of multi-frame sequential modeling
and multimodal fusion. As discussed in Section 4, model-level fusion via concatenation outperforms
decision-level SVM fusion, and LSTM provides higher accuracy than Discrete HMM at the cost of greater
computational overhead—suggesting an application-oriented decision boundary where LSTMs are preferred
for accuracy-critical tasks and HMMs remain practical for resource-constrained deployments.

Limitations. All experiments were conducted on the RAVDESS dataset, which was recorded in a
controlled studio environment with clean audio, uniform illumination, and acted emotional expressions.
Recognition accuracy under real-world conditions—involving background noise, varying illumination, and
low-resolution images—remains unverified and may be substantially lower.

Future Work. Future research will (i) evaluate the proposed framework on naturalistic in-the-wild
datasets such as IEMOCAP and AffectNet, (ii) incorporate noise-, illumination-, and resolution-based data
augmentation strategies during training, and (iii) explore the integration of transformer-based architectures
and self-supervised pre-trained encoders (e.g., Wav2Vec 2.0, HuBERT, ViT) to further enhance recognition
robustness and reduce reliance on hand-crafted features.
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