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Abstract

:

The majority of digital images are stored in compressed form. Generally, image classification using convolution neural network (CNN) is done in uncompressed form rather than compressed one. Training the CNN in the compressed domain eliminates the requirement for decompression process and results in improved efficiency, minimal storage, and lesser cost. Compressive sensing (CS) is one of the effective and efficient method for signal acquisition and recovery and CNN training on CS measurements makes the entire process compact. The most popular sensing phenomenon used in CS is based on image acquisition using single pixel camera (SPC) which has complex design implementation and usually a matrix simulation is used to represent the SPC process in numerical demonstration. The CS measurements using this phenomenon are visually different from the image and to add this in the training set of the compressed learning framework, there is a need for an inverse SPC process that is to be applied all through the training and testing dataset image samples. In this paper we proposed a simple sensing phenomenon which can be implemented using the image output of a standard digital camera by retaining few pixels and forcing the rest of the pixels to zero and this reduced set of pixels is assumed as CS measurements. This process is modeled by a binary mask application on the image and the resultant image still subjectively legible for human vision and can be used directly in the training dataset. This sensing mask has very few active pixels at arbitrary locations and there is a lot of scope to heuristically learn the sensing mask suitable for the dataset. Only very few attempts had been made to learn the sensing matrix and the sole effect of this learning process on the improvement of CNN model accuracy is not reported. We proposed to have an ablation approach to study how this sensing matrix learning improves the accuracy of the basic CNN architecture. We applied CS for two class image dataset by applying a Primitive Walsh Hadamard (PWH) binary mask function and performed the classification experiment using a basic CNN. By retaining arbitrary amount of pixel in the training and testing dataset we applied CNN on the compressed measurements to perform image classification and studied and reported the model performance in terms of training and validation accuracies by varying the amount of pixels retained. A novel Genetic Algorithm-based compressive learning (GACL) method is proposed to learn the PWH mask to optimize the model training accuracy by using two different crossover techniques. In the experiment conducted for the case of compression ratio (CR) 90% by retaining only 10% of the pixels in every images both in training and testing dataset that represent two classes, the training accuracy is improved from 67% to 85% by using diagonal crossover in offspring creation of GACL. The robustness of the method is examined by applying GACL for user defined multiclass dataset and achieved better CNN model accuracies. This work will bring out the strength of sensing matrix learning which can be integrated with advanced training models to minimize the amount of information that is to be sent to central servers and will be suitable for a typical IoT frame work.
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1. Introduction


The Shannon–Nyquist sampling theorem states that the sample rate must be at least twice of the maximum signal frequency and this provides the foundation for signal reconstruction from discrete measurements. In order to be precisely reconstructed in the discrete situation, the number of measurements must be at least equal to the signal length. However, this strategy may necessitate a huge storage space, a long detecting time, lot of power, and a greater number of sensors. Compressive sensing (CS) [1,2,3,4,5,6,7,8] is a new theory that works beyond the standard technique and demonstrates how a sparse signal can be reconstructed from a smaller number of incoherent samples.



Comprehensive reviews of the present state of the field of CS imaging have been published. The single-pixel camera (SPC) [7] is particularly helpful in imaging outside the visible range, such as infrared imaging, terahertz imaging, and hyperspectral imaging, when detector arrays are either prohibitively costly or non-existent. Instead of rebuilding the whole picture, the aim in many applications is to tackle an inference issue such as anomaly detection or classification. The primary premise of the CS method is that most real-world signals have a compact representation in a transform domain where just a few are significant, while the remaining are zero or inconsequential this condition is known as signal sparsity.



The advantage of learning by manipulating deep neural network [9] is that the network can do feature extraction without the need for a human to do it manually. Deep neural networks developed throughout time, with more profound network topologies delving deeper into hidden layers. The convolutional neural network (CNN) is one of the most well-known deep neural networks in pattern recognition [10]. Conventionally, CNN [11] has made significant contributions to image processing due to its remarkable capacity to generate meaningful feature maps [12] and information for conducting classification [13], object recognition [14], and signal analysis [15,16,17].



Deep convolution neural network is very promising in image classification problem in which the CNN model is trained with the training dataset that comprises of images belonging to different classes and the CNN model can classify a test image as a subset of one of the existing classes. In the classical classification problem, the complete uncompressed raw images are used in the training process and it is a challenge to classify a test image if it is in compressed form and the challenges are both in terms of validation accuracy and the computational time required to decompress the compressed image. One of the interesting solution is to perform the training and validation process in the compressed domain. In this approach the learning happens directly on the compressed information and validation also done in the same compressed domain. The compressed domain inference has been studied decade before [18,19,20,21,22,23,24,25,26] and many work have been extended recently [27,28,29,30,31,32,33]. The key benefits of this approach are two-fold: (i) There is no need for direct reconstruction computation process; and (ii) the amount of information to be communicated through networks to the server is also minimized. As discussed earlier, CS is a paradigm shift in the sampling and compression process in which only required number of measurements are done on the signal and the signal is reconstructed using optimization techniques [25,26] and the method of learning on CS measurements will enjoy the compactness of the CS. Davenport et al. [22] used the matched filter of compressed sensing patterns applied to a library of pictures to produce a ‘smashed’ filter and proved the validity of the random projection-based strategy for compressed domain image classification. For the same objective, Li et al. utilized the same SPC system but learnt sensing patterns using data-dependent “secant projections” [23]. The convolutional neural network (CNN) has recently been used [19,20,21,22] and has generated substantially higher results. On the other hand, current neural network approaches, need to build a distinct network model for each individual measurement rate (MR).



In this proposed work, we focus on leveraging neural networks to conduct image classification directly on CS measurements without reconstruction, as well as pushing the limits of object recognition and classification with very low sensing and processing resources. In order to overcome the above limits, initially we reduced the pixels density by applying binary masking to the dataset images after getting the minimized learning accuracy, we applied genetic algorithm to determine the binary mask that is to be applied to the dataset while training the model using CNN. It is demonstrated that the mask learning improves the training accuracy on different possible crossover methods. Numerical experiments are conducted for CNN learning on CS measurements using standard image classification datasets and a performance analysis was conducted. There are two works [20,32] which are similar to our work and both used a sensing phenomenon mimicking the concept of SPC. SPC has a complicated implementation details but mathematically can be modeled using matrix operations. The sensing mechanism considered in our work is based on a standard digital camera output image and retaining only some selected pixels. This reduced set of pixels can be modeled as CS measurements [34]. Unlike SPC, the CS measurements we consider here is a simple spatial domain process which retains some pixel and force the remaining pixels to be zero. If there is a need to communicate the test image in an application platform it is enough to communicate the retained pixels as the mask is known both in client and server side. In server side CS measurements can be easily rearranged as an image using the mask pattern. In SPC-based sensing phenomenon the CS measurements cannot be directly used for testing or training. The inverse operation of SPC has to be performed to get the approximate images that are to be trained or tested [20,32]. In our experiment, the key performance parameter we considered is the training accuracy of the CNN model for the given percentage of pixels used in the learning process. The percentage of the pixels not used is otherwise considered as the compression ratio CR. Considering the fact that the binary mask used are fixed for all the training and testing images and are arbitrarily high only in 10% of locations, we propose a Genetic Algorithm-based compressed learning (GACL) which is a novel process that will improve the training accuracy of the CNN. The GACL proposed is to determine the best mask that is to be applied to all images in the training set which will maximize the training accuracy of CNN. This is achieved by using Genetic Algorithm to determine the best chromosomes of the mask by assuming the CNN training accuracy as the objective function that is to be maximized. Our numerical experiment shows that in the process of CNN learning on CS measurements, when 10% of pixels are retained (compression ratio (CR) = 90%), the training accuracy of 77% with untrained fixed mask improves to 80% when the masks are genetically learned with vertical cross over and it drastically improves to 85% with diagonal crossover GA learning of mask. Comparison of the classification training accuracies of the CNN for two different scenarios, one with GACL and another without GACL, shows that GACL improves the model accuracies in a larger extent. This improvement performance is highly data dependent and can be compared only with existing work that uses the same sensing principle and dataset.




2. Related Work


This section discusses the basic work done in compressed domain image classification, proposed sensing matrix learning, and the heuristic algorithms for the proposed work.



2.1. Compressed Domain Image Classification


Neural networks are employed for image compression using CNN architecture [28], RNN architecture [29], and GAN architecture [30]. In another way, the neural network can determine compressed data either by decompressing the data or directly on the compressed data. Calderbank et al. [8] provided the first theoretical results for compressed domain inference, demonstrating that learning directly in the compressed domain is possible. They provided bounds demonstrating that a linear SVM in the compressed domain performs similarly to the best linear classifier in the uncompressed domain and that classifiers can be learned directly in the compressed domain. The “smashed” filter was used by Davenport et al. [22], which used a random sensing matrix and a 1-nearest-neighbor classifier. Later, the SPC system was used to perform classification directly in compressed data using learned patterns via data-dependent “secant projections”. Prof. Pavan Turaga and his team created a rate-adaptive neural network for compressed domain classification recently [21]. Several studies had been conducted on frequency domain learning problems. DCT is utilized by JPEG, the most frequently used compression standard, and DCT coefficients are fed into CNNs for picture classification, object identification, and instance segmentation [25,26,27,28,29,30,31]. Similar to DCT, wavelet coefficients can also be directly used in the CNN training [29,30].



Yibo Xu et al. [32] present an effective training technique for a neural network with dynamic rate property, which allows a single neural network to categorize any measurement rate (MR) within the range of interest using a given sensing matrix that represents a SPC process. Only a few selected MRs are used in this training approach, yet the trained neural network is valid throughout the whole range of MRs of relevance. They also demonstrated that the dynamic-rate training scheme may be thought of as a universal strategy that works with a variety of sensing matrices and neural network designs, and it is a significant step forward in the use of neural networks for compressive inference and other compressive sensing applications.




2.2. Proposed Sensing Matrix Learning


When the CS sensing matrix is applied to the images, the CS measurements which are much lesser than the total number of pixels in the image are created and the sensing matrix values are arbitrary and random. The sensing matrix proposed in this paper is a simple process that retains certain set of pixels and forces other pixels zero. The image reconstruction from the reduced set of pixels is a CS problem [34,35,36] and the retained pixels can be considered as CS measurements. This process can be modeled as array multiplication of image and a binary mask. The work [32] discussed in Section 2.1 also uses a binary mask that mimics SPC. Basically, in this work the CS masks for various MR are applied to the training images and the training network is made adaptable for multiple MR. The adaptation of the network for multiple MR is made possible by adding all MR representation of the dataset images in training phase. This also involves an image reconstruction process for both training and testing images that is done by inverse of single pixel camera process which is another matrix operation that involves a computation cost. The possibility of training the sensing matrix is discussed in this paper but not attempted. But another work [20] discusses on learning the sensing matrix jointly with CNN weights for classification, assuming SPC sensing process. This work also involves an image reconstruction process from the CS measurements for all the testing and training images. A 28 × 28 MNIST handwritten dataset is used as the dataset. Our proposed work conceptually has the common goal as above [20,32], but different in following aspects:




	(i)

	
Our sensing matrix is not based on single pixel camera principle but a simple pixel-retaining process using a binary mask.




	(ii)

	
We use an evolution algorithm for binary mask learning named Genetic Algorithm-based compressed domain learning (GACL). We evaluate our research outcomes purely by comparison of our own results with and without GACL.




	(iii)

	
We do not have an image reconstruction step both in testing and training phase.




	(iv)

	
We consider dataset with more natural images, for example cat and dog images.










2.3. Heuristic Algorithms for Proposed Work


In the proposed work to improve the classification accuracy of CNN on compressed learning, we propose to use the mask learning strategy which determines the binary mask that maximizes the model accuracy. The search space of the mask is very large and it is suitable to use evolutionary method. The state-of-art of evolutionary algorithm (EA) had rapidly reached an advanced level. There are so many variants of EA and we can list a few as follows (i) Genetic Algorithm (GA), which applies the “survival of fittest first” policy to select the best child candidates [37,38], (ii) particle swarm optimization which assumes the potential solution as a particle [39], (iii) grey wolf optimization [40] which is based on the hierarchical behavior of wolf, and (iv) modified GA [41]. In our proposed work to bring out the novel idea of mask learning, we decided to use the basic GA method. More over GA is widely used in hyper parameter learning of CNN and well accepted in the AI eco system [42] and it is very time effective to use GA for our mask learning development phase to prove the concept.





3. Proposed Methodology


In this proposed work, we focus on neural networks to conduct image classification directly on CS measurements done on spatial domain. The CS measurements are used directly for learning without any reconstruction. The sensing model of CS is implemented applying binary masking to the dataset images and later the mask is learned iteratively using GA to improve the accuracy of learning. This was experimented on different possible crossover methods in GA to achieve high accuracy.



This section is divided in two, Section 3.1 describes the study on binary masking based on compressed domain learning and Section 3.2 describes the proposed Genetic Algorithm-Based Compressive Convolution Neural Network (GACCNN) training which is based on our proposed method Genetic Algorithm-based compressed domain learning (GACL).



3.1. Study of Binary Masking Based Compressed Domain Learning


The database used for this work consists of RGB images of dimension     M  ×  N     belonging to two categories, with 2000 training images and 500 test images. All the images belonging to the dataset are resized to standard    256 × 256    images in our scheme. The binary sensing matrix, which is a structured matrix, is contrasted to the Primitive Walsh–Hadamard (PWH) matrix, which is essentially a random matrix. Binary Sensing Matrices of    256 × 256    size are implemented to use only a few elements of the original image; these matrices are used as a sieve model at a certain moment. Applying binary matrix and primitive Walsh–Hadamard matrix with original image retains only P% of its pixels and drastically reduces the number of pixels to be transmitted/stored. But it is also a fact that this process will significantly reduce the classifying accuracy due to distraction of the image.



Let us consider a typical image classification problem, say the widely used cat dog classification problem in which an image     I     under a test has to be transmitted to a server where CNN models are deployed. There is a need for compression of this test image I to obtain the compressed image     T     to reduce the communication time. One of the effective and fast ways of compressing is by CS. The CS is applied by multiplying a known binary mask.     Mask     with the image will force many pixels to zero and retains only P% of pixels for which the mathematical model is given by    T = I .  * Mask     whereas     T i     is the image used in Training/Testing.



The best binary mask that retains the perceptual quality of image is Hadamard. We conducted an experiment by applying Hadamard binary mask to a test set which retains 50% of the pixels for a CNN-based image classification for the dataset [43]. The basic functional parameters used to configure the CNN for our experiment is shown in Table 1 and the network architecture of CNN is shown in Figure 1. For this case of retaining 50% of pixels, we found that the training accuracy of CNN is good enough whereas validation accuracy falls much lower than 70%. The reason is because the training set includes unmasked complete images whereas the test set includes masked images. When the experiment is repeated with masked training set, the validation accuracy improves to 75%.We further studied by decreasing the number of retained pixels by arbitrarily throwing the pixels of the PWH mask.



Figure 2 illustrates the masking process executed on the dataset images in the proposed algorithm and its outcome for various levels of pixels retaining. Figure 2a depicts the case of 100% pixel retained and the cases of images with pixels retained 50%, 25%, 15%, and 10% by applying PWH is depicted in Figure 2b–e.



Using the same CNN architecture of parameter shown in Table 1,we conducted the learning experiment in two different ways: (i) by using complete images in training (100% pixels retained) and PWH masking (retaining 50%, 25%, 15%, 10%) the test set and (ii) by using both training and testing set masked. The experimental results are tabulated in Table 2. When 100% pixels are retained for both the training and testing datasets there is no compression involved and was able to get 97% training accuracy. The model accuracies and loss function for this case is shown in Figure 3a. When only some portion of pixels are retained to achieve compression, accuracy drops and it can be well inferred from Table 2. But it should be noted that the training accuracy is better in the case (ii) which involves masking of both training and testing datasets than that of case (i) in which the training set is not masked. The CNN model accuracies and the loss functions for case (i) are shown in Figure 3b–e and that of case (ii) are shown in Figure 3f–i.




3.2. Genetic Algorithm-Based Compressed Domain Learning


The experiment we conducted in Section 3.1 is a proof of concept that a CNN can learn even from 10% of distributed pixels of the training set with a training accuracy of 77% and can recognize the image with a validation accuracy of 61%. This is because even when the retained pixel is 10% it is distributed well in all the region of image by using PWH-based binary mask. It should be noted that the same binary mask is used for all the images in the training and testing sets. The mask being randomly distributed with 10% of points 1 and remaining 0, there is a lot of scope to search for the best mask which would give better accuracy than our experimental accuracy 77%. The search space to get the best mask is large and we propose to use genetic algorithm to make the mask to maximize the training accuracy which is taken as the objective function of the GA. Generalized block diagram for Genetic Algorithm-based compressed learning (GACL) for two class dataset is shown in Figure 4, this depicts the work flow process for the training and testing models.



This research work is initiated by performing training on the widely used Cat and Dog datasets. One of the highlights of this work is that we used two types of fixed binary sensing patterns that are used as a binary sensing matrix of besides training of the original image in genetic algorithm. Alongside fusing original images with Binary Sensing and primitive Walsh Hadamard Matrices, where training and testing dataset are created from this generated dataset, the pixel density value can be varied as discussed in Section 3.1 and this has been applied to CNN model. This process performs arbitrarily which generates different training accuracies, which is termed as chromosomes and the training accuracies of these top ten chromosomes achieved in CNN are displayed in Figure 5.



To create their offspring, a crossover point is chosen over top two accuracy chromosomes. On these top two high accurate chromosomes, crossover operation was performed by choosing the first left half of the first matrix with second right half of the second matrix, later second right half of the first matrix with first left half of the second matrix as shown in Figure 6c,d was considered. The outcome of this matrix manipulation was used to mask the training and testing set images in the CNN algorithm and the results are tabulated in Table 3 and the resultant model accuracy graphs are shown in Figure 7a,b. Though the best achieved accuracy of 80% is better than the method without GA, the result was not convincible that this experiment was further progressed with diagonal cross over method as shown in Figure 6e,f. In this method the crossover operation was performed by choosing the segments that are separated diagonally and using this crossover it was able to obtain improved accuracy of 85% as shown in Table 3 which is better than the method without GA and also acceptable for achieving best classification and the resultant model accuracy graphs are shown in Figure 7c,d. This novel method of genetically learning the best pattern of pixels to be retained for an accurate CNN classification throws light on new ways of compressed sensing learning and will be much useful for faster communication of test images in an IoT platform.




3.3. GACL for Multiclass Datasets


The proposed GACL method works well in a two class dataset, and to examine it further we experimented with the same procedure on multiclass images by adding the more user-defined classes to the dataset used in two class experiment. Training of multiclass dataset with five different classes was considered initially and was able to attain training accuracy of 66.34% for the case of 10% of pixel retaining and with GA achieved an accuracy of 50% with conventional crossover and an improved accuracy of 67% with diagonal crossover as tabulated in Table 4 and Table 5. It should also be noted that there is no drastic improvement in training accuracy but improvement in the validation accuracy is considerable. The model accuracy, receiver operating characteristic, loss and confusion matrices are shown in Figure 8 and Figure 9.





4. Results and Discussion


This research is a proof of concept to bring out the possibility of training a CNN network-based classifier by using training images which have only few pixels that are retained and remaining forced to zero which facilitates the reduction of information to be communicated in an application platform. This is based on the fact that the retained pixels can be assumed as the CS measurements and can be used directly in the training process. This CS process can be easily implemented practically with simple digital cameras. By looking at the result of image obtained by retaining only the 50% of the pixels shown in Figure 2b, we can infer that it is legible for human eye to classify it as a cat and same thing applicable for Figure 2c–e. Intuitively we can say that the deep CNN which mimics human visual system can also recognize the image from the CS images having partial amount of pixels. We also consider the dataset that has natural images rather than simple images and it is interesting to note the result of our classification experiment in Table 1, that for the case of CS testing images the training accuracy of CNN models trained with CS images are better than that of training with complete images. The percentage of pixels not retained can be considered as the CR and for the case of CR of 90% the training accuracy is 77% with the validation accuracy 61%. In this case the CNN used is a very basic architecture which is vastly used for common image recognition application. For the completeness of the experiment all the model accuracies graphs are presented in Figure 3a–e. To bring out the efficacy of the proposed GACL algorithm, the results obtained by using the binary mask learned by GA is given in Table 3 and can be observed that the training accuracy of 77% is improved to 85% using diagonal crossover for the case of 90% CR and the result is supported with all model accuracy graphs Figure 7a–d. So here we validate the performance of the novel GACL method which could be integrated with any other good performing CNN.




5. Conclusions


This work brings out a new way of improving the accuracy of compressive domain learning using a novel CS sensing matrix learning method. In doing so, a very simple compressive sensing process is used which can be easily implemented using a standard digital camera and a pixel retaining mask function. By making the CNN architecture standard and simple, the strength of the sensing matrix learning process is brought out. The proposed GA-based learning of sensing matrix guarantees an increase in the training accuracy of the CNN by 8% for datasets consisting of natural images with more features for compression ratio of 90%. This gives a new direction to integrate this learning methodology with sophisticated CNN architecture customized to certain applications. The sensing matrix retains the image information in the CS measurements and thus does not need any pre-processing or reconstruction operation in the training and testing phase. In the numerical experiments we conducted, lot of intermediate results are obtained which throw light on compressive domain learning. The compressive sampling in spatial domain is achieved by applying binary mask to the dataset images to retain only P% of the pixels for a two-class image and the performance of CNN is thoroughly studied. The study reveals that the CNN performance is better when compressive sampling is applied to both training and testing dataset. The training accuracy achieved for the popular dog and cat dataset for the case of retaining only 10% of the pixels both in training and testing dataset is 77% with validation accuracy of 61%. The proposed novel GACL algorithm adopted in this research to learn the best binary mask and a training accuracy of 80% is achieved for the case of 10% pixels retained (CR = 90%) in both training and testing dataset using vertical crossover of the mask function. Much more improved training accuracy of 85% is achieved in GACL for the case of 10% pixels retained in both training and testing dataset using diagonal crossover of the mask function which is much entertaining and the concept can be deployed in IoT frame work where huge image data are transferred for analytics purpose. To examine the robustness of the proposed GACL-based compressive sampling, we extended the experiment to a user-defined small multiclass dataset and found both training and validation accuracies improve with GACL. The complete work is limited in the spatial domain and extending the implementation in frequency domain such as DCT, Wavelet will opens up new door in this direction. The proposed GA algorithm fit well with the existing GA-based tuning of hyper parameters of CNN. The binary mask that is applied to the dataset images can also be considered as a standard parameter of CNN architecture. Applying more computationally intensive advanced heuristic algorithms on a real valued masks can be explored in future.
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Abbreviations


The abbreviations are used in this manuscript as follows:



	CS
	Compressive Sensing



	CNN
	Convolution Neural Network



	SPC
	Single Pixel Camera



	PWH
	Primitive Walsh Hadamard



	GA
	Genetic Algorithm



	GACL
	Genetic Algorithm based compressive learning



	GACCNN
	Genetic Algorithm Based Compressive Convolution Neural Network



	DRNN
	Dynamic rate neural network



	SPC
	single-pixel camera



	SVM
	Support vector machine



	DCT
	Discrete Cosine Transforms



	GAN
	Generative adversarial network



	RNN
	Recurrent neural networks



	MR
	Measuring Rate
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Figure 1. Network architecture of CNN. 






Figure 1. Network architecture of CNN.
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Figure 2. Sample masked images of the dataset after PWH masking process with P% pixels retained (a) P = 100 (b) P = 50 (c) P = 25 (d) P = 15 (e) P = 10. 
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Figure 3. Training and validation accuracy and loss graph with respect to epochs for PWH masked dataset with P % pixels retained in testing dataset and Q% in training dataset (a) P = 100, Q = 100, (b) P = 50, Q = 100 (c) P = 25, Q = 100 (d) P = 15, Q = 100 (e) P = 10 , Q = 100 (f) P = Q = 50 (g) P = Q = 25 (h) P = Q = 15 (i) P = Q = 10. 
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Figure 4. Proposed Genetic Algorithm-based compressed learning (GACL) scheme. 
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Figure 5. Top ten accuracies of the selected chromosomes of GACL representing the mask. 
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Figure 6. Crossover pattern of the selected    256 × 256    chromosomes of GACL representing the mask (a) and (b) top two selected chromosomes (c,d) vertical crossover (e,f) diagonal crossover. 
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Figure 7. The validation and training performance with respect to epochs for two class CNN models achieved through GACL for P = Q = 10%, (a) accuracy for vertical cross over, (b) loss for vertical cross over, (c) accuracy for diagonal cross over, (d) loss for diagonal cross over. 
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Figure 8. Shows the validation and training performance of multiclass (5) CNN model without GACL for P = Q = 10%, (a) accuracy vs. epochs, (b) loss vs. epochs, (c) receiver operating characteristic over true and false rate, (d) confusion matrix. 
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Figure 9. The validation and training performance with respect to epochs for multiclass (5) CNN model achieved through GACL for P = Q = 10%, (a) accuracy with vertical crossover, (b) loss with vertical crossover, (c) with diagonal crossover, (d) loss with diagonal crossover. 
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Table 1. CNN model parameters.
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	Parameters
	Values





	Model Type
	Sequential



	Activation Layer
	Relu



	Shear Range
	0.2



	Zoom Range
	0.2



	Flip Type
	Horizontal



	Filter Size
	64 × 64, 128 × 128



	Kernel Size
	3 × 3



	Optimizer
	Adam



	Batch Size
	32



	Epoch
	25–100



	Class Mode
	Binary



	Loss function
	Binary Cross Entropy



	Metrics
	Accuracies
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Table 2. Training and validation accuracy comparison of the CNN on different percentage of pixel retained.
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Percentage of Pixels Retained

	
Training Accuracy

	
Validation Accuracy




	
Training Dataset

	
Testing Dataset






	
100%

	
100%

	
97%

	
76%




	
100%

	
50%

	
97%

	
62%




	
100%

	
25%

	
97%

	
59%




	
100%

	
15%

	
97%

	
52%




	
100%

	
10%

	
96%

	
49%




	
50%

	
50%

	
95%

	
73%




	
25%

	
25%

	
87%

	
67%




	
15%

	
15%

	
84%

	
65%




	
10%

	
10%

	
77%

	
61%
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Table 3. Training and validation accuracy of the CNN on two class images with GA.
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Method

	
Percentage of Pixels Retained

	
Training Accuracy

	
Validation Accuracy




	
Training Dataset

	
Testing Dataset






	
Crossover

	
10%

	
10%

	
80%

	
60%




	
Diagonal Crossover

	
10%

	
10%

	
85%

	
62%
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Table 4. Training and validation accuracy of the CNN on multiclass images without GA.
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Method

	
Percentage of Pixels Retained

	
Training Accuracy

	
Validation Accuracy




	
Training Dataset

	
Testing Dataset






	
Without GA

	
10%

	
10%

	
67%

	
45%
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Table 5. Training and validation accuracy of the CNN on multiclass images with GA.
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Method

	
Percentage of Pixels Retained

	
Training Accuracy

	
Validation Accuracy




	
Training Dataset

	
Testing Dataset






	
Crossover

	
10%

	
10%

	
50%

	
44%




	
Diagonal Crossover

	
10%

	
10%

	
67%

	
52%
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