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Abstract: Face recognition becomes one of the most adopted biometric technics due to its applications in intelligent surveillance, 

access control, border security, digital authentication, criminal investigation and human computer interaction. The development of 

Deep convolutional neural networks (CNNs) significantly improved accuracy of recognition even in unconstrained environments 

such as pose variations, illumination changes, facial expressions, occlusions and low-resolution images. Conventional CNNs 

mainly focus on local spatial features and so it has limited ability to preserve hierarchical association between facial components. 

Capsule Networks (CapsNets) overcome this by representing visual features as vector capsules with existence and geometric 

properties of objects. The self supervised learning  of CapsNets enables feature learning from unlabelled images. This article 

presents a Self supervised Capsule Network (SS-CapsNet) integrates convolutional feature extraction, capsule based learning, 

dynamic routing and contrastive self supervised learning into a combined framework for robust face recognition. This approach 

simultaneously learns discriminative identity from large scale unlabelled dataset while preserves facial geometry. The SS-CapsNet 

provides improved robustness against pose variations, illumination changes, facial occlusions and image degradation. 
Keywords: Face Recognition; Capsule Network; Self supervised Learning; Contrastive Learning; Dynamic Routing; Deep 

Learning; Computer Vision 

 

1. Introduction 

Due to the widespread applications of security, surveillance, digital identity management, financial 

authentication, healthcare and smart city infrastructure, automated face recognition is considered as one of the 

influential research areas in computer vision. The availability of large facial image repositories accelerated the 

development of deep learning models for human face recognition with extraordinary performance [1]. These models 

are expected to operate in challenging real world conditions with variations of illumination, facial expression, aging, 

head pose, image blur, occlusion and background clutter [2][3]. 

Earlier face recognitions primarily trusted on handcrafted feature descriptors like Eigenfaces, Fisherfaces, Local 

Binary Patterns (LBP), Histogram of Oriented Gradients (HOG) and Scale Invariant Feature Transform (SIFT) [4]-

[9]. Based on statistical appearance or local texture information, these descriptors extract manually designed 

characteristics from face [10]. However, they generated satisfactory recognition in controlled imaging conditions [11]. 

But handcrafted descriptors will not capture complex facial variations effectively from large scale datasets [12]. 

Instead of descriptors’ manual design, CNNs automatically learn hierarchical representation of images directly 

from images through repeated convolution, nonlinear activation, normalization and pooling operations [13][14]. 

Preliminary convolutional layers detect important visual structures including edges, corners and texture patterns [15]. 

Intermediate layer converts these low level features into facial landmarks such as eyebrows, eyes, nose, lips and facial 

contours. Finally. deeper convolutional layer integrates these features into semantic identity representation for face 

recognition [16]. 
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Despite of their remarkable achievements, CNN based architectures has certain limitations. Convolution kernels 

process only localized neighbourhoods of an image, restricting the ability to model spatial relationships between 

distant facial components. However, deeper network increases receptive fields to capture long range dependencies 

indirectly through successive convolution operations. Subsequently, conventional CNNs may not preserve geometric 

associations between facial landmarks in severe pose variation [17] [18]. 

In recent researches, advanced CNN architectures are proposed to overcome these limitations. ResNet 

introduces residual learning to enable training of very deep networks by implementing shortcut connections [19]. 

DenseNet is used to improve feature reuse through dense connectivity of layers [20]. MobileNetV2 using inverted 

residual bottlenecks and depthwise separable convolution to reduce computational complexity [21]. EfficientNet 

balances network depth, width and resolution through compound scaling [22]. These architectures represent features 

primarily as scalar activations and so improved recognition accuracy [23]. 

Capsule Networks provide an alternative representation by preserving hierarchical relationships of visual 

entities. Capsules produce multidimensional vectors instead of scalar outputs generated by conventional neurons.  The 

length of these vectors represents the probability of object existence while their orientations encode pose, rotation, 

scale and deformation information. Dynamic routing enables lower level capsules to transmit information to higher 

level capsules and so it preserves spatial consistency among facial components. Accordingly, Capsule Networks 

demonstrate improved robustness in affine transformations [24][25]. 

Manual annotation of large facial image collections is expensive, and often impractical. Self supervised learning 

is considered as an alternative by enabling deep neural networks to learn feature representations from unlabelled data 

[26]. Instead of relying on class labels, self supervised learning generates supervisory signals from intrinsic 

relationship within the data. Contrastive learning methods such as SimCLR, MoCo, BYOL and DINO learn features 

by maximizing resemblance between different augmented views of same person while separating distinct images [27]-

[30]. 

Integrating self supervised learning with Capsule Networks combines the complementary strengths of both 

paradigms. Self supervised representation learning extracts generalized facial representations from large scale 

unlabeled dataset. Capsule routing preserve hierarchical spatial relationship between facial landmarks. Therefore, the 

resulting embeddings become extremely discriminative and robust against pose variation, illumination changes, facial 

expressions, occlusion and image degradation. It extracts local visual patterns through convolutional layers, transforms 

them into vector capsules, performs routing-by-agreement to preserve hierarchical facial relationships and finally 

learns discriminative embeddings using self-supervised contrastive optimization.  

2. Proposed Self-Supervised Capsule Network (SS-CapsNet) 

The proposed Self Supervised Capsule Network (SS-CapsNet) is designed by integrating the strengths of CNN, 

capsule networks and self supervised learning into a united architecture to improve face recognition. CNNs learns 

local texture representations but fail to preserve spatial relationships of facial components. Capsule Networks address 

this issue by encoding facial properties as vectors to retain geometric data such as orientation, scale and pose. Self 

supervised learning is to learn highly discriminative representations from unlabelled facial images.  
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Fig. 1: The structure of proposed Self Supervised Capsule Network 

2.1 Convolutional Feature Extraction 

The convolution block makes the initial feature extraction by learning local visual characteristics. It consists of 

four sequential operations like convolution layer (Conv Layer), Batch Normalization, ReLU Activation and Max 

Pooling. The conv layer applies multiple filters on input image to detect local image patterns. Each filter is for specific 

structures like edges, corners, texture variations and fine facial details. Batch normalization standardizes the feature 

distributions.  It makes learning process more efficient and reduces internal covariate shift. Rectified Linear Unit 

(ReLU) presents non-linearity into the network and so it learns complex relationships among facial features by 

suppresses negative responses. Max pooling reduces the spatial dimensions while retaining the most important 

responses. 

The captured RGB face image is initially passed through multiple convolution layers, 

𝐹(𝑗) = ∑

𝑘−1

𝑚=0

∑

𝑘−1

𝑛=0

𝐼(+𝑚𝑗 + 𝑛)𝑊(𝑛) + 𝑏 

where, 

𝐼= Input image  

𝑊= Convolution kernel  

𝑏= Bias  

𝑘= Kernel size  

𝐹(𝑗)= Output feature map  

After convolution, 

ReLU activation is applied 
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𝑅𝑒𝐿𝑈(𝑥) = 𝑚𝑎𝑥(𝑥) 

The feature maps are then downsampled using max pooling 

𝑃(𝑗) = 𝑚𝑎𝑥
(𝑛)∈𝛺

𝐹(𝑛) 

where, 

𝛺 denotes the pooling region. 

The output of the convolution block represents local facial structures like eyes, nose, eyebrows, lips, skin texture 

and facial contours.  

2.2 Primary Capsule Layer 

Primary Capsule Layer converts convolutional feature maps into vector characters called capsules. Each capsule 

comprises multiple numerical values to define geometric properties of a facial component. Suppose the convolution 

layer generates 𝑁 feature vectors, each vector is transformed into a capsule 𝑢𝑖  using,  

𝑢̂𝑗∣𝑖 = 𝑊𝑖𝑗𝑢𝑖  

where, 

𝑢𝑖= Input capsule  

𝑊𝑖𝑗= Learnable transformation matrix  

𝑢̂𝑗∣𝑖= Prediction vector  

Instead of a single activation value, each capsule represents position, orientation, scale, texture and facial 

geometry.   

2.3 Dynamic Routing Layer 

Dynamic routing replaces conventional pooling operations while maintaining the geometric consistency of 

facial structures. It identifies the lower-level capsules that can contribute to higher-level capsules. 

Routing coefficients are computed as, 

𝑐𝑖𝑗 =
𝑒𝑥𝑝(𝑏𝑖𝑗)

∑𝑘 𝑒𝑥𝑝(𝑏𝑖𝑘)
 

where, 

𝑏𝑖𝑗 represents routing logits. 

Therefore, the higher level capsule input becomes,  

𝑠𝑗 = ∑

𝑖

𝑐𝑖𝑗𝑢̂𝑗∣𝑖 

The capsule output is determined by using the squashing function,  
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𝑣𝑗 =
∥ 𝑠𝑗 ∥2

1+∥ 𝑠𝑗 ∥2

𝑠𝑗

∥ 𝑠𝑗 ∥
 

This squashing makes short vectors to zero near value and long vectors to unit length. Therefore, vector length 

represents the existence probability of facial entity and vector orientation stores pose information. 

2.4 Face Capsule Layer 

The Face Capsule Layer consolidate all information that received from routing stage to create compact 

representation of the face. Each capsule corresponds to higher level entity rather than individual local feature of the 

face. 

2.5 Projection Head 

The projection head transform capsule results into a latent embedding space for self supervised learning. It 

consists of one or more fully connected layers to reduce dimensionality of capsule representations. In self supervised 

pre-training, the projection head generates compact feature embeddings through contrastive learning. After that, it will 

be removed or replaced by an identity classification layer. 

2.6 Capsule Margin Loss 

After the self supervised pre-training, capsule margin loss is using for the identity classification. 

The loss function is,  

𝐿𝑘 = 𝑇𝑘𝑚𝑎𝑥(𝑚+−∣∣ 𝑣𝑘 ∣∣)2 + 𝜆(1 − 𝑇𝑘)𝑚𝑎𝑥(∣∣ 𝑣𝑘 ∣∣ −𝑚−)2 

where, 

𝑇𝑘= Ground truth label  

𝑚+= Positive margin  

𝑚−= Negative margin  

𝜆= Down-weighting coefficient  

Here, the correct identity capsules generate large vector lengths and incorrect capsules 

generate small vector lengths. 

2.7 Contrastive Learning 

In contrastive learning, it performs self supervised learning without manual identity labels.  Instead of class 

labels, self supervised learning creates two augmented versions of same face by using transformations such as random 

cropping, horizontal flipping, brightness adjustment, Gaussian blur and colour perturbation.  

Let 𝑥 be the original image. Therefore, the two augmented samples are, 

𝑥𝑖 = 𝑇1(𝑥)𝑥𝑗 = 𝑇2(𝑥) 

where, 

𝑇1 and 𝑇2 represent random augmentations such as random crop, horizontal flip, colour jitter, Gaussian blur. 

Both the images are processed through the same capsule encoder. Therefore, the obtained embeddings are, 

𝑧𝑖 = 𝑓(𝑥𝑖)𝑧𝑗 = 𝑓(𝑥𝑗) 
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Positive samples have similar embeddings. 

2.8 Contrastive Loss Function 

The proposed model employs the InfoNCE loss. 

𝐿𝑆𝑆𝐿 = − 𝑙𝑜𝑔 𝑙𝑜𝑔 

𝑒𝑥𝑝 𝑒𝑥𝑝 (
𝑠𝑖𝑚(𝑧𝑗)

𝜏 ) 

(
𝑠𝑖𝑚(𝑧𝑘)

𝜏
) 

  

where, 

𝑠𝑖𝑚= Cosine similarity  

𝜏= Temperature parameter  

𝑁= Batch size  

It minimizes the distance between positive image pairs and maximizes separation from 

negative image pairs. 

2.9. Fully Connected Layer 

The fully connected layer receives learned facial embeddings from capsule network and transforms it into 

identity specific feature vectors. This stage combines geometric information of compact representation for the 

classification. It is the final feature transformation before the prediction of identity. 

2.10. Softmax Identity Prediction 

The Softmax layer makes final identity classification by converting the outputs of fully connected layer into a 

probability distribution. Output probability characterizes the likelihood of the input face that belongs to a specified 

individual. The identity of the highest probability is designated as recognition result. In addition to this, Softmax 

probability provides confidence score for the recognition decision. 

2.11 Reconstruction Loss 

The model reconstructs the original image to preserve facial information. The reconstruction loss is, 

𝐿𝑟𝑒𝑐 =∣∣ 𝑥 − 𝑥̂ ∣∣2 

where, 

𝑥= Original image  

𝑥̂= Reconstructed image  

The reconstruction decoder forces capsules to encode meaningful facial information. 

The total optimization combines all three losses, 

𝐿 = 𝐿𝑆𝑆𝐿 + 𝛼𝐿𝑚𝑎𝑟𝑔𝑖𝑛 + 𝛽𝐿𝑟𝑒𝑐 

where, 

𝛼controls supervised learning  
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𝛽controls reconstruction learning  

This joint optimization learns about discriminative embeddings, spatial relationships, geometric consistency 

and robust identity representations simultaneously. 

The proposed system is trained in two phases with WIDER FACE dataset where initially large set of unlabelled 

facial images are used for self supervised pre-training. Two augmented views of each image are generated and passed 

through convolutional and capsule encoder. The parameters are optimized in contrastive loss to maximize embeddings 

of the same image while differentiating dissimilar images. In second phase, the pre-trained encoder is tuned with 

labelled dataset. The Adam optimizer with cosine learning rate continuously update parameters to minimize loss 

function and ensures stable convergence. These two stage learning produce highly discriminative facial embeddings. 

3. Performance Evaluation Metrics 

The efficiency of the SS-CapsNet is calculated by using face recognition performance metrics such as accuracy, 

precision, recall, F1-score, parameters and receiver operating characteristic (ROC).  

Table 1. Comparative Performance Evaluation of SS-CapsNet 

Model Accuracy (%) Precision (%) Recall (%) F1 (%) Parameters 

(Million) 

CNN 94.8 94.4 94.1 94.2 5.23 

ResNet-50 96.3 96.2 95.8 96.0 25.56 

DenseNet-121 96.9 96.8 96.6 96.8 7.98 

MobileNetV2 95.7 95.4 95.3 95.3 3.51 

EfficientNet-B0 97.5 97.2 97.1 97.2 5.27 

Vision 

Transformer 
97.8 97.6 97.5 97.6 86.0 

Swin 

Transformer 
98.2 98.0 97.9 97.9 28.2 

Proposed SS-

CapsNet 
98.8 98.6 98.5 98.5 10.4 

Table 1 shows comparative performance of different deep learning models in face recognition. In CNN-based 

architectures, EfficientNet-B0 achieved the highest accuracy of 97.5% with 5.29 million parameters. It indicate an 

effective balance between recognition rate and model complexity. ResNet-50 and DenseNet-121 also provided high 

accuracy, precision, recall and F1-score. But, ResNet-50 required a larger number of parameters. MobileNetV2 

demonstrates competitive performance with the smallest model size, making it suitable for resource constrained 

applications. Transformer based models like Swin Transformer improved recognition by effectively capturing global 

contextual information. However, the proposed SS-CapsNet outperforms all other models and achieved the highest 

accuracy value (98.8%), precision (98.6%), recall (98.5%) and F1-score (98.5%) with reasonable number of 

parameters as 10.4 million. These results shows that the hybridization of self supervised learning with capsule based 

feature representation improves recognition accuracy while maintaining computational efficiency.  
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Fig. 2: ROC curve of Self Supervised Capsule Network 

The ROC curve illustrates the classification performance of the proposed model. The curve lies close to the 

upper left corner indicates high true positive rate. The estimated Area Under the Curve of 0.995 demonstrates the 

model's t ability to distinguish genuine and non-genuine images. This result indicates that the model is well suitable 

with minimal classification errors. 

4. Robustness Analysis 

The robustness values are evaluated for each model separately under different imaging conditions. A subset of 

650 images with specific variation like different head poses and varying illumination levels are created. The average 

robustness is computed by averaging the recognition accuracies of the models.   

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑜𝑏𝑢𝑠𝑡𝑛𝑒𝑠𝑠 =
∑𝑛

𝑖=1 𝑅𝑖

𝑛
 

where, 

𝑅𝑖= recognition accuracy for the 𝑖𝑡ℎchallenging condition,  

𝑛= total number of evaluated conditions (here, 𝑛 = 5) 

Table 2. Quantitative Robustness Analysis of Face Recognition Models in percentage 

Challenge CNN ResNet-50 EfficientNet-

B0 
Swin 

Transformer 
Proposed SS-

CapsNet 

Pose Variation 88.5 93.2 94.1 96.3 98.1 

Illumination 

Change 
89.1 94.4 96.2 96.8 98.4 

Facial 

Occlusion 
87.4 92.8 93.9 96.1 97.9 

Low Resolution 86.9 89.8 92.5 93.7 97.3 
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Expression 

Variation 
92.6 94.8 95.4 97.0 98.6 

Average 

Robustness (%) 
88.9 93.0 94.4 96.0 98.1 

 

Fig. 3: Robustness Analysis of Face Recognition Models 

The robustness analysis shows that recognition performance decreases for all models when facial images are 

affected by pose changes, illumination variation, occlusion, low resolution, and expression changes. Conventional 

CNN exhibits the largest performance degradation, particularly for low-resolution and occluded images. ResNet-50 

and EfficientNet-B0 improve robustness through deeper feature learning and efficient feature extraction, while Swin 

Transformer further benefits from global contextual modeling. The proposed SS-CapsNet consistently achieves the 

highest recognition accuracy across all challenging conditions, with an average robustness of 98.1%. This 

improvement can be attributed to the capsule-based representation, which preserves spatial relationships among facial 

components, and the self-supervised learning strategy, which enhances feature generalization. Consequently, the 

proposed model provides more reliable face recognition in unconstrained real-world environments than the compared 

architectures. 

5. Discussion 

The experimental investigation demonstrates that the proposed Self Supervised Capsule Network successfully 

combines the complementary strengths of convolutional feature extraction, capsule representation learning and self 

supervised contrastive optimization. Conventional CNNs primarily focus on local texture information. but the capsule 

vectors encode both the probability and geometric properties of facial components.  

The incorporation of self supervised learning substantially reduces the dependency on manually labelled 

dataset. In pretraining, the model learns generalized facial representations by maximizing agreement between different 

augmented views of the same face. These learned embeddings provide an excellent initialization for supervised fine 

tuning, leading to faster convergence and improved recognition performance. Dynamic routing plays an essential role 

in preserving spatial consistency among facial components. This system allows the network to maintain consistent 

identity representations despite changes in viewpoint, facial expression, illumination and occlusion. 

6. Conclusion 
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This research presented a Self supervised Capsule Network (SS-CapsNet) for robust face recognition.  This 

model integrates convolutional feature extraction, capsule representation learning, dynamic routing and self-

supervised contrastive optimization into a single framework. It preserves geometric relationships among facial 

components by representing them as multidimensional capsules rather than scalar activations. Self supervised 

pretraining enables effective utilization of large scale unlabelled dataset and reduces the dependency on manual 

annotation. The experimental evaluation demonstrates that SS-CapsNet achieves superior recognition accuracy and 

robustness under challenging imaging conditions including pose variation, illumination changes, facial expression, 

occlusion and low resolution images. Comparative analysis with CNN, ResNet, DenseNet, MobileNetV2, 

EfficientNet, Vision Transformer and Swin Transformer confirms that the proposed framework effectively balances 

recognition performance, computational efficiency and representation capability. These characteristics makes SS-

CapsNet a competitive model for next generation intelligent surveillance and face recognition systems.  
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