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 Multimodal facial expression recognition aims to improve emotion analysis 

by integrating visual, audio, and textual cues to achieve accuracy and 

robustness. However, effectively recognizing facial expressions across 

video, text, and audio presents challenges due to inconsistencies in how 

emotions are expressed among these modalities. To overcome this issue, this 

research proposes a residual mogrifier long short-term memory (RMLSTM) 

model to enhance robustness in multimodal facial expression recognition. By 

integrating residual connections into the long short-term memory (LSTM), 

the model improves its ability to capture complex dependencies among 

various modalities, including video, text, and audio. The residual connection 

overcomes the vanishing gradient problem and ensures stable training with 

better gradient flow in deeper networks. The mogrifier mechanism refines 

the input features dynamically, enhancing feature interaction and alignment 

across modalities. The RMLSTM achieves 99.57% and 97.83% accuracy on 

the SAVEE and YouTube datasets, respectively, outperforming both the 

mel-frequency cepstral coefficients time-domain feature with iterative 

dilated convolutional neural network (MFCCT-1DCNN) and attention-based 

multi-modal popularity prediction model of short-form videos (AMPS). 
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1. INTRODUCTION 

Emotion recognition aims to identify the emotion of every utterance within a dialogue, where 

human emotions are expressed through different modalities, such as visual, acoustic, and textual [1]. The 

field of automatic emotion recognition has made significant progress using individual modalities; however, 

considerable challenges remain before this problem can be fully solved [2]. Human emotional expression is 

inherently complex, as people combine multiple emotional factors [3]. The same emotions can be represented 

with diverse signals, such as vocal expressions and nonverbal cues, including spoken words, facial 

expressions, and body movements [4]. The combination of various indicators from all potential emotion 

sources to build a multimodal recognition system holds great promise for improving the accuracy of  

single-source recognition [5]. Emotion recognition systems have practical applications across behavioral 

analysis, forensic work, and healthcare settings [6]. Research in psychology indicates that a driver’s 

emotional state directly affects road safety, with negative emotions such as anger and sadness increasing the 
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likelihood of car accidents. As a result, transportation safety systems require real-time emotion monitoring 

due to the critical driving hazards posed by emotional instability [7], [8]. Detecting emotions is challenging 

because individual perceptions and the duration of emotional states impact how emotions are expressed [9]. 

The initial facial expression recognition techniques relied on handcrafted features, which resulted in limited 

accuracy and vulnerable system design [10]. Deep learning (DL) networks, particularly convolutional neural 

networks (CNN) and recurrent neural networks (RNN), have led to substantial advancements in feature 

extraction and classification, enhancing recognition results [11], [12]. Novel network architectures with 

attention mechanisms, as well as data augmentation methods, have created sophisticated approaches to 

enhance facial expression analysis and generalization. Research has primarily focused on detecting emotions 

in controlled settings involving individuals [13]. Multi-facial emotion recognition presents a significant 

challenge due to the multiple face detection models that impact real-time operation [14]. 

The development of end-to-end solutions is still in progress, as researchers have performed limited 

work to assess collective emotions in educational settings involving student groups. Research indicates that 

real-world multi-subject emotion recognition requires further development beyond current limitations [15]. 

Multimodal facial expression recognition utilizes video, audio, and text data to enhance accuracy. However, 

the main challenges include inconsistencies in emotion presentation across different modalities, model 

instability, and ineffective feature fusion. To address these challenges, this research proposes a residual 

mogrifier long short-term memory (RMLSTM) that improves cross-modal alignment through dynamic 

feature transformation, while residual connections ensure stable training. Furthermore, experiments on the 

SAVEE and YouTube datasets demonstrate that RMLSTM outperforms existing methods. This research 

examines facial expression recognition, utilizing various DL techniques along with their advantages and 

limitations. This analysis helps identify research gaps to enable the development of improved recognition 

techniques, leading to better precision. Singh et al. [16] suggested a 3D convolutional neural network 

(3DCNN)-convolutional long short-term memory (ConvLSTM) framework for emotional video facial 

recognition. By combining CNN and long short-term memory (LSTM), the model effectively captured spatial 

and temporal dependencies, resulting in dynamic emotion pattern recognition. However, the 3DCNN-

ConvLSTM combination faced overfitting problems when dealing with high-dimensional spatiotemporal data. 

Singh et al. [17] developed an attention-based 2DCNN with LSTM to perform speech emotion recognition 

tasks. This architecture integrated four blocks of 2DCNN feature extractors with 2DCNN-LSTM dependency 

learners and incorporated an attention mechanism to filter LSTM-generated significant data, followed by a 

dropout operation to enhance emotion recognition. The proposed method exhibited sensitivity to various 

speech patterns and noise exposure, as the model failed to properly identify essential features. 

Middya et al. [18] introduced a DL-based multimodal emotion recognition system using  

audio-visual modalities and model-level fusion. Model-level fusion was performed to establish the best 

multimodal model for emotion recognition by combining audio and video modality data. The model 

developed an optimal multimodal emotion recognition system through the combination of audio and video 

features at the model level. However, when model-level fusion combined separate feature extractors, the 

approach became prone to overfitting when working with small datasets with limited emotional expression 

diversity. Alluhaidan et al. [19] introduced an mel-frequency cepstral coefficients time-domain feature with 

iterative dilated convolutional neural network (MFCCT-1DCNN) to recognize speech expressions. The CNN 

framework contained one-dimensional layers along with activation layers, max-pooling, dropout features, 

and fully connected (FC) components for speech expression classification. However, there was spectral 

information loss in MFCCT-1DCNN because it performed a conversion from the frequency domain to the 

time domain. Cho et al. [20] presented an AMPS for facial expression recognition. It incorporated 

bidirectional long short-term memory (BiLSTM) with self-attention and co-attention methods, which allowed 

it to achieve a better understanding of intra- and inter-modal relationships. The model struggled to capture 

fine details in temporal connections between audio and visual components due to the mixed utilization of 

recurrent and convolutional layers. The existing techniques suffered from multiple limitations, including poor 

capabilities to detect fine temporal connections between audio and visual modalities, noise sensitivity and 

diverse speech patterns because the model failed to discern proper features while handling multiple 

modalities, thereby resulting in complicated integration challenges. To overcome these issues, the RMLSTM 

is proposed in this research for facial expression recognition. 

The main contributions are as follows: 

i) The RMLSTM is proposed in this research for multimodal facial expression recognition. By integrating 

residual connections into LSTM, the model effectively captures complex dependencies among various 

modalities such as video, text, and audio. 

ii) The residual connection provides stable training and better gradient flow in deeper networks while 

addressing the vanishing gradient issue. The mogrifier mechanism transforms input features 

dynamically, thereby enhancing feature interaction and alignment across modalities. 
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iii) EfficientNetB0 is used as an extractive feature mechanism for image/video samples through its effective 

visual pattern recognition capabilities. 

iv) Text data is processed through term frequency-inverse document frequency (TFIDF), which transforms 

verbal information into numerical vectors by assigning significance to important words without 

reducing the standard terms. 

v) MFCC are used to extract audio features through spectral and frequency-based characteristics, 

providing better audio signal representations. 

This research paper is further organized as follows. Section 2 details the proposed methodology. 

Section 3 presents the results and discussion. The conclusion of this study is provided in section 4. 

 

 
2. PROPOSED METHODOLOGY 

In this research, the RMLSTM is proposed for multimodal facial expression recognition utilizing 

data from the SAVEE and YouTube sources, which include video/images, text, and audio. To provide  

high-quality inputs, preprocessing techniques are applied, such as image normalization and punctuation 

removal. Image normalization is applied to standardize pixel intensities, punctuation removal is used for text 

cleaning, and MFCC features are directly extracted from audio data to capture key frequency characteristics. 

The feature extraction step includes EfficientNetB0 for visual data, TFIDF for textual information, and 

MFCC for speech signals. The extracted features from all modalities are fused to create a unified multimodal 

representation. Then, this fused data is fed into the RMLSTM model, which uses residual connections to 

overcome the vanishing gradient issue and provide model stability, while the mogrifier approach transforms 

input features dynamically, thereby enhancing feature alignment and interaction among various modalities. 

Lastly, the model classifies facial expressions based on multimodal inputs. Figure 1 shows the flow diagram 

of this research. 

 

 

 
 

Figure 1. Flow diagram of the multimodal facial expression recognition 

 

 

2.1.  Dataset 

The SAVEE [21], YouTube [7], CK+ [16], and RAVDEES [18] datasets are used to collect  

data for this research. These datasets are applied to create an automated emotion identification system 

that supports video, image, text, and audio. The SAVEE dataset includes 480 words, 10 general 

sentences, 3 standard sentences, and 2 emotion-specific sentences. The YouTube dataset includes  

seven distinct emotions: anger, disgust, fear, happiness, neutral, sadness, and surprise, all of which are 

recorded and evaluated by 10 individuals. The CK+ dataset contains 593 sequences from 123 subjects, of 

which 327 sequences are labeled with emotions. Seven emotions are labeled, including surprise, fear, 

disgust, contempt, sadness, happiness, and anger. The RAVDEES dataset contains 1,440 audio files 

recorded by 12 female and 12 male actors, covering eight distinct emotions: anger, calmness, disgust, 

fear, neutrality, happiness, sadness, and surprise. All recorded audio files have a 48 kHz sample rate and 

16-bit resolution. 
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2.2.  Preprocessing 

After data collection, normalization, and punctuation removal are applied to preprocess the data. 

Normalization is used for image/video data, while punctuation removal is applied to text data. Normalization 

is a preprocessing method applied to reduce the differences in face images, such as variations in lighting, to 

achieve better image quality. It enhances image intensity, resulting in improved clarity and higher recognition 

performance. The mathematical expression for this normalization is presented in (1). Where 𝑥𝑛 denotes the 

normalized image, 𝑥𝑚𝑖𝑛  and 𝑥𝑚𝑎𝑥  denote minimum and maximum image intensities. 

 

𝑥𝑛 =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
 (1) 

 

Punctuation removal helps to standardize the textual data by eliminating unnecessary symbols that 

do not contribute to semantic meaning, thus enhancing model efficiency. By removing punctuation, noise is 

reduced, leading to better tokenization and feature extraction. The formula for removing punctuation is 

presented in (2). Where 𝑃 denotes the set of punctuation marks and 𝑇𝑝𝑢𝑛𝑐𝑟𝑒𝑚𝑜𝑣𝑒𝑑
 denotes the tokenized text 

after punctuation removal. After performing the preprocessing, feature extraction is applied to image/video, 

text, and audio data to extract meaningful and relevant information from each of these modalities. 

 

𝑇𝑝𝑢𝑛𝑐𝑟𝑒𝑚𝑜𝑣𝑒𝑑
= {𝑡𝑖 ∈ 𝑇𝑠𝑡𝑜𝑝𝑟𝑒𝑚𝑜𝑣𝑒𝑑

: 𝑡𝑖 ∉ 𝑃} (2) 

 

2.3.  Feature extraction 

EfficientNetB0 is used as an extractive feature mechanism for image/video samples through its 

efficient computation of visual patterns. Text data is processed through TFIDF, which transforms verbal 

information into numerical vectors by emphasizing significant words without diminishing standard terms. 

MFCC analyzes audio signals through spectral and frequency-based characteristics to create effective audio 

signal representations. A detailed description of these methods is provided in the subsequent sections. 

 

2.3.1. EfficientNetB0 for image/video data 

EfficientNet is a scaled-up model that optimizes both accuracy and efficiency. EfficientNetB0 is a 

key layer in the mobile inverted bottleneck MBConv, with compound scaling applied to three components: 

depth, width, and resolution. The constants 𝛼, 𝛽, and 𝛾 denote depth, width and resolution, respectively, and 

are derived for better results [22]. EfficientNetB0 searches for these scaling coefficients with less system 

capacity in smaller models. 

 

2.3.2. Term frequency-inverse document frequency for text data 

TFIDF is applied to extract features from raw text data, where weights are assigned to each term in a 

document based on term frequency (TF) and inverse document frequency (IDF). Higher-weight terms have 

greater significance compared to lower-weight terms [23]. The weight for each term is calculated using (3). 

 

𝑊𝑖,𝑗 = 𝑇𝐹𝑡,𝑑 (
𝑁

𝐷𝑡
) (3) 

 

Where 𝑇𝐹𝑡,𝑑 is the number of occurrences of term 𝑡 in document 𝑑, 𝑁 is the total number of documents and 

𝐷𝑡  denotes the documents with term 𝑡. TFIDF is a type of scoring measurement approach widely used in 

summarization and data retrieval. TF estimates the frequency of token and gives more significance to 

common tokens in a given document. However, IDF estimates the rarity of tokens in the corpus. In this 

manner, if uncommon words appear in more than one document, they are considered significant. In a group 

of documents 𝐷, the IDF weights a token 𝑥 using (4). Where, 𝑛(𝑥) is the frequency of 𝑥 in 𝐷 and 
𝑁

𝑛(𝑥)
 is the 

inverse frequency. The TF-IDF is estimated by combining TF and IDF, as represented in (5). 

 

𝐼𝐷𝐹(𝑋) =
𝑁

𝑛(𝑥)
 (4) 

 

𝑇𝐹 − 𝐼𝐷𝐹 = 𝑇𝐹 × 𝐼𝐷𝐹 (5) 

 

TFIDF is applied to estimate the significant term weights, and the final output of TFIDF is in the 

form of a weight matrix. The scores increase gradually with the TFIDF count, but are balanced by the 

frequency of the word. It transforms variable-length text into feature vector of fixed-length thereby providing 

simpler integration with recognition models. 
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2.3.3. MFCC for audio data 

The acoustic features of an audio signal represent the physical properties of speech in terms of 

amplitude, frequency, and loudness. The acoustic feature set includes distinct spectral features, voice quality 

features, and time-domain features to describe facial expressions. MFCC provides spectral information of 

speech and models human auditory perception. In MFCC, the cepstrum is obtained by applying a discrete 

cosine transform to the logarithm of the short-time power spectrum of the signal. The coefficient of the  

mel-scale spectrum is an improved technique adapted from the cepstrum. The mel-scale consists of a uniform 

space of triangular filter banks [24].  

Hence, the bandwidth of individual filters enhances the logarithmic scale and normalizes the 

frequency. Consider the magnitude response of a sequence of the triangular filter, given as mel frequency. 

The mel-scale form is expressed in (6). Where, 𝑚𝑒𝑙(𝑓) denotes the mel frequency scale and 𝑓 denotes the 

actual frequency. The mel frequency converts the actual frequency of power spectrum magnitudes of the 

input speech signal through a mel-scale filter bank, as given in (7). 

 

𝑚𝑒𝑙(𝑓) = 2595𝑙𝑜𝑔10 (1 +
𝑓

700
) (6) 

 

𝑀(𝑐,𝑛) = 𝑚𝑒𝑙(𝑃(𝑚,𝑛)) (7) 

 

Where 𝑀(𝑐,𝑛) represents the mel frequency coefficients and 𝑐 is a sequence of coefficients obtained through 

the mel-scale filter bank. MFCC represents the tone aspects of speech that are significant for fetection  

facial emotions by pitch, stress patterns, and vocal intonation. Furthermore, it reduces high-dimensional 

audio into low-dimensional feature set while preserving discriminative features thereby enhancing 

classification performance.  

 

2.4.  Feature fusion 

Feature fusion is performed after extracting features from EfficientNetB0 for video/image data, 

TFIDF for text, and MFCC coefficients for audio. Fusion is carried out by concatenating the extracted  

feature vectors into a single vector for multimodal representation. This fusion establishes essential 

connections between different modalities, allowing them to leverage each other's data to maximize 

recognition performance.  

The integrated technique helps address variations in expression representations across different 

modalities. The interconnected feature vector provides a better understanding of facial expressions, leading to 

improved recognition results. Recognition performance depends on the concatenated feature vector, as it 

serves as input to the recognition process, which benefits from the additional information provided by 

combining multimodal data. 

 

2.5.  Recognition 

The fused features are provided as input to the multimodal facial expression recognition process. 

While LSTM networks are widely used for sequential data processing, they struggle to capture complex 

dependencies among multiple modalities in facial expression recognition. Traditional LSTM [25] processes 

input sequences independently, limiting its ability to capture intricate relationships among visual, audio and 

text data. LSTM has several limitations, such as ineffective handling of multimodal dependencies, difficulty 

in capturing fine-grained interactions among various input modalities, and slower convergence due to 

unidirectional processing. These issues reduce its efficiency in multimodal facial expression recognition, 

where both spatial and temporal dependencies must be modeled effectively.  

Standard LSTM struggles with handling complex interactions, particularly in multimodal scenarios. 

The mogrifier long short-term memory (MLSTM) addresses this by introducing the mogrifier mechanism, 

which dynamically transforms input features multiple times before feeding them into the LSTM cell. This 

enhances feature interaction and data alignment across modalities, improving model flexibility and feature 

representation in facial expression recognition.  

The MLSTM improves multimodal information fusion by dynamically adapting feature importance, 

enhancing expressive power and generalization. Its alternative update mechanism allows deeper cross-modal 

feature refinement, leading to more accurate emotion recognition. By improving multimodal  

feature integration, minimizing information loss and enabling quicker convergence, the MLSTM becomes 

highly suitable for facial expression recognition. It extends the standard LSTM by adding two gating units on 

top of the LSTM, enhancing the interaction space between network inputs and outputs. Figure 2 shows the 

MLSTM structure. 
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Figure 2. Cell structure of MLSTM 

 

 

In MLSTM, the input 𝑥(𝑡) and previous timestamp output ℎ(𝑡 − 1) are alternatively screened 

before entering the LSTM. The input 𝑥(𝑡) is passed through a sigmoid threshold unit to attain the control 

state 𝑢(𝑡). The sigmoid function ensures that the values of 𝑢(𝑡) lie between [0, 1]. The 𝑢(𝑡) and ℎ(𝑡 − 1) 
transform every element in ℎ(𝑡 − 1) to various degrees. If 𝑢(𝑡) has a value of 1 for a given element, and the 

corresponding element of ℎ(𝑡 − 1) is passed into the network with its actual value. If 𝑢(𝑡) matches an 

element value of 0.5 in ℎ(𝑡 − 1), the respective element in ℎ(𝑡 − 1) flows into the neural network after 

splitting every element value into 𝑢(𝑡). The value of every element in 𝑥(𝑡) is a derivative from the 𝑥(𝑡) 
weight at each layer, updated continuously during training to reduce network loss. The update process for 

𝑢(𝑡) and ℎ(𝑡 − 1)′ are mathematically formulated in (8) and (9). 

 

𝑢(𝑡) = 𝜎(𝑊𝑢 ∙ 𝑥(𝑡) + 𝑏𝑢) (8) 

 

ℎ(𝑡 − 1)′ = 2ℎ(𝑡 − 1) ∙ 𝑢(𝑡 − 1) + ℎ(𝑡 − 1) (9) 

 

Where 𝑊𝑢 is the weight of the input 𝑥(𝑡) that controls ℎ(𝑡 − 1), and 𝑏𝑢 is a bias. The ℎ(𝑡 − 1) is converted 

into 𝑢(𝑡) by ℎ(𝑡 − 1)′. The final output of the RNN is obtained from 𝑐(𝑡). In the training phase, the neural 

network is updated using the time series 𝑐(𝑡). If a particular element within the time series of input shows a 

dramatic change, then the network needs to be better tuned. The MLSTM addresses this by introducing 

ℎ(𝑡 − 1)′ as a threshold unit of 𝑥(𝑡) control. The ℎ(𝑡 − 1)′ is processed through a sigmoid threshold 

structure to generate the control state 𝑣(𝑡). By using 𝑣(𝑡) to transform each element 𝑥(𝑡), the network uses 

the obtained loss value to fine-tune the weights of the layer for gradient updates. The update process for 𝑣(𝑡) 
and  𝑥(𝑡 − 1)′ are given in (10) and (11). 

 

𝑣(𝑡) = 𝜎(𝑊𝑣 ∙ ℎ(𝑡 − 1)′ + 𝑏𝑣) (10) 

 

𝑥(𝑡)′ = 2𝑥(𝑡) ∙ 𝑣(𝑡) + 𝑥(𝑡) (11) 

 

Where 𝑊𝑣 is the input weight ℎ(𝑡 − 1)′ on 𝑥(𝑡), providing adequate control, and 𝑏𝑣 is the bias matrix,  

𝑥(𝑡) is converted into 𝑣(𝑡) using 𝑥(𝑡)′. Utilizing residual connections within MLSTM for multimodal facial 

expression recognition enhances the system’s ability to process diverse input modalities including audio, text 

and image/video. Residual connections ensure that the original input features remain intact as they pass 

through untouched transformations, preserving essential data from all modalities across various processing 

layers. This significantly reduces the chance of gradient vanishing due to improved gradient flow within the 

network, allowing deeper architectures to perform more effectively. The MLSTM leverages these residual 

connections to maintain both transformed and raw input data, enabling the system to detect subtle emotional 

cues across different modalities. Residual connections in MLSTM improve precision in detecting complex 

facial expressions by promoting rapid model learning, while maintaining stable feature extraction and 

combination. They help preserve features from excessive distortion, facilitating effective modeling of  

micro-expressions and vocal tone variations. Consequently, the system becomes more adept at recognizing 

emotions in context, adapting to changes in speaker identity and environmental conditions, while 

successfully processing visual information loss. 
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The RMLSTM introduces key innovations that enhance multimodal facial expression recognition by 

improving feature integration and temporal modeling. The mogrifier mechanism dynamically transforms and 

refines input interactions among modalities, ensuring effective contextual understanding and data fusion. The 

RMLSTM addresses vanishing gradient issues, enabling deeper network training while retaining long-term 

dependencies. Additionally, its iterative feature refinement optimizes hidden state representations, leading to 

accurate, discriminative embeddings for emotion recognition. Through these advancements, the RMLSTM 

significantly improves recognition accuracy in multimodal facial expression analysis. 
 

 

3. RESULTS AND DISCUSSION 

The RMLSTM is simulated in MATLAB (R2020b) with system requirements of Windows 10 OS, 

16 GB RAM, and an i7 processor. The recognition performance is evaluated using metrics of accuracy, 

positive predictive value (PPV), specificity, sensitivity, and Matthews correlation coefficient (MCC). The 

mathematical equations for these metrics are given in (12) to (16). Where, 𝑇𝑃, 𝐹𝑃, 𝐹𝑁, and 𝐹𝑃 are true 

positives, false positives, false negatives, and false positives, respectively.  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (12) 

 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (13) 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 (14) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (15) 

 

𝑀𝐶𝐶 =
𝑇𝑃×𝑇𝑁−𝐹𝑃×𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
 (16) 

 

3.1.  Performance of multimodal features for SAVEE and YouTube datasets 

In this subsection, the performance of multimodal features for the SAVEE and YouTube datasets is 

analyzed using various metrics. Table 1 shows the performance results for the SAVEE dataset, while Table 2 

presents the performance results for the YouTube dataset. The hybrid features leverage complete modality 

complementarity between audio, video/image, and text to achieve optimal performance. The hybrid model 

integrates audio signals, visual signals and linguistic information, resulting in stronger feature representations 

and improved decision-making. By combining the participating modalities, the performance metrics show 

superior accuracy and precision, alongside enhanced specificity and sensitivity, as well as a higher MCC 

score compared to individual or dual modalities. The hybrid features achieve 99.57%, 99.31%, 99.16%, 

98.65%, and 98.83% for accuracy, PPV, specificity, sensitivity, and MCC, respectively, on the SAVEE 

dataset. Similarly, hybrid features achieve 97.83%, 97.56%, 97.24%, 96.24%, and 96.75% for accuracy, 

PPV, specificity, sensitivity, and MCC, respectively, on the YouTube dataset. 
 

 

Table 1. Performance of different feature extraction on SAVEE dataset 
Multimodal features Accuracy (%) PPV (%) Specificity (%) Sensitivity (%) MCC (%) 

Audio 97.52 97.28 97.14 96.67 96.81 

Video/image 95.43 95.19 95.07 94.58 94.72 

Text 93.61 93.37 93.22 92.79 92.93 
Audio+video 99.21 98.89 98.76 98.34 98.49 

Video+text 97.33 97.11 97.05 96.59 96.74 

Text+audio 95.48 95.26 95.13 94.62 94.79 
Hybrid features (audio, video, text) 99.57  99.31 99.16 98.65 98.83 

 

 

Table 2. Performance of different feature extraction on YouTube dataset 
Multimodal features Accuracy (%) PPV (%) Specificity (%) Sensitivity (%) MCC (%) 

Audio 95.72 95.48 95.31 94.12 94.36 

Video 93.61 93.42 93.25 92.07 92.29 

Text 91.55 91.33 91.17 90.05 90.28 
Audio+video 97.21 96.89 96.66 95.41 95.63 

Video+text 95.33 95.12 94.98 93.81 94.05 

Text+audio 93.47 93.26 93.11 91.89 92.12 

Hybrid features (audio, video, text) 97.83   97.56 97.24 96.49 96.75 
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3.2.  Performance of recognition for SAVEE and YouTube datasets 

In this subsection, the performance of recognition for the SAVEE and YouTube datasets is analyzed 

using various metrics. Table 3 presents the performance for the SAVEE dataset, while Table 4 shows the 

performance for the YouTube dataset. The RMLSTM outperforms vision transformer (ViT), swin 

transformers, bidirectional encoder representations from transformer (BERT), multi-layer perceptron (MLP), 

RNN, LSTM, and MLSTM by incorporating advanced mechanisms for detecting temporal patterns and 

transforming dynamic feature associations. The memory and gating mechanisms in RMLSTM enable it to 

handle sequential data more effectively compared to MLP and RNN. Additional features in RMLSTM 

improve upon standard LSTM and MLSTM by utilizing attention-like mechanisms and gradient update 

methods to address non-linear data patterns and long-term dependencies. The RMLSTM achieves 99.57%, 

99.31%, 99.16%, 98.65%, and 98.83% for accuracy, PPV, specificity, sensitivity, and MCC, respectively, on 

the SAVEE dataset. Similarly, RMLSTM achieves 97.83%, 97.56%, 97.24%, 96.24%, and 96.75% for 

accuracy, PPV, specificity, sensitivity, and MCC, respectively, on the YouTube dataset. RMLSTM 

outperforms transformer-based structures due to its superior ability to capture long-term dependencies. In 

contrast to transformers, RMLSTM performs better on moderate datasets by effectively maintaining 

sequential dependencies. Furthermore, as a time-series and sequential model, RMLSTM demonstrates a clear 

advantage over transformer models in this context. 

 
 

Table 3. Performance of different classifier on SAVEE dataset 
Classifier Accuracy (%) PPV (%) Specificity (%) Sensitivity (%) MCC (%) 

ViT  87.64 87.46 87.28 86.52 86.41 

Swin transformers 89.27 89.14 89.04 88.76 88.59 
BERT 90.93 90.57 90.36 89.64 89.44 

MLP 91.52 91.38 91.19 90.05 90.24 

RNN 93.67 93.49 93.31 92.12 92.34 
LSTM 95.73 95.58 95.42 94.19 94.45 

MLSTM 97.49 97.29 97.08 96.07 96.25 

RMLSTM 99.57  99.31 99.16 98.65 98.83 

 

 
Table 4. Performance of different classifier on YouTube dataset 

Classifier Accuracy (%) PPV (%) Specificity (%) Sensitivity (%) MCC (%) 

ViT  85.73 85.35 84.59 84.31 84.09 
Swin transformers 87.27 87.08 86.73 86.47 86.23 

BERT 89.62 89.27 88.85 88.52 88.18 

MLP 90.83 90.55 90.27 89.46 89.71 
RNN 91.15 91.71 91.46 90.62 90.06 

LSTM 93.41 93.14 93.63 92.04 92.33 

MLSTM 95.06 95.38 95.09 94.60 94.17 
RMLSTM 97.83 97.56 97.24 96.49 96.75 

 

 
The integration of residual connections in RMLSTM improves gradient flow and mitigates 

vanishing gradient issues in deeper networks. By incorporating these residual connections, RMLSTM ensures 

better propagation across layers, leading to enhanced learning stability and efficiency during training. 

Specifically, RMLSTM excels due to its ability to capture long-term dependencies in sequential data while 

handling less computational time compared to transformer models. 

Table 5 shows the complexity analysis of recognition models for the SAVEE and YouTube datasets. 

The ViT, Swin Transformer, BERT, MLP, RNN, LSTM, and MLSTM are considered as existing methods, 

and the proposed RMLSTM is compared with these models. The complexity is analyzed in terms of training 

time and testing time for both the SAVEE and YouTube datasets. The RMLSTM achieves a training time of 

174 minutes and a testing time of 0.03 seconds for the SAVEE dataset. Similarly, the RMLSTM achieves a 

training time of 176 minutes and a testing time of 0.04 seconds for the YouTube dataset. This is due to its 

superior residual connections and gating mechanisms compared to ViT, swin transformer, BERT, MLP, 

RNN, LSTM, and MLSTM. In contrast to transformer models such as ViT, swin transformer, and BERT, the 

RMLSTM maintains a sequential processing structure with linear time complexity. Compared to LSTM and 

MLSTM, the residual connection in RMLSTM provides better convergence through enhanced gradient flow, 

thereby reducing the vanishing gradient issue. Furthermore, it requires fewer parameters than MLP and RNN, 

thus reducing computation time. The proposed RMLSTM achieves p-values of 0.008 and 0.0012 for the 

SAVEE and YouTube datasets, respectively. 
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Table 5. Complexity analysis of recognition models for SAVEE and YouTube datasets 
Classifier SAVEE YouTube 

Training time (min) Testing time (s) Training time (min) Testing time (s)  

ViT  198 0.2 195 0.21 

Swin transformers 194 0.16 192 0.19 

BERT 189 0.13 189 0.17 
MLP 186 0.11 187 0.15 

RNN 184 0.9 184 0.12 

LSTM 180 0.07 181 0.09 
MLSTM 177 0.05 178 0.07 

RMLSTM 174 0.03 176 0.04 

 

 

3.3.  Comparative analysis 

This section presents a comparative analysis of the proposed RMLSTM with existing methods is 

provided for the SAVEE, YouTube, CK+, and RAVDEES datasets. The 3D-CNN-ConvLSTM [16], 

LSTM+attention+CNN-2D [17], DL-based feature extractor networks [18], MFCCT-CNN [19], and AMPS 

[20] are considered as existing methods to demonstrate the performance of the proposed RMLSTM. The 

RMLSTM achieves accuracy rates of 99.57%, 97.83%, 97.28%, and 94.63% for the SAVEE, YouTube, 

CK+, and RAVDEES datasets, respectively. Table 6 shows the comparative analysis. 

 

 

Table 6. Comparative analysis of proposed model on four different datasets 
Dataset Method Accuracy (%) 

SAVEE 3D-CNN-ConvLSTM [16] 98.83 
LSTM+attention+CNN-2D [17] 57.50 

DL-based feature extractor networks [18] 99 

MFCCT-CNN [19] 93 
RMLSTM 99.57 

YouTube AMPS [20] 79.7 

RMLSTM 97.83 
CK+ 3D-CNN-ConvLSTM [16] 95.10 

RMLSTM 97.28 

RAVDEES LSTM+attention+CNN-2D [17] 74.44 
DL-based feature extractor networks [18] 86 

MFCCT-CNN [19] 92 

RMLSTM 94.63 

 

 

3.4.  Discussion 

The advantages of RMLSTM and the limitations of existing methods are discussed in this section. 

The existing techniques suffer from multiple limitations, including poor capabilities in detecting fine 

temporal connections between audio and visual modalities, noise sensitivity and diverse speech patterns. 

These models fail to discern the proper features while handling multiple modalities, leading to complex 

integration challenges. To overcome these issues, the RMLSTM is proposed for multimodal facial expression 

recognition because it improves both feature representation and sequential learning methods. Each residual 

element helps reduce gradient vanishing during backpropagation, enabling effective training in DL models. 

In MLSTM, the input representations undergo continuous transformations that improve the relationship 

between temporal and visual features. This mechanism improves the model's efficiency in detecting subtle 

facial movements and temporal relationships. The use of RMLSTM strengthens the system's performance 

against facial expression noise, resulting in higher recognition accuracy. The results are analyzed in terms of 

quantitative and comparative analysis for both the SAVEE and YouTube datasets. The RMLSTM achieves 

99.57%, 99.31%, 99.16%, 98.65%, and 98.83% for accuracy, PPV, specificity, sensitivity, and MCC for the 

SAVEE dataset. Similarly, RMLSTM achieves 97.83%, 97.56%, 97.24%, 96.24%, and 96.75% for accuracy, 

PPV, specificity, sensitivity, and MCC for the YouTube dataset. 

 

 

4. CONCLUSION 

The RMLSTM is proposed in this research for multimodal facial expression recognition. The 

SAVEE and YouTube datasets are used, which include video/images, text, and audio modalities. Three 

preliminary operations are performed: normalizing images, removing punctuation from text data, and directly 

extracting MFCC features from audio inputs. In the feature extraction step, EfficientNetB0 is used for 

processing visual data, while TFIDF and MFCC are employed for textual data and speech signals, 
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respectively. EfficientNetB0 serves as an extractive feature mechanism for image/video samples due to its 

efficient computation of visual patterns. The TFIDF processes text data by converting verbal information into 

numerical vectors, enhancing the importance of meaningful words without diminishing standard terms. The 

MFCC analyzes audio signals through spectral and frequency-based characteristics to create effective audio 

signal representations. Subsequently, the features from each modality are fused, and the combined features 

are input into the RMLSTM. The gating and memory mechanisms in RMLSTM enhance its capabilities for 

handling sequential data, thereby enhancing multimodal facial expression recognition performance. The 

RMLSTM achieves 99.57% and 97.83% accuracy for the SAVEE and YouTube datasets, respectively. In the 

future, various DL techniques can be applied to further enhance recognition performance. Additionally, the 

developed model could be improved to enhance robustness against noisy environments and adversarial 

attacks, exploring preventive measures. 
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