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Abstract

:

Facial emotion recognition (FER) has been an active research topic in the past several years. One of difficulties in FER is the effective capture of geometrical and temporary information from landmarks. In this paper, we propose a graph convolution neural network that utilizes landmark features for FER, which we called a directed graph neural network (DGNN). Nodes in the graph structure were defined by landmarks, and edges in the directed graph were built by the Delaunay method. By using graph neural networks, we could capture emotional information through faces’ inherent properties, like geometrical and temporary information. Also, in order to prevent the vanishing gradient problem, we further utilized a stable form of a temporal block in the graph framework. Our experimental results proved the effectiveness of the proposed method for datasets such as CK+ (96.02%), MMI (69.4%), and AFEW (32.64%). Also, a fusion network using image information as well as landmarks, is presented and investigated for the CK+ (98.47% performance) and AFEW (50.65% performance) datasets.
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1. Introduction


Emotion recognition has been widely studied in various areas of computer vision as well as human–computer interactions (HCI). For a long time, various emotion recognition techniques which utilize different modalities such as video streams, audio signals, and bio-signals have been proposed. Kuo et al. [1] extracted appearance and geometry features from image sequences and combined them via a joint fine-tuning. Hossain et al. [2] developed a 2D convolutional neural network (CNN) architecture for an audio signal database. Zhang et al. [3] combined temporal information from EEG signals and spatial information from facial images for human emotion recognition.



Facial landmarks provide good information to analyze facial emotions. Yan et al. [4] defined facial landmarks as derivatives of action units (AUs) for describing facial muscle movements. Other studies [5,6] proposed several fusion mechanisms of landmarks and images. A work [7] introduced a fusion approach of landmarks and videos. Fabiano et al. [8] proposed a deformable synthesis model (DSM), which used 3D facial landmarks. These algorithms show that the landmark feature is effective; however, emotion recognition algorithms using landmark features have been rarely studied recently. This is due to the fact that appropriate tools for obtaining information from landmark features have not been properly selected rather than to the assumption that the information provided by landmark features is insufficient.



The above-mentioned approaches are too naïve to capture useful information from landmarks. They use typical deep neural networks such as multilayer perceptron (MLP) and CNN to analyze landmark features. However, conventional neural networks are not appropriate to capture geometrical information from facial landmarks. Furthermore, recurrent neural networks (RNNs) may cause a vanishing problem, and MLP cannot utilize temporal information. In general, CNN, RNN, and MLP are good at extracting dense relations of features. However, since the relation between landmarks is so limited, these networks are not appropriate for extracting such information. Therefore, a third-party approach is required to analyze landmark features.



We gained insight into how to solve these problems from the similarity between landmarks and skeletons. Each skeleton point corresponds to a joint on a human body, and skeletons can be represented by a graph structure. Therefore, skeleton information is usually represented by graph convolution neural networks (GCNN). For instance, Zhang et al. [9] provided a spatio-temporal skeleton model which combines spatially neighboring edges and temporally neighboring edges and defined a new edge representation based on the skeleton model for action recognition task. Gao et al. [10] proposed a graph neural network (GNN) to extract intrinsic physical connections and spatial connectivity of skeleton data. Note that landmark data are semantically similar to skeleton data. The landmarks are connected to describe local patterns such as eyes, mouth, lips. Thus, landmark data can also be described by a graph structure. Consequently, a graph-based formulation can be an appropriate method to extract good emotion information from face images.



In this paper, we present a graph-based representation of facial landmarks via GNN and propose a facial emotion recognition (FER) algorithm using the graph-based representation. First, landmarks were mapped to vertices, and edges were built by the Delaunay method. Also, we generated a master node [11] for smooth information transfer between distant vertices. Next, vertices and edges fed into a DGNN. On the other hand, a straightforward temporal connection caused a vanishing gradient problem. So, we employed gated linear unit (GLU) to address the vanishing gradient problem. The conceptual view of the proposed method is shown in Figure 1. With various experiments using landmark features from the CK+ dataset, the proposed method was proven to provide higher performance than previous landmark-based FER methods. Furthermore, a score-level fusion of a landmark-based network and an image-based network achieved the outstanding accuracy of 98.7%, which is 1.45% higher than that reported in a previous study [5].



The major contributions of the proposed method can be described in three aspects:




	
We propose a new GNN structure with landmark features as input. The landmark features were used to construct a graph.



	
A master node for better graph construction is presented.



	
GLU is employed as a temporal block for boosting the performance of GNN.









2. Related Work


2.1. Landmark-Based Emotion Recognition


Various FER algorithms using landmark features have been developed. Rohr et al. [12] found that landmarks are prominent geometric features sparsely scattered over images and defined landmarks as a set of positions for analyzing emotion features. Ghimire et al. [13] defined specific handcrafted features based on landmarks and proposed an AdaBoost-based FER scheme which achieved a reasonable performance. Jung et al. [5] used a deep temporal geometry network (DTGN) framework to catch geometrical motion information of landmark points and predicted emotional labels via joint fine-tuning. Hasani et al. [7] considered temporal changes in the network through landmark features. Previous studies showed that landmarks are important modalities for the recognition of facial emotion. For example, a study [5] demonstrated performance improvement by associating the landmark modality with other modalities.



However, compared to video-based FERs, landmark-based FERs have been rarely studied recently. This is because a proper deep learning model to extract useful information from landmarks has not yet been found. So far, neural networks developed to extract image features have been directly applied to landmark features without any analysis. For example, MLP is useful for analyzing dense relations between feature points. However, landmark points have sparse relations with each other. Therefore, a new algorithm is needed to analyze arbitrary relations between landmark points.




2.2. Graph Neural Network


Nowadays, GNN has been studied for various tasks. For example, Ma et al. [14] proposed a multi-dimensional graph convolutional GNN (mGCN) to capture node information of an entire graph. In addition, You et al. [15] proposed a graph convolutional policy network based on directed graph generation through reinforcement learning. The model discovered novel molecules with desired properties such as drug-likeness and synthetic accessibility. Furthermore, Li et al. [16] used a directed graph to capture both spatial and temporal dependencies among time series as well as address the traffic forecasting problem and long-term forecasting. Likewise, Li et al. [17] proposed a novel spatio-temporal graph routing (STGR) to use skeleton data for the action recognition task. For the STGR network, feature information was obtained by determining the connectivity among joints in subgroups of the spatial dimension. In addition, structural information was measured on the basis of the correlation degrees between temporal joint nodes.



Through a detailed analysis of GNN application, we found that GNN is very effective for sparse and arbitrary relational data, unlike CNN or MLP. We also found that data derived from the skeleton have very similar characteristics to landmark data. Each landmark point has a sparse relation with spatially adjacent points but has a continuous relation on the time axis. This is consistent with the characteristics of skeleton data. In STGR, it has been demonstrated that GNN effectively extracts such information. Therefore, we adopted GNN as a tool for obtaining landmark features.





3. Methods


This section describes the proposed directed graph neural network exploiting the landmark feature. The overall architecture of the proposed method is shown in Figure 2. First, we obtained landmarks from each frame via a conventional deep learning-based landmark extractor (see Section 3.1). Next, a graph structure was built based on landmark locations. In order to capture information among far distant nodes, we adopted a master node to graph the structure (see Section 3.2). Finally, we applied a directed graph neural network to analyze the graph structure (see Section 3.3). Also, GLU was added to prevent the vanishing gradient problem.



3.1. Landmark Features


We first describe a landmark extractor to recognize facial emotion. We used a deep learning-based method, following Dong et al. [18] to capture landmark features. The extracted landmark feature consisted of 68 parts on a human face, such as nose, eyes, eyebrow, and mouth. However, we found that the landmarks of the outer region had a negative effect on facial emotion recognition performance. Therefore, we used 51 landmarks as input features from each frame of a video, according to


  LM = {  x  t , p   ,  y  t , p   | 1 ≤ t ≤ T , 1 ≤ p ≤ P }  



(1)




where LM indicates a set of landmarks,   (  x  t , p   ,  y  t , p   )   are the 2D coordinates of each landmark, and P and T denote the number of landmarks and the number of frames, respectively.




3.2. Graph Construction


Each landmark portion presents a strong relationship with other specific landmark portions that are placed in a similar position or are connected by muscle. Therefore, the set of landmark locations can form a graph structure which can convey structure information. The proposed graph structure is shown in Figure 3.



First, we defined a landmark location as a vertex. Each vertex is a 2D feature vector, which is by


   V  = {   v   t , p   | 1 ≤ t ≤ T , 1 ≤ p ≤ P }  



(2)






    v   i , p   = [  x  t , p   ,  y  t , p   ]  



(3)







This approach is a simple way to define a vertex via location information. Its efficacy has been already proven in previous works [16,17], therefore we applied for our research.



Next, we constructed edges E using the Delaunay method [19]. The Delaunay method builds triangle meshes among all landmarks and [20] is useful to analyze facial emotions. However, a mesh structure only indicates whether edges are connected or not. Therefore, we multiplied the L2 distance to represent edge strength, as follows:


     E    = {  e  t , i , j   | 1 ≤ t ≤ T , 1 ≤ i , j ≤ P }      = { |   v   t , i   −   v   t , j    | 2   a  t , i , j   | 1 ≤ t ≤ T , 1 ≤ i , j ≤ P }    



(4)






     A    = DM ( {  x  t , p    y  t , p   | 1 ≤ t ≤ T , 1 ≤ i , j ≤ P } )      = {  a  t , i , j   | 1 ≤ t ≤ T , 1 ≤ i , j ≤ P }    



(5)




where DM denotes the Delaunay method, and A denotes the adjacency matrix that contains binary values. Consequently, V and E are composed of 2D vectors and scalar values, respectively. In addition, these features compose a graph structure, which is defined as


   G  = (  V  ,  E  )  



(6)







As a result, G contains geometric information of facial emotions. However, in our research, using a set of triangular meshes was not sufficient to extract emotional information. In a graph structure, geometric information is propagated through edges. However, a graph structure is built using landmarks. Therefore, the structure is larger and more complicated than other graphs used in computer vision tasks, such as for the skeleton. Due to this difficulty, in this structure, it is hard to propagate information from vertex to far distant vertex.



In order to solve this problem, we adopted a master node [11] to propagate information on a long path. By definition, the master node is connected to all the vertices of a graph structure. Therefore, information is effectively propagated through a shortcut connection. In our method, we set the center point of the nose as the master node.



In this way, our graph structure describes facial emotion information adequately. Our experimental results proved that this method achieves a high performance in emotion recognition task.




3.3. Directed Graph Neural Network


This section proposes a directed GNN (DGNN), which is shown in Figure 2b,c. A DGNN is composed of several directed graph convolution blocks that aggregate the information of vertices and edges. Each DGNN block consisted of temporal convolutional blocks to obtain temporal information from a video. In addition, in order to prevent the vanishing gradient problem, we applied GLU to the temporal convolutional blocks.



First, the directed graph convolutional block was adopted to extract geometric information. Two updating functions and two aggregating functions were used as vertices and edges. An updating function enhances vertex and edge information based on their relationship in a graph structure. An aggregating function sums up the attributes of vertices and edges for each iteration of the training phase. The updating operation of a vertex is followed by the edge update process.



Next, we used a temporal convolutional block. The proposed temporal convolutional block was composed of a 1D convolutional layer and a batch normalization layer for each vertex and edge. A temporal block not only extracts temporal information from a graph but also compresses it in a temporal dimension. However, with a naive convolutional layer, it is hard to obtain complex temporal features of a human face. In order to enhance a temporal block, we applied GLU. This gating mechanism allows the selection of the words or features that are important for predicting facial emotions. The effect of GLU is demonstrated in Section 4.



Thus, we propose a novel DGNN using a master node for the generalization of a graph structure. This method obtain more geometry information from each frame. Moreover, GLU contributes to solve the vanishing gradient problem.





4. Experimental Results


4.1. Pre-Processing Procedure


This section explains the pre-processing procedure for each dataset. We sampled 16 frames of a video sequence at the same intervals. If there were not enough frames, we applied the bilinear interpolation method to extract landmark locations. Next, we subtracted the landmark locations by the nose location and normalized them. We followed the data augmentation method of Jung et al. [5] to expand the dataset size. First, we added the Gaussian noise to the landmarks locations, as follows:


  x  ′ i  ( t )   =  x i  ( t )   + N ( 0 ,  σ 2  )  



(7)




where  σ  is the standard deviation of Gaussian noise. Next, we applied random rotation to each frame:


  [   x ¯  i  ( t )   ,   y ¯  i  ( t )   ] =   R   ( t )   [ x  ′ i  ( t )   , y  ′ i  ( t )   ]  



(8)




where     R   ( t )     is a 2 × 2 rotation matrix in    t  t h     frame. The range of the rotation angle was   [ − π / 10 , π / 10 ]  . Also, random flipping was adapted to the video sequences. We generated an original dataset, a randomly noised dataset (three times), a randomly rotated dataset (three times), and their flipped versions. As a result, we expanded the original datasets by 14 times.




4.2. Training Configuration


For all experiments, we used the same network architecture, which is described in Figure 4. In our experiment, the weights of all networks were initialized with He’s initialization [21], and L2 regularization was applied. The weight decay parameter was set to 5 × 10−4. A stochastic gradient descent (SGD) [22] was used as the optimizer, and a Nesterov accelerated gradient [23] was applied. Momentum was set to 0.9. For the extended cohn-kanade (CK+) and MMI facial expression (MMI) datasets, the learning rate and the batch were set to 0.1 and 128, respectively. For the Acted Facial Expressions In The Wild (AFEW) dataset, the learning rate and the batch size were set to 0.01 and 256, respectively. The training phases proceeded for 1000, 700, and 700 epochs for CK+, MMI, and AFEW, respectively.



We used the well-known tenfold cross-validation method for the CK+ and MMI datasets. Nine subsets were used for training, and the remaining one was utilized for validation. For the AFEW dataset, the dataset comprises training and validation data, and we did not apply the tenfold cross-validation.




4.3. Experimental Results for the CK+ Dataset


In this section, we show experimental results for the CK+ dataset. The CK+ dataset is mainly used for emotion recognition research. It is composed of 327 video sequences presenting seven emotional labels, i.e., anger, contempt, disgust, fear, happiness, sadness, and surprise. Also, all videos contain frontal face images without disturbing elements such as strong illumination and different faces. Due to these characteristics, our landmark extractor could extract precise landmarks’ locations and provide excellent information to the DGNN. The experimental results are shown in Table 1.



The experimental result showed that our DGNN provided a performance of 96.02, outperforming not only a comparative landmark-based method but also most of the video- and image-based methods. This result shows that the landmark features can be considered an effective modality to analyze facial emotional information. However, the confusion matrix in Figure 5 shows that DGNN often failed to discriminate contempt from sadness. This is because landmarks such as eyebrow and lip shape related to contempt and sad emotions are similar. In order to describe this clearly, Figure 6 shows some prediction results. As mentioned above, the proposed method provides very high confidence scores for the evaluation of ‘surprise’ and ‘happiness’, which are easy to be recognized by landmark features. On the other hand, the proposed method confuses the emotion ‘sadness’ with ‘contempt.’ Such emotions are hard to discriminate by landmark features. Also, in order to verify that our algorithm can be fused with other modality-based algorithms, we show the fused result of DGNN and C3D-GRU. DGNN provided a 1.22% higher performance than C3D-GRU, which provided a state-of-the-art (SOTA) performance. In order to analyze this result more clearly, Figure 7 illustrates the confusion matrices of fused DGNN–C3D-GRU algorithms. The confusion matrix showed that the fused algorithm of DGNN and C3D-GRU worked well for most emotional classes but tended to be more biased to contempt than that of DGNN. Since the fused algorithm confused sadness and contempt, its performance for sadness was lower than that of DGNN. However, the overall performance of the fused algorithm was much higher than those of the other methods. Thus, we can say that landmark feature use may be effective when applying multi-modal algorithms.



Next, we evaluated the computational cost of the proposed algorithm. Table 2 shows that the landmark extractor required most of the computation time. Thus, in order to achieve real-time processing, a faster landmark extractor is required.




4.4. Experimental Results for the MMI Dataset


In order to verify the efficacy of the landmark feature, we provide additional experimental results for the MMI dataset. The MMI dataset is composed of 205 image series showing frontal faces. The database displays six kinds of emotion, i.e., anger, disgust, fear, happiness, sadness, and surprise. The MMI dataset contains video sequences showing a frontal face with relatively active motion. The experimental results re shown in Table 3.



Our method provided a performance of 69.64%, outperforming the conventional landmark-based method. Also, the proposed method is comparable in performance with the SOTA image-based and video-based methods. As a result, we can conclude that landmark feature is a very effective modality to recognize facial emotions in various environments.




4.5. Experimental Result for the AFEW Dataset


This section provides the experimental results for the AFEW dataset, a challenging case for landmark-based algorithms. The AFEW dataset includes a huge amount of movie clips. There are seven labels, i.e., anger, disgust, fear, happiness, sadness, surprise, and neutral expression. Unlike other datasets, AFEW contains videos showing actively moving faces in various environments. In addition, some of them include images displaying a head from the side or the back, from which it is impossible to extract landmarks. This means that only limited frames provide meaningful landmark features, and it is hard to extract its information. However, our proposed method could extract useful information even from the noisy landmarks, providing better performance with respect to other modality-based algorithms. Therefore, we fused the proposed algorithm with that of C3D-GRU [27], which is one of the state-of-the-art FER algorithms used with videos, and verified the performance of the fused algorithm. The experimental results are shown in Table 4.



DGNN provided a 0.78% higher performance than C3D-GRU, which is the SOTA method for the AFEW dataset. In addition, comparing the confusion matrices of Figure 8 and Figure 9, we found that DGNN improved the performance for some classes of emotion. This result indicates that landmarks could still provide proper information on the emotions in the videos.




4.6. Ablation Study


We present the results of an ablation study to verify the ability of each module, i.e., master node and GLU. We used the CK+ dataset for this experiment. The experimental results are shown in Table 5. We set the same hyper-parameters as in Section 4.3, except for DGNN’s modules.



The baseline DGNN, which adopts graph convolutional layers, provided a performance of 95.02% comparable to that of conventional methods. However, the master node and GLU enhanced DGNN’s geometry and temporal information, respectively. Therefore, the overall performance was reasonably increased. Also, when they were applied at the same time, DGNN provided an accuracy of 96.02%, which was 1% higher than the baseline accuracy of DGNN. Therefore, every module of the proposed method contributed to improving performance.





5. Limitations


The proposed method is based on landmark features and thus presents two limitations. First, the performance of the proposed method depends on the accuracy of the landmarks, and it can be impossible to extract facial landmarks from certain images. Second, noise can affect the performance of the proposed scheme. Marginal noise could be overcome by the robustness of the proposed algorithm. However, as noise increased, the overall performance decreased. Therefore, we adopted a state-of-the-art landmark extractor. Nonetheless, even the landmark extractor struggled to extract accurate landmark information in a varied environment such as the AFEW dataset.



Also, the overall latency of the algorithm depends on that of the landmark extractor. The input data of the GNN, i.e., the landmark features, have lower dimensionality than images or videos. So, the cost of GNN is much lower than that of CNN. However, in order to get accurate landmark features, we should adopt a computationally heavy landmark extractor than DGNN. Actually, in the case of a video sequence, latency is 22.20 ms, which is not a negligible cost for a multi-modal algorithm. Most of the computing time was required by the landmark extractor.




6. Conclusions


We believe that landmarks play an important role in an FER system. However, despite their importance, they have been barely studied. This paper presents a novel directed graph neural network for FER based on landmark features, showing that it achieved comparable performance to those of SOTA image- or video-based algorithms. Also, we demonstrate that, even in situations where the landmark features were difficult to solve, the proposed method was effective when fused with a conventional video-based method. As a result, the proposed algorithm provided SOTA performance for the CK+ and AFEW datasets, which corresponded to 98.47% and 50.65%, respectively. Our future plan is to construct a multi-modal FER system, possibly using various modalities such as facial features, audio signals, and body movements. In a multi-modal FER system, the landmarks will play an important role.
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Figure 1. Conceptual figure of the proposed method. We constructed a sequence of landmark features to recognize facial emotions and adopted a graph neural network (GNN) to extract structural information. 
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Figure 2. (a) Overview of the proposed method, (b) improved directed graph neural network (DGNN) block, and (c) gated linear unit (GLU). LM, V, E, G, and FC indicate landmark, vertex, edge, graph, and fully-connected layer, respectively. 
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Figure 3. Depicting master nodes on a human face in a frame sequence. The nose node is considered a master node, then all nodes are connected to it. In this figure, the red edges are built on the basis of the master node, and the blue ones are built according to normal graph structure. 
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Figure 4. Network architecture used for the experiments. In the “DGNN block D, s”, D and s denote depth and stride, respectively. GAP. 
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Figure 5. Confusion matrix of our DGNN method for the CK+ dataset. 
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Figure 6. Prediction results of the proposed method. Red boxes indicate faces detected by the landmark extractor. 
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Figure 7. Confusion matrix of fused DGNN + C3D-GRU algorithms for the CK+ dataset. 
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Figure 8. Confusion matrix of C3D-GRU for the AFEW dataset. 
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Figure 9. Confusion matrix of DGNNC3D-GRU for the AFEW dataset. 
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Table 1. Experimental results for the CK+ dataset. The proposed methods are highlighted in bold.
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	Method
	Data Type
	Accuracy





	3DCNN-DAP [24]
	Video
	92.4



	3DCNN [24]
	Video
	85.9



	STRNN [3]
	Video
	95.44



	STM-ExpLet [25]
	Video
	94.2



	DTAN [5]
	Video
	91.4



	F-Bases [26]
	Video
	92.6



	C3D-GRU [27]
	Video
	97.25



	DNN [28]
	Static image
	90.91



	IPA2LT(LTNet) [29]
	Static image
	91.67



	IACNN [30]
	Static image
	95.37



	DTGN [5]
	Landmark
	92.35



	DGNN
	Landmark
	96.02



	DGNN + C3D-GRU
	Landmark + video
	98.47
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Table 2. Processing times of the proposed algorithm. L.E., landmark extractor.
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	L.E.
	DGNN
	Total





	17.35 ms
	4.85 ms
	22.20 ms
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Table 3. Experimental results for the MMI dataset. The proposed method is highlighted in bold.
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	Method
	Data Type
	Accuracy





	3DCNN-DAP [24]
	video
	63.4



	3DCNN [24]
	video
	53.2



	DTAN [5]
	video
	62.45



	AURF [31]
	static image
	69.88



	IPA2LT(LTNet) [29]
	static image
	65.61



	IACNN [30]
	static image
	69.48



	DTGN [5]
	Landmark
	59.02



	DGNN
	Landmark
	69.64
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Table 4. Experimental results for the AFEW dataset. The proposed methods are highlighted in bold.
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	Method
	Data Type
	Accuracy





	SSE-HoloNet [32]
	Video
	46.48



	VGG-LSTM [33]
	Video
	48.60



	C3D-LSTM [33]
	Video
	43.20



	C3D-GRU [27]
	Video
	49.87



	DGNN
	Landmark
	32.64



	DGNN-C3D-GRU
	Landmark-video
	50.65
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Table 5. Experimental results of the ablation study. MS, master node.
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	Method
	Result





	DGNN (baseline)
	95.02



	DGNN + MS
	95.72



	DGNN + GLU
	95.70



	DGNN + MS + GLU
	96.02
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