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Iris recognition is a widely used biometric technology in various applications. Deep 

learning methods, particularly convolutional neural networks (CNNs), have been 

popular in biometric detection due to their ability to generalize well and operate without 

human intervention. However, CNNs often struggle with image noise and require large 

datasets for effective training. To address these limitations, Capsule Networks 

(CapsuleNet) have been introduced, offering improved performance on small and noisy 

datasets. This paper presents a CapsuleNet architecture with an enhanced routing 

algorithm tailored for iris recognition. To further refine the learning process, VGG16 

and InceptionV3 models are integrated into the CapsuleNet, enabling it to learn 

effectively from a limited number of samples. The proposed network is structured into 

a series of subnets, corresponding to its main building blocks. Experiments conducted 

on the CASIA-V4 Lamp iris dataset demonstrate that the optimized CapsuleNet 

architecture outperforms traditional networks, offering greater stability and robustness 

for iris recognitions. Results on the CASIA-V4 dataset show a 6% improvement in 

accuracy. 
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1. Introduction 
 

The biometric has seen tremendous activity over 

the past decades. Biometrics includes the ability of 

an automated program to learn the features, rules, 

and strategies used by the human cognitive system. 

Certain studies have concentrated on enhancing the 

performance of biometric systems. Iris recognition 

is one of the most important biometric detection 

technologies that is widely used in various fields. 

Iris recognition involves localization, 

normalization, feature extraction, and iris 

adaptation. Due to the complex visual structure and 

high resolution for processing iris recognition, it is 

difficult for a human.  

Iris detection is a new field and advances have 

been very rapid and effective. Machine learning 

techniques have been increasingly used in iris 

detection tasks in recent years [1]. The two main 

classes of iris recognition methods are neural 

networks and support vector machines (SVM). 

Recently, deep learning has become a widely-used 

technique in biometric cognition because of its 

automatic learning and and strong generalizability 

[2]. Convolution neural networks (CNN) is a 

widely-used algorithm for iris recognition [3,4]. 
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However, CNN needs a large number of samples to 

be trained successfully without the overfitting 

problem. Some techniques, such as data 

augmentation, change database size by generating 

new samples. However, they cannot address 

limited and noisy datasets. moreover, the pooling 

process in CNN hides useful spatial information. 

The capsule network [5,6] works with a vector 

neuron layer as opposed to a scalar neuron layer in 

CNN. In a capsule network, each neuron constructs 

a different property of the same feature. The spatial 

relationship information is learnt and stored on the 

whole parts and the local of the object. This 

characteristic enables the network to be trained 

using a small number of samples and obtaining 

good results. Zhao et al. [7] employed the capsule 

network architecture for iris recognition. They 

provided a modified routing algorithm based on the 

dynamic routing between two capsule layers. In 

this method, VGG16, InceptionV3, and ResNet50 

were used as the transfer learning algorithms for 

model pretraining. Experiments conducted on the 

iris datasets of JluIrisV3.1, JluIrisV4, and CASIA-

V4 Lamp showed the performance of the proposed 

model. The problem with the routing algorithms, 

such as RBA [5], in the capsule Nets is that the bias 

term has not been considered, leading to decreasing 

the probability of negative inputs occurrence. 

In this paper, an iris recognition method using a 

capsule network is presented. Although the term 

bias has been added to the sum of all weighted 

inputs in neural networks, the bias has not been 

mentioned by the capsule network for routing 

algorithms. It has been proven that routing 

algorithms decrease the expressivity of capsule 

networks, preventing them from being universal 

approximators [8]. To address the limitations of 

capsule networks, the concept of bias in capsule 

network activators is introduced to deal with the 

negative weights created in routing networks and 

reduce its impact on the performance of the iris 

recognition systems. We design a capsule network 

architecture with an improved routing algorithm to 

enhance the performance of iris recognition. The 

proposed method achieves an accuracy of over 

96% on the CASIA-V4 dataset. 

The rest of the paper is organized as follows: 

Section 2 briefly summarizes related works on 

deep learning-enabled iris recognation. In Section 

3, a capsule network architecture using an 

improved routing algorithm is developed. Section 

4 provides efficiency evaluation results, and then 

conclusions are deduced in Section 5. 

2. Related Works 
 

Several deep networks have been proposed to 

improve iris recognition's performance. The 

DeepIris network [9] consists of 9 layers, each with 

a bilateral filter layer, one convolution layer, two 

pooling layers, two normalization layers, and one 

fully-connected layer. This deep network 

performed well on the CASIA and Q-FIRE 

datasets. Two iris recognition networks were 

proposed in [10]. The first network, called 

DeepIrisNet-A, consists of eight convolution 

layers (each followed by a batch normalization 

layer), four pooling layers, three fully-connected 

layers, and two output layers. The second network, 

called DeepIrisNet-B, added two primary layers to 

enhance modeling capabilities. Two datasets of 

ND-IRIS-0405 and ND-CrossSensor-Iris-2013 

were used to evaluate the networks. Minaei et al. 

[11] showed that the VGG model, as a transfer 

learning technique, can be performed well for the 

iris recognition task. 

In [3], a CNN scheme based on a combination 

of backpropagation algorithm and batch 

optimization method for improving weight and 

learning rate is presented. Besides, other training 

strategies were proposed to evaluate various CNN 

architectures. The performance of the proposed 

system was evaluated on three general datasets 

collected under different conditions: SDUMLA-

HMT, CASIA-Iris-V3 Interval, and IITD. A deep 

learning-based framework for iris detection, 

segmentation, and recognition was proposed [12]. 

The proposed framework uses an R-CNN for iris 

recognition and an optimized convolution network 

to produce the iris feature, and an extended cost 

function. According to the results, the recognition 

rate was 98.8%. 

Iris images recorded in non-participatory 

environments often suffer from undesirable noise, 

which makes challenges for iris segmentation 

methods. To solve this problem, an iris 

segmentation approach based on deep learning, 

called IrisParseNet, was proposed [13]. Unlike 

many CNN-based iris segmentation methods that 

focus only on iris prediction following semantic 

division frameworks, the proposed method was a 

complete iris segmentation solution. In addition, a 

module was included to improve segmentation 

performance. 

In [7], a deep learning method based on capsule 

network architecture in iris recognition was 

proposed. A modified routing algorithm based on 

dynamic routing between capsule layers was 

proposed to make the method compatible with iris 

recognition. Learning was well adapted even if the 

number of samples is limited. Three models of 

VGG16, InceptionV3, and ResNet50 were used for 

feature extraction. Instead of a convolution layer in 
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the capsule network, these networks are used as a 

convolution to extract the main features. Three iris 

datasets, JluIrisV3.1, JluIrisV4 and CASIA-V4 

Lamp, were used for the experiments. 
 

3. Proposed Methodology 
 

In this section, an iris recognition method using 

capsule networks is presented. To address the 

limitations of capsule networks, the concept of bias 

in capsule network routing algorithm is introduced 

to deal with the hostile weights created in routing 

networks and reduce its impact on the performance 

of the iris recognition system. The proposed 

framework is shown in Fig. 1 that consists of four 

main parts: (1) pre-processing of the iris images, 

(2) deep network based on the capsule network, (3) 

classification, and (4) image reconstruction. 

 

3-1. Iris Images Preprocessing 

 

The preprocessing phase is divided into three parts: 

localization, normalization, and enhancment. 

A) Localization: First, through quality assessment, 

the iris tissue part of the main iris image (which has 

dimensions of 640*480) is located and segmented. 

The Region of Interest (ROI) is then extracted from 

the located iris. To do this, the original black and 

white image is first converted to a color image 

using the cvtColor method from the OpenCV 

library. Noise is then removed from the images 

using a two-way filtering technique. The pupil is 

then calculated in a 120*120 dimension and the 

edges are identified by the Canny technique. 

B) Normalization: At this stage, the ROI image with 

dimensions of 326*256 are normalized. First, the 

center of the cropped image is found and then the 

centers between the inner border and the outer 

border are determined. The obtained coordinates 

are then converted to the normalized value. 

C) Enhancement: To standardize the input size, 

which has a great impact on training as an 

important parameter in the network, the iris images 

normalized by the nearest neighbor algorithm are 

changed to 197*197 as input. The histogram 

smoothing technique is used to improve the 

contrast in an image to increase the intensity range. 

 

3-2. Pre-Training Models 

 

The main task of the convolution part is to extract 

the low-level features from the pixel intensity of 

the input images and to form the main features used 

for the primary capsule layer. The convolution part 

of the capsule networks consists of a convolution 

layer with 32 channels with dimensions of 9*9 and 

step 1 (Stride = 1), which makes the input form 

with dimensions (1, 28, 28) to the output with 

dimensions (256, 20, 20) change. In the proposed 

method, two strategies are used to build the 

convolution part: (a) The transfer learning method 

is applied and three advanced networks are used, 

including VGG16, ResNet50 and InceptionV3, 

which have been trained using the ImageNet 

dataset. To find the most suitable features, the 

whole network is divided into sub-networks 

according to the number of blocks that make them 

up, then the sub-networks are connected through 

the vector part and thus a set of different network 

examples is set up. Therefore, the output of 

different levels in the network is obtained as a 

result of convolution to find the most compatible 

convolution structure for the whole network 

through experiments. Table 1 shows the learned 

models used in the convolution part of the 

proposed model. 
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Fig. 1. Proposed Methodology 
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Table 1. Transfer learning used in convolution part 

− Depth − Blocks − Type − Model 

− 23 − 5 
− Cannulational 

block 
− VGG16 

− 168 − 16 − Residual block − ResNet50 

− 159 − 11 − Inception blok − InceptionV3 

 

We create several shallow convolution 

networks as part of the convolution without pre-

training. These networks include Iris-Dense with 

two dense blocks, Iris-Inception with one inception 

block, and Iris-SE with two Squeeze-and-

Excitation blocks. 
 

3-3. Routing Algorithm in the Convolution 

Layer 
 

Capsules in capsule networks are groups of neural 

cells that represent an object or part of an object in 

a decomposition tree, introduced by Hinton et al. 

[14]. A capsule encodes the sampling parameters 

of an object (such as position, location, direction, 

etc.) through vector representations. This 

activation vector is called a capsule and encrypts 

the possibility that the object is present in the 

current input. The CapsNet architecture introduced 

in [5] builds early capsules using initial layers with 

ReLU convulsions. The initial capsules are then 

fed to the next layers of the capsule by routing 

algorithms. The routing-by-agreement (RBA) [5] 

is one of these techniques that uses low-level 

capsule predictions to produce high-level capsules. 

The expected maximum routing algorithm [15], 

known as EM-routing, is another routing method 

that uses a status matrix to calculate equal high-

level capsules. 

Although the two algorithms RBA and EM-

routing can connect the capsule in different layers 

with an iterative routing method, they reduce the 

ability to represent the capsule networks to 

symmetric functions. There is a negative value for 

each input to a capsule layer that cannot be 

distinguished by capsules, even when this input 

represents a different class. This restriction has a 

negative effect on the training of deep capsule 

networks for datasets because the initial capsules 

are made with ReLUs, which means that all the 

components of the primary capsules are positive. 

Therefore, the negative of a vector and the vector 

itself can never be the input of the primary capsule 

layer. After the first capsule layer, routing 

algorithms are used to generate subsequent 

capsules, and negative inputs can actually occur. 

Subsequent layers increase the likelihood of 

negative inputs, and therefore these routing 

algorithms negatively affect the training of deep 

architectures. 

In the proposed method, the RBA algorithm is 

optimized to deal with the above-mentioned 

constraint. The term 𝑖 ∈ 1,2, … , 𝐼 denotes the 

number of low-level capsules and 𝑗 ∈ 1,2, … , 𝐽 

denotes the number of high-level capsules. The u 

input for RBA is called the positive input and -u is 

called the negative input vector. For each variable 

v in the algorithm, the variable constructed using u 

is denoted by 𝑣+ and the variable constructed using 

-u is denoted by 𝑣− and. The term 𝑣𝑖𝑗 refers to a 

variable used for low-level capsule i and high-level 

capsule j. it has been proven that the input 

activators and the corresponding negative inputs 

are equal if the RBA routing algorithm is used [8]. 

The RBA and its parameters are shown in 

Algorithm 1. The inputs of this routing algorithm 

are low-level predictions (𝑢̅𝑗|𝑖 = 𝑊𝑖𝑗 𝑢𝑖) where 𝑢𝑖 

is the activation of the low-level capsule i and 𝑊𝑖𝑗 

is the transfer matrix that is learned by going back. 
 

Algorithm 1. Routing-By-Agreement (RBA) 

− Input:  

− Output:  

− 1: Begin 

− 2:       ⩝ 𝒃𝒊𝒋, 𝒃𝒊𝒋  ← 0 

− 3:       For 𝒓 𝒊𝒕𝒆𝒓𝒂𝒕𝒊𝒐𝒏𝒔 Do 

− 4:           𝒄𝒊𝒋 ←
𝐞𝐱𝐩 (𝒃𝒊𝒋)

∑ 𝐞𝐱𝐩 (𝒃𝒊𝒍)𝒍
  

− 5:            𝒔𝒋  ← ∑  𝒄𝒊𝒋𝒊 𝒖̅𝒋|𝒊 

− 4:           𝒗𝒋 ←
‖𝒔𝒋‖

𝟐

𝟏+‖𝒔𝒋‖
𝟐 ×

𝒔𝒋

‖𝒔𝒋‖
  

− 4:           𝒃𝒊𝒋 ←  𝒃𝒊𝒋 + 𝒗𝒋 . 𝒖̅𝒋|𝒊 

− 6:       End For 

− 7:  End 

 

To address this challenge, the term bias is added 

to the pre-activators of the RBA algorithm. In the 

modified algorithm, how to add the bias to the 

preactivator calculations is shown in Equation (1): 

sj  ← (∑  cij

i

u̅j|i) + biasj (1) 

Then, a network can learn 𝑏𝑖𝑎𝑠 ≠ ∅: 

𝑠̅𝑗 = (∑  𝑐𝑖̅𝑗

𝑖

𝑢̅𝑗|𝑖) + 𝑏𝑖𝑎𝑠𝑗           

    = (∑  𝑐𝑖̅𝑗

𝑖

(−𝑢̅𝑗|𝑖
+ )) + 𝑏𝑖𝑎𝑠𝑗 

 = − (∑  𝑐𝑖̅𝑗

𝑖

𝑢𝑗|𝑖
+ ) + 𝑏𝑖𝑎𝑠𝑗 

                     ≠ − ((∑  𝑐𝑖̅𝑗

𝑖

𝑢𝑗|𝑖
+ ) + 𝑏𝑖𝑎𝑠𝑗) = −𝑠𝑗

+ 

This method enables the network to learn non-

zero bias parameters so that the calculated pre-

activator vector is different for their inputs and 
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negative inputs. This leads to the differentiation of 

activation vectors and activation vectors. Thus, the 

network can learn the bias so that negative inputs 

and inputs can be detected. 

 

3-4. Network Architecture 

 

The network input is a 197*197 grey image. First, 

the channel is changed from 1 to 3 using a 1*1 

convolution layer. Then, a feature with the size 

197*197*3 is fed into the convolution network, 

which is the InceptionV3 network. The number of 

layers in the convolution can vary. In this work, the 

pre-trained InceptionV3 model with 4 blocks is 

applied to a feature map with the size of 10*10 and 

a channel with the size of 768. 

The tensor shape is converted to 128*600 by 

normalizing and transforming the vector. Finally, 

the feature vector is 32*51 (51 indicates the 

number of batches and 32 is the size of each 

capsule). The network output is normalized using 

L2 normalization, which indicates the probability 

of each category. 

 

3-5. Computational Complexity 

 

Adding a bias is an element-wise addition 

operation that requires 𝑂(𝑑), for a capsule vector 

with dimensionality 𝑑. Compared to other 

operations, including matrix multiplications and 

iterative routing, this addition introduces negligible 

computational overhead and will not significantly 

change the overall computational cost of the 

network. 

 

4. Evaluation Results 
 

In this section, we investigate the validity of the 

proposed method on the CASIA-V4 Lamp iris 

dataset. First the characteristics of the iris image 

dataset are described and then the experimental 

parameters are explained. In the next step, the 

performance of several network structures 

consisting of convolution layers and vectors is 

examined. Then, the performance of the proposed 

method with different structures is compared with 

similar methods presented using CNN algorithms 

[4] and the base capsule network [7]. Equivalent 

accuracy and Equal Error Rate (EER) criteria are 

used to evaluate models. 

 

4-1. Dataset Description 

 

The CASIA-Iris image database has been 

published for biometric research and updated since 

2002 from CASIA-IrisV1 to CASIA-IrisV3. More 

than 3,000 users from 70 countries have 

downloaded the CASIA-Iris database. These 

versions of the dataset have a medium scale of data, 

while in real applications iris recognition systems 

have a large scale. The CASIA-IrisV4 dataset was 

presented to enhance research in the field of large-

scale iris detection systems. 

The CASIA-Iris-Lamp set was collected using 

a hand iris sensor. To introduce further changes, a 

lamp close to the device was turning on and off. 

Elastic changes in iris tissue are one of the most 

common and challenging issues in iris recognition 

due to dilation and contraction of the pupil in 

different lighting conditions. Therefore, CASIA-

Iris-Lamp is suitable for studying real applications. 

The CASIA-V4 Lamp iris dataset contains 16,215 

iris images from 822 subjects. Each person has 

images from the left and right eye angles with a 

resolution of 440*640. Left and right iris images 

are a subject of different classifications in the 

experiment. 

 

4-2. Experiments Settings 

 

After the preprocessing, the iris images are divided 

into two parts, training and testing. In the 

experiments of this study, random sampling 

method was used to select images. About 4,500 

images were selected for the training phase and 

1,500 images for the testing phase. The number of 

epochs of training is 50 and the learning rate (LR) 

varies in different experiments. Due to the high 

volume of processes and the need for high 

resources, especially main memory, the Colab 

platform is used to implement the experiments. The 

Colab environment is a product of Google 

Research. This environment provides free access to 

the computing resources, including the GPU. Table 

2 shows the implementation environment 

specifications in Colab. 

 

4-3. Structure Analysis 

 

In this section, we carry out a series of experiments 

on the CASIA-V4 dataset through various network 

structures. These networks are configured using 

VGG16 and InceptionV3 models. Table 3 shows 

the performance of the capsule network with a 

different number of blocks and routing algorithms, 

including DRDL, Dynamic, RBA and IRBA, for 

the features trained by the VGG16 network. The 

learning rate in all models is set to 0.0001 and also 

two criteria of accuracy and square error rate are 

used to compare the models. The obtained results 



Kuhifayegh and Rajabi: Iris Recognition via Deep Learning Using Capsule Networks ...                                                                 96 

show that the use of the improved RBA algorithm 

(IRBA) in the capsule network increases the 

accuracy of the recognition model and reduces the 

amount of error. Better results are obtained for 

models with four blocks than that of five blocks. 

The proposed method has the highest performance 

for the four blocks, with an accuracy value of 0.963 

and an error rate value of 1.241. 

 
Table 2. Specifications of the implementation 

environment 

G
en

er
al

 

Characteristic Type 

Platform Linux 

Programming 

language 
Python 

Parallel programming CUDA Version: 10.1 

RAM 13 GB 

G
P

U
 

GPU Model 
Tesla P100-PCIE-

16GB 

Maximum Threads 

Per Block 
1024 

Maximum Blocks 1024*64=65536 

Maximum Shared 

Memory Per Block 
49152 

Memory 16 GB 

C
P

U
 

CPU Model 
Intel(R) Xeon(R) 

CPU @ 2.20GHz 

CPU(s) 2 

Thread(s) per core 2 

L cache 32K 

L2 cache 256K 

L3 cache 56320K 

 

Fig. 2a shows the effect of the number of epochs 

on the performance accuracy of iris recognition 

models. This experiment was performed using the 

features obtained from the VGG16 model with 4 

and 5 blocks. It can be seen that the deep learning 

models have reached maximum accuracy before 

the 40th iteration. The highest training accuracy is 

related to the four-block model, which is about 

0.99. On the other hand, the lowest accuracy is 

related to the capsule model with DRDL routing 

and the block number of 5 (0.947). Fig. 2b shows 

the capsule network training error using the 

VGG16 model with 4 and 5 blocks. Like the 

training accuracy, the training error in the 30th 

iteration reaches the lowest possible level for the 

models so that the proposed model with four blocks 

has the lowest error rate (0.06). In contrast, the 5-

block capsule network with the dynamic routing 

algorithm has the highest error rate, about 0.18. 

 
Table 3. Comparison of different networks for 

CASIA-V4 dataset with VGG16 network 

EER 

)%( 
Accuracy 

(%) 

Learning 

rate 
Architecture 

1.684 94.32 94.32 VGG16_4blocks+DRDL 

1.874 95.63 95.63 VGG16_4blocks+Dynamic 

1.632 93.84 93.84 VGG16_4blocks+RBA 

1.241 96.3 96.3 
VGG16_4blocks+IRBA 

(Proposed) 

2.3415 90.2 90.2 VGG16_5blocks+DRDL 

2.145 91.24 91.24 VGG16_5blocks+Dynamic 

2.547 87.5 87.5 VGG16_5blocks+RBA 

2.136 93.14 93.14 
VGG16_5blocks+IRBA 

(Proposed) 

 

Table 4 shows the modeling results of the 

features taught by the InceptionV3 model with four 

routing algorithms DRDL, Dynamic, RBA and 

IRBA with a learning rate of 0.0001. The number 

of blocks examined in this experiment is between 

1 and 5. As with the results for the VGG16, the 

four-block models performed best in terms of 

accuracy and error rate. The average accuracy for 

the proposed strategy (IRBA) is 84.5%, which is 

about 8% better than the original version (RBA), 

which is 86.8% on average. 

 

 

 
(a) Model accuracy 

 
(b) Model error 

Fig. 2. Training performance for CASIA-V4 dataset using VGG16 feature extraction model 
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Table 4. Comparison of different networks for 

CASIA-V4 dataset with InceptionV3 network 

(Learning rate=0.0001) 

EER 

)%( 

Accuracy 

(%) 
Architecture 

4.21 63.47 InceptionV3_1block+DRDL 

5.32 59.08 InceptionV3_1block+Dynamic 

6.87 57.62 InceptionV3_1blockRBA 

4.11 64.31 
InceptionV3_1block+IRBA 

(Proposed) 

3.42 84.31 InceptionV3_2blocks+DRDL 

4.21 81.24 InceptionV3_2blocks+Dynamic 

5.08 75.88 InceptionV3_2blocks+RBA 

3.12 86.74 
InceptionV3_2blocks+IRBA 

(Proposed) 

3.25 86.58 InceptionV3_3blocks+DRDL 

3.66 84.66 InceptionV3_3blocks+Dynamic 

4.54 78.22 InceptionV3_3blocks+RBA 

2.84 89.14 
InceptionV3_3blocks+IRBA 

(Proposed) 

1.51 86.25 InceptionV3_4blocks+DRDL 

2.31 85.75 InceptionV3_4blocks+Dynamic 

1.98 80.41 InceptionV3_4blocks+RBA 

1.85 87.3 
InceptionV3_4blocks+IRBA 

(Proposed) 

2.24 91.07 InceptionV3_5blocks+DRDL 

2.86 86.47 InceptionV3_5blocks+Dynamic 

3.45 88.14 InceptionV3_5blocks+RBA 

2.33 93.11 
InceptionV3_5blocks+IRBA 

(Proposed) 

4.12 86.41 InceptionV3_6blocks+DRDL 

4.63 85.36 InceptionV3_6blocks+Dynamic 

3.14 81.2 InceptionV3_6blocks+RBA 

2.58 88.34 
InceptionV3_6blocks+IRBA 

(Proposed) 

 

Fig. 3 shows the performance of iris detection 

models in terms of training accuracy and loss value 

for 100 epochs. The features of the model were 

generated using the InceptioV3 model. The results 

show that the models converge in a higher number 

of iterations than the VGG16 based models. The 

four-block capsule network has the best 

performance, followed by the five-block network. 

Capsule networks with IRBA routing algorithms 

perform best in terms of training error and 

accuracy. Dynamic algorithm-based networks also 

had the lowest performance and provided the 

highest training error. 

 

4-4. Performance Comparison with State-of-

the-Art Studies 

 

The comparison of our proposed architecture with 

other well-known deep learning models for iris 

recognition, including CNN-based [4] and Basic 

CapsuleNet [7], in terms of accuracy and EER is 

shown in Table 5. Fig. 4 compares the DL models’ 

training performance in terms of accuracy and loss 

value in comparsion with two other networks. As 

we can see, our model achieved the highest 

accuracy and the lowest training loss. 

 
Table 5. Comparison of our proposed model 

compared with the other models 

EER )%( Accuracy (%) Architecture 

3.015 89.35 CNN-based [4] 

2.635 91.24 Basic CapsuleNet [7] 

2.136 93.14 Our Proposed Method 

 

 

 
(a) Model accuracy 

 
(b) Model error 

Fig. 3. Training performance for CASIA-V4 dataset using InceptionV3 feature extraction model 
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(a) Model accuracy 

 
(b) Model error 

Fig. 4. Training performance for our proposed model compared with the other models 

 

5. Conclusion and Future Works 
 

In this study, a capsule network method using a 

routing algorithm for iris detection is introduced. 

From several capsule architectures with different 

depths according to the outputs of different pre-

trained networks. The Routing Algorithm (RBA) 

was also improved by considering the bias in the 

routing algorithm. Several networks with different 

structures and depths were created and investigated 

using the CASIA-Iris iris dataset. Experiments 

have shown that a deep network with a capsule 

architecture can perform well in iris recognition. 

The designed models were evaluated on the 

CASIA-Iris dataset and the performance of the 

models was evaluated in terms of accuracy and 

detection error. VGG16 and InceptionV3 models 

were used for feature pre-training. The average 

accuracy for the proposed model using the VGG16 

model was about 94.7% and the mean error rate 

was 1.241. This value was about 93.2% and 1.136 

for the proposed model using the InceptionV3 

model. Structures with very high or very shallow 

depths in different networks sometimes cause the 

model to learn the appropriate properties. In 

addition, the performance of the network with the 

structure of the pre-prepared model is a stable part 

that uses the complete training structure. For future 

work, multitask learning can be helpful in iris 

recognition because data tagging is often the most 

difficult and time-consuming process in building a 

classifier. Moreover, to increase the efficiency of 

the iris recognition systems on the large-scaled 

datasets, parallel processing, such as Hadoop and 

GPU, can be used. Furthermore, evolutionary 

algorithms, such as the genetic and ant colony, can 

be employed to regulate network parameters as 

well as model architecture. 
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