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Abstract: In recent years, the demand for biometric-based human recognition methods has drastically increased to meet the privacy and security requirements. Palm prints, palm veins, finger veins, fingerprints, hand veins and other anatomic and behavioral features are utilized in the development of different biometric recognition techniques. Amongst the available biometric recognition techniques, Finger Vein Recognition (FVR) is a general technique that analyzes the patterns of finger veins to authenticate the individuals. Deep Learning (DL)-based techniques have gained immense attention in the recent years, since it accomplishes excellent outcomes in various challenging domains such as computer vision, speech detection and Natural Language Processing (NLP). This technique is a natural fit to overcome the ever-increasing biometric detection problems and cell phone authentication issues in airport security techniques. The current study presents an Automated Biometric Finger Vein Recognition using Evolutionary Algorithm with Deep Learning (ABFVR-EADL) model. The presented ABFVR-EADL model aims to accomplish biometric recognition using the patterns of the finger veins. Initially, the presented ABFVR-EADL model employs the histogram equalization technique to pre-process the input images. For feature extraction, the Salp Swarm Algorithm (SSA) with Densely-connected Networks (DenseNet-201) model is exploited, showing the proposed method’s novelty. Finally, the Deep-Stacked Denoising Autoencoder (DSAE) is utilized for biometric recognition. The proposed ABFVR-EADL method was experimentally validated using the benchmark databases, and the outcomes confirmed the productive performance of the proposed ABFVR-EADL model over other DL models.
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1  Introduction

Biometric identification mechanisms validate the individuals’ unique physical or behavioural features to recognize them and provide access to secure places. However, it is challenging to develop such mechanisms for industrial and scientific communities [1]. Some of the commonly-used physical biometric traits include fingerprints, face, iris and hand geometric signs. In contrast, keystroke patterns, signature, gait and voice are some examples of behavioural modalities [2]. In general, many modalities are prone to spoof attacks. So, the demand for developing a user-friendly and a secure biometric approach is high. Biometrics such as palm, finger, and hand cannot be forged easily. Further, these biometrics cannot easily be obtained from an individual against their willingness [3]. The vein images are generally captured with the help of near-infrared-related optical imaging mechanisms. The illumination mechanism produces the infrared light that either passes through the hands or gets reflected. These vein patterns are obtained using infrared cameras, whereas the haemoglobin, present in the blood, absorbs the infrared light and emerges as dark lines in the captured image [4]. Generally, the biometric recognition mechanisms have four modules such as decision-making, sensor, matching and feature extraction. Two kinds of biometric recognition mechanisms are followed, such as multimodal and unimodal. The unimodal mechanism employs a single biometric trait to recognize an individual [5]. Further, in literature, the unimodal mechanism has been proved to be a trustworthy and better mechanism than the conventional techniques. However, it has limitations, such as noise in intra-class and the sensed data, vulnerability to spoofing attacks, inter-class similarity and non-universality problems.

Various authors have studied biometric recognition mechanisms for user recognition based on Machine Learning (ML) techniques [6]. In general, the ML techniques require feature extraction methods to extract the features from raw biometric data and convert them into a suitable form for data classification. In addition, the ML techniques require a few more pre-processing steps that should be executed before the feature extraction process [7]. Moreover, certain extraction techniques do not work successfully at times with different kinds of biometrics or distinct datasets of the same biometrics. Some of the techniques cannot be used in the case of biometric image transformation, for instance, rotation and zooming. Currently, Deep Learning (DL) methods substantially affect the outcomes while producing outstanding results in terms of biometric mechanisms [8]. The DL methods have overcome several limitations found in other ML approaches, especially in terms of feature extraction methods. These techniques can accomplish biometric image transformation and derive the features from the raw data. Convolutional Neural Network (CNN) is one of the standard and broadly-utilized DL methods in image classification applications. It has three distinct types of layers such as the Fully Connected (FC) layer, the convolutional layer and the pooling layer. Mostly, the CNN technique is fed with an input image, sent via CNN layers, for feature detection and recognition, after which the classification result is obtained.

The current study presents an Automated Biometric Finger vein Recognition using Evolutionary Algorithm with Deep Learning (ABFVR-EADL) model. The presented ABFVR-EADL model employs the Histogram Equalization (HE) technique initially to pre-process the input images. The Salp Swarm Algorithm (SSA) with Densely-connected Networks (DenseNet-201) model is exploited for feature extraction. At the final stage, the Deep Stacked Denoising Autoencoder (DSAE) model is utilized for the purpose of recognition. The proposed ABFVR-EADL model was experimentally validated using the benchmark databases.

2  Related Works

Feng et al. [8] introduced an effectual feature extraction model called Principal Component Local Preservation Projection (PCLPP). This model integrated both Principal Component Analysis (PCA) and Locality Preserving Projection (LPP) and derived a projection matrix to hold both global as well as local image features to achieve high security. In the study conducted earlier [9], the authors explained three cases based on the 2-Dimension Gabor Filter (2D-GF), Local Binary Pattern (LBP) and a fusion of 2DGF+LBP to derive the feature vectors. The experimental results inferred that a hybrid of 2DGF and LBP attained the optimal outcomes. Jiang et al. [10] introduced a Cloud-enabled 3-factor Authentication and Key Agreement protocol (CT-AKA) by integrating passwords, biometrics and smart cards to provide secure cloud and autonomous vehicles access. In this study, three conventional biometric encryption methods, such as the fuzzy vault, fuzzy commitment and the fuzzy extractor, were integrated to accomplish a three-factor authentication process without compromising the biometric privacy of the users.

In literature [11], a hybrid verification algorithm was devised based on biometric and encryption mechanisms. To develop a strong and a secure approach, an advanced encryption standard was used in this study as a reliable encryption mechanism. Further, fingerprint biometrics was used in this study. The first and foremost objective of this study was to prevent the data from unauthorized users who attempt to access the data using cloud information stockpiling concentrates. The new data security mechanism could offer an effective authentication of the Cloud Computing (CC) network. Ibrahim et al. [12] offered a cancellable face and fingerprint recognition method related to optical encryption and 3D jigsaw transformation. This method implemented the Fractional Fourier Transform (FRFT) process with a single random phase mask in the optical encryption technique. The presented cancellable biometric recognition method used the optical image encryption technique based on the two cascaded phases of the 2D-FRFT, which had separable kernels in both measurements.

Jeon et al. [13] introduced an enhanced technique to accelerate the process of inner-pairing product computation. The authors implemented a technique to expedite the decryption operations of Functional Encryption (FE) and achieve a rapid remote biometric verification. Two significant observations were taken as a base for this enhancement, i.e., the decryption function does not often vary over multiple authentication sessions. The other argument was that the mechanism has to assess the product of multiple pairings instead of individual pairings. Morampudi et al. [14] devised a new privacy-preserving iris authentication method using a fully-homomorphic encoding process. This method assured the templates’ confidentiality and prevented data leakage from templates. Further, the proposed technique increased the recognition accuracy by producing rotation-invariant iris codes and reduced the computational period with the help of a batching method.

Taheri et al. [15] formulated a structure for fully privacy-preserving biometric verification in which the computation tasks were outsourced to public clouds. At first, the trained images were encoded in this study to ensure the data privacy for biometric verification. Then, to protect the privacy of the biometric verification method, the computation phase of every correlating filter and the verification phase was executed over the encoded biometric images on the server side. At last, the privacy of the biometric verification outcomes was protected by transmitting it to the client for further study. El-Hameed et al. [16] proposed a method based on chaos-related image encryption process with various chaotic maps. In order to preserve the authentication performance, the trained images were convolved with random kernels to construct the encoded biometric templates. In this study, it was made possible to acquire multiple templates from similar biometrics by changing the chaotic map employed in the generation of convolution kernels.

3  The Proposed Biometric Verification System

In this study, a novel ABFVR-EADL algorithm has been developed for biometric recognition using finger veins. In the presented ABFVR-EADL model, the HE approach is employed initially to pre-process the input images. Next, the SSA is exploited with the DenseNet-201 technique to generate a set of useful feature vectors. For recognition, the DSAE model is utilized in this study. Fig. 1 depicts the overall processes of the ABFVR-EADL approach.
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Figure 1: Overall processes of the ABFVR-EADL approach

3.1 Data Pre-processing

In general, the image enhancement approach is utilized to improve the quality of images. In order to ensure the optimum understanding and examination of the images, there is a need to enhance the contrast of the medicinal images. The HE technique is a conventional approach employed to achieve this task in the current study. In this approach, the intensity of the image pixels is slightly adjusted. The steps followed during the HE process are provided in Algorithm 1.
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3.2 DenseNet Feature Extraction

In this stage, the DenseNet-201 method is exploited to generate useful feature vectors. In order to extract the features from the data, a pre-trained DenseNet-201 is utilized, whereas the deep CNN (DCNN) method is also utilized for classification [17]. Due to ‘feature reuse probability’ by multiple layers, the DenseNet-201 method leverages the condensed network to provide easy training, improved execution and expand the varieties in the input layer since it is an extremely-efficient parametrical model. Then, a direct connection is added from every preceding layer to the next layer to boost the connectivity in the DenseNet-201 method, for which the mathematical expression is as follows.

fci=NLi(fc0, fc1, …, fci−1).(1)

Here, NLi(.) is a non-linear conversion layer that is defined by the Batch Normalization (BN) composite function, (3×3) convolution layer, and a Rectified Linear Unit (ReLU) function. Here, [fc0,fc1, …,fci−1] shows the concatenation of the feature maps based on the layer 0 to i−1 which are integrated into a single tensor. Here, the dense block is produced in the network structure for down-sampling and is divided by the transition layer that comprises of a 1×1 convolutional layer, 2×2 pooling layers and a BN. The DenseNet-201 growth rate describes the way, how a dense structure produces good outcomes. Here, the ‘H’ hyperparameter indicates this phenomenon. Every layer involves ‘H’ feature map to the global state whereas every count of the input feature map at ith layer (FM)i is formulated as follows.

(fm)i=H0+H(i−1)(2)

In Eq. (2), the input layer channel is represented by H0. 1×1  and 3×3 convolution layers are added to improve the computation performance. The input feature map is always higher than the feature map of the output H. Here, the 1 × 1 convolutional layer is called as a bottleneck layer which generates the feature map. The Fully-Connected (FC) layer acts as a classifier at the time of classification process. The feature extraction method is utilized for dual classification that is led by a sigmoid function to replace the softmax function. The FC layer, with 2D feature maps as input, is expanded to a 1D feature vector as given below.


νi−1=Bernoulli (p),

zi−1=νi−1∗di−1,(3)


zi=f(xkzi−1+ui).

Now, the Bernoulli function randomly generates a vector νi=1 with a specific probability that follows 0–1 distribution. The dimension of the vector is denoted by di−1. The dropout approach is utilized by the first two layers in the FC layer. This is done to block a certain set of neurons based on the probability that proficiently prevents the occurrence of over-fitting problems in deep network. “x” and “u” describe the corresponding weighting and the offset parameters of the FC layer. The sigmoid function converts the non-normalized output to 0 or 1 as a binary output.

3.3 Hyperparameter Tuning Using SSA

To adjust the hyperparameters, the SSA model is exploited in the current study. Salps are transparent and barrel-shaped marine organisms that swim forward by sucking seawater into its body and expelling it [18]. The knowledge of SSA remains in its performance as a collection of chain, i.e., the mutual effect among the nearby individuals. Some of the individual salps are categorized as leaders and followers, in which the leader is at the front end of chains and makes an optimum decision based on the nearby environment. The following steps explain the SSA process in detail.

Step 1: Initialization of the population. Based on the upper as well as lower limits of all the dimensions of the searching space, the place of the salps Xji, (i=1,2,…, N,j=1,2,…, D) is initialized.

Xji=rand(N, D)×(ub(j)−lb(j))+lb(j)(4)

Here, the population size of the salps is denoted by N, whereas the dimensions of the problems are represented by D.

Step 2: Calculate the fitness of all the salp individuals based on their objective function.

Step 3: Choose the primary place of the food source. Then, sort the salps based on their fitness values. Then, record the location of the optimum salps as the place of the food source.

Step 4: Define leader as well as the follower. A primary chain of half salps is designated as leaders, whereas the other half salps are categorized as followers.

Step 5: Upgrade the location of the leader salps.

Xji(t)={Fj+c1((ubj−lbj)c2+lbj)c3≥0.5Fj−c1((ubj−lbj)c2+lbj)c3<0.5(5)

Here, γ represents the present iteration number, Xji(t) implies the place of the ith salp leader from jth dimension space, Fj implies the location of the present food source from jth dimension space, ltbj and lbj indicate the upper and lower bounds of the jth dimension searching space, c2 and c3 represent the arbitrary numbers that are uniformly distributed between 0 and 1 and c1 reduces the values adaptively, based on the improvement in the number of iterations. c1 is capable of computing the values with the help of Eq. (6).

c1=2e−(4T/Max−iTer)2(6)

Step 6: Upgrade the place of follower salps.

Xji(t)=12(Xji(t−1)+Xji−1(t−1))(7)

Here, t refers to the present iteration number, Xji(t) signifies the place of the ith salp leader from jth dimensional space and Xji(t−1) and Xji−1(t−1) denote the place of the ith salp follower and (i−1)th follower from jth dimension of the prior generation.

Step 7: Implement boundary processing on all the dimensions of the upgraded individual and upgrade the location of the food sources based on the location of the upgraded novel global optimum salps. The procedure of executing the boundary processing is explained in this step. When established, the location exceeds both the upper as well as the lower limits of all the dimensions of the searching space. If the places of all the dimensions of the individuals are upgraded, then the place coordinates are clipped and restored to the boundary again. For sample, when the place co-ordinates exceed the upper limit lb, then a co-ordinate is set at ub. Also, when it exceeds the lower limit lb, then a co-ordinate is set at lb.

Step 8: Verify if the number of iterations is obtained. Then, check for resultant output; otherwise, skip to step 4 to continue the iterative evolution procedure.

3.4 Biometric Recognition

Finally, the extracted features are passed onto the DSAE model for the recognition process. The DAE model is stacked upon one another to construct a deep network with multiple hidden layers [19]. The DSAE architecture involves two encoder and decoder layers. Initially, the output is chosen as the input dataset for the following encoder layer. Fig. 2 displays the infrastructure of the SDAE model. Assume that there exists a L hidden layer in the encoder for which the activation function of k-th encoder layer is given herewith.

y(k+1)=fe(W(k+1)y(k)+b(k+1)),=0,…,L−1,(8)
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Figure 2: Structure of SDAE

In Eq. (8), the input y(0) is the new dataset, x. The output y(L) of the final encoder layer remains the highest feature level, extracted through the DSAE technique. In the decoder layer, the output of the initial decoder layer is assumed as the input of the next decoder layer. The decoder function of the k-th decoding layer is given herewith.

z(k+1)=fd(W(L−k)Tz(k)+b′(k+1)),=0,…,L−1,(9)

In Eq. (9), the input z(0) of the initial decoder layer acts as the output y(L) of the latter encoder layer. The output z(L) of the latter decoder layer helps in the recreation of the original dataset, x. The training procedure of the DSAE model is shown below.

Step 1. Select the input dataset that is arbitrarily designated from a hyperspectral image.

Step 2. Train the initial DAE model that involves an initial encoder layer and a latter decoder layer. Acquire the network weight W(1) and b(1) along with the feature y(1) viz., the output of the initial encoder layer.

Step 3. Apply y(k) as the input dataset of the (k+1)th encoder layer. Train the (k+1)th DAE and attain W(k+1), b(k+1) and the feature y(k+1). Here, k=1,…,L−1, whereas L denotes the number of hidden layers. Every DAE is individually trained due to which the SDAE training method is named as layer-wise training method. Furthermore, the trainable network weight using DSAE acts as an initial weight in Logistic Regression (LR) fine-tuning stage. As a result, the DSAE method pre-trains the network.

4  Performance Evaluation

In this section, the authors discuss the experimental validation of the proposed ABFVR-EADL method under a distinct number of epochs and runs [20]. Fig. 3 demonstrates some of the sample images. The proposed model was simulated using Python tool.
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Figure 3: Sample images

Table 1 shows the results achieved by the proposed ABFVR-EADL model on 1,000 epochs under diverse runs. Fig. 4 shows the precn and recal analyses results achieved by the ABFVR-EADL model upon 1,000 epochs under different runs. The figure implies that the proposed ABFVR-EADL model achieved the maximum precn and recal values under each run. For example, on run-1, the ABFVR-EADL method yielded precn and recal values such as 99.22% and 99.59% respectively. Moreover, on run-2, the proposed ABFVR-EADL method accomplished precn and recal values such as 99.21% and 99.49% correspondingly. In line with these, on run-3, the proposed ABFVR-EADL technique offered precn and recal values such as 99.32% and 99.22% correspondingly.
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Figure 4: Precn and recal analyses results of the ABFVR-EADL approach under 1000 epochs

Fig. 5 portrays the specy and RR valuation outcomes of the ABFVR-EADL model upon 1000 epochs under different runs. The figure infers that the proposed ABFVR-EADL model achieved improved specy and RR values during each run. For example, on run-1, the presented ABFVR-EADL model attained specy and RR values such as 99.55% and 99.45% respectively. Further, on run-2, the ABFVR-EADL model accomplished specy and RR values such as 99.61% and 99.21% correspondingly. Further, on run-3, the proposed ABFVR-EADL model offered specy and RR values such as 99.36% and 99.23% correspondingly.
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Figure 5: Specy and RR analyses results of the ABFVR-EADL approach under 1000 epochs

Both Training Accuracy (TA) and Validation Accuracy (VA) values, achieved by the proposed ABFVR-EADL method under 1000 epochs, are shown in Fig. 6. The experimental outcomes infer that the proposed ABFVR-EADL algorithm reached the maximal TA and VA values. To be specific, the VA values were higher than the TA values.
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Figure 6: TA and VA analyses results of the ABFVR-EADL approach under 1000 epochs

Both Training Loss (TL) and Validation Loss (VL) values, acquired by the proposed ABFVR-EADL method under 1000 epochs, are presented in Fig. 7. The experimental outcomes denote that the proposed ABFVR-EADL algorithm established the least TL and VL values while the VL values were lesser than the TL values.
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Figure 7: TL and VL analyses results of the ABFVR-EADL approach under 1000 epochs

Table 2 is a brief overview of the analytical results attained by the proposed ABFVR-EADL model on 1000 epochs under diverse runs. Fig. 8 portrays the precn and recal analyses results accomplished by the ABFVR-EADL model under 2000 epochs and different runs. The figure implies that the ABFVR-EADL model offered enhanced precn and recal values under each run. For example, onrun-1, the presented ABFVR-EADL method offered precn and recal values such as 99.45% and 99.38% correspondingly. Moreover, on run-2, the proposed ABFVR-EADL model rendered precn and recal values such as 99.33% and 99.80% correspondingly. In line with these, on run-3, the proposed ABFVR-EADL model produced precn and recal values such as 99.69% and 99.58% correspondingly.
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Figure 8: Precn and recal analyses results of the ABFVR-EADL approach under 2000 epochs

Fig. 9 shows the specy and RR analyses results accomplished by the proposed ABFVR-EADL model under 2000 epochs and different runs. The figure confirms that the proposed ABFVR-EADL model offered enhanced specy and RR values under each run. For example, on run-1, the proposed ABFVR-EADL approach produced specy and RR values such as 99.72% and 99.31% correspondingly. Moreover, on run-2, the presented ABFVR-EADL model accomplished specy and RR values such as 99.36% and 99.74% correspondingly. In line with these, on run-3, the proposed ABFVR-EADL method achieved specy and RR values such as 99.62% and 99.69% correspondingly.
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Figure 9: Spicy and RR analyses results of the ABFVR-EADL approach under 2000 epochs

Both TA and VA values, acquired by the proposed ABFVR-EADL method under 2000 epochs, are demonstrated in Fig. 10. The experimental outcomes imply that the proposed ABFVR-EADL technique achieved the maximal TA and VA values while the VA values were superior to the TA values.
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Figure 10: TA and VA analyses results of the ABFVR-EADL approach under 2000 epochs

Both TL and VL values, attained by the proposed ABFVR-EADL approach under 2000 epochs, are exhibited in Fig. 11. The experimental outcomes denote that the proposed ABFVR-EADL algorithm exhibited the least TL and VL values while the VL values were lesser than the TL values.
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Figure 11: TL and VL analyses results of the ABFVR-EADL approach under 2000 epochs

Table 3 provides the comparative RR and ER results of the proposed ABFVR-EADL model and other recent biometric verification approaches [21]. Fig. 12 portrays the detailed RR outcomes of the proposed ABFVR-EADL model and other existing models. The figure infers that the Poly-SVM kernel and RBF-SVM kernel models achieved the least RR values such as 96% and 96.18% respectively. Next, the SWG and DWP techniques reported slightly enhanced RR values such as 96.42% and 96.46% respectively. Though the Linear SVM kernel model achieved a reasonable RR of 97.76%, the proposed ABFVR-EADL model outperformed all other models with a maximum RR of 99.53%.
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Figure 12: RR analysis results of the ABFVR-EADL approach and other recent algorithms

Fig. 13 portrays the ER analysis results of the ABFVR-EADL model and other existing models. The figure implies that the Poly-SVM kernel and RBF-SVM kernel models exhibited the maximum ER values such as 4.00% and 3.82% correspondingly. Next, the SWG and DWP methods reported slightly reduced ER values such as 3.58% and 3.54% correspondingly. Though the Linear SVM kernel model achieved a reasonable ER of 2.24%, the proposed ABFVR-EADL model attained improved results with a minimum ER of 0.47%.
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Figure 13: ER analysis results of the ABFVR-EADL approach and other recent algorithms

From the results, it is clear that the proposed ABFVR-EADL model is a superior performer than the rest of the approaches, in terms of biometric verification.

5  Conclusion

In this study, a new ABFVR-EADL model has been developed for biometric recognition using the patterns of the finger veins. The presented ABFVR-EADL model employs the HE approach initially to pre-process the input images. Next, the SSA is exploited with the DenseNet-201 model to generate a valuable feature vector set. For recognition process, the DSAE method is utilized in the current study. The proposed ABFVR-EADL method was experimentally validated using a benchmark dataset, and the results confirmed the effectual outcomes of the proposed ABFVR-EADL model compared to other DL models. Thus, the ABFVR-EADL technique can be exploited in the future to accomplish proficient biometric recognition outcomes. Further, the performance of the proposed ABFVR-EADL technique can be validated upon multimodal biometric verification systems in real-time applications.
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Table 1: Analytical results of the ABFVR-EADL approach on 1000 epochs under different runs

No. of epochs = 1000

No. of runs Precision ~ Recall Specificity Recognition rate  Error rate
Run-1 99.22 99.59 99.55 99.45 0.55
Run-2 99.21 99.49 99.61 99.21 0.79
Run-3 99.32 99.22 99.36 99.23 0.77
Run-4 99.64 99.60 99.25 99.34 0.66
Run-5 99.61 99.22 99.49 99.70 0.30

Average 99.40 99.42 99.45 99.39 0.61
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Table 3: Comparative analysis results of the ABFVR-EADL approach and other recent algorithms

Methods Recognition rate (%) Error rate (%)
ABFVR-EADL 99.53 0.47
Linear-SVM Kernel 97.76 2.24
Poly-SVM Kernel 96.00 4.00
RBF-SVM Kernel 96.18 3.82
SWG 96.42 3.58

DwP 96.46 3.54
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Algorithm 1: Image pre-processing

(1) Attain the histogram to an input image and define the probability mass function.

(i1) Define the cumulative distributive function; based on this, define the CDF due to gray levels.
(iii) Define the novel gray levels using the formula: CDFNew = CDF * (number of gray levels — 1).
(iv) Map the novel gray levels as to the entire amount of pixels and plot the modified histogram.
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Table 2: Analytical results of the ABFVR-EADL approach on 2000 epochs under different runs
No. of epochs = 2000

No. of runs Precision  Recall Specificity Recognition rate  Error rate
Run-1 99.45 99.38 99.72 99.31 0.69
Run-2 99.33 99.80 99.36 99.74 0.26
Run-3 99.69 99.58 99.62 99.69 0.31
Run-4 99.47 99.36 99.21 99.65 0.35
Run-5 99.60 99.80 99.60 99.24 0.76

Average 99.51 99.58 99.50 99.53 0.47






OEBPS/Images/cmc-logo.png





OEBPS/Images/CMC_34005-fig-4.png
Values (%)

99.9

99.8

99.7

99.6

99.5

29.4

99.3

99.2

99.1

99.0

Precision

No. of Epochs =1000

m=m Run-1
@ Run-2
maw Run-3

Run-4
mm Run-5

Recall





OEBPS/Images/CMC_34005-fig-9.png
Values (%)

100.0

No. of Epochs =2000

m=m Run-1 Run-4
B Run-2 B Run-5
B Run-3

Specificity Recognition Rate





OEBPS/Images/copy.png





OEBPS/Images/CMC_34005-fig-7.png
Loss

.600 -

<575 =

.550 -

5258

.500 -

L475 -

.450 -

Training and validation Loss

=== Training

(5 = === \alidation

[
0 200 400 600 800 1000

Epochs





OEBPS/Images/CMC_34005-fig-13.png
. ABFVR-EADL RBF-SVM Kernel
mmm Linear-SVM Kernel msm SWG

e m= Poly-SVM Kernel === DWP

4

Error Rate (%)

3

2

1 I

g ! 2 3 4 5 6

Methods





