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Abstract—Emotion recognition from macro-expression and 

micro-expression has been widely used in applications such as 

human-computer interaction, learning status evaluation and 

mental disorder diagnosis. However, due to the complexity of 

human macro-expressions, recognizing macro-expressions with 

high accuracy is a challenging task. Moreover, the short duration 

and low movement intensity of micro-expressions make its 

recognition more difficult. For MM-FER (macro and micro facial 

expression recognition), the key information can be more 

efficiently expressed by a graph. In this paper, a novel framework 

based on graph neural network named SSGNN (spatial and 

spectral domain features based on a graph neural network) is 

designed to extract spatial and spectral domain features from 

facial images for MM-FER, which can efficiently recognize both 

macro-expressions and micro-expressions under the same model. 

SSGNN consists of two parts, SPAGNN and SPEGNN, which are 

used to extract spectral and spatial domain features respectively. 

Experiments proved that jointly using the spectral and spatial 

information extracted by SSGNN can largely improve the 

performance of MM-FER when the training sample is limited. 

Firstly, the influences of different neighbours and samples to the 

model performance was analysed. Then the contribution of 

SPAGNN and SPEGNN were evaluated. It was discovered that 

fusing the result of SPAGNN and SPEGNN at decision level 

further improved the performance of MM-FER. Experiment 

proved that SSGNN can recognize micro-expression acquired by 

various sensors with higher accuracy under different image 

resolutions and image formats than the compared state-of-the-art 

methods in most cases. A cross-dataset experiment demonstrated 

the generalization ability of SSGNN. 

 
Index Terms—facial expression recognition, SSGNN, spatial 

domain, spectral domain, micro-expression, cross-dataset 

 

I. INTRODUCTION 

acial expressions are external behaviours of inner 

emotions[1] that play an important role in human 

communication. Automated facial expression recognition 
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(FER) has great application potential in e-learning and driving 

assistance. In the e-learning field, FER can be used to monitor 

students’ learning states, which can improve teaching 

efficiency [2]. In the assisted driving field, FER can be used to 

analyse drivers’ states and reduce traffic accidents [3]. 

Facial expressions can be generally divided into macro-

expressions and micro-expressions[4]. Micro-expressions can 

express the true emotions that people are trying to suppress and 

hide compared with macro-expressions[5]. The synergy of 

muscle movement changes in expressions. The facial action 

coding system (FACS) proposed by Ekman in 1976 indicates 

the relationship between emotions and facial muscles[6]. Thus, 

how to establish the relationship between facial expressions and 

muscle regions is a key factor for automatic FER. Traditional 

algorithms are sensitive to changes of the environment, such as 

illumination and posture. Compared with traditional 

algorithms, convolutional neural networks (CNNs) have better 

performance and are widely used in FER tasks. CNNs focus 

more on local features and lack the ability to model the 

relationship between features. In addition, a large quantity of 

training data is needed to train the model based on CNNs. Few 

datasets have been published due to the privacy of facial 

images, and the widely used datasets have imbalanced classes, 

which makes it difficult to train the model. Although facial 

images can be generated by generative adversarial networks 

(GANs), it is still very difficult to generate high-quality facial 

expressions due to the blur and overlapping appearance in 

generated images, especially in regions with rich facial features 

such as the mouth and eyes [7]. Frequently used convolutional 

neural networks perform well in processing features of images 

in Euclidean space, but for FER, organs on the face as a whole 

convey a certain expression in a coordinated manner; thus, the 

key structural information can be more efficiently expressed by 

a graph[10]. Landmarks can be recognized as the nodes, and the 

distances between each node can be defined as the edges in the 

graph. Muscle movement can be reflected by feature points that 
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can then represent emotional change. The relationship between 

facial action units and feature points can be seen in Table I. 

 
TABLE I 

THE RELATIONSHIP BETWEEN FACIAL ACTION UNITS AND 

FEATURE POINTS 

AU Description 
Facial 

muscle 
Example image Landmarks 

1 
Inner brow 

raiser 

Frontalis, 

pars 

medialis   

2 
Outer brow 

raiser 

Frontalis, 

pars 

lateralis   

5 
Upper lid 

raiser 

Levator 

palpebrae 

superioris   

Most existing research was focused on how to extract 

features from images in the spatial domain. For practical 

applications, large images are usually downsampled to meet the 

predetermined input size of neural network; they may remove 

salient information, which results in accuracy degradation. 

Moreover, in our investigation, it was discovered that the 

spectral domain also contains rich information about facial 

expressions, and most works ignore the spectral domain 

features that can be used to improve classification accuracy [11]. 

In addition, there are obvious differences in duration and 

intensity between macro-expressions and micro-expressions, 

and different frameworks need to be used to recognize them. To 

solve the problems mentioned above, a MM-FER framework 

based on graph neural networks (GNNs) named spatial and 

spectral domain graph neural networks (SSGNNs) is proposed, 

which contains both spatial and spectral domain features and 

can recognize both macro-expressions and micro-expressions 

with small samples under the same network structure. 

The rest of this paper is organized as follows. Related works 

on macro-expression and micro-expression recognition are 

introduced in Section 2. The SSGNN framework is introduced 

from the two aspects of the spatial and spectral domains in 

Section 3. Section 4 describes the experimental details, 

including data augmentation, the performance of the proposed 

method under different quantities of training data, the 

contribution of spatial and spectral features, the influence of 

hyper-parameters on accuracy and the comparison results with 

existing algorithms. Section 5 discusses some challenges and 

opportunities in this field and identifies potential future 

directions. 

II. RELATED WORKS 

A. Macro-expression recognition 

In the past few years, automated macro-expression 

recognition has attracted considerable attention [8]. Traditional 

algorithms and deep learning are applied to this field. The main 

strategy of macro-expressions recognition methods is ‘feature 

extraction + classifier’. Traditional features include HOG [9], 

LBP [12], SIFT [13], colour [14], and PCA [15]. LBP are widely used 

in macro-expression recognition tasks. [12] proposed uniform 

LBP and Riu-LBP to solve the shortcomings of sensitivity to 

changes in illumination, and it lacks directional information, 

which can improve recognition accuracy. Pose variation is 

another obstacle for macro-expression recognition tasks. The 

SIFT feature was extracted by [13] to improve recognition 

accuracy since SIFT is invariant to rotation and scale changes. 

Expressions of macro-expression are complex, and a single 

feature cannot completely reflect its changes. Angle and colour 

features were extracted by [14], which can improve network 

performance. As the feature dimensions increase, the memory 

and computational burden increase, therefore, PCA was used to 

select the best feature vectors that can represent macro-

expressions and reduce the feature dimension [15]. Traditional 

algorithms are based on manually designed features, and are 

easily interfered by external factors such as illumination, 

posture and occlusion, which limits their performance in actual 

applications. 

Deep learning was introduced into this field, by which the 

features are extracted automatically. To improve recognition 

accuracy, auxiliary blocks and layers were designed to enhance 

the feature extraction ability, and many networks were 

proposed with different structures based on CNN. The 

supervised scoring ensemble (SSE) was designed based on the 

traditional CNN structure to supervise the shallow, middle and 

deep layers of the training process. Then, a new fusion structure 

was used to concatenate classwise scoring activations at diverse 

complementary feature layers as the inputs for second-level 

supervision, which acts as a deep feature ensemble[28]. HoloNet 

was proposed by [17], which combines CReLU with a residual 

structure to increase the depth of the network without accuracy 

loss. The inception-residual structure can be used to extract 

multi-scale features to capture macro-expression variations. 

Zhao proposed a feature selection network (FSN) to 

automatically extract and filter features by embedding a feature 

selection mechanism inside AlexNet [18]. Centre loss was 

proposed by [19] to enhance the discriminative power of the 

deeply learned features. Inter-class dispersion and intra-class 

compactness can be learned with the joint supervision of centre 

loss and softmax loss, which are essential to macro-expressions 

recognition. Cascade features learned from different networks 

are efficient in completely representing the macro-expressions. 

A cascade network constructs a deeper network by cascading 

different networks, and the output of the previous network is 

used as the input for the next network，  which can filter 

irrelevant features[16]. Similar to [16], Wang proposed a cascade 

regression-based face frontalization (CRFF) method to 

immediately reconstruct a frontal and expression-aware face 

given an in-the-wild facial image[20]. Attention mechanisms 

are derived from human vision. In the cognitive science field, 

humans focus on part of the information and ignore other 

visible information due to the information processing 

bottleneck. Therefore, an attention mechanism introduced into 

the CNN can improve the receptive field of the underlying 

features and highlight the features that are more beneficial to 

classification, which is equivalent to increasing the depth of the 

network [21]. [23] proposed a novel convolution and attention 

with a bi-directional gated recurrent unit (CAT-BiGRU), which 

consists of two attention layers. The attention layers are used to 

prominently describe the features. CNNs can overcome the 
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influence of external factors such as illumination, posture 

variation and occlusion on macro-expressions recognition and 

can improve the accuracy. However, numerous training data 

should be used to train deep models. In addition, features are 

extracted in the spatial domain, which focuses more on the local 

area and does not mine the relationship among features 

sufficiently. 

Generally, CNN performs well in processing images in 

Euclidean space, but for macro-expressions, the key structural 

information can be more efficiently expressed by a graph. 

Existing research has applied GNN to the field of macro-

expression recognition for feature extraction and can achieve 

high performance. [24] proposed a novel adversarial graph 

representation adaptation (AGRA) framework that unifies 

graph representation propagation with adversarial learning for 

cross-domain holistic-local feature coadaptation. A two-stage 

update mechanism was proposed to learn the statistical 

distribution of each domain to initialize graph nodes. In [25], 

GNN and CNN were combined to perform feature extraction 

and classification in facial regions located by landmarks. Three 

macro-expression datasets were used to evaluate the 

performance, and the best accuracy was 95.85%. [26] combined 

GCN with CNN and a recurrent neural network (RNN) to 

recognize dynamic macro-expressions, which can capture 

dynamic features under expression changes by adding a GCN 

between the CNN and RNN. [27] proposed a spatial temporal 

semantic graph network (STSGN) to automatically learn spatial 

and temporal features from facial topology structures. The 

proposed framework not only has a greater ability to obtain 

dynamic macro-expressions and generalization features but 

also has higher interpretability. Spatial and temporal domains 

are widely used to extract features.  

B. Micro-expression recognition 

Micro-expression is more difficult to recognize due to the 

short duration and low intensity. LBP-TOP [29] and the related 

improved method [31] have been widely used in micro-

expression recognition. LBP-TOP is an extension of LBP from 

two-dimensional to three-dimensional. A video sequence is 

thought to be a stack of X-Y planes in axis T, and it can also be 

seen as a stack of X-T planes in axis Y and Y-T planes in axis 

X. The X-T and Y-T planes provide space-time transition 

information. LBP-TOP[29] was used by Pfister to deal with the 

image sequence, and all features were concatenated and 

extracted from the X-T, Y-T and X-Y planes. Then, a support 

vector machine (SVM), multiple kernel learning (MKL) and 

random forest (RF) were used as classifiers[30]. The Gabor 

feature can describe facial regions at multiple levels, which can 

provide better directional and scale characteristics. In addition, 

it is robust to changes in illumination. Therefore, Gabor is also 

applied in micro-expression recognition tasks [35]. Recognition 

accuracy can be improved by reducing the irrelevant areas in 

the image. Lu combined the active appearance model (AAM) 

and Delaunay triangulation to encode important facial areas, 

and then SVM or RF was used as the classifier[32]. Similar to 

[32], the facial region was segmented into 12 local regions 

according to FACS rules, and then a gradient histogram was 

constructed for each region. Finally, K-means was used in [33]. 

Different from reducing the detection area, [34] amplifying 

micro-facial muscle movements as a pre-process and then SVM 

was used to classify the extracted features. However, this 

method amplified noise while amplifying the small changes in 

micro-expression and it may affect the quality of extracted 

features. Micro-expression occurrence may cause subtle 

changes in colour of the skin surface that are not easily observed 

by the human eye. The components of the R, G, and B channels 

are highly correlated, and the mutual information is close to 

zero. Therefore, different features cannot be extracted in 

different channels. [36] converted R, G, and B to other 

representations to discover the influence of different colour 

spaces. The results show that this method is useful to improve 

classification accuracy. Micro-expression recognition based on 

traditional algorithms has difficulty extracting efficient 

features, which are sensitive to noise, and the accuracy is low. 

Similar to macro-expression recognition, deep learning was 

introduced, and many network structures have been proposed. 

[37] proposed a dynamic representation of micro-expression to 

preserve facial movement information of image sequences in a 

single frame. LEARNet refines the salient expression features 

in an accretive manner by incorporating accretion layers (AL) 

in the network. The response of the AL holds the hybrid feature 

maps generated by prior laterally connected convolution layers. 

Moreover, the LEARNet architecture incorporates the cross 

decoupled relationship between convolution layers, which 

helps preserve tiny but influential facial muscle change 

information. The visual responses of the proposed LEARNet 

depict the effectiveness of the system by preserving both high- 

and micro-level edge features of facial expressions. [38] 

proposed a three-stream convolutional neural network to 

recognize micro-expressions by learning discriminative 

features in three key frames. A dynamic-temporal stream was 

used to extract time-varying features. A static-spatial stream 

was used to extract peak frame image appearance and contour 

features. A local-spatial stream was used to extract local 

features after the peak frame image was divided into blocks. 

Finally, all features were cascaded. The accuracy was 80.97% 

on the CASME II dataset. There are many excellent network 

structures for micro-expression classification in addition to 

TSCNN, such as SHCNN[39] and SMEConvNet[40]. [41] 

proposed a spatiotemporal recurrent convolutional network 

(STRCN) model to solve the spatial and temporal deformation 

problem, which considers both the spatial and temporal domain 

features. In addition, multi-scale data augmentation strategies 

were used to enrich training samples and restrain the problem 

of small samples. The difference in intensity also affects micro-

expression recognition accuracy, and [42] proposed a 

spatiotemporal feature representation learning algorithm to 

solve the problem. This network is a deep network with fewer 

parameters guided by an apex frame, which is robust to the 

change in intensity and easy to train with small-size samples. In 

addition, this is also a rare network that uses both macro-

expression and micro-expression datasets for testing. However, 

it is difficult to know which frame is the apex frame in advance 

in real-world applications. 

In summary, the quality of features has a great impact on the 
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accuracy of micro-expression recognition. Similar to macro-

expression recognition, existing deep models only perform 

feature extraction in the spatial and temporal domains, and the 

contribution of the spectral domain information to the model is 

ignored. In addition, current researchers use macro-expression 

and micro-expression datasets to train the models, and less 

work discusses mixed datasets of macro-expressions and micro-

expressions. Finally, a deeper network based on CNN needs 

numerous training data to train the model. 

III. PROPOSED ALGORITHM 

 
(a) Micro-expression 

 
(b) Macro-expression 

Fig. 1. Facial feature point trajectories: (a) micro-expression feature point 

trajectories, (b) macro-expression feature point trajectories 

Facial muscle movement can be reflected by feature points 

in the face area. Previous study has located 22, 17, 9 and 20 

feature points in the eye, cheek, nose and mouth regions[56], 

respectively (see Figure 1, the trajectories of feature point as the 

expression occur). As shown in Figure 1, a large range of 

motion of facial points are caused by macro-expressions. Local 

features can be described well using CNN, while they cannot 

reflect the correlation between different local areas. The 

synergy of muscle movements various in different expressions. 

Thus, a change in expression cannot be reflected using local 

features only. Therefore, existing research works lack the 

consideration of the interaction between different feature 

points. Moreover, a large amount of training data is required to 

train a CNN based deep model. Facial points cannot be well 

described by sequence or grid structures due to their complex 

topology distribution. However, consisted of nodes and edges, 

graphs can effectively deal with complex unstructured data. The 

relationship between each feature point can be expressed by the 

distance between each node in the graph. The distance between 

each feature point changes as the expression changes (see 

Figure 2). Thus, the graph is effective for analysing expressions.  

A graph is used to represent the relation between the objects, 

and any system contains binary relations that can be described 

by graphs, such as chemistry compounds, communications 

networks, and social networks. A graph consists of vertexes and 

edges, which can be used to represent objects and their 

relationships. 

The graph can be expressed by  𝐺 = (𝑉, 𝐸), where 𝑉 is the 

set of vertexes and E is the set of edges. An edge connects 𝑣𝑖 

and 𝑣𝑗 ∈V is denoted as 𝑒𝑖𝑗. If there is an edge connecting 𝑣𝑖 

and 𝑣𝑗, 𝑣𝑖 is a neighbour of 𝑣𝑗, and vice versa. Assume that all 

neighbours of 𝑣𝑖  are 𝑁(𝑣𝑖) ; thus, 𝑁(𝑣𝑖 ) can be given by 

𝑁(𝑣𝑖） = {𝑣𝑗|∃𝑒𝑖𝑗 ∈ 𝐸 𝑜𝑟 𝑒𝑗𝑖 ∈ 𝐸}. The number of edges with 

𝑣𝑖  as the endpoint is called the degree of 𝑣𝑖 , denoted as deg 

(𝑣𝑖)=|𝑁(𝑣𝑖)|.  
Based on the basic principle of graphs, GNN was proposed 

by [44] in 2017. GNN has strong reasoning and classification 

ability in the case of a small quantity of training data. Hence, 

GNN is widely applied to the fields of text classification, image 

classification, object detection, semantic segmentation, 

knowledge graphs, etc. 

 
(a)                                  (b)                                 (c) 

Fig. 2. The difference between CNN and GNN: (a) original image, (b) extract 

features using CNN, (c) extract features using GNN 
In this paper, an expression classification framework based 

on GNN is proposed, named the graph neural network based on 

spatial and spectral domain (SSGNN), which contains 

SPAGNN (spatial domain based on graph neural networks) and 

SPEGNN (spectral domain based on graph neural networks). 

SPAGNN and SPEGNN is used to extract spatial and spectral 

domain features, respectively. Among them, SPAGNN consist 

of two spatial convolutional and pooling layers and a fully 

connected layer. SPEGNN consist of one spectral convolutional 

and fully connected layer. Location features between each node 

and the expression category is used as the input and output of 

the model, respectively. After obtaining the classification result 

of each model, argmax is used as the fuse strategy for SPAGNN 

and SPEGNN at the decision level, which can combine two 

models’ advantages and the classification formula can be 

expressed as follows. 

𝑦 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑦𝑠𝑝𝑒 , 𝑦𝑠𝑝𝑎)                         (1) 

where  𝑦𝑠𝑝𝑒 and 𝑦𝑠𝑝𝑎 represent the probability of the SPEGNN 

and SPAGNN models, respectively. In the following 

paragraphs, we discuss them in detail. The flowchart of the 

proposed algorithm is shown in Figure 3. 

An undirected weighted graph is created, which can be 

expressed as 𝐺 = (𝑉, 𝐸). where 𝑉  and 𝐸  represent the set of 

nodes and edges with sizes of m and m×m, respectively. The 

adjacent nodes of node j can be expressed as 𝑁𝑘 = {𝑖 ∈
𝑉|𝑊𝑖𝑗 > 𝑘}. 
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Fig. 3. The flowchart of MM-FER based on SSGNN 

 
Fig. 4. An example of matrix construction (N1 point) 

The graph structure can be built according to nodes and 

edges. It is difficult to extract facial feature points for some 

unclear images. Thus, pixels are selected randomly as nodes. 

The original image can be used as one of the inputs for the 

proposed model. Landmarks or pixels are selected from an 

image denoted as node 𝑉, and the distance between nodes is 

taken as edge 𝐸. The dimension of matrix M will be too high if 

each node is connected to the other nodes. Thus, the nearest K 

distances will be selected as the input vector. The Euclidean 

distance is used to calculate the distance between nodes. N 

pixels (N=16 as an example) are selected randomly as nodes in 

the image. First, Euclidean distance is calculated between each 

pixel, and there is no self-connection between each node. 

Therefore, the Euclidean distance of 𝑁𝑖 − 𝑁𝑗(𝑖, 𝑗 = 1 … 𝑁) is 

zero. Second, each feature point will have a greater impact on 

its nearby feature points. Thus, the nearest K distance is selected 

after we sort the original distances. The hyper-parameters of 

neighbours (K) and samples (N) may affect recognition 

accuracy. Figure 4 shows an example. The Euclidean distance 

between N1 and N2-N16 is calculated first, and then the nearest 

K feature points are selected after we sort out the original 

distance and the details described in Section IV C. In particular, 

‘…’ represents the Euclidean distance between different nodes 

in Figure 4. In the following part, two main components of the 

proposed graph neural network SSGNN, namely SPAGNN and 

SPEGNN, will be introduced in detail. 

A. SPEGNN 

In order to convert image from spatial domain to 

spectral domain, Laplacian matrix should be used to 

construct a series of basis. Adjacency matrix A and degree 

matrix D can be calculated after matrix M is obtained. The 

adjacency matrix and degree matrix can be expressed as 

follows. 

𝐴𝑖,𝑗 = {
1 𝑖𝑓 𝑖 ∈ 𝑁𝑘[𝑗]
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

                          (2) 

𝐷𝑖,𝑖 = ∑ 𝐴𝑖,𝑗𝑗                                  (3) 

And then Laplacian matrix L can be calculated as 𝐿 = 𝐷 − 𝐴. L 

is a symmetric matrix since G is an undirected graph. Thus, 

eigenvalue decomposition of L can be calculated as 

𝐿 = 𝑉𝛬𝑉𝑇                              (4) 

where 𝑉  is the basis and 𝑉 = [𝑣1, 𝑣2, … , 𝑣𝑛] . Input can be 

converted from spatial domain to spectral domain using 𝑉 . 

Thus, Graph convolution can be calculated as (5). 

𝑥1 ∗ 𝑥2 = 𝐼𝐺𝐹𝑇(𝐺𝐹𝑇(𝑥1)ʘ𝐺𝐹𝑇(𝑥2))                   (5) 

 = 𝑉((𝑉𝑇𝑥1)ʘ(𝑉𝑇𝑥2)) 

     = 𝑉(𝑥1̃ʘ(𝑉𝑇𝑥2)) 

               = 𝑉(𝑑𝑖𝑎𝑔(𝑥1̃)(𝑉𝑇𝑥2)) 

            = (𝑉𝑑𝑖𝑎𝑔(𝑥1̃)𝑉𝑇) 𝑥2 

where GFT represents the graph Fourier transform and IGFT 

represents the inverse graph Fourier transform. 

Let 𝛬 =  𝑑𝑖𝑎𝑔(𝑥1̃), and then 

𝑦 = 𝑥1 ∗ 𝑥 = 𝑉𝛬𝑉𝑇𝑥 = 𝐿𝑥 

= 𝑉(∑ 𝑚𝑗𝛬𝑗𝐽
𝑗=1 )𝑉𝑇𝑥𝑗                            (6) 

 Finally, the convolution operation on the kth channel can be 

expressed as (7). 

𝐶𝑘,𝑗 = ℎ(𝑉 ∑ 𝑚𝑘,𝑗
𝜃 𝛬𝑘,𝑗𝑉𝑇𝑓𝑘−1

𝑗=1 𝑥𝑘,𝑗)                      (7) 

where 𝑚𝑘,𝑗
𝜃 𝛬𝑘,𝑗 = [

𝜃1 ⋯ 0
⋮ ⋱ ⋮
0 ⋯ 𝜃𝑁

] and h represents the rectified 

linear unit (ReLU) activation function. 𝑦𝑠𝑝𝑒 can be given as: 
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𝑦𝑠𝑝𝑒 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑒𝑙𝑢(𝑊𝑠𝑝𝑒𝐶𝑠𝑝𝑒 + 𝐵𝑠𝑝𝑒)))(8) 

 
(a)                                   (b) 

Fig. 5. Graph structure based on facial points, (a) an example of convolution in 

the spatial domain and (b) some graph structures, from top left to bottom right, 

the picture obtained from the website (Baidu image), CASME II, RAF and 

CASME II 

B. SPAGNN 

Emotions are produced by muscle movements, and the 

change in distance between feature points can be used to reflect 

the joint movement of the muscles. Similar to SPEGNN, feature 

points or pixels are selected from images randomly. In contrast 

to SPEGNN, convolution is operated in the spatial domain. 

Spatial convolution is operated on the neighbours of each node, 

which can obtain the features representation by aggregating 

neighbour nodes. Thus, We calculate all distances between each 

landmark (Ni to Nj, i≠j). The distance between N1 to Ni and N16 

to Nj is calculated as an example in Figure 5 (a), where i≠1 and 

j ≠ 16. After all distances are calculated, we may remove the 

connection except for the nearest K nodes. In Figure 5(b), a 

facial muscle image obtained from the website is used to 

visualize the relationship between the graph structure and facial 

muscles. Taking N16 as an example, convolution in the spatial 

domain can be expressed as: 

𝑂16 = ∑ 𝑤𝑖,16𝑥𝑖
16
𝑖=1                              (9) 

Where 𝑤  and 𝑥  represent weight and feature, respectively. 

Thus, convolution on the node v and n-channel convolution can 

be given by 

𝑂𝑣 = ∑ 𝑤𝑢,𝑣𝑥𝑢𝑢∈𝑀[𝑣]                            (10) 

𝑂𝑣,𝑛 = ℎ(∑ ∑ 𝑤𝑖,𝑛,𝑢,𝑣𝑥𝑢,𝑖)𝑢∈𝑀[𝑣]
𝑓𝑘−1
𝑖=1 (j=1…𝑓𝑘)              (11) 

where 𝑓𝑘−1 is the input vector and 𝑓𝑘 is the channel. Define 𝐶𝑘 

(k=1…K) as the kth feature map and 𝑁𝑘 = {𝑁𝑘,𝑖; 𝑖 = 1 … 𝑑𝑘−1} 

as the adjacent node for the node in 𝐶𝑘−1 for multi-layer spatial 

convolution operations. The multi-layer spatial convolution can 

be calculated as (12). 

𝑂𝑘,𝑣,𝑛 = ℎ(∑ ∑ 𝑤𝑘,𝑖,𝑛,𝑢,𝑣𝑥𝑘,𝑢,𝑖)𝑢∈𝑀[𝑣]
𝑓𝑘−1
𝑖=1 (j=1…𝑓𝑘,k=1…K)       

(12) 

Downsampling, such as maximum pooling and average 

pooling, is used to reduce the feature map after convolution. 

Expression is produced by muscle synergy. Thus, average 

pooling is used and is given as: 

𝑥𝑘+1,𝑛 = 𝑀𝑘𝑂𝑘,𝑣,𝑛                            (13) 

Finally, the convolution operation on the spatial domain can be 

expressed as: 

𝑦𝑠𝑝𝑎 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑒𝑙𝑢(𝑊𝑠𝑝𝑎𝑥𝑘+1,𝑛 + 𝐵𝑠𝑝𝑎)))(14) 

After we obtain the results of SPEGNN and SPAGNN, the final 

result can be obtained by fusing the results at decision level by: 

𝑦 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑦𝑠𝑝𝑒 , 𝑦𝑠𝑝𝑎) 

= 𝑎𝑟𝑔𝑚𝑎𝑥(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑒𝑙𝑢(WspeCspe + 𝐵𝑠𝑝𝑒)), 

𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑅𝑒𝑙𝑢(Wspaxk+1,n + 𝐵𝑠𝑝𝑎)))(15) 

IV. EXPERIMENTAL RESULTS 

A. Current datasets 

The duration of micro-expression is very short, with a small 

intensity in particular. Thus, micro-expression images are 

collected in a strictly controlled laboratory environment. On the 

other side, two methods are used to collect macro-expression 

datasets. One method collects data in the laboratory 

environment, such as CK+ [45] and JAFFE [46]. The other method 

collects data via the internet, such as RAF [47] and FER 2013[48]. 

Each method has shortcomings. The former has fewer 

environmental changes. Thus, image diversity is limited. The 

latter has many irrelevant interference items that cause poor 

quality. Some publicly available datasets are listed in detail in 

Table II. To evaluate the proposed algorithm, eight expression 

datasets are used, including four micro-expression datasets 

SMIC [49], SPOS [50], SAMM [51], and CASME II [52] and four 

macro-expression datasets RAF [47], TFEID [53], CK+ [45], and 

JAFFE [46]. The SMIC dataset is divided into three categories 

according to different classification criteria. The SMIC-

DETECT consists of two types of images: micro-expression 

and non-micro-expression. SMIC-VIS (visual camera), SMIC-

NIR (near-infrared) and SMIC-HS (high speed) are different 

types of recording equipment. SMIC-2CLASS and SMIC-

5CLASS have different labels. Similar to SMIC, SPOS contains 

two parts, SPOS-NIR and SPOS-VIS. These widely used 

datasets have imbalanced classes, and data augmentation is 

used to solve the problem. 
TABLE II 

SUMMARY OF PUBLICLY AVAILABLE DATASETS CONTAINING 

MACRO-EXPRESSIONS AND MICRO-EXPRESSIONS 

 DT EC RES FPS SAM C 

ME 

CASME 7 
640×480 

720×1,280 
60 195 V L 

CASME II 5 640×480 200 247 V L 

SMIC 3 640×480 100 164 V L 

USF-HD 6 720×1,280 29.7 100 V L 

SAMM 7 2040×1,088 200 159 V L 

Polikovsky 6 640×480 200 42 V L 

FE 

CK+ 7 48×48 I 593 I L 

JAFFE 7 256×256 I 213 I L 

TFEID 8 480×600 I 336 I L 

RAF 7 100×100 I 15,339 I W 

FER 2013 7 48×48 I 35,887 I W 

Oulu  6 320×240 I 2,880 I L 

AffectNet 8 224×224 I 450,000 I W 

*ME = micro-expression; FE = macro-expression; DT = 

dataset; EC = emotion classes; RES = resolution; SAM = 

samples; C = collection condition; V = videos; I = image; L = 

lab; W = web 

B. Data augmentation and hardware configuration  

Data augmentation techniques such as image rotation, image 

scaling, cutout, crop, edge detection, and Gaussian blur are 

effective methods to expand the original data distribution and 

increase sample diversity, which can solve the imbalanced class 

problem. Existing studies have shown that emotion 

classification accuracy is affected by posture, noise and 

brightness. In this study, a public data augmentation tool named 
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imgaug[54] is used. Data augmentation applied in this paper 

includes introducing image rotation within the range from -10° 

to 10°, image scaling within the range from 0.5 to 1.5 times, 

changing image brightness, adding Gaussian noise and 

changing the colour channels from RGB to HSV. 

The hardware configuration is an Intel (R) Core (TM) i7-

8750 CPU with 2.21 GHz and an NVIDIA GeForce GTX 1080 

GPU. The deep learning framework is TensorFlow 2.0. 

C. The influences of different neighbours and samples 

Neighbours (K) and samples (N) are two hyper-parameters 

that should be set, which may influence the accuracy of the 

model. Neighbours indicate the number of connections between 

this point and its surrounding K nodes. Nodes is the number of 

image sampling points. The influences of neighbours and nodes 

are tested using control variates. First, the number of 

neighbours is fixed, and nodes are changed. The results are 

given in Figure 6 (a). The results show that accuracy is affected 

by the number of nodes. It has a greater impact on macro-

expression than micro-expression because muscles change 

considerably when macro-expression occurs. Therefore, the 

synergy among muscles cannot be fully expressed since the 

number of nodes is insufficient. However, it is difficult to 

discover micro-expression of low movement intensity. In that 

case, a smaller number of nodes can describe the movement 

among muscles, and it has little effect on accuracy when the 

node number is reduced. The reason why the number of nodes 

increases and the classification accuracy decreases, such as 

JAFFE and SPOS, is that landmarks are used to characterize the 

cooperative movement of muscles under different expressions, 

and there are differences in equipment and the induced method. 

Therefore, there are differences between different datasets for 

the same expression. Feature points are added to the unrelated 

areas, which leads to a decline in accuracy. Changing the 

number of nodes has a greater impact on JAFFE macro-

expression and the SAMM micro-expression dataset, with the 

change in accuracy of 6.07% and 2.09%, respectively. 

 
(a) 

 
(b) 

Fig. 6. The influence of different neighbours and samples, (a) the influence of 

neighbours, (b) the influence of samples 

Next, the number of nodes is kept as constant, and the 

neighbours are changed. In Figure 6 (b), it can be found that 

accuracy decreases as the number of neighbours increases. The 

JAFFE macro-expression and SAMM micro-expression dataset 

have a greater influence, and the change in accuracy is 12.26% 

and 1.41%, respectively. Expression is due to the synergistic 

movement of muscles, and a single expression is only related to 

certain muscle movements. Irrelevant muscles may affect the 

expression as the number of connections increases between 

nodes and their neighbours, which affects classification 

accuracy. Macro-expression has a wide range, and the 

synergistic effect of muscle movement is obvious, so it will 

have a greater impact on macro-expression. 

In our hardware configurations, high accuracy can be 

obtained as the number of neighbours changes from 8 to 24 and 

the number of samples varies from 25% to 50% of the image 

resolution. The number of neighbours is fixed to 8, and the 

number of samples is set to 40% of the image resolution in the 

following experiments, which can avoid out-of-memory error. 

D. Evaluation of the proposed method 

It is difficult to detect micro-expressions than macro-

expressions. By exploring the existing research, we find that 

high accuracy cannot be obtained by using the same model to 

classify micro-expressions and macro-expressions. Large 

quantities of training data are needed to train the model.  
TABLE III 

MM-FER RESULTS IN DIFFERENT NUMBERS OF TRAINING DATA 

 Quantity of Training Data (ratio×A) 

DS Model 0.1×A 0.2×A 0.3×A 0.4×A 0.5×A 

TFEID 

SPAGNN 76.9 80.3 87.7 90.1 91.7 

SPEGNN 57.1 46.8 84.3 82.2 88.7 

SSGNN 77.9 81.4 88.7 92.3 92.7 

SMIC 

SPAGNN 71.7 80.2 86.2 91.2 92.7 

SPEGNN 41.7 80.4 43.3 42.9 41.4 

SSGNN 72.7 81.4 86.6 92.2 93.6 

SAMM 

SPAGNN 95.0 97.9 98.7 98.3 98.9 

SPEGNN 72.3 98.3 53.5 53.0 91.6 

SSGNN 96.2 98.5 99.0 98.9 99.1 

 Quantity of Training Data(ratio×A) 

DS Model 0.6×A 0.7×A 0.8×A 0.9×A 1.0×A 

TFEID 

SPAGNN 91.9 92.1 91.2 94.1 100.0 

SPEGNN 88.2 85.2 89.7 47.1 96.7 

SSGNN 92.9 93.1 92.2 95.1 100.0 

SMIC 

SPAGNN 91.9 94.6 94.9 95.7 97.1 

SPEGNN 99.6 42.0 97.8 100.0 97.7 

SSGNN 99.8 95.2 97.9 100.0 98.3 

SAMM 

SPAGNN 99.1 99.6 99.4 99.4 99.9 

SPEGNN 99.7 69.1 99.8 55.2 91.8 

SSGNN 100.0 100.0 100.0 100.0 100.0 

DS=Datasets; A=total number in each dataset 
SSGNN has a strong reasoning ability and can obtain higher 

accuracy in the case of less training data. Researchers focus on 

spatial and temporal domain features. In contrast to previous 

work, SSGNN consists of SPAGNN and SPEGNN, which are 

used to extract spatial and spectral domain features, 

respectively. First, two micro-expression datasets and one 

macro-expression dataset were used to discuss the contribution 

of spatial and spectral features to recognition accuracy under 

different quantities of training data. Each dataset is divided into 
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three parts: training data, testing data and validation data. 

Validation data is used to ensure that the network does not 

overfit too quickly on the training data. In addition, different 

numbers of training data is used to train the model to test the 

effectiveness with few training data, and all testing data are 

used to test the model. The training ratio (TR) is set to control 

the number of training data, TR is set from 0.1 to 1.0. 

As seen in Table III, the accuracy of the SPAGNN increases 

as the training data increase. Similar to CNN, as the quantity of 

training data increases, the accuracy of the spatial model 

increases. High accuracy is obtained in the case of less training 

data with a short training time, which is different from CNN. 

Compared with using only SPAGNN and SPEGNN, the 

classification accuracy can be improved by combining them, 

which proves that each model contributes to the performance of 

the SSGNN model. The results can be seen in Table IV. Taking 

the TFEID results as an example, as 10% of the training data 

were used, the accuracies of SPAGNN and SPEGNN are 76.9% 

and 57.1%, respectively. While SSGNN can improve the 

accuracy to 77.9%. Thus, both SPAGNN and SPEGNN 

promote the performance of the model, and the contributions of 

SPAGNN and SPEGNN are 20.8% (77.9% - 57.1%) and 1% 

(77.9% - 76.9%), respectively. The same regularity can be 

found on other datasets with different quantities of training data. 

The SPAGNN model has a greater contribution than SPEGNN. 
TABLE IV 

THE CONTRIBUTION OF SPAGNN AND SPEGNN 

 Quantity of Training Data (ratio×A) 

DS Model 0.1×A 0.2×A 0.3×A 0.4×A 0.5×A 

TFEID 
SPAGNN 20.8 34.6 4.4 10.1 4 

SPEGNN 1 1.1 1 2.2 1 

SMIC 
SPAGNN 31 1 43.3 49.3 52.2 

SPEGNN 1 1.2 0.4 1 0.9 

SAMM 
SPAGNN 23.9 0.2 45.5 45.9 7.5 

SPEGNN 1.2 0.6 0.3 0.6 0.2 

 Quantity of Training Data (ratio×A) 

DS Model 0.6×A 0.7×A 0.8×A 0.9×A 1.0×A 

TFEID 
SPAGNN 4.7 7.9 2.5 48 0 

SPEGNN 1 1 1 1 3.3 

SMIC 
SPAGNN 0.2 53.2 0.1 0 0.6 

SPEGNN 7.9 0.6 3 4.3 1.2 

SAMM 
SPAGNN 0.3 30.9 0.2 44.8 8.2 

SPEGNN 0.9 0.4 0.6 0.6 0.1 

Next, more micro-expression and macro-expression datasets 

were used to verify the superiority of SSGNN in different 

quantities of training data. Figures 7 (a) to (f) show the results, 

where (a) and (b) are the SPEGNN results, (c) and (d) are the 

SPAGNN results, and (e) and (f) are the SSGNN results. The 

results show that 81.25% (13/16) of the datasets can obtain the 

highest accuracy when total data are used to train the SPAGNN 

model. In contrast to the SPAGNN model, the highest accuracy 

can be obtained under a lower ratio using SPEGNN. This is 

especially true for the SPOS-NIR dataset, which can achieve 

89.91% accuracy when 1/5 of the total samples are taken as the 

training data. Moreover, the SSGNN model can obtain high 

accuracy in recognizing both macro-expressions and micro-

expressions without any changes in the network structure. 

SPEGNN is sensitive to changes in posture and illumination. 

When we remove the images with large posture changes, the 

accuracy is improved by 3% to 5%. The proposed method 

performs better than most existing models.  

 
(a) 

 
(b) 

 

(c) 

 

(d) 
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(e) 

 

(f) 

Fig. 7. Accuracy of the proposed method on different numbers of training data: 

(a)(b) SPEGNN, (c)(d) SPAGNN, (e)(f) combined SPEGNN and SPAGNN 

All training curves under different quantities of training data 

were derived during the training process. Parts of the training 

curve are shown in Figure 8. (a) to (d) are the training and 

validation result curves when 20%, 50%, 70% and 100% 

training data are used to train the model. An interesting 

phenomenon was discovered in the process of observing the 

training and validation curve. The results show that the initial 

loss is different for different quantities of training data and that 

the loss is higher when there is less training data. However, it 

can eventually converge and obtain high accuracy. The details 

of the initial loss change with different training data for all 

datasets are shown in Figure 9. The tendency of the initial loss 

decreases as the training data increase. 

 
(a) 

 
(b) 

 

(c) 

 
(d) 

Fig. 8. The training and validation curves for the SMIC-NIR dataset, from (a) 

to (d), show that the numbers of training data points are 20%, 50%, 70% and 

100% of the total number, respectively. 

 
Fig. 9. Initial loss with different quantities of training data 

 

(a)                           (b)                         (c) 

 

(d)                           (e)                         (f) 
Fig. 10. Clustering of features: (a), (b), (c) and (d) are the CASME II 68, 

CASME II 1600, CK+ 250 and JAFFE 1600 feature point clustering results, 

respectively, (e) and (f) are the CASME II 36000 feature point clustering result 

and its original image 

Visualization can be used to help understand the learning 

process of the model. Some results are shown in Figure 10. 

Different coloured points represent different weights learned 

from the proposed model. Dlib is a modern toolkit containing 

many image processing algorithms. It is used in both industry 

and academia in a wide range of domains. In this paper, Dlib 

was used to detect 68 facial points on the CASME II dataset, 

and the results are shown in Figure 10 (a). Differ from Figure 

10 (a), the original image was selected as input, and pixels were 

selected randomly as nodes. The results can be seen in Figure 

10 (b) to (d). As shown in Figure 10 (e) and (f), the pixel colours 
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in the five sense organs are significantly different from other 

facial regions, which proves that features can be learned 

effectively. According to the experiment, the face contour can 

be visualized as enough pixels are selected. Features in different 

expressions can be learned as few pixels are selected, although 

the face contour cannot be visualized. 

E. The performance of expression recognition under different 

types of input and recorder 

Compared with macro-expression, micro-expression has a 

short duration and low intensity, therefore some studies used a 

high speed (HS) camera to capture the micro-expression 

database. Existing algorithms have better classification 

accuracy for high-resolution micro-expression images collected 

by HS cameras. Visual cameras are used for practical system 

applications, such as e-learning and driving assistance. It is 

difficult to detect micro-expressions because the cameras are 

low-speed. The SMIC and SPOS databases are used to test the 

performance in different acquisition equipments, such as a 

visual camera (VIS), near-infrared camera (NIR) and HS. 

Tenfold cross validation is used as the test method, and the 

results are shown in Table V. 
TABLE V 

MM-FER RESULTS IN DIFFERENT TYPES OF RECORDERS 

DATASET EQUIPMENT MODEL ACCURACY (%) 

SMIC 

HS 
SPAGNN 98.55 
SPEGNN 81.45 
SSGNN 99.10 

VIS 
SPAGNN 93.70 
SPEGNN 82.30 
SSGNN 94.20 

NIR 

SPAGNN 74.39 

SPEGNN 61.34 

SSGNN 76.78 

SPOS 

VIS 
SPAGNN 97.85 
SPEGNN 73.56 
SSGNN 98.13 

NIR 
SPAGNN 90.93 
SPEGNN 70.16 
SSGNN 92.98 

As seen in Table V, the highest accuracy can be obtained 

using HS equipment. HS equipment can capture more images 

with micro-expression changes. The second-highest accuracy 

can be obtained using VIS equipment, followed by using NIR 

equipment. SSGNN exceeds the effort of using each single 

model. 

Image resolution and background may also affect facial 

expression recognition performance. Reducing irrelevant areas 

in the images can effectively improve facial expression 

recognition accuracy[32][33]. The CASME II, SAMM and JAFFE 

datasets are used to test the performance under different image 

resolutions and the influence of reducing irrelevant 

backgrounds. The above three datasets have a common 

characteristic, that is, all facial region images are in the frontal 

direction. Original images in CASME II and SAMM include 

many factors that are not relevant to expression recognition. 

Therefore, the face area is extracted by the face detection 

algorithm, and 68 landmarks are detected in the CASME II 

dataset using dlib[56]. The image resolution of the SAMM 

dataset is reduced to half of the original image due to its large 

resolution. Tenfold cross validation is used, and the results are 

shown in Table VI. The results show that the classification 

accuracy is slightly affected by whether the input is the original 

image or facial region image. However, the accuracy changes 

greatly when inputting the landmark position. The reasons are 

as follows. First, the original image removes the image 

background and some irrelevant information, which has less 

impact on the facial region. Second, the intensity of micro-

expression is low, and a small number of muscles move when 

micro-expression occurs. There is a deviation in landmark 

position, which cannot reflect muscle movement correctly. 

Finally, different expressions are related to specific muscles. 

The movement of muscles has a greater impact on their 

surroundings, and it has less impact on the farther parts. Each 

landmark is far from other landmarks when 68 landmarks are 

used to build the graph model, which cannot reflect the 

relationship between each landmark. 
TABLE VI 

MM-FER RESULTS ON DIFFERENT DATA TYPES 

DS DT Res SPE (%) SPA (%) SS (%) 

CA 
68p ------ 48.91±6.73 81.97±2.68 83.06±1.68 

FC 400×400 95.49±7.39 99.7±0.01 99.80±0.01 

SA 
Or 480×325 78.89±15.38 97.49±2.44 98.86±1.68 

FC 400×400 82.73±14.51 95.57±1.23 96.08±0.78 

JA 
Or 256×256 48.55±17.47 62.21±7.59 65.73±6.89 

FC 150×150 53.61±16.47 63.51±11.5 64.38±10.25 

DS = datasets; DT = datatype; Res = resolution, SPE = SPEGNN; SPA = 

SPAGNN; SS = SSGNN; FC = face crop, Or = original, 68p = 68 points; CA 

=CASME II, SA =SAMM, JA = JAFFE. 

F. The comparison results with other methods 

CK+ has been widely used to test the performance of GNN 

models[24][25][26][27]. Except for CK+, tenfold cross validation 

was used to test the performance of seven other datasets, 

including three macro-expressions datasets JAFFE, TFEID, 

RAF and four micro-expression datasets CASME II, SMIC, 

SAMM, and SPOS. The results can be seen in Figure 11. The 

average accuracy (red line, avg) and variance (bar, sigma) can 

be seen in Figure 11, which means that the maximum and 

minimum accuracies are avg+ sigma and avg- sigma, 

respectively. Variance can reflect the differences between 

different models in detail. Taking SpaSmic (5 classes) and 

SpaSamm (original) as an example, the two models have almost 

the same accuracy, whereas the latter has a larger variance, 

which proves that the former model is more robust. The 

experimental results show that SSGNN is effective in 

classifying macro-expressions and micro-expressions with high 

accuracy and low variance. SSGNN has good performance 

compared to each single network, and the model is more robust 

with high accuracy. 

The proposed algorithm is compared with existing 

algorithms on different expression datasets, and the result can 

be seen in Table VII. The test method of each algorithm 

includes leave-one-subject-out (LOSO) and k-fold cross 

validation (k-fold, k = 5,8,10). 

Analysing Table VII, we can see that the proposed method 

can classify both macro-expression and micro-expression 

accurately on multiple types of datasets under the same network 

structure. Except CK+ and RAF, best performance can be 
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obtained by the proposed SSGNN, especially for micro-

expression datasets. For CK+ dataset, the accuracy of proposed 

algorithm is slightly lower than [26], but our model has a 

smaller variance (0.53%). There is a gap with [62] for RAF 

dataset. They assign each sample more than one labels with 

human annotations or model predictions. Whereas, we did not 

perform other processing on the original data except data 

augmentation. Therefore, the proposed algorithm is more 

universal, rather than obtain good performance on a specific 

dataset. 

 
(a) 

 
(b) 

 
(c) 

Fig. 11. MM-FER results, (a) SPEGNN, (b) SPAGNN, (c) SSGNN 

G. Cross-dataset and mixed-dataset analysis 

First, a cross-dataset experiment is conducted to confirm the 

generalization performance of the proposed model. Since the 

inducing and collecting environments for micro-expressions are 

different. Thus, this experiment can also be used to verify the 

differences in micro-expression between different datasets. The 

‘cross-dataset’ represents using images from one dataset to train 

the model, and using images from other datasets test the model. 

Different datasets have different categories of expressions. For 

example, CASME II, SPOS and SMIC-5CLASS are divided 

into 7, 6 and 5 categories, respectively. Therefore, in our 

experiment expressions are redivided into 3 categories: 

negative, positive and surprise. Contempt, anger, disgust, 

repression, fear and sadness are classified as negative 

expression, and happiness is classified as a positive expression. 

The results can be seen in Figure 12. The rows represent the 

training dataset, and the columns represent the test dataset. The 

experimental results indicate that the model has better 

generalization performance and robustness. The variance and 

mean accuracy of the cross-validation model are calculated, and 

the results show that the SMIC-HS cross-validation model can 

obtain the highest accuracy of 58.51%. However, the SMIC-

VIS cross-validation model can obtain a minimum variance of 

4.5864, with the accuracy of 55.50%, which indicates that this 

model has the smallest difference from other datasets within the 

range of acceptable accuracy. Although cross-validation 

accuracy on other datasets drops significantly compared to its 

own, it also exceeds most existing algorithms. 

A preliminary analysis on the low accuracy of the cross 

validation when tested on other datasets is described below. 

When collecting micro-expression images using volunteers, 

three different factors may occur. First, the intensity of micro-

expressions may differ due to different induced videos. Second, 

different micro-expression datasets are collected by different 

equipment. Thus, the image quality may be affected by the 

resolution and frame rate of the acquisition equipment due to 

the short duration of micro-expressions. Third, human factors 

are introduced when selecting micro-expression clips. Finally, 

a redivided error may occur as categories are different in each 

dataset. To further explain the phenomena, more detailed 

research should be conducted to identify the specific 

differences in each micro-expression dataset. 

 
Fig. 12. Confusion matrixes for cross-dataset experiments 

 
Fig. 13. Confusion matrixes for mixed-dataset experiments 

Finally, an experiment was conducted to test the performance 

when the model is trained on mixed datasets. The ‘mixed 

dataset’ represents macro-expressions, and micro-expression 

images are mixed to train the model. There are differences in 

the categories between datasets. Thus, six categories are 

selected among CK+, JAFFE, SMIC, CASME II and SPOS, 
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which consist of two macro-expressions datasets and three 

micro-expression datasets. Avg and sigma are used to evaluate 

the mixed-dataset performance of SSGNN. The avg of tenfold 

cross validation is 96.49%, and sigma is 0.65. Confusion 

matrixes can be seen in Figure 13. The rows and columns 

represent true and predicted labels, respectively. 

Due to the obvious differences in duration and intensity, most 

existing algorithms cannot use the same pre-processing method 

between macro-expressions and micro-expressions. The reason 

why SSGNN outperform most existing algorithms is that the 

key information can be more efficiently expressed by the same 

graph and only the location features are different under the same 

graph structure, which can recognize both macro-expressions 

and micro-expressions in the same model.  

 

V. CONCLUSIONS AND FUTURE WORK 

In this study, SSGNN is proposed to recognize both macro-

expressions and micro-expressions without changing the 

network structure, by combining spectral and spatial domain 

features. SPEGNN can achieve high classification accuracy 

with less training data, but the model is unstable. The accuracy 

increases as the quantity of training data increases. Jointly using 

the spectral and spatial information extracted by SPAGNN and 

SPEGNN can largely improve the MM-FER performance when 

the training sample is limited, and improve the stability of the 

model. For instance, on the SAMM dataset, an accuracy of 

98.3% is obtained when only 20% of the total training data are 

used to train the model. The proposed method outperformed 

many existing works, especially on micro-expression 

classification. The initial loss of the model will decrease as the 

quantity of training data increases. The stability of the model is 

affected by the quantity of training data, whereas it has less 

impact on the convergence of the model. Two hyper-

parameters: the number of neighbours and the samples have a 

great effect on the accuracy of macro-expression classification. 

It increases the computational time and memory as the selected 

hyper-parameters are too large. A satisfactory classification 

result can be obtained as the number of neighbours is between 

8 and 24, and the samples are selected between 25% and 50% 

of the total image pixels according to different hardware 

configurations. The proposed method can recognize micro-

expression acquired by various sensors with higher accuracy 

under different image resolutions and sensor types than the 

state-of-the-art methods. Moreover, the proposed method has 

good generalization capability, which can be used to discover 

the relationship between emotions and graph structure. 

The proposed method has great significance for macro-and 

micro-expression recognition from different views. However, 

how to discover the relationship between emotion and graph 

structure in the case of non-frontal faces is still a question to be 

solved. SPEGNN has good generalization, but it is sensitive to 

features; for instance, on the SPOS-NIR dataset, an accuracy of 

39.79% is obtained, as all training data are used to train the 

model. Some feature vectors have a great negative impact on 

classification accuracy. In the future, research may be 

conducted on the following three aspects. First, the maximum 

function is used to combine the results from SPAGNN and 

SPEGNN, and further exploration will be carried out on the 

definite contributions of spectral and spatial features to the 

classification results. Second, whether the feature vectors can 

be extracted accurately in the spectral domain will have a great 

impact on the model. Therefore, how to judge the quality of the 

extracted feature vectors and reduce its negative impact on the 

SPEGNN model will be investigated. Third, in this study, only 

single image is considered, and videos are processed frame by 

frame. Studies will be conducted on expression recognition 

from video sequences, which utilizes information in spatial, 

spectral and temporal domains. 
TABLE VII 

MM-FER RESULTS COMPARED WITH OTHER ALGORITHMS 

Dataset Method Accuracy Dataset Method Accuracy Dataset Method Accuracy Dataset Method Accuracy 

SMIC 
(micro) 

Lu[61] 82.86 
CASME 

II  

(micro) 

Liu[59] 67.37 

CK+ 
(macro) 

Yang[58] 97.30 

JAFFE 

(macro) 

Xie[24] 54.30 

Li[60] 81.69 Li[60] 67.21 Li[57] 96.80 Zavaschi[64] 95.00 

Liu[59] 80.00 Huang[72]  59.51 Xie[24] 75.87 Wang[65] 91.47 

Pfister[30] 71.40 SSGNN 99.50 Zhou[27] 98.63 Liu[66] 93.66 

SSGNN 98.89 
SPOS 

(micro) 

Pfister[55] 72.00 Liu[26] 99.54 Zhang[67] 71.58 

SAMM 

(micro) 

Davison[43] 91.52 Wang[71] 76.07 Xu[25] 95.85 SSGNN 96.02 

Xia[41] 83.60 SSGNN 98.13 SSGNN 99.40 
TFEID 

(macro) 

Turan[69] 93.66 

Wang[63] 64.7 RAF 
(macro) 

Zeng[62] 86.77 TFEID 

(macro) 
Zhang[67] 95.00 Subramanian[70] 71.58 

SSGNN 98.86 SSGNN 60.09 Xie[68] 91.47 SSGNN 96.02 
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