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A fascinating area of research, facial expression-based automatic emotion recognition has 

been introduced and applied in a variety of fields, such as safety, health, and human-machine 
interactions. A computer technique for recognizing different emotions is called Facial 

Emotion Recognition (FER), and it is crucial for artificial intelligence (AI) research. For 

FER classification using video frames, this study employs convolutional neural networks 

(CNNs) and temporal convolutional networks (TCNs) using the Nadam optimizer in 

conjunction with preprocessing techniques. The preprocessing procedures include shuffling, 

one-hot encoding, and video pixel normalization. These are first used in the video frames to 

identify emotions. In order to manage the temporal and spatial dimensions of the video input, 

the classifier first incorporates 3D Convolution layers. The result should then be reformatted 

to be fed into the 1D Convolution layers of the TCN section. This work illustrates the 

architecture, the databases used, and the contributions addressed by comparing the results 

with the proposed methods. The performance of the proposed model is compared with other 
pre-trained deep learning models, including GoogleNet, ResNet, and Inception v3. The 

suggested enhanced CNN-TCN model with Nadam optimizer had 98% accuracy, precision, 

recall, and F1 score. 
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I. INTRODUCTION 

Facial expressions are essential for interpreting and identifying emotions. The importance of the face of communication is even 

indicated by the name "interface." between two things. Recognizing emotions is crucial for effective communication, as emotions account 

for up to 93% of everyday communication cues. Computer-human interfaces (HCI) would like technology to be able to understand human 

emotions [1]. Emotion detection has garnered a lot of attention lately because of its important uses in human-computer interaction. A 
variety of verbal and nonverbal languages, including text, audio, and visual, are used to convey human emotions [2]. Humans are able to 

identify the emotions of others based on the situation. For instance, depending on the situation, a grin might be seen as a message of 

greeting, irony, delight, or politeness. Humans use a variety of methods to communicate their feelings, including voice, gestures, facial 

expressions, and text emoticons. Emotions may be more clearly defined with the help of facial expression recognition. Many years ago, 

studies of facial expressions were initiated [3]. Enhancing facial classification is a complex and nuanced task, especially when it involves 

transferring features between different faces. This area presents numerous challenges, including variations in head orientation, lighting 

conditions, age, gender, and background. Occlusion caused by factors like sunglasses, scarves, or skin conditions further complicates the 

process. Conventional approaches for extracting geometric and textural features from faces utilize techniques like LBP, FAC, and LDA 

[4]. In contrast, recent advancements in deep learning, particularly CNNs and RNNs, have shown strong potential in automating feature 

extraction and classification processes. These methods have gained significant popularity in facial emotion recognition, encouraging 

researchers to experiment with various deep neural network models that have demonstrated promising outcomes. This work provides an 
insightful and useful learning paradigm. Pattern recognition is a well-established paradigm in deep learning. The Convolution Neural 

Network (CNN) method is used, along with a sophisticated optimizer technique. CNN is a unique type of artificial neural network that 

uses a machine learning tool. CNN has to do with things like object detection, facial identification, and image processing.  
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Layers of neural networks make up a deep neural network (DCNN) [5]. The paper is organized as follows: Section 2 reviews 

the work related to emotion recognition through facial expressions; Section 3 discusses the methodology and algorithms proposed for 

emotion recognition; Section 4 presents the experimental analysis, including results and discussion; and finally, Section 5 provides the 

conclusion of the proposed system. 

II. LITERATURE SURVEY 

The author of this study [6] developed a model utilizing Deep learning methods that offer advantages over traditional machine 

learning, particularly for analyzing unstructured data such as videos and multimedia. The model implemented in this work is capable of 

real-time face recognition, emotion detection, and even music recommendations. Experimental analysis was conducted using the FER-

2013 and OAHEGA datasets. The cutting-edge FER, POSTER, effectively merges facial landmark and image feature data. Nonetheless, 

POSTER's construction is unquestionably intricate. This study presents POSTER++ to tackle the computational difficulties related to 

POSTER [7]. POSTER++ replaces POSTER's pyramidal architecture with a lightweight multi-scale interaction (MSI) network, 

simplifying the two-stream approach used in POSTER. Through attentional interaction, MSI directly incorporates face data at various 

scales into the token embeddings. This study [8] leverages deep learning alongside saliency maps for analyzing facial images. The 

reprocessing of data includes applying a bilateral filter, generating a saliency map, and utilizing both a generative adversarial network 

(GAN) and CLAHE. For effective facial emotion classification, a deep (CNN) is then trained using the Nadam optimizer. Study [9] 

introduces a new Graph Neural Network (GNN) model that considers the systematic process of FER in human visual perception. First, 
an area division approach is to divide the face region into six pieces in order to standardize the selection of significant facial features. 

This leads to the proposal of a human visual cognition method that considers the connotative link between different components of facial 

expressions. Together with the human regional cooperative recognition process, the GNN model is built by extracting the connotative 

link (such as relative position and comparable structure) between graph nodes. In this paper, the author tackles the problem of compound 

facial expression recognition in uncontrolled settings [10].  

The author creates a brand-new loss function based on center loss(CL) that is specifically designed for compound facial emotion 

detection: loss bi-center, in contrast to CL, which utilizes core emotion centers to guide deep neural networks in capturing complex 

emotion characteristics. Furthermore, the author presents a basic-center regularization term to manage differences between these core 

centers, enhancing the discriminative strength of the learned features. The study's author [11] specifically designed to identify emotions 

in autistic children, with a particular focus on recognizing distress and anger. The system follows three key steps: detecting faces, 

extracting facial features, and classifying emotions. With high accuracy in emotion classification, a DCNN architecture was utilized. Due 
to the extensive dataset, an autoencoder was employed to enhance feature extraction and selection. Additionally, models such as ResNet, 

MobileNet, and Xception were incorporated to boost system performance. This study [12] explores enhancing video-based emotion 

recognition by capturing spatio-temporal characteristics through enriched temporal encoding. The study tackles the difficulties of 

accurately recognizing emotions, aiming to enhance performance in these areas. To monitor overarching temporal patterns in emotional 

shifts and capture intricate spatio-temporal details, two specialized models are introduced for facial expression recognition: the SISTCM 

and LSTM model. In terms of body motion analysis, the method, along with an ACCM, focuses on extracting essential joint features and 

distinguishing attributes for each motion joint. The dynamic face emotion recognition accuracy, the author [13] an advanced spatial-

temporal learning network (ESTLNet), which integrates a TTEM and a SFLM. The SFLM improves spatial feature representation through 

a dual-channel feature fusion learning strategy.  

Subsequently, the TTEM employs an encoder that integrates a gated feed-forward network with a self-attention learning network, 

enabling the capture of a more comprehensive temporal context, building on the spatial data obtained previously. The author [14] presents 

a CNN model, a DL approach, to determine age and gender from facial expressions and to detect emotions from facial pictures. 
Experimental results showed that the proposed model outperformed the existing baseline models, achieving 0.95 accuracy in emotion 

detection, 98.5% accuracy in age prediction, and 0.99 accuracy in gender recognition. In order to improve each pre-trained block of a 

deep convolutional neural network (DCNN), the deep layer or layers were first trained using an advanced pipeline. FER system was 

evaluated on face image datasets utilizing eight well-known pre-trained DCNN architectures: VGG-16, VGG-19, ResNet-18, ResNet-34, 

ResNet-50, ResNet-152, Inception-v3, and DenseNet-161 [15]. A sophisticated facial expression recognition (FER) system is shown in 

the article [16], which uses a DCNN in conjunction with TL to achieve high accuracy. The technique entails adapting a pre-trained 

DCNN's dense layers to FER tasks. The pre-trained blocks are progressively refined after the thick layers have been taught in order to 

enhance recognition performance. Eight different pre-trained DCNN models (VGG-16, VGG-19, ResNet-18, ResNet-34, ResNet-50, 

ResNet-152, Inception-v3, and DenseNet-161) are tested using popular face expression datasets including KDEF and JAFFE to assess 

the system's efficacy.  

A DL-based emotion, capable of achieving high accuracy across various use cases, such as feedback analysis and facial 
recognition for security purposes, can be developed [17]. DCNN model that can classify five distinct emotions based on facial expressions. 

The model is trained, tested, and validated using a custom-collected image dataset. The paper presents deep learning methods for accurate 

detection and identification in facial recognition [18]. Face recognition is used to identify and verify facial features. On the other hand, 

real-time facial feature acquisition is handled by haar cascade detection. The work's sequential procedure consists of three separate stages: 

the first is identifying a human face from the camera, and the second is using a database. The last step classifies emotions as neutral, 

pleased, angry, sad, disgusted, and startled. A human face is validated in the last step. Emotional analysis frequently identifies facial 

expressions that reflect the benefits of employing neural network-based schemes, which were the main focus of an analysis of the current 

methods for building emotion identification systems based on human facial expressions [19]. A neural network-based approach for 

building an emotion identification system that comprises figuring out the neural network's logical number of layers and an efficient 

technique for creating training and test samples. Real-time emotion recognition has been an ongoing research focus for several decades. 

In one study [20], emotional expressions of children with autism and individuals with physical disabilities (such as those who are deaf, 
mute, or bedridden) were classified using facial landmarks and electroencephalogram (EEG) signals. This classification was achieved 

through CNNs and LSTM classifiers.  
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Additionally, developed an optical flow algorithm that employs virtual markers, which perform well under various conditions 

such as uneven lighting, head rotations (up to 25°), different backgrounds, and diverse skin tones. The system successfully identifies six 

facial emotions, surprise, fear, contempt, anger, sadness, and happiness, utilizing ten virtual markers. In the publication, the author offers 

a comprehensive examination of FER [21]. The author's content is a compilation of a number of reliable studies published during the past 

decade. Different techniques from DL and conventional ML are used for the assessment. Evaluation measures are also used to assess and 

compare benchmark results with a number of publicly available FER datasets. In addition to discussing both traditional machine learning 

and deep learning approaches, this work offers a thorough analysis of FER, pointing out any knowledge gaps that may be filled by further 

study. Ultimately, this study functions as a guide, providing valuable insights for both experienced researchers looking for promising 

research directions and newcomers to FER, equipping them with a solid understanding of the latest techniques and foundational 

knowledge [22]. The dual-channel expression recognition system integrates philosophy and machine learning principles to address the 

challenge of subtle facial expression variations. The convolutional neural network (CNN) feature extraction technique tends to overlook 

these subtle changes. The method's main goal is to extract Gabor features from the ROI so that they can be used as input for the first path. 
The algorithm efficiently extracts emotion-relevant characteristics from the ROI by separating them. A more accurate analysis of the local 

area results from this method guarantees that the complex characteristics of the active facial expression area are completely utilized. Pre-

trained models like ResNet50, VGG19, Inception V3, and MobileNet are used in the study [23]. These pre-trained Convolutional Neural 

Networks (ConvNets) have their completely connected layers deleted and replaced with new fully connected layers that are tailored to 

the number of instructions in the particular task. Only the weights of these recently added layers are changed during training. Using the 

CK+ dataset, the experiment's average accuracy for emotion recognition tasks was 96%. The network analyzes key facial features and 

uses low-light image enhancement techniques to identify facial emotions in mask-covered images.  

The approach uses the Affect Net image collection, which includes 420,299 images and eight types of facial emotions [24]. This 

study [25] offers a comprehensive and well-structured comparative empirical analysis of face emotion detection using local binary pattern 

features, convolution neural networks, and frequency domain in deep learning. By combining the seven basic emotional categories neutral, 

happiness, anger, fear, sadness, disgust, and surprise - the author was able to conduct facial emotion recognition (FER). To highlight the 
differences and similarities, examine the potential technologies that may be employed in each component of the broad framework 

described for a standard FER approach. This work [26] extends the use of deep learning for facial emotion recognition (FER) using the 

Emognition dataset, which contains 10 target emotions: neutral, fear, awe, excitement, amusement, surprise, wrath, disgust, and 

astonishment. This study suggests two methods for developing Convolutional Neural Network (CNN) models: create from scratch using 

the Taguchi technique to identify a resilient combination of hyperparameters setting, and transfer learning (fine-tuned) with pre-trained 

models of Inception-V3 and MobileNet-V2. The goal of this study [27] is to create a hybrid Convolutional Neural Network – Recurrent 

Neural Network (CNN-RNN) model that can recognize human emotions from video data by analysing facial expressions. The Emotional 

Wearable Dataset 2020 served as the basis for the models' development. For the classification, three models are created: MobileNetV2-

RNN, InceptionV3-RNN, and custom CNN-RNN. While the MobileNetV2-RNN and InceptionV3-RNN transfer learning models provide 

59% and 66% accuracy rates, respectively, the bespoke CNN-RNN model obtained 63%. The Emognition dataset in this study [28] is 

devoted to evaluating techniques for emotion recognition (ER) using facial expressions and physiological reactions.43 individuals who 

saw brief film snippets that evoked nine distinct emotions—amusement, amazement, enthusiasm, liking, surprise, wrath, disgust, fear, 
and sadness—were the subjects of our data collection. In conjunction with the upper-body videos, physiological data was recorded using 

three wearables: EEG, BVP (2x), HR, EDA, SKT, ACC (3x), and Gyro (2x). 

III. CNN-TCN ARCHITECTURE 

The CNN-TCN architecture of proposed work is shown in Figure 1, represents a structured approach to developing an emotion 

recognition system from video data, emphasizing key stages from data preparation to final prediction. 

 
Figure 1: Overall Architecture of Enhanced CNN-TCN. 

Source: Authors, (2026). 
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III.1 DATASET DESCRIPTION 

The Proposed work begins with Input of Video Dataset, which consists of emotion-labelled videos that capture various 

expressions across time. These videos are processed through several steps to make them suitable for training a deep learning model that 

can accurately recognize emotions. The Emognition dataset includes upper body video recordings and physiological signals from 43 
subjects who watch emotionally validated movie snippets that elicit ten distinct emotions. The Emognition dataset has a number of 

advantages over other datasets, such as highlighting the differences between positive emotions, allowing for a variety of analysis in 

emotion recognition (ER) from the physiology and facial expressions domain, and offering nine distinct emotions - amusement, awe, 

enthusiasm, liking, surprise, anger, disgust, fear, and sadness - as well as one neutral emotion [26]. This part presented the dataset used 

and the assessment of the suggested model. The copied videos and stock photos are no longer there. Figure 2 shows the number of videos 

available in the individual categories of the dataset. 

 
Figure 2: 10 Emotions in a Dataset for Facial Emotion Recognition.  

Source: Authors, (2026). 

III.2 DATA PREPROCESSING  

The first step is Data Preprocessing, which plays a critical role in standardizing the raw video data. In this stage, frames are 

extracted from each video to represent moments in time, breaking down a continuous sequence into discrete images. These frames are 
resized to a standard dimension, ensuring that all input data has a consistent resolution, which simplifies further processing and model 

training. The frames are also converted to grayscale, reducing the data's complexity by focusing on intensity values rather than color 

information, which may be less relevant for emotion detection. This transformation helps lower the computational load and emphasizes 

structural details in expressions, which are key for recognizing emotions. The frames are then organized into sequences, capturing the 

temporal flow of expressions and facilitating the model's ability to recognize changes over time, which is essential for accurately detecting 

emotions in videos. Once the data is pre-processed, it moves to the Dataset Preparation stage. Here, the dataset is divided into training 

and testing subsets to allow for effective model evaluation. The labels, which indicate different emotion categories, are encoded to make 

them compatible with the model, often using a numerical representation that simplifies training. This stage is crucial for preparing the 

video data for model training. It involves extracting individual frames from the video, resizing them, and converting them to grayscale to 

simplify the data and reduce computational load. These frames are then organized into sequences, which capture the temporal progression 

of emotions across frames, making the data suitable for training temporal models like TCNs. This organized, preprocessed data is essential 

for effective emotion recognition from videos. 

III.3 MODEL BUILDING 

In the model-building phase, the architecture is constructed with layers suited to spatial and temporal feature extraction. Conv3D 

layers are used to capture spatial details within each frame, identifying subtle features related to facial expressions. Temporal 

Convolutional Network (TCN) layers are then applied to learn temporal patterns across frames, helping the model understand how 

emotions evolve. During Model Training, the model is trained on the prepared data, learning to recognize and classify emotions. It is 

evaluated on test data to ensure its generalization ability. In the Prediction from Video stage, the trained model can now extract frames 

from new videos and predict emotions based on learned patterns, producing the final output, which is the predicted emotion, concluding 

the pipeline. 

III.3.1 CNN  

Deep Learning (DL), a subfield of Machine Learning (ML), centers on the process of learning progressively more abstract 

representations through multiple layers. A model's depth indicates the total number of layers used in data processing. The three primary 

components of a standard neural network.  
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The model's depth corresponds to the number of layers that contribute to transforming the data. Convolutional Neural Networks 

(CNNs) differ from traditional neural networks by using convolution operations in their layers instead of relying solely on matrix 

multiplication. The convolution operation is mathematically represented by equation (1). 

𝑠(𝑡) = (𝑥 ∗ 𝑤)(𝑡)                                                                                           (1) 

Here, 

𝑥 − 𝑖𝑛𝑝𝑢𝑡 

𝑤 − 𝑘𝑒𝑟𝑛𝑒𝑙 𝑓𝑖𝑙𝑡𝑒𝑟 

𝑠(𝑡) − 𝑜𝑢𝑡𝑝𝑢𝑡 𝑖𝑠 𝑐𝑎𝑙𝑙𝑒𝑑 𝑓𝑒𝑎𝑡𝑢𝑟𝑒 𝑚𝑎𝑝 

Here t might be spatial location or time space 

 
Figure 3: CNN Architecture. 

Source: Authors, (2026). 

Figure 3 depicts the convolutional neural network model's architecture. There are three steps to CNN, which are to perform 

several convolutions using filters concurrently. A nonlinear activation, such as a rectified linear activation function, is carried out in the 

second stage. If the input is positive, the output is generated directly; if not, it is set to zero. In the third step, a pooling technique is used 

to minimize the feature map's size. Max pooling, which chooses inside a window; average pooling, which substitutes the average value 

for window values; and weighted average pooling are common pooling techniques. Other variations of pooling processes can also be 

used. The result from the final pooling layer is sent to the FC layer at the end of a CNN. The input is categorized into multiple groups by 

each node in this layer, which is connected to every other node in the layer above.  

III.3.2 Tcn (Temporal Convolution Network) 

TCNs are CNs designed for analysing applications with causal restrictions [11]. The input sequence 𝑥0, … , 𝑥𝑡 and its matching 

output sequence 𝑥0, … , 𝑥𝑡 are supplied for training a sequence analysing network. The network can learn to predict the output sequence 

𝑦0, … , 𝑦𝑡 by evaluating the difference between the expected sequence and the actual output using a loss function. The network’s causal 

constraint guarantees that each prediction 𝑦0, … , 𝑦𝑡is solely impacted by the inputs that came before it 𝑥0, … , 𝑥𝑡  and not by inputs that 

came after it 𝑥𝑡+1, … , 𝑥𝑡 . The noisy frames serve as the input sequence in speech enhancement software, while the clean frames create the 

output sequence. 

 
Figure 4: Expanded Causal Convolution Using a Size 2 Filter. 

Source: Authors, (2026). 

TCNs are built with a combination to enforce the causal constraint. The causal convolutions prevent future information from 

impacting previous data, maintaining temporal order. In contrast, the network can capture longer-term temporal correlations because of 

dilated convolutions, which improve the receptive field. The network’s ability to analyse historical data increases as the receptive field 

expands. An opened and causal convolution with a filter size of two is shown in Figure 4. 
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Figure 5: Residual Block.  

Source: Authors, (2026). 

A TCN incorporates residual blocks to facilitate the effective training of deep networks through residual learning. The residual 

block employed in this study is very similar to the one used here, as Figure 5 illustrates. Three different kinds of convolutions are included 
in this block: depth-wise, 1x1 input, and 1x1 output convolutions. In order to provide compatibility between the input and output through 

element-wise addition, the input convolution increases the quantity of entering networks. In contrast, the yield convolution restores the 

channel count to its initial value. By applying one filter per input channel and maintaining the channel count, the depth-wise convolution 

aids in lowering the sum of parameters. In contrast, traditional difficulty operations use as many filters as there are input channels for 

each output channel after the input and intermediate convolutions to further refine the model. 

IV. ENHANCED CNN-TCN MODEL 

The Enhanced CNN-TCN model manages the temporal and spatial dimensions of the video. The classifier first incorporates 3D 

Convolution layers. The result should then be reformatted to be fed into the 1D Convolution layers of the TCN section. 

 
Figure 6: Enhanced CNN-TCN Model. 

Source: Authors, (2026). 

This model effectively combines Spatial Feature and Temporal Sequence Modeling using CNN and TCN. The three main parts 

of the Enhanced CNN-TCN architecture are the encoder, decoder, and Temporal Convolution Module (TCM). While the encoder and 

decoder employ 1D causal convolution layers, the TCM is constructed with 1D convolution layers. A block form of the framework is 
shown in Figure 5. When T is the number of frames, 320 is the frame width, and 1 is the number of input channels, the encoder's input 

shape for the noisy frame sequence is T × 320 × 1. The first layer of the encoder enlarges the input channels from 1 to 64 to produce an 

output form of T × 320 × 64. Subsequent layers of the encoder execute convolutions with a stride of two over seven layers, thus decreasing 

the frame dimension. T × 4 × 64 is the encoder's final output. The time dimension stays constant during this procedure, guaranteeing that 

the output's frame count corresponds to the inputs. Batch and parametric normalization, with ReLU as the activation function, come after 

each encoder layer. The encoder produces a one-dimensional signal of T × 256. This reshaped signal is then processed by the Temporal 

Convolutional Module (TCM), which maintains the same output size. The TCM is structured with three stacked dilation blocks; each 

made up of six residual blocks, where dilation rates increase exponentially across layers. Specifically, the dilation rates used are 1, 2, 4, 

8, 16, and 32. The decoder, designed as a mirrored version of the encoder, incorporates multiple 1D layers. At each layer, the decoder’s 

output is combined with the corresponding encoder layer’s output. Dropout at a rate of 0.3 is applied to the encoder's skip connections 

during training. Each decoder layer also includes batch normalization and uses a parametric ReLU activation function for enhanced 
nonlinearity. The encoder and decoder's hyperparameters are specified as Filter Height × Filter Width, with strides listed for both time 

and frame. Small braces around entries mark residual blocks, and the TCN’s hyperparameters include filter size, dilation rate, and output 

channels. 
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Figure 7: Pseudocode for Enhanced CNN-TCN model with Nadam optimizer. 

Source: Authors, (2026). 

V. RESULTS AND DISCUSSION 

V.1 TRAINED OUTPUT OF ENHANCED CNN-TCN 

The proposed system layer architecture is shown in Figure 8. Deep learning architectures consist of layers that process data in 

phases to extract significant characteristics and provide predictions. In a deep learning model, every layer serves a distinct purpose and 

usually works with inputs from layers before it. Let's review the typical layer types found in deep learning systems, as well as their 

functions and interactions with one another. 

 
Figure 8: Trained output of Enhanced CNN-TCN Model. 

Source: Authors, (2026). 

V.2 PERFORMANCE AND ERROR METRICS OF THE ENHANCED CNN-TCN WITH EXISTING DEEP LEARNING 

MODELS. 

Depending on the particular objective (e.g., classification, regression, time-series forecasting), different metrics are used to assess 

a Deep Convolutional Neural Network (Pulse DCNN) in conjunction with Temporal Convolutional Networks (TCN) with Nadam 

optimizer. Consider the following important assessment measures.  

𝐴𝑐𝑐𝑟𝑎𝑐𝑦 =  
𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛

𝑇𝑜𝑡𝑎𝑙 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛
                                                                     (2) 

 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒+ 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
                                                                  (3) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑒
                                                                    (4) 

 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =  2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                                          (5) 
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Figure 9: Performance metrics of Enhanced CNN-TCN algorithm with NADAM optimizer. 

Source: Authors, (2026). 

Figure 9. displays the performance attained with the suggested Enhanced CNN-TCN with Nadam optimizer, which has a value 

of 98 percent for all parameters, including F1 score, accuracy, precision, and recall calculated using equation (2)-(5).  

 
Figure 10:  CNN-TCN model’s training and validation loss. 

Source: Authors, (2026). 

The Enhanced CNN-TCN with Nadam optimizer training losses and testing accuracy is shown in Figure 10. The hyperparameter 

of our proposed system is set by using the Nadam optimizer. The losses of training and validation are shown in the figure for ten epoch 

steps. Figures 11 and 12 show the emotion recognition from the video frames using the Enhanced CNN-TCN model. The TCN model 

with CNN reduces the processing time. 

Table 1: Performance metrics of the Enhanced CNN-TCN with Existing Model. 

Models Precision (%) Recall (%) F1 score (%) Accuracy (%) 

ResNet 95.69 95.69 95.82 95.67 

Inception v3 99.64 97.38 98.51 99.65 

GoogleNet 99.64 98.44 99.04 99.65 

Hybrid CNN-TCN 98 98 98 98 

Source: Authors, (2026). 

 
Figure 11: Performance Metrics Comparison of Proposed with Predefined Deep Learning Model. 

Source: Authors, (2026). 

CNN's performance utilizing the data without any improvements is shown in Figure 10. As shown in Table 1 and Figure 10, the 

efficacy of the suggested approach (TCN) is evaluated in comparison to the formerly widely used pre-trained deep learning models, 

including ResNet, Inception v3, and GoogleNet.  
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As the CNN's performance improved after the Nadam adjustment of its hyperparameters, Table 1 and Figure 11 show that the 

CNN-TCN classifier generated the best results. CNN-TCN outperforms earlier techniques with accuracy, precision, recall, and f1 score 

of 98%. 

Table 2: Compare Error metrics of the Enhanced CNN-TCN with Existing Model. 

Models MAE MSE 𝑅2 

ResNet 0.021 0.059 0.901 

Inception v3 0.019 0.061 0.898 

GoogleNet 0.022 0.058 0.902 

Enhanced CNN-TCN 0.02 0.06 0.95 

Source: Authors, (2026). 

 
Figure 12:  Error metrics of the Enhanced CNN-TCN with Existing Model. 

Source: Authors, (2026). 

The table 2 and figure 12 compares the performance metrics (MAE, MSE, and 𝑅2) of ResNet, Inception v3, GoogleNet, and the 
proposed Hybrid CNN-TCN model. The Hybrid CNN-TCN outperforms other models with an MAE of 0.02, MSE of 0.06, and a superior 

𝑅2 of 0.95, reflecting its high accuracy and robust fit. In comparison, ResNet, Inception v3, and GoogleNet show slightly higher error 

rates and marginally lower 𝑅2 values, indicating the Enhanced CNN-TCN’s effectiveness in achieving minimal errors and maximum data 

fit. 

V.3 EMOTION PREDICTION 

Here, sample of predicted emotion 

 
Figure 13: Surprise emotion recognition. 

Source: Authors, (2026). 

 
Figure 14: Predict sadness emotion from the facial model using CNN-TCN with Nadam optimizer. 

Source: Authors, (2026). 

V.4 ERROR PERFORMANCE OF PROPOSED MODEL 

Mean Squared Error (MSE): 

Calculates average squared difference between predicted and actual values. 
MSE = Σ(yi − pi)

2n 

yi= ith observed value 

pi = corresponding predicted value for yi,  

n = number of observations. 

Mean Absolute Error (MAE): 

Calculates average absolute difference between predicted and actual values. 

ResNet
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MSE 0,059 0,061 0,058 0,06
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MAE = (1/n) Σ(i=1 to n) |yi – ŷi| 

yi = the actual value of the ith observations 

ŷi = the predicted value of the ith observations 

n=number of observations 

R-squared (R²): 

A higher R2 indicates better fit between the model and the data. 

R2=1-SSE/SST 

SSE = Sum of Squared Errors 

SST = Total Sum of Squares 

 
Figure 15: MAE, MSE and R^2 value for 10 epoch training steps. 

Source: Authors, (2026). 

The figure 15 shows the error performance such as Mean Square Error (MSE), Mean Absolute Error (MAE) and Root Mean 

Square Error of proposed system is achieved 0.02, 0.06 and 0.95 for 10 epoch steps. 

VI. CONCLUSION AND FUTURE WORK 

For face motion recognition, this study proposed a convolutional neural network (CNN) with a temporal convolutional network 

(TCN) architecture. This study suggests using dynamic video frames to recognize emotions with minimal processing time. The three steps 

of emotion recognition are video frame extraction, preprocessing following video frame extraction, and face expression detection using 

CNN-TCN with less processing time. In future to assist families and medical professionals in the early identification of autism, this study 

proposes a CNN-TCN architecture for facial emotion detection. The performance, like accuracy, precision, recall, f1 score, training loss, 

and testing accuracy, is calculated and compared with pre-trained deep learning models like ResNet, Inception v3, and GoogleNet. The 

Error performance MAE and MSE and Root Mean Square Calculated. This study attempts to fill the gap in the current datasets, in future 
identify hybrid emotion and Emoji. 
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