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 This paper presents a fuzzy min-max deep neural network (FMMDNN) for 

facial emotion recognition (FER). The fuzzy min-max neural network 

(FMMNN) will replace the classification layer in the convolutional neural 

network (CNN). The fuzzy min-max (FMM) exhibits appealing features 

such as online adaptation, fast training, interpretability, and noise robustness. 

The fully connected softmax layer in the CNN is replaced by the FMMNN, 

where hyperboxes will be created and used for classification purposes. The 

FER2013 dataset is used to test the performance of the proposed method. 

The empirical results show that adding an FMMNN layer to the CNN 

network improves the performance. 
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1. INTRODUCTION 

The pursuit of linking human communication with machine systems has driven artificial intelligence 

development and improvements in human-computer interaction within an electronic world [1]–[5]. The 

advancement of facial emotion recognition (FER) enables this research to interpret human emotional signals 

which stand as a core component of this work. Researchers, together with technologists use facial expression 

data to achieve machine-based human emotion perception and understanding so machines can respond 

empathetically in human-machine interactions [6]. Multiple professional sectors along with operational areas 

receive implications from the research findings. Applying modern technology to human-computer interaction 

would render systems capable of interpreting human emotions and creating responses with increased  

natural understanding.  

FER functions as a vital field for human-computer interaction and affective computing since it helps 

numerous industries, including healthcare, education, and entertainment companies, run their operations. 

Taxonomic research in FER generates automatic methods that analyze facial expressions to discover 

emotional states in humans effectively [7]. FER methods during their initial stage extracted specific facial 

features based on manual face landmarks such as eye-to-eye and eye-to-nose-to-mouth distances. The facial 

feature extraction process depended on principal component analysis (PCA) and local binary patterns (LBP), 

among other techniques, to extract data, which then required classification [8]. These techniques 

demonstrated exciting progress until they failed to deliver expected results when faced with shifting lighting 

conditions, different head positioning, and partial obscuration of specific face areas. 

https://creativecommons.org/licenses/by-sa/4.0/
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With the introduction of deep learning, it has become the backbone of artificial intelligence as we 

know it today. It has found its way to FER and gave significant results because the features are extracted as 

part of the deep learning structure, and this made the network immune to the noise available in the images. 

One of the most commonly used deep learning paradigms is convolutional neural network (CNN) [9]–[12]. 

However, the standard architecture of a CNN for classification typically ends with one or more fully 

connected layers, followed by a softmax activation function. While powerful, this approach has known 

limitations such as overconfidence in predictions. The softmax produces a probability distribution that always 

sums to 1, often yielding high confidence even for ambiguous or out-of-distribution samples [13]. The 

second limitation is the fact that the fully connected layers are considered as black boxes, making any attempt 

to explain the solution impossible. Finally, CNNs are unable to handle ambiguity and uncertainty, which is 

especially concerning in the FER dataset, where an expression can lie between "happy" and "surprise," or be 

a blend of multiple emotions. The crisp, determined nature of softmax does not model this uncertainty well, 

resulting in lower-than-expected testing accuracy. 

In this paper, the fuzzy min-max neural network (FMMNN) [14]–[17] is introduced to replace the 

softmax layer in the CNN to solve the shortcomings of the softmax fully connected layer. The fuzzy min-max 

deep neural network (FMMDNN) will use the CNN ability to extract features and will be trained by these 

features. In the literature, different studies introduced fuzzy min-max (FMM) in deep learning [16]–[18]. In 

this paper, the learning ability of FMMNN is used as the fully connected network in the CNN. The details of 

the proposed network are presented in the next section. The proposed model led to a model that is more 

interpretable, better at quantifying uncertainty, and potentially more robust to the noisy and ambiguous labels 

found in datasets like FER2013. 

The remainder of the paper is organized as follows. Section 2 presents the methodology that 

contains the CNN network along with the FMM network in order to create the FMMDNN. The results and 

discussion are presented in section 3. Lastly, section 4 presents the conclusion of this work. 

 

 

2. METHOD 

One of the most used deep learning neural networks is the CNN, this network automatically extracts 

the features without any human supervision [19]. In CNNs, features are learned directly from the data during 

the training process, reducing the need for manual preprocessing of the input data. In fact, this feature is for 

deep learning techniques in general. CNNs learn hierarchical representations of data, starting from simple 

features (like dots and lines) in the initial layers to more complex features (like shapes and objects) in deeper 

layers. This allows CNNs to effectively capture complex patterns in data like images and videos. Figure 1 

presents the different layers involved in building a CNN [19]. 

 

 

 
 

Figure 1. Hierarchical structure of CNNs 

 

 

In addition, CNNs reuse the same filters across the entire image, significantly reducing the number 

of features to be learned compared to traditional neural networks. Through their pooling layers, CNNs can 

recognize patterns regardless of their position in the image. This is particularly useful for tasks like object 

detection and image classification. They also reduce the size of data representations, decreasing 

computational complexity and increasing efficiency. Another important feature is parallelization, as CNNs 

can process multiple pixels simultaneously due to their architecture, leading to faster training times  
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compared to sequential data processing methods. This feature is a significant advantage when dealing with 

large datasets [19]. 

In a CNN, the input layer first receives the raw data (the main type of input data) provided to the 

model. This layer simply passes the image to the next layer without any computations, but it must be adjusted to 

accommodate the image properties (such as height, width, and number of channels) as these properties must be 

uniform. Then, the image is fed into the convolution layer, which performs a convolution operation between the 

image and one or more filters (also called kernels) to result in a feature map containing the automatically 

extracted features. The input images can have one or more channels, and the filters have the same number of 

channels (each filter has a channel for each channel in the input image). The image and the filter, meaning each 

channel in the image with its corresponding channel in the filter, are considered. Both the image and the filter 

are treated as two-dimensional matrices, where the image matrix represents pixel values, and the filter matrix 

contains weight values. The filter matrix is typically much smaller in height and width. In the convolution 

operation, the filter slides over the image one stride at a time from the beginning of the image (the top-left 

corner) to the end of the row, then starts again from the beginning of the row one stride below the previous 

position, and continues until it has gone through the entire image, as shown in Figure 2. 

 

 

 
 

Figure 2. The positions of a 3 × 3 filter on a 5 × 5 image with a 2 × 2 stride 

 

 

This requires precision in calculating the dimensions of both the filter and the stride so that they fit 

the input image dimensions. Assuming that the dimensions of the input image are 𝐼ℎ × 𝐼𝑤, the dimensions of 

the filter are 𝐹ℎ × 𝐹𝑤, and the dimensions of the stride are 𝑆ℎ × 𝑆𝑤, the feature map will be a 𝑀ℎ × 𝑀𝑤 matrix 

as shown in (1) and (2). 

 

𝑀ℎ =
𝐼ℎ−𝐹ℎ

𝑆ℎ
+ 1 (1) 

 

𝑀𝑤 =
𝐼𝑤−𝐹𝑤

𝑆𝑤
+ 1 (2) 

 

These two amounts must be natural numbers. Otherwise, padding the input image may be needed (change its 

dimensions by adding zeros around it). Additionally, each stride dimension must not be greater than its 

corresponding filter dimension to ensure that all parts of the input image are passed through. Each entry in 

the mentioned matrix corresponds (in order) to one of the positions through which the filter passes. At each 

position the filter passes through during its striding, an entry-wise product is performed between the filter and 

the corresponding patch of the image. The entry-wise product operation between two matrices of identical 

dimensions is performed as (3). 

 

[

𝑎11 𝑎12 𝑎13

𝑎21 𝑎22 𝑎23

𝑎31 𝑎32 𝑎33

] × [

𝑏11 𝑏12 𝑏13

𝑏21 𝑏22 𝑏23

𝑏31 𝑏32 𝑏33

] = [

𝑎11𝑏11 𝑎12𝑏12 𝑎13𝑏13

𝑎21𝑏21 𝑎22𝑏22 𝑎23𝑏23

𝑎31𝑏31 𝑎32𝑏32 𝑎33𝑏33

] (3) 

 

Then, all the values resulting from the entry-wise product operations are summed with a different value for 

each filter, called the bias, to produce the corresponding entry of the feature map. So, if 𝑋 is the input image, 

W is the filter, and 𝑏 is the bias, then every entry of the feature map 𝑌 is computed as in (4). 

 

𝑌𝑚,𝑛 = ∑ ((𝑊𝑖,𝑗,𝑘)(𝑥𝑚+𝑖,𝑛+𝑗,𝑘))𝑖,𝑗,𝑘 + 𝑏 (4) 

 

The output of the convolution layer is a set of feature maps, one for each filter. These feature maps 

highlight the different features learned from the input image. On the other hand, the filters are learnable 

parameters (like weights in artificial neural networks). The multiple filters learn different patterns  
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(detect different features). An activation function is applied after the convolution layer, adding non-linearity 

to the model. One common activation function used in CNNs is the sigmoid (𝜎), which is used in the context 

of binary classification and probabilistic interpretation tasks, where it transforms its input into an output in 

the range of 0 to 1, based on (5). 

 

𝜎(𝑥) =
1

1+𝑒−𝑥 (5) 

 

Of course, the inputs to these functions are the feature maps from the previous convolution layers, 

which are matrices. So, these functions are applied to each entry of the input matrix. The output is then 

passed to the pooling layer, which reduces the size of the data to decrease the complexity of the model and 

increase its efficiency and resistance to small variations in the input images. Max pooling, which selects the 

maximum value from a specific region (called a window), is commonly used. The concept of stride is also 

present here, with the only difference being that the window replaces the filter, as shown in Figure 3. 

 

 

 
 

Figure 3. Max pooling with a 2 × 2 window and a 2 × 2 stride 
 

 

A sequence of convolution layer, activation function, and pooling layer is usually repeated more 

than once in CNNs, immediately after the input layer. But instead of the raw images, the input of each 

subsequent convolution layer is the output of its previous layer, which will be one or more feature maps. 

Additionally, multiple feature maps are treated as channels of a single input image when fed into a 

convolution layer. After them comes the role of the flattening layer to convert the multi-dimensional input 

matrices into vectors, as shown in Figure 4. 

 

 

 
 

Figure 4. The fully connected layer 

 

 

In this paper, the fully connected network is a FMMNN, replacing the original softmax network. 

The FMMNN requires a fixed-size feature vector in order to ensure consistent results within the dataset. For 

this to be implemented, a feature vector of 256 is used. This is done by ensuring that the global average 

pooling (GAP) layer has a size of 256, as shown in Table 1. 

The feature vector has a fixed length of 256, and this is fed to the FMM for training. The FMM was 

introduced in 1992 [14], [15]. FMM creates fuzzy hyperboxes as decision regions. Each class is represented 

by one or more hyperboxes in the feature space depending on a predefined hyperbox size. Hyperboxes are 

described by minimum and maximum points. A membership function then quantifies how much a given 
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sample belongs to each hyperbox, hence to each class. The membership value for an input pattern is said to 

be one if it is fully contained within the hyperbox. The definition of each hyperbox fuzzy set 𝐵𝑗  is as in (6). 

 

𝐵𝑗 = {𝑋, 𝑉𝑗, 𝑊𝑗 , 𝑓(𝑋, 𝑉𝑗, 𝑊𝑗)} ∀𝑋 ∈ 𝐼𝑛 (6) 

 

Where 𝑊𝑗 and 𝑉𝑗 are max and min points, respectively. A hyperbox in three dimensions is shown in Figure 5. 

 

 

Table 1. Detailed configuration of the CNN feature extractor 
Layer type Kernel/pool size Stride Output shape Parameters Purpose 

Input N/A N/A 48 × 48 (1 feature map) 0 Input image (grayscale) 

Conv1 3 × 3 1 48 × 48 (32 feature map) 320 Initial feature detection 

Conv2 3 × 3 1 48 × 48 (32 feature map) 9,248 Deepens feature map 
MaxPool1 2 × 2 2 24 × 24 (32 feature map) 0 Downsampling and translation invariance 

Conv3 3 × 3 1 24 × 24 (64 feature map) 18,496 Increased feature complexity 

Conv4 3 × 3 1 24 × 24 (64 feature map) 36,928 Deepens feature map 
MaxPool2 2 × 2 2 12 × 12 (64 feature map) 0 Further downsampling 

Conv5 3 × 3 1 12 × 12 (128 feature map) 73,856 High-level feature extraction 

Conv6 3 × 3 1 12 × 12 (128 feature map) 147,584 Deepens feature map 
MaxPool3 2 × 2 2 6 × 6 (128 feature map) 0 Final spatial reduction 

Conv7 3 × 3 1 6 × 6 (256 feature map) 295,168 Final feature map generation 

GAP 6 × 6 N/A 256 feature map 0 Interface to FMMNN 256 feature map 

 

 

 
 

Figure 5. A three-dimensional hyperbox 
 

 

The combined fuzzy set classifying the Kth pattern class, 𝐶𝑘, is defined by applying the definition of 

a hyperbox fuzzy set as in (7). 
 

𝐶𝑘 = ∪ 𝐵𝑗𝑗∈𝐾  (7) 

 

Where 𝐾 is the number of set hyperboxes linked to class 𝑘. The index set of those hyperboxes associated 

with class 𝑘. A key aspect of this method involves identifying and adjusting class boundaries, as depicted  

in Figure 6. 
 

 

 
 

Figure 6. The decision boundary created by FMM 
 

 

In FMM, if two hyperboxes of the same class overlap, nothing will happen, on the other hand if 

overlapping occurs between different classes, then a contraction process is initiated. The degree to which a 

pattern belongs to a hyperbox is measured by the membership function 𝑏𝑗(𝐻ℎ). The membership function is 

defined as (8). 

max point  

min point  
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𝑏𝑗(𝐴ℎ) =
1

2𝑛
∑ [𝑚𝑎𝑥(0,1 − 𝑚𝑎𝑥(0, 𝛾 𝑚𝑖𝑛(1, 𝑎ℎ𝑖 − 𝑤𝑗𝑖)))𝑛

𝑖=1 + 𝑚𝑎𝑥(0,1 − 𝑚𝑎𝑥(0, 𝛾 𝑚𝑖𝑛(1, 𝑣𝑗𝑖 − 𝑎ℎ𝑖)))] (8) 

 

The contraction and expansion processes use the learning algorithm in FMM. The learning process 

in FMM is a supervisor process where a pair of input vectors and an associated class is given {𝑋ℎ, 𝑑ℎ}. The 

learning process begins by creating new hyperboxes for each class, as the training patterns are presented to 

the network, either new hyperboxes are created of the current hyperboxes are expanded and contracted. This 

is controlled by the size of the hyperbox and the number of classes the data is associated with. The expansion 

criteria is restricted by a requirement that as in (9). 

 

𝑛𝜃 ≥ ∑ (max(𝑤𝑗𝑖 , 𝑥ℎ𝑖) − min(𝑣𝑗𝑖 , 𝑥ℎ𝑖))𝑛
𝑖=1  (9) 

 

Where 0 ≤ 𝜃 ≤ 1 is the hyperbox size. Should no hyperbox be found to meet the expansion criteria, a new 

hyperbox is created in the network. Classes can be formed that aren't linearly separable through this growth 

process. New classes can be added without retraining. Overlapping is a possibility when expansion is 

presented. To solve this issue, an overlap test is conducted, and if the overlap occurred between different 

classes, then contraction is done; otherwise, there is no need to perform any operation. Algorithm 1 shows the 

pseudo code for the FMMNN.  

 

Algorithm 1. Pseudo code for the FMMNN 
Step 1: Initialization 

Initialize an empty hyperbox set ℋ = ∅  
Step 2: For each training sample(𝑥, 𝑐) ∈ 𝐷 
            Membership Evaluation: Compute membership value of 𝑥to all hyperboxes in ℋthat 

belong to class 𝑐 
            Hyperbox Selection: Select the hyperbox ℎ∗with the highest membership value 

            Expansion Check: If expanding ℎ∗with 𝑥satisfies the size constraint: 

max(𝑣𝑗
𝑛𝑒𝑤 − 𝑢𝑗

𝑛𝑒𝑤) ≤ 𝜃∀𝑗  
            then expand the hyperbox, else, create a new hyperbox with  

                                                             𝑢 = 𝑥, 𝑣 = 𝑥 
            Overlap Test: Check for overlaps between the expanded hyperbox and hyperboxes 

of other classes 

            Contraction: If overlap exists, apply contraction rules to eliminate overlap 

while minimizing distortion 

Step 3: Repeat 

Continue until all samples are processed 

Step 4: Return 

Return the final set of hyperboxes ℋ  

 

When designing a FMMNN there are several hyperparameters that need to be chosen. The most 

critical hyperparameter is the hyperbox size θ. As mentioned above θ can be any value from 0 to 1. When θ is 

very small (a value close to 0), the network will tend to create a hyperbox for each input sample, this will 

cause overfitting in the network. On the other hand, when θ is large, the network will be smaller and faster to 

learn but loses the ability to correctly classify patterns in other words, the network is overfitted. The most 

commonly used size for the hyperboxes is 0.05, this size is considered moderate, so the network can learn, 

and hyperboxes will be created, expanded, and contacted accordingly. The second hyperparameter is the 

sensitivity parameter γ. The parameter is used in the membership function; it controls how fast the 

membership value decreases when the input lies outside a hyperbox boundary. The value of γ varies between 

0.5 and 5. In this paper γ = 1, since this is the typical value chosen in the literature. 

 

 

3. RESULTS AND DISCUSSION 

The experiments conducted were based on the FER2013 dataset, which was introduced as  

part of an international conference on machine learning representation-learning challenge and made public in 

2013 [20]. The dataset contains 35,887 grayscale face images sized 48 × 48 pixels, labelled with seven 

emotion classes: anger, disgust, fear, happiness, sadness, surprise, and neutral. Images were gathered from 

the web and automatically registered so that faces are approximately centered. The original description and 

dataset statistics (per-class counts) are reported in the challenge paper/announcement. FER2013 became a  

de facto benchmark for deep learning FER work because it is large, realistic, and easily accessible. These 

qualities made it a common testbed for convolutional architectures, transfer learning, and data-augmentation 

strategies [21]. To further improve the dataset, avoid the risk of overfitting, which is a common issue with 

datasets trained on limited datasets, and to enhance the model’s robustness to variations in facial poses and 
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lighting, a set of data augmentation techniques is applied to the training set [22]. Table 2 shows the geometric 

and photometric transformations applied randomly to each training image after each epoch. 

 

 

Table 2. Augmentation techniques applied 
Augmentation technique Parameter/range Purpose 

Random horizontal flip P = 0.5 Simulates faces looking in the opposite direction, increasing pose invariance 

Random rotation ±10 degrees Accounts for slight head tilts and minor pose variations 
Random width/height shift ± 0.1 (10% of total) Simulates minor misalignments in face detection/cropping 

Random zoom 0.9 to 1.1 Simulates variations in distance from the camera 

Brightness adjustment ± 0.2 Increases robustness to varying lighting conditions 

 

 

The augmentation will not affect the total number of images in the dataset, instead, every time an 

image is presented in a new epoch, a random transformation is applied to this image. This guarantees the 

CNN never sees the same image twice. The dataset was divided into two sets, 80% of the data was used for 

training (28,709 samples, divided in even proportions between seven classes) and 20% of the data for testing. 

Several tools and techniques were used in the model training process; anaconda integrated development 

environment (IDE) was used to implement the FMMDNN. OpenCV library was used to include the Haar 

cascade algorithm, and the fully connected network was replaced by the FMMNN. The FMMNN was set to a 

hyperbox size of 0.05. The model was trained and tested 10 times, the confusion matrix for the average 

results is shown in Table 3. 

 

 

Table 3. Confusion matrix for the FER2013 dataset 
True/Predicted Angry Disgust Fear Happy Sad Surprise Neutral Recall (%) 

Angry 574.8 47.9 124.54 28.74 57.48 28.74 95.8 60 

Disgust 5.55 67.71 6.66 2.22 15.54 3.33 9.99 61 

Fear 112.64 30.72 614.4 30.72 112.64 61.44 61.44 60 

Happy 53.22 17.74 35.48 1596.6 35.48 17.74 17.74 90 

Sad 137.17 24.94 87.29 37.41 773.14 37.41 149.64 62 
Surprise 33.28 16.64 91.52 24.96 16.64 632.32 16.64 76 

Neutral 135.52 36.96 24.64 36.96 73.92 36.96 887.04 72 

Precision (%) 42 67 48 90 48 78 53  

 

 

The confusion matrix reveals distinct patterns of misclassification that are common in the FER 

systems, this provides a deeper understanding of the model’s decision boundary. The model shows that the 

happy emotion has the highest accuracy since around 25% of the images are of happy emotion this gave the 

model large number of training samples. On the other hand, disgust had the lowest number of samples in the 

dataset with a percentage of 1.5% of the 35887 images. The model classified disgust with an accuracy of 

61% which is similar to the other emotions. This shows that the model is not affected by the low number of 

samples, this is due to the use of augmentation in the dataset.  

To further analyze the performance of the model recall, precision, and F1-score are used. These 

quantities are defined as follows. 

i) Recall: the ratio of correct predictions for a specific emotion to the total number of images that actually 

belong to that emotion. Recall is defined as (10). 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (10) 

 

ii) Precision: the ratio of correct predictions for a specific emotion to the total number of predictions that 

were classified as belonging to that emotion [23]. Precision is defined as (11). 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (11) 

 

iii) F1-score: represents the harmonic mean of precision and recall, and is used as a performance metric to 

evaluate classification models with imbalanced dataset. It is defined as (12). 

 

𝐹1 − score =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 (12) 
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Table 4 shows the precision, recall, and F1-score for the FER dataset. The F1-score is used to 

evaluate the performance of classification models. Since the FER2013 dataset is an imbalanced dataset,  

the results in the confusion matrix will not reflect the full story behind the results. The proposed model 

achieves exceptional performance on happy (90% recall, 90% precision, and 90% F1-score) and strong 

performance on surprise (76% recall, 78% precision, and 77% F1-score). These emotions are characterized 

by highly distinct and easily recognizable facial action units (AUs): for instance, happy has cheek raiser 

(AU6) and lip corner puller (AU12), while surprise has inner brow raiser (AU1), outer brow raiser (AU2), 

and upper lid raiser (AU5). The CNN feature extractor successfully isolates these unique features, resulting 

in a well-separated hyperbox in the FMMNN feature space. 
 

 

Table 4. Classification results of the proposed model 
Emotion Precision (%) Recall (%) F1-score (%) 

Angry 42 60 49 
Disgust 67 61 64 

Fear 48 60 53 

Happy 90 90 90 
Sad 48 62 54 

Surprise 78 76 77 

Neutral 53 72 61 

 

 

One can also notice from Tables 1 and 2 that the fear and surprise emotions have significant overlap, 

this is obvious since the model misclassified 91.52 fear samples as surprise samples. This can be justified by 

looking at the biological aspects of both fear and surprise emotions. Both emotions share key AUs, notably 

AU1 and AU2, which cause the eyes to widen. The primary difference lies in the mouth shape (stretched in 

fear, dropped jaw in surprise). The low-resolution 48 × 48 images, combined with the inherent subtlety of 

these differences, lead to overlapping feature vectors in the 256 space. This in turn suggests that the FMMNN 

hyperboxes for fear and surprise are adjacent or slightly intersect in the feature space, reflecting the 

ambiguity of the input data itself. 

The classes angry (42% precision), fear (48% precision), and sad (48% precision) exhibit the lowest 

precision scores. This indicates that the model frequently misclassifies other emotions as these three. A closer 

look at the angry emotion one can notice that the model misclassifies 137.17 sad samples and 112.64 fear 

samples as angry. This is likely due to the shared presence of brow lowerer (AU4) in both angry and sad 

expressions, and the general intensity of negative emotions. Similarly, in the sad emotion the model 

misclassifies 149.64 neutral samples as sad. This is a common challenge, as a "neutral" face with slight 

fatigue or relaxation can be easily confused with a low-intensity "sad" expression, especially in the absence 

of dynamic information. 

To further the overall accuracy of the system compared with accuracies from the literature are 

shown in Table 5. The results show that the proposed deep FMM classification system gave results that are 

very near to the results published in the literature. This shows that when other versions of the FMMNN are 

used the results will improve, as the newer versions of the network have higher accuracy and have the ability 

to explain the obtained results. 

 

 

Table 5. Performance comparison between obtained results and published results 
Paper/Model Test accuracy (%) Precision (%) Recall (%) F1-score (%) 

ResNet152 [20] 39 69 68 68 
VGG-19 [20] 44 71 72 70 

Transfer learning (AlexNet) [24] 66 - - - 

Deeper CNN [25] 75 - - - 
Residual attention (RAN) [26] 72 - - - 

Self-cure network (SCN) [27] 89 - - - 

FMMDNN 71 61 69 64 

 

 

As explained earlier, the paper introduces the FMMNN instead of the softmax layer, the main 

advantage of using the FMMNN is the geometric interpretability and a robust mechanism for uncertainty 

quantification in the classification process. The CNN is considered a black box since weight matrices are 

opaque. The FMMNN on the other hand, introduces geometrical interpretability to handle the uncertainty of 

the classification process. Each class is presented at least one hyperbox, and a decision boundary is created 

between these hyperboxes. Furthermore, since the hyperboxes are bounded by minimum and maximum 

points fuzzy if-then rules can be extracted to justify the research decisions. 
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In the softmax classifier uncertainty is inferred from the probability distribution, however, in 

FMMNN, uncertainty is explicitly quantified by the fuzzy membership function, which quantifies the degree 

to which an input feature vector belongs to a hyperbox. To further illustrate this point, two samples are 

studied from the dataset shown in Table 6. The first sample is a clear sample with a true class “happy”, this 

sample the softmax probability was 0.98 and the FMMNN membership was 0.99 for the maximum 

membership. The second sample was an ambiguous sample, in this sample the softmax gave a maximum 

probability of 0.55, while the FMMNN membership was 0.48 for the correct class (fear) and 0.45 for wrong 

feature. This high competition between the classes provides a more transparent measure of uncertainty.  

 

 

Table 6. Comparison between softmax and FMMNN uncertainty handling 
Sample True class SoftMax max probability FMMNN max membership FMMNN second max membership 

Clear sample Happy 0.98 (happy) 0.99 (happy) 0.01 (neutral) 

Ambiguous sample Fear 0.55 (fear) 0.48 (fear) 0.45 (surprise) 

 

 

4. CONCLUSION 

This paper presented a deep learning neural network based on CNN and FMM. The softmax layer in 

the CNN was replaced by an FMMNN. The proposed network will use the extracted features from the CNN 

and create and refine hyperboxes. The created hyperboxes are then expanded and contracted according to 

their associated classes. The proposed network is tested on the FER dataset. The results obtained show that 

the proposed network can detect emotions in pictures with good accuracy. Furthermore, other types of FMM 

neural networks can be used to improve the results in future work, and other datasets can be used to train the 

proposed network.  
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