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Abstract: The primary goal of this paper is to describe a proposed framework for identifying human face expressions. A methodology has been proposed and developed to identify facial emotions using an axes-angular feature extracted from facial landmarks for 4D dynamic facial expression video data. The 4D facial expression recognition (FER) problem is modeled as an unbalanced problem using the full video sequence. The proposed dataset includes landmarks that are positioned to be fiducial features: around the brows, eyes, nose, cheeks, and lips. Following the initial facial landmark preprocessing, feature extraction is carried out. Input feature vectors from gamma axes and magnitudes in three-dimensional Euclidean space are constructed. This paper develops a new feature vector by concatenating the angle and magnitude features and compares them to a model created independently using angle features. In all three models, several filter-based feature selection techniques are used to estimate feature importance. The framework employs a multi-class support vector machine (SVM) on MATLAB, and the true positive rate (TPR) and average recognition rates (ARR) are used as performance metrics. In terms of average classification accuracy, the final results are compared to conventional state-of-the-art approaches. The results revealed a highly informative combined feature, demonstrating the efficiency of the proposed landmark-based strategy to classify facial expressions.
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1  Introduction

In the field of emotion recognition, heterogeneous derived features for image pairs are estimated, i.e., variations of feature points or texture changes. The principle or reasoning behind this work is that decoding facial expressions can be an unobtrusive way to investigate the basic emotional state of a person [1,2]. With this in mind, the psychological network has compiled comprehensive background literature in order to identify models that can accurately and completely depict facial emotions. In the nineteenth century, Charles Darwin pioneered the study of facial expressions. In 1872, Darwin identified the broad principles of facial expression in humans and animals, as well as the means of expression [3]. Face expressions were also classified by Darwin into groups. The basic categories are anxiety, joy, anger, surprise, disgust, sulkiness, and shyness, each of which has several subcategories. Darwin also outlined the facial deformities that occur with each type of expression. The discrete classification proposed in holocultural research led by Ekman et al. [4,5], which presents six essential or basic expressions that are universally recognized: happy, anger, sadness, fear, disgust, and surprise, is one of the most widely used models. The Facial Action Coding System (FACS) was proposed by the pioneers of this study in the 1970s to encode facial expressions with facial movements known as action units (AUs) [6–8].

The use of facial expression analysis and synthesis in multimedia systems (Moving Pictures Expert Group 4, MPEG-4 standard) became extremely widespread in the late 1990s, thanks to significant advancements recorded in the fields of computer graphics and imaging. The major goal was to animate or make the facial movements. In 1999, the MPEG4 standard included a face model with 83 characteristic points known as Facial Definition Parameters (FDPs) [9], which describe a face in its neutral condition. The MPEG-4 standard additionally included 68 Facial Animation Parameters (FAPs) for animating the face with feature point motions. FAPs can be used to animate and mix facial expressions, as well as to represent facial expressions in a traditional face model. Furthermore, FAPs produced from MPEG-4 are commonly used for facial expression synthesis in most research laboratories [9–11]. In this paper, consideration is given to features computed based on 83 detected facial landmarks on each facial mesh or frame, analyzing the angles of the features and the distances between feature landmark points. It is pertinent to draw attention to similar work related to previous or current breakthroughs in three-dimension 3D and four-dimension 4D facial expression recognition systems.

1.1 Motivation

Facial landmarks FL can be described as highlights or corner points that are visible on the face, such as the area around the corners of the eyes, mouth corners, the nose, the eyebrow, the cheeks, and the jaw, as shown in Fig. 2 below [12]. In a facial expression recognition FER system, the angle of this FL around the 3D space and the point-to-center or point-to-point correspondences of these facial landmarks can be used to create a feature vector of a human face in a FER system. This is facilitated by the location or coordinates of all the landmarks around the facial area in the event of carrying out different actions or expressions. FER research has evolved greatly based on this fundamental insight, and an intriguing new FER approach has been proposed. They can be roughly categorized as geometric landmarks FER from dynamic 4D (or 3D+time) facial scans [13], and the multi-class FER problem is modeled as an unbalanced (full sequence) dataset.

Thus, the general implementation can be categorized into several stages: facial landmark preprocessing stage, visualization and analysis of data, feature extraction, feature selection, and classification of emotions. An appropriate 4D dataset, BU4DFE, with public access, essentially consisting of humans displaying labeled emotions of varying intensities in the images, will be used as test and training data [14,15]. Several conventional methods have explored feature extraction by finding distances or magnitudes. Hence the need to explore a more robust technique that utilizes angles as predictors and is rotation invariant. The proposed feature extraction method takes advantage of the 3D landmark data with respect to the three-dimensional axes XY, XZ, and YZ. Existing methods attempt to compute these predictors by finding the angle between feature points. In this paper, we consider the frontal face view, and as such, the XY plane is used in this work as the rotation or view is around the Z-axis. The proposed geometric-based facial features are given as input to a feature selection algorithm in the third phase, which selects ideal feature vectors based on feature relevance or ranks generated from feature weights. The primary motivation behind the implementation of feature selection is to reduce or eliminate overfitting. Reducing the dimension of our proposed dataset not only reduces the overfitting of the model, but also ensures certain amplified performance, rapid training, less cost, less storage space required for the data, and the removal of noise and irrelevant predictors. Implementing the procedure with and without feature selection demonstrates the influence of feature selection (without-Fs).

In the final step, the selected vectors are then sent to a classification network that has been trained to classify which emotion is conveyed. The terms “features” and “predictors” are used interchangeably in this paper.

1.2 Contribution

In light of the above discussion, our 2-fold contributions to this work are as follows: We present an extension to geometric-based 4D FER that provides a simple yet efficient method to handle 3D and 4D data limitation problems. Despite the existing limitations of not being translation and/or rotation invariant, magnitude feature vectors have been explored by researchers for several years. As a result, a more robust feature space that is invariant to rotations containing angle predictors in whole or in part is essential. Hence the three methods: magnitude, angle, and combined (angle + magnitude). We introduce axes-angular over three axes to extract angle landmark features known as gamma angle predictors. We compute magnitudes for all feature points to the origin. The axes angles formed from the feature points to the origin are concatenated with the magnitudes to create a rich feature vector that outperforms state-of-the-art performance at reduced computational speed. Although the focus is on comparing recognition accuracy rather than execution time, the reduced complexity of the model in this paper is represented by capturing the feature space and feature count. Our contribution and novelty could be highlighted by the fact that, from the given 3D landmark data, we harnessed its landmark orientation relative to the origin (0, 0, 0), in contrast to some recent works [16–18] that attempted to compute the angles between the feature points. However, to the best of our knowledge, we can claim that it is the first time that an axes-angular feature of 3D landmarks has been used in a 4D FER. This is indeed the novelty of our work and has not been reported before. Also, for the first time, several filter-based feature selection techniques (Neighborhood component feature selection NCFS, RELIEF, and minimum redundancy maximum relevance FMRMR, etc.) are applied to 4D FER to achieve a reduced feature space. The rest of the paper is organized as follows: Section 2 presents the related work in facial emotional expression, and Section 3 explains our proposed 4D FER method. In Section 4, we show and analyze our experimental results to validate the effectiveness of the proposed method. Finally, the paper's conclusion is recorded in Section 5.

1.3 Related Work

Different authors have brought forward different approaches for facial expression recognition systems (FER). Some of these methods have been for facial feature analysis, others for semantic or hybrid methods, etc. To understand the basic ideas of face geometry, a number of methods are reported in [18] that depend only on static 3D data, i.e., mostly on apex frames. Due to its importance in improving performance, 4D FER has received a lot of attention in the last ten years. This is because 4D data provide complimentary spatial-temporal patterns that help deep models better interpret and predict facial expressions [19]. Interesting ways to learn facial muscle patterns over a period of time were explored by [20,21] using the famous Hidden Markov Model (HMM). Recently, the mode of the capture of 3D scans has changed such that, with skill and systematic application of robust techniques, it has become feasible for the characteristic features around the facial area of interest to be extracted.

There are cases where the advantages of feature-based and model-based methods have been considered to develop a novel method through the use of a muscular movement model [22]. The paper elaborates on the developing geometric features (e.g., coordinate index, normal index, and shape index) that are developed from 11 muscle regions to describe the facial shape characteristics. Then, a genetic algorithm learns the weights of the several sections, and SVM and HMM classifiers are used for expression prediction in 3D and 4D FER, respectively. The reference [23] proposed an AU recognition system that manually labels eight AUs in the BU-4DFE database, but their annotations are private. The author in [24] used BU-3DFE with 83 people and proposed 3D geometrical facial feature point positions + SVM. Entropy is utilized to extricate the most discriminative predictors [25]. The reference [26] used BU-3DFE and worked on the 3D flow of facial points+SVM+6E Neutral 3D facial model for each subject. The author in [27] used BU4DFE and Grassmannian manifold + SVM without any computationally expensive preprocessing steps or user intervention. Generally, dynamic systems operate on 3D image sequences for facial expression analysis. In much of the research, 3D-based FER showed better accuracy than two-dimensional FER. Three and four-dimensional FER also have certain problems bordering around the high computational cost of high resolution and frame rate, which also have data involved [28].

In the early 2000s, we began to see the results of combining 2D and 3D data. These algorithms fuse varying features like landmark coordinates, texture data, facial shape information, and facial curvature [29]. This kind of multimodal 2D+3D is a popular approach for facial expression recognition, widely used in [30,31]. Although we have seen good performance using 3D data [32], which supersedes that of 2D data, the fusion of two modalities provides even higher detection rates [33]. Automatic deep networks have been promising in the processing of dynamic FER [34]. Reference [35–37] are all studies conducted using deep learning-based methods, and they generated the deep representation of the 3D face by putting the geometry map, normal maps, normalized curvature map, and texture map into a pre-trained convolutional neural network CNN. Facial geometric attributes are then classified using SVM, and other classifiers to achieve substantial facial expression prediction. The authors in [14] proposed a novel augmentation technique that serves to combat the data limitation problem for deep learning (long short-term memory, LSTM) and [38–40], also providing clarity on the subject.

2  Materials and Methods

Using 3D facial landmarks, we perform facial expression recognition on the facial expression database by analyzing the performance using metrics described in subsection 2.7, and comparing our results to the other state-of-the-art conventional Euclidean distance-based methods.

2.1 Facial Expression Database

To conduct our experiments, a state-of-the-art 4D facial database was used. The database is the BU-4DFE [15], which consists of 101 subjects displaying 6 prototypic facial expressions (anger, happiness, fear, disgust, sadness, and surprise). There are fifty-eight (58) females and forty-three (43) male participants, ranging in age from 18 to 45, with a diversity of ethnic and racial ancestries. The length of the video sequence for each expression is not equal, but they are all around 100 seconds long. It is possible to visualize the key-frames from each sequence based on varying intensity levels (neutral, onset, apex, offset). The resolution of each 3D model is around 35,000 vertices, and its geometric landmark positions could be visualized (see Fig. 1). This involves a multi-class classification setting with 6 classes. The distribution of the classes is fairly skewed. However, because all of the classes are roughly equal, the resulting data is fairly unbalanced.
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Figure 1: Shows feature point angles (x, y, z), for the BU4DFE dataset. (Source. [15])

2.2 Experimental Design

Based on the model detailed in section 2, 83 facial landmarks are detected in the datasets [41]. From these landmarks, an eighty-three-dimension vector is constructed to represent each face and expression (eighty-three 3D landmarks (x, y, z). The initial model vector of about 105,000 dimensions (obtained from 35,000 3D vertices of the original model) is reduced to an 83-dimension vector by employing these face feature vectors, while still preserving a high degree of accuracy for expression detection. We show that using this experimental design results in the accurate recognition of facial expressions.

2.3 Proposed Model

We adopt a novel approach in this paper by investigating the information present in feature point angles to the origin on three planes or axes in 3D space that are valuable or sufficient for effective emotion recognition. Fig. 2 is a block diagram depicting the proposed network’s structure. The 4D FER is a set of three experiments, each with at least three steps. The video processing, feature extraction, and feature selection are using Neighborhood Component Feature Selection NCFS, RELIEF and minimum redundancy maximum relevance FMRMR approaches. The experiments were performed without a feature selection block to validate the need for a reduced feature set. Finally, results obtained from the classification stage of all the experiments may be compared.
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Figure 2: Structure of the proposed network

2.3.1 Pre-processing

The geometric details for each frame in the video sequence for all facial expressions are quantitatively analyzed. This strategy is positioned to raise the computational complexity for generic dynamic expression classification by only using landmark features for the complete video frame sequence. For geometric landmark processing, min-max normalization of combined features is performed after the concatenation of the extracted axes-angle and magnitude features. Here the landmarks are organized in matrix form, with each row depicting observations and the columns depicting feature points. Each subject in the dataset has folders containing video sequences for all six-expression classes. In order to extract features, the proposed algorithm traverses each sequence for all 101 subjects and organizes them into rows. The feature matrix for full sequence processing is of size m*n, where m is 60,402 and n is 83. All of the observations are used to process the labels; their dimension is k*s, where k equals 60,402 and s equals 1.

2.3.2 Feature Extraction

Angle deformations alone are scale and rotation invariant; therefore, they don't need to be normalized. The face landmarks in 3D space are depicted in Fig. 3. Understanding the equation of axes angular extraction represented in Eqs. (1) and (2) is the first step in implementing feature extraction.
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Figure 3: A representation of a three-dimensional with Z pointing towards the observer (Frontal view) face in BU-4DFE

The line segment (also known as a vector) that connects an origin Pc (0, 0, 0) to every feature point P (x, y, z) in space can be used to label each feature point P (x, y, z) in space. The angles between the lines and the axes could be calculated with respect to the different axes in the 3D Euclidean space.

Where Fp represents the feature point and Q represents the number of feature points, Xc is the origin or center of three-dimensional (3D) space ℝ3. The parameters Xp, Yp, and Zp represent landmark coordinates for geometric landmark points.

After extracting angle features alone using Eq. (1), we construct a combined feature vector (Angle + Magnitude) and normalize the vector in this paper since angles are measured in radians and magnitudes/distances are a measure of coordinates. The following are the 166 features used: distance from the origin to the feature point (83), and angles of the feature point to the origin (83). The angles of all points to the origin with respect to the XY axes measured in radians are derived by keeping the Z components constant. It is mathematically expressed in Eqs. (1) and (2) as thus:


Gamma(γp,c)=atan∑p=1⁡((Xp−Xc)2+(Yp−Yc)2/(Zp−Xc))
(1)

where p = 1, 2, 3… Q.


Distance(γp,c)=∑p=1⁡(√((Xp−Xc)2+(Yp−Yc)2+(Zp−Zc)2))
(2)

2.3.3 Standardization / Z-Score Normalization

This is performed so that the features are rescaled to inherit the properties of a standard normal distribution with mean μ = 0 and standard deviation from the mean σ = 1. Standardizing the features or applying the min-max normalization technique makes the data scale to a fixed range, usually 0 to 1. It is expressed in Eqs. (3) and (4) as follows:


Z=(x−μ)/σ
(3)


Xnorm=X−XminXmax−Xmin
(4)

2.3.4 Feature Selection

Considering 60,402 samples and the number of experiments, it might be desirable to lower the number of predictors for faster computations using filter feature selection approaches since they do not need training the models, a quality that makes it substantially faster than wrapper methods [42]. The NCFS, RELIEF, and FMRMR algorithms [43] are used in this paper. However, we focus on the performance or recognition accuracy rather than report the time complexities. The experiment takes the threshold point for feature ranking as the mean weights or scores during the subset feature selection process.

NCA-Based Feature Selection

Neighborhood Component Analysis (NCA) is a supervised distribution strategy that maximizes deviants or stochastic variations of leave-one-out nearest neighbor gain or performance to locate predictors or features to extract for the best accuracy [44,45]. The algorithm learns the K*d matrix rather than the d*d matrix.

Where d is the total number of original high dimensions and k is the number of new lower dimensions selected. In the experiments conducted on 100 subjects, there are 90 train and 10 test subjects since 10-fold cross-validation is applied. The NCFS algorithm is implemented on the train data and the resulting attribute weights are used to lower the sequence predictors in both the train and test sets. And there are many inessential predictors with zero or trifling weights that can be discarded by using the weight thresholding technique, which may be tailored to realize the aim of the experiment. The final or overall optimization function f (G) is expressed in Eq. (5) as the aggregate of the probabilities of maximum expected values classified as correct.


f(G)=∑i⁡Pi
(5)

FMRMR-Based Feature Selection

For 4D FER classification, the minimum redundancy maximum relevance (MRMR) algorithm positions predictors such that they are ranked. When implemented on MATLAB 2020a, the function returns an array (index) and predictor scores of all features. A large score value indicates that the corresponding predictor is important, and the array that contains the indices of predictors is ordered by predictor significance or importance. This becomes vital for choosing relevant features for the 4D FER problem. The algorithm searches for an optimal feature subset that is maximally and mutually disparate and is an efficient representation of response variables. As the name implies, only relevant features are maximized for the response variables, and the redundant features of the subset features are minimized. The mutual information of variables considers the feature pairwise mutual information and the concerted information of a feature and the response, which makes the algorithm well suited for classification problems [46].

Relief Feature Selection

The objective is to apply the Relief-Fs algorithm with k closest neighbors to rank the relevance of each predictor. The predictor variables are in the input matrix X, while the response vector is in the vector y. The function returns a list of the most important predictors' indices, and weights, which is a list of the predictors' weights. When y is a multi-class categorical variable, Relief-Fs finds the weights of predictors. Predictors that offer different values to neighbors in the same class are penalized, whereas predictors that give different values to neighbors in separate classes are rewarded [47].

2.4 4D FER Full Sequence Data

The whole sequence data contains all frames in the dataset. The performance before feature selection is compared to its performance after feature selection. The description and parameters of this block are summarized in Tab. 1.
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2.5 Cross-Validation

Cross-validation using the K-fold Name and Value pair argument is a good policy in machine learning [48]. The model’s generalization ability is determined by the cross-validation results. 10-fold cross-validation is used in this research. Partitions data into ten roughly equal-sized folds at random, with one-fold being used to validate the model trained with the remaining subsets. This process is repeated 10 times, such that each fold is used exactly once for validation.

2.6 Confusion Matrix

In the field of machine learning, the confusion matrix is a useful technique for model evaluation. It's a table that is generally used to describe the performance of a classification model and to identify the top-performing model. As we attempt to compare both the angle and combined methods, we will compute the confusion matrix into tables of percentages to appreciate the percentage of features that are correctly classified and those misclassified. Also, the accuracy, true positive rate (TPR), and positive predicted value (PPV) are calculated from the matrix and used for evaluation of the performance of the proposed models [49].

2.7 Performance Analysis

Some computations are made from the matrix. They include true positives TP, false negatives FN, false negatives FN, precision or positive predicted value PPV, and recall or true positive rate TPR. The above metrics will determine the model with the strongest predictors. They are expressed mathematically in Eqs. (6)–(8).


PPV=TP/(TP+FP)
(6)


TPR=TP/(TP+FN)
(7)


Accuracy=(TP+TN)/(TotalPopulation)
(8)

3  Results

This part gives a clear and brief discussion of the experimental findings, their interpretation, and the possible experimental inferences.

3.1 Results for the Proposed Gamma Angle Feature Technique

This approach considers the combined angle and magnitude predictors derived from the geometry of the input data. The 3D geometric coordinates are extracted from the video data and all experiments are performed with and without feature selection.

3.1.1 Gamma Angles + Without-Fs (G+W)

The algorithm utilizes the entire frame sequence as well as all extracted features. In this paper, we used 48,000 samples of training data and 12,402 samples of test data. The average validation accuracy for all classes was 99.106 percent. The total cost of validation due to misclassification is 429. We achieved an average test accuracy of 99.298 percent with a total cost of misclassification of 87. The total number of features used in this model is 83, and no feature selection is required for this model. The results of the classifiers can be found in Tab. 2 (see row 3). The evaluation of each model shows that anger class 1 has the highest true positive rate TPR (99.95%), while fear class 4 has the lowest TPR (98.83%) on test data for the G+W model.

3.1.2 Gamma Angles + NCA Fs (G+N)

The algorithm achieved an overall average validation accuracy of 90.083 percent across all classes. The overall cost of validation due to misclassification is 447. We had an average test accuracy of 99.306 percent, with a total cost of misclassification of 85. The NCA algorithm identified 33 features with an average feature weight of 1.4346. Of the total 83 features, the following were included in the feature index: 7, 15, 16, 17, 19, 23, 26, 27, 33, 35, 36, 37, 38, 39, 40, 43, 44, 46, 47, 48, 55, 58, 64, 65, 68, 73, 77, 78, 79, 80, 81, 82, 83. The results of the classifiers can be found in Tab. 2 (see row 4). Evaluation by each model shows that class Anger has the maximum true positive rate TPR (99.9%), while class 4 has the least TPR (98.5%) for testing. Class 2 (disgust) on Tab. 2, row 4, column 6, shows that more of the positive results from this testing procedure are false positives.

3.1.3 Gamma Angles + FMRMR Fs (G+F)

This method achieved an average validation accuracy of 98.77 percent across all classes. The overall cost of misclassification in validation is 381, which is 0.7937 of the total training data. We achieved an average test accuracy of 99.306%, with a total cost of misclassifications of 136, which is 1.096 percent of the total test samples. The total number of features selected for training is 38. The algorithm used a mean feature importance score of 0.05 for subset feature selection. The results of the classifiers can be found in Tab. 2 (see row 5). For the testing, class 1 (sad) has the highest rate of true positive scores (100%), while class 4 (disgust) has the lowest rate of true positive scores (96.673%). Class 2 (disgust) has the lowest PPV of 96.7%, indicating that most of the positive results of this testing procedure are false positives.

3.1.4 Gamma Angles + RELIEF Fs (G+R)

The model had a validation accuracy of 94.64 percent across all classes. The overall cost of misclassification in validation is 2573, which is about 5.36 percent of the total training data. The average test accuracy was 94.75 percent, and the total cost of misclassifications in testing was 651, which is 5.249 percent of the total test samples. There are a total of 35 features that were selected for training. The algorithm used a mean feature weight of 0.0289 for subset feature selection. The feature index is as follows: 1, 3, 5, 8, 9, 10, 17, 23, 26, 27, 28, 36, 37, 38, 39, 40, 44, 45, 46, 47, 48, 49, 54, 56, 57, 60, 61, 65, 66, 67, 76, 78, 79, 80, 81. The results of the classifiers can be found in Tab. 2 (see row 6). For the test result, sad class 1 has the highest true-positive rate (98.88%), while disgust class 4 has the lowest true-positive rate (84.09%) for testing. Class 2 (disgust) has the lowest PPV of 95.23%, indicating that most of the positive results for this test procedure are false positives.
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Considering Tab. 2 above, the performance per class in terms of TPR for all four gamma models (row 3: row 5) is analyzed as follows: the G+F produced the top performance in class 1 (100%), the G+N in class 2 (99.2%), the G+F in class 3 (99.7%), the G+W in class 4 (98.88%), the G+F in class 5 (99.6%), and the G+W in class 6 (99.54%). Generally, it is obvious that the G+F provides good results in classes 1, 3, and 5. G+W provides better results in classes 4 and 6.

3.2 Results for the Proposed Magnitude Feature Technique

3.2.1 Magnitude + Without-Fs (M+W)

For all classes, the model achieved an average validation accuracy of 99.995 percent. The overall misclassified cost for validation is 268, or 0.5583 percent of the total training data. We achieved an average test accuracy of 99.565 percent, with a total cost of test misclassification of 53, accounting for 0.4273 percent of all test samples. There are a total of 83 features that have been chosen.

3.2.2 Magnitude + NCA Fs (M+N)

The average validation accuracy for all classes is 98.77%. The total misclassified cost for validation is 313, which accounts for about 0.652 percent of the total training data. For the testing, we obtained an average test accuracy of 99.306% and the total test misclassification cost was 136, which accounts for 1.096% of the total test samples. The total number of features selected for training is 33. The algorithm used a relative threshold of 1.2166 for subset feature selection. 3, 4, 6, 8, 13, 19, 22, 24, 27, 31, 33, 40, 43, 44, 46, 49, 50, 51, 54, 57, 58, 59, 62, 70, 72, 73, 74, 76, 79, 80, 81, 83.

3.2.3 Magnitude + FMRMR Fs (M+F)

The technique obtains a validation accuracy of 96.8% across all classes. The overall misclassified cost for validation is 1516, or 3.158 percent of the total training data. We achieved an average test accuracy of 96.839 percent, with a total test Misclassification cost of 392, accounting for 3.16 percent of all test samples. The total number of features selected is 17 for training using 0.1414. The selected feature index is as follows: 4, 5, 6, 19, 21, 22, 23, 24, 25, 28, 60, 69, 70, 71, 72, and 73.

3.2.4 Magnitude + RELIEF Fs (M+R)

The algorithm achieves an average validation accuracy for all classes of 99.37%. The total misclassified cost for validation is 306, which accounts for about 0.6375% of the total training data. For the testing, we obtained an average test accuracy of 99.53% and the total test misclassification cost is 58, which accounts for 0.467% of the total test samples. The total number of features selected for training is 24. The algorithm used a relative threshold of 0.0222 for subset feature selection.

Considering Tab. 3, performance per class in terms of TPR for all four magnitude models (row 3: row5), the M+W produced the top performance in class 1 (100%). The M+W, M+N, and M+R had a top performance of 99.9% in class 2. M+R in class 3 (98.4%), M+W in class 4 (99.5%). All four models had an equal score of TPR (99.9%) in class 5. Finally, M+R in class 6 (100%). Generally, it is obvious that the M+W provides good results in classes 1, 3, 4, and 6.
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3.3 Results for the Proposed Combined Feature Model (CFM) Technique

Given the two models, SGamma and SMag., a feature model that combines both angles and magnitudes are constructed. The combination of these techniques allows us to obtain rich information about the facial expressions as depicted in Eq. (9). The feature vectors are concatenated as thus:


SGL=(x1,y1,z1…,xN,yN,zN,SI1…,SIN).
(9)

3.3.1 CFM + Without Fs (C+W)

This algorithm combines the gamma and distance features without feature selection. The average validation accuracy for all classes is 99.958%, with a training sample of 48,000. The total number of misclassifications for validation is 20, which is about 0.00416 of the total training data. For the testing, we achieved an average test accuracy of 99.959% and the total misclassification cost for testing is 5, which is 0.0403% of the total test samples. The total number of combined features is 166.

3.3.2 CFM + NCA Fs (C+N)

For all classes, the model achieves an average validation accuracy of 99.927 percent. The overall cost of validation due to misclassification is 35. We achieved an average test accuracy of 99.93 percent, with total cost of misclassification of 9. The NCA algorithm selected 52 features with a mean feature weight of 0.5189. The selected feature index is as follows: 1, 5, 9, 10, 15, 16, 17, 31, 33, 36, 38, 39, 42, 47, 51, 55, 56, 57, 61, 66, 71, 73, 75, 76, 78, 80, 81, 83, 86, 87, 89, 102, 105, 107, 110, 111, 116, 123, 126, 127, 133, 134, 137, 141, 145, 153, 155, 157, 159, 162, 164, 166.

3.3.3 CFM + FMRMR Fs (C+F)

The model obtains optimal feature subsets by considering predictors that rank above the mean value for feature importance. The average validation accuracy for all classes is 99.943%. The total number of misclassified costs for validation is 27. For the test, we obtained an average test accuracy of 99.97% and the total misclassification cost for the test was 3. The number of features selected by the MRMR algorithm is 23, with a mean feature importance score of 0.5189. The number of features selected is 23, and the index is as follows: 38, 78, 79, 80, 81, 82, 87, 88, 89, 102, 104, 105, 106, 107, 110, 111, 143, 151, 152, 153, 154, 155, 156. Features below 83 are angle features, and indices around 83 to 166 are magnitudes. Based on the mean feature scores, only six angle features and seventeen magnitudes are selected by the proposed MRMR algorithm.

3.3.4 CFM + RELIEF Fs (C+R)

This model combines the gamma and distance predictor with the RELIEF feature selection. The average validation accuracy for all classes is 99.952%, with a training sample of 48,000. The total number of misclassified costs for validation is 23, which is about 1.002% of the total training data. For the tests, we obtained an average test accuracy of 99.975%, and the total misclassification cost for the tests was 3, which is 0.653% of the total test samples. The total number of features selected using the average mean score of 0.0322 is 67, and the algorithm uses about 40% of the total features extracted (166). Angle features are arranged in rows 1 to 83 and magnitudes in rows 84 to 166. The relief feature algorithm is applied and, based on the feature weights, the predictors with ranks above the mean tolerance are extracted. 37 angle features are selected, and 30 of those features are magnitude features. The tolerance is 0.0322 and feature indices selected are: 1, 2, 3, 4, 5, 8, 9, 10, 19, 20, 23, 26, 28, 35, 36, 37, 38, 39, 40, 44, 45, 46, 47, 48, 49, 54, 56, 57, 60, 61, 65, 66, 76, 78, 79, 80, 81, 86, 87, 88, 89, 90, 102, 104, 105, 106, 107, 123, 127, 132, 133, 134, 137, 140, 141, 142, 144, 145, 152, 153, 154, 155, 156, 158, 159, 162, 166.

The result of the gamma angle model is given in Tab. 5 (column 2:5). The G+N technique (column 3) is the model with the highest performance (99.3068%) in terms of average recognition accuracy. The G+N technique outperforms the G+W technique by 0.0118 percent, the G+F technique by 0.4168 percent, and the G+R technique by 4.594 percent. The result of the magnitude model can be seen in Tab. 5 (column 6:9). The top-performing model is the M+W technique, with an average recognition rate of 99.57%, as can be seen in Tab. 5 (column 8). M+N outperforms M+F and M+R by 0.0118%, 0.4168%, and 0.045%, respectively. Finally, the result of the combined feature model is in Tab. 5 (column 10:13). The top-performing models are the C+F and C+R techniques, with recognition rates of 99.975%. C+F and C+R outperform C+W and C+N by 0.034% and 0.045%, respectively. Considering all models, the overall top-performing model is the C+F and C+R technique as shown in Tab. 4.
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In machine learning, model complexity often refers to the number of features or terms included in a given predictive model. The information contained in the last two rows of Tab. 5 provides a rough estimate of the complexity of the model. It is clear that using a reduced feature subset or fewer predictors will mean less computation during training and testing in real-time applications. The result also explains the importance of feature selection in improving the general classifier performance. For the gamma feature model, the model G+N achieved a higher ARR of 99.306% than the model without feature selection, G+W, whose ARR is 99.29%. For the combined feature model, the model without-Fs (C+W) achieved an ARR of 99.941% (see Tab. 5, column 10) as against 99.975% achieved by the model with optimal feature subset selection (C+F & C+R). This is a 0.034% improvement over ARR.

However, the concept of computational complexity relates mostly to how the input size (n) of an algorithm relates to the number of operations. Based on the direct proportional rate of growth experienced in all the stages of the proposed framework, a rough estimate of the complexity would be in linear time O (n). In this situation, we take a look at every frame in the sequence or visit every feature element selected to accomplish the task. The complexity of the system can be analyzed according to the dataset used. First of all, the BU-4DFE dataset uses manual labeling of geometric landmarks and then employs an Active Appearance Model (AAM) for the tracking of these geometric features for the rest of the frames. Thus, complexity is inherited from the dataset itself. Considering the time complexity, tracking of geometric features can be analyzed. According to the AAM method, the first average model fitting can be done, denoted by the projection p. The appearance model is learned by first warping each of the training images, and then the shape model is typically learned by annotating N fiducial points. Generalizing this process may result in a time complexity of O (pN) per frame [50].

One has two goals at this point: one is to minimize the number of geometric features used and the other is to minimize the number of frames processed. In this paper, the number of feature points can be monitored in Tab. 5. Future work can be done on the optimization of frames and the application of frame selection. On the other hand, the system’s space complexity is also significant. In this dataset, each 3D model of a video sequence has a resolution that includes about 35,000 vertices. The texture video includes about 1040 × 1329 pixels per frame. The resulting dataset is roughly 500 Gigabytes. The video files for every expression are captured for about 4 seconds. Considering this setup, 4 seconds can be the buffering memory size for the overall expressions in real time. As this is for 101 subjects and 7 expressions (including the neutral) [15], considering only the testing, roughly 1 Gigabyte of space will be enough to store necessary features.

4  Discussion

From the perspective of model type and methodology, we first discuss our findings in existing studies. Then, we perform a unified evaluation of recognition accuracy and identify the top performing model(s).

Based on the results of our tests, it is clear that our proposed method can effectively cope with 4D face expression recognition. In this research, we proposed a new framework for expression recognition from 3D dynamic images (video) using an axes-angle feature-based method. The axes-angle and magnitude predictors extracted using descriptors with varied qualities were combined by concatenating the resulting feature vectors. In this study, a 4-D facial expression network is configured to process spatio-temporal data, and then the data is split into test and training sets by 10-fold cross validation (10-CV) for all experiments.

Tab. 6 displays the overall result for all methods prior to, with, and without feature selection. SVM benefits from scaling of data (z-score), as after scaling there was a dramatic improvement in accuracy. The SVM model is more sensitive to variables with large variance and less sensitive to variables with small variance. The ideal kernel width is generally close to 1 when variables are normalized. In Tab. 7, the models with the best recognition accuracy are compared to state-of-the-art approaches.
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Using manual landmark features from the CK database, the authors of [51] achieved 99.58 percent accuracy. In the study, the author also employed a 3D model known as the Candide wireframe and tried to track the changes in geometric points. Mainly, they used the 3D distances between the points to detect the facial expressions. By comparing this study with our proposed approach, it seems that the proposed approach also considers the angles between the points, furthermore concatenating the angle with 3D distance information. Thus, the feature vectors are enriched. Furthermore, the proposed method uses 3D distance and angles instantly, whereas in [51], they used 3D model-assisted landmark tracking., both approaches achieved a high recognition rate.


The top-performing model is the combined method as shown in Tab. 7. It outperforms distance-based methods used in [53], as well as other techniques not included in Tab. 7 that use still images and the apex of the expressions [56,57]. Also, in [54,55], though the author’s included angles between features, our method produced superior recognition accuracy. Their method has resulted in 87.05% and 83.5%, respectively, as against the 99.975% produced by both the C+F and C+R techniques. For FER systems, specifically for dynamic facial expression recognition, one of the main phases that carries high computational and time complexity is feature extraction. We implemented a filter-based feature selection strategy, and it can be argued that the proposed low-complexity approach is effective. Fig. 4 visually clarifies the performance trends better than the result table. The diagram shows how the models in the line chart perform in terms of the various predictor types. When compared to the other models, it is clear that the combined model has great performance.

[image: images]

Figure 4: Performance trend of all proposed methods on the BU-4DFE dataset for 4D FER

The line chart suggests that it is possible to implement feature reduction while maintaining a tolerance in accuracy of ±5.2% when compared to the result obtained from a model without feature selection.


The diagram shows how the feature selection framework affects the model complexity. Basically, the use of fewer features reduces model complexity and requires minimal computing resources. The clustered bar in Fig. 5 provides a visual explanation of the model with fewer features to compute. M+R appears to have the lowest value, with 17 predictors accounting for 20% of the total feature.
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Figure 5: Feature size for different models

5  Conclusions

In this paper, the overall goal was to design a classification pipeline to automatically classify video file-based emotions expressed. Three main approaches were analyzed to achieve that goal, which are the gamma angle-based method, the magnitude or distance-based method, and the combined method. The entire experiments were carried out using the BU4DFE dataset. According to the results obtained, the maximum overall accuracy achieved was 99.975% using the combined angle method, as against 99.307% obtained for gamma angle methods and 99.756% for the magnitude methods. It seems clear that our CFM proposal for facial expression recognition outperforms the gamma angle or magnitude approach when used separately, with or without feature selection. Moreover, our approach can classify faces from different ethnic groups, i.e., people independently, giving an accurate expression recognition result. Then it becomes pertinent to emphasize that the novelty of this paper is built on using angle information extracted from the geometric feature points on the face. The main advantage of this kind of approach is that it creates a robust feature space; that is, the angles are invariant to translations and rotations of the faces. After necessary experiments are conducted on this idea, it is shown that the proposed method outperforms the other methods on the BU-4DFE dataset and produces comparable results. Furthermore, concatenating angle information with the magnitude information brings a slight improvement in the overall accuracies reported.

Future work could be about exploring other 3D axes for feature extraction (alpha & beta angles), modifying the feature selection block to include tuning the regularization parameter in NCA, using cross-validation to correctly detect the relevant features in the data, and using Bayesian optimizers for classifier hyper-parameter search are all possibilities for future work. It's possible to implement a real-time peak entropy key frame selection algorithm that selects just high intensity or peak frames per second to reduce complexity in dynamic 4D FER, and better expression recognition performance may be achieved.
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Table 1: Feature selection algorithm parameters

FS algorithms  Parameters / Description = Parameters / Description

(gamma features) (combined features)
NCA Weight (Mean) Limit (Mean)
Maximize Accuracy Maximize Accuracy
FMRMR Avg. Rank Avg. Rank
RELIEF Avg. Score Avg. Score

Without-FS 83 166
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Table 3: Shows TPR and PPV results of classifier for all magnitude experiments on test data

Class  Performance Metrics  M+R M-+F M+N M+W
1 TPR 99.8 98.0 99.95 100
PPV 99.9 99.9 99.95 100
Acc. 99.76  97.97  99.95 100
2 TPR 99.9 99.8 99.9 99.9
PPV 100 98.1 100 100
Acc. 99.91 99.82 9991 99.9
3 TPR 98.4 92.4 97.99  98.2
PPV 99.1 93.5 98.8 99.3
Acc. 98.39 9237 9799 982
4 TPR 99.2 94.3 98.99 995
PPV 98.3 95.6 97.8 98.1
Acc. 99.19 9432 9898 995
5 TPR 99.9 99.9 99.9 99.9
PPV 99.8 95.3 100 100
Acc. 99.91 99,91 99.91 99.9
6 TPR 100 96.1 99.89 999
PPV 100 99.6 100 100
Acc. 100 96.15 99.89 999
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Table 6: Shows the overall accuracy (Acc.) result for the comparison of all the proposed methods with and
without Feature selection

Experiment Methods Gamma Acc. (%) Magnitude Acc. (%) Combined Acc. (%)
| NCA 99.307 99.440 99.941
II FMRMR 98.890 96.756 99.975
11 Relief 94.750 99.530 99.975

1A% Without Fs 99.295 99.570 99.950
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Table 4: Shows TPR and PPV results of classifier for all combined model experiments

Class Performance metrics C+R C+F C+N C+W

1 TPR 100 100 99.95 99.95
PPV 99.5 100 99.9 99.95
Acc. 100 100 99.95 99.95

2 TPR 99.95 100 99.95 100
PPV 100 100 100 100
Acc. 99.95 100 99.95 100

3 TPR 100 100 100 100
PPV 99.9 99.9 99.9 99.9
Acc. 100 99.9 100 100

4 TPR 100 100 100 100
PPV 100 99.95 99.89 99.95
Acc. 100 99.95 100 100

5 TPR 100 99.95 99.95 100
PPV 100 100 99.91 99.95
Acc. 100 100 99.95 100

6 TPR 99.89 99.89 99.69 99.79
PPV 100 100 100 100

Acc. 99.89 100 99.70 99.69
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Table 7: Shows the performance (%) comparison of proposed methods with the other state-of-the-art methods
using the BU-4DFE dataset

References Method/Experimental setting Accuracy (%)
Kotsia et al. [51] Manual landmark init. CK database 99.68
Deepak et al. [52] Auto landmark init. Multi-class AdaBoost/SVM 97.35
classifier. CK+
Zarbakhsh et al. [53] Geometric Distance Features + SFFS + SVM-FSVM 87.67
Oyedotun et al. [54] RGB and depth map + DCNN 87.05
Zarbakhsh et al. [55] Multimodal Time Series Geometric Deformation + 83.50
NCFS / AC-DTW. 1008, 6E, 10-CV, Full seq.
Proposed Geometric Combined Features + FMRMR + SVM 99.975
Proposed Geometric Combined Features + Relief + SVM 99.975
Proposed Geometric Combined Features + Without Fs + SVM 99.950
Proposed Geometric Combined Features + NCA+ SVM 99.941

Proposed Geometric Gamma Angle Features + NCA + SVM 99.306
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Table 2: Shows TPR and PPV results of classifier for all gamma angle experiments on test data

Class Performance metrics GtR G+F G+N G+W
1 TPR 98.88 100 99.9 99.95
PPV 99.67 99.95 99.9 99.95
Acc. 99.7 100 99.9 99.95
2 TPR 89.54 97.9 99.2 99.12
PPV 85.23 96.7 98.2 98.62
Acc. 89.5 97.9 99.2 99.12
3 TPR 97.65 99.7 99.4 98.83
PPV 99.0 99.5 99.6 99.56
Acc. 97.6 99.6 99.4 98.83
4 TPR 84.09 96.6 98.5 98.88
PPV 86.86 97.4 99.0 99.14
Acc. 99.19 96.6 99.4 98.88
5 TPR 98.50 99.7 99.5 99.44
PPV 98.73 100 99.9 99.2
Acc. 98.5 99.6 99.3 99.44
6 TPR 98.77 99.4 99.4 99.54
PPV 99.53 99.9 99.4 99.38
Acc. 98.7 99.4 99.3 99.54
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Table S: Shows the Test average recognition rate ARR result and feature size for comparison of all methods

with gamma angle, magnitude, and combined model

Class G+tW G+N G+F G+R MW M+N M+F M+R C+tW C+N C+F C+R
1 9995 9985 100 99.71 100 999 97.97 99.76 9995 999 100 100
2 99.12 99.17 979 8954 999 999 9981 9990 100 999 100  99.95
3 9882 9936 99.6 9765 982 979 9236 98.38 100 100 99.90 100
4 08.88 98.53 96.6 84.08 995 989 9432 99.18 100 100 99.95 100

5 99.44 9953 99.6 9850 999 999 9990 9990 100 999 100 100
6 99.53 9938 994 9876 999 998 96.14 100 99.69 99.7 100  99.89
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