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[bookmark: _Toc456029073]Abstract 

In this work we propose a classification framework called class-wise deep dictionary learning (CWDDL). For each class, multiple levels of dictionaries are learnt using features from the previous level as inputs (for first level the input is the raw training sample). It is assumed that the cascaded dictionaries form a basis for expressing test samples for that class in the sparsest form. Based on this assumption sparse representation based classification (SRC) is employed. Experiments have been carried out on some benchmark deep learning datasets (MNIST and its variations and energy data); our proposed method has been compared with Deep Belief Network, Stacked Auto encoder and Label Consistent KSVD (dictionary learning). We find that our proposed method yields better results than these techniques and requires much smaller run-times. We have compared our method with the best-in-class results for these datasets; we find that our class-wise deep dictionary learning (CWDDL) approach features in the top 10 results. 








[bookmark: _Toc456029074]CHAPTER 1 – Introduction

In the last decade dictionary learning techniques have become popular in the signal processing and computer vision communities as compared to using a fixed transform technique (DCT, Fourier, Wavelets) which is very generic and does not exploit sparse coding to extract meaning information from the given signal. The seminal work that initiated research in this area is the KSVD [1].Aharon et al. proposed this technique that computes a dictionary which sparsely represents the training data. The main objective of dictionary learning is to learn a basis that can represent a class of signals; mostly in a sparse fashion. In signal processing these techniques are mostly used for solving inverse problems dealing with restoration, denoising, reconstruction, super-resolution etc.
For solving inverse problem the learning task is unsupervised; that does not make use of the labels of the training dataset and the only constraint is the sparsity of the learned coefficients. Researchers in computer vision introduced the notion of supervised dictionary learning which takes in the prior knowledge of the labels of the training data and uses that knowledge in the algorithm. The idea is straightforward – to learn the dictionary / coefficients in a supervised fashion one just needs to add the corresponding penalty terms. Initial techniques proposed simple approaches which learnt specific dictionaries for each class [2]. Later approaches incorporated discriminative penalties into the dictionary learning framework such as softmax discriminative cost function, Fisher discrimination criterion, linear predictive classification error penalty and hinge loss function.
In recent years machine learning witnessed success and popularity of deep learning techniques. Convolutional Neural Network (CNN), Deep Belief Network (DBN) and Stacked Denoising Auto encoder (SDAE) have been successful in various supervised and unsupervised learning scenarios. Motivated by the success of deep learning, we propose a classification framework based on multi-level dictionary learning. Our framework is based on the Sparse Representation based Classification (SRC) approach [3]; instead of using features from training classes as the basis for new test samples, we use learned dictionaries as the basis. This is a simple technique but yet yields competent results with more sophisticated deep learning architectures. 
The rest of the report will be organized into several chapters. A brief literature review on dictionary learning ensues in the following chapter. The proposed framework for deep dictionary learning is described in chapter 3. Experimental results are shown in chapter 4 where we make use of some standard datasets like MNIST and its variants, USPS, rectangles and some other datasets like energy dataset and Hyperspectral image datasets like Indian Pines and Pavia University to show results and compare the results with state of the art techniques like LCKSVD, SVM, DBN, Stacked Auto encoder (SAE). The conclusions of this work are discussed in chapter 5.
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[bookmark: _Toc456029076]2.1. Dictionary Learning

Early studies in dictionary learning wanted to learn a basis for representation. There were no constraints on the dictionary atoms or on the loading coefficients. The method of optimal directions (MOD) [4] was employed to solve the learning problem:
                                                           						(1)
Here X is the training data, D is the dictionary to be learnt and Z consists of the loading coefficients. Today, we know this problem in the name of matrix factorization where we alternatively solve for D and Z by keeping either one of them fixed for each iteration till the residual error is minimised. 
For problems in sparse representation, the objective is to learn a basis that can represent the samples in a sparse fashion (2), i.e. Z needs to be sparse. KSVD [1] is perhaps the most well known work in this respect, it is an iterative method that alternatively solves for a dictionary and the sparse coefficients and continues till the dictionary better fits the data, but the problem of learning sparse representations from overcomplete basis dates back to the late 90’s [5]. Fundamentally it solves a problem of the form:
                                        		                       	(2)
l0 or ‘pseudo’ norm induces sparsity in Z but is NP hard problem to solve thus we solve this problem by converting it into its solvable version or the l1 norm which is convex. This problem is also called LASSO or Basis Pursuit. Dictionary learning is a bilinear (non-convex) problem; it is usually solved in an alternating fashion. In the first stage it learns the dictionary and in the next stage it uses the learned dictionary to sparsely represent the data. 
The dictionary learning formulation in (2) is unsupervised as we do not use the training data labels and simply learn the dictionary and the coefficients using the entire data at once. There is a large volume of work on supervised dictionary learning problems. We will briefly discuss a few of them. The work on Sparse Representation based Classification (SRC) [3] is not really a dictionary learning technique; here the training samples for every class was assumed to form a basis / dictionary for test samples of the same class. Their proposed model is:
                                                                             						(3)
where x is the test sample and X is dictionary consisting of all the training samples.
It is assumed in [3] that since the correct class only represents x, the vector a is going to be sparse. Based on this assumption they solved a using some sparse recovery technique. Once a is obtained, the problem is to classify x. This is achieved by computing the residual error between the test image and its representation from each class c obtained by Xcac. where c denotes the cth class. The test sample is simply assigned to the class having the lowest residual error.
The SRC does exactly fit into the dictionary learning paradigm. The simplest modification to the SRC was proposed in [2] where instead of using the training samples as the basis, dictionaries were learnt for each class and used as a basis for test samples of the same class. 
There is a huge amount of literature on dictionary learning for classification. We will discuss a few major ones. One of the first studies in supervised learning was proposed in [6]. Here on top of the regularization term on the dictionary and the sparsity penalty on the coefficients, there is an extra term that accounts for classification error:
                                		(4)
where and is the classification error penalty that is very similar to the hinge loss used in SVM; . 
Another study employed a Fisher criterion for learning discriminative dictionaries (FDDL)  [7]. A later study [8] combined two concepts – The first one is the discrimination of the learned features (similar to [7]) and the second one is the discrimination of the class specific dictionaries. The second criteria demands that the features from a particular class will reconstruct the samples of the same class accurately but will not represent samples of the other classes. The penalty term formulated as:
                        C			(5)
Here  is the augmented dictionary or the concatenated dictionary and Dc are the class specific dictionaries, Xi are the training samples for the ith class, Zi is the representation over all the dictionaries. According to their assumption [8], only the portion of Zi pertaining to the correct class should represent the data well - this leads to the second term in the expression; the other dictionaries should not represent the data well hence the third term. 
In [8] there is a second term that discriminates among the learned features. This term arises from the Fisher Discriminant Analysis - it is aimed to increase the covariance between the classes and decrease covariance within the class that results in a dictionary with increased discriminative power. This is represented by:
                                                      				(6)
whereand , ; the regularization helps in stabilizing the solution, where Sw is the within class scatter matrix and Sb is the between class scatter matrix and zc and z are the mean vector matrices whose columns are mean vectors of zi and Z respectively.

The complete formulation given in [8] is as follows:
                                            				(7)
The Fisher DL [8] is actually a more sophisticated version on an earlier work [9] where the goal was to learn dictionaries that are incoherent with each other. In the said study [9], separate dictionaries were being learnt for each class by solving the following optimization problem:
                               			(8)
The second term penalizes coherence between the dictionaries.
The label consistent KSVD is a recent technique for learning discriminative sparse representation [10], [11]. The first technique called LC-KSVD1 [10, 11] proposed an optimization problem of the following form:
                               			(9)
Here the last term is the label consistent term and Q is the label of the training samples, it is a canonical basis with a one for the correct class and zeroes elsewhere. A is a parameter of the linear classifier which transforms the original sparse coefficients to be discriminative in the sparse feature space . This formulation was proposed independently in [10] and [11] and it forces the signals from the same class to have a very similar sparse representation which gives good classification accuracy using a linear classifier. 
In [11] a second formulation is proposed that adds another term to discriminate among the dictionary atoms. The LC-KSVD2 formulation is as follows:
                  	(10)
H is a ‘discriminative’ sparse code corresponding to an input signal sample, if the nonzero values of Hi occur at those indices where the training sample Xi and the dictionary item dk share the same label. Basically this formulation imposes labels not only on the sparse coefficient vectors Zi’s but also on the dictionary atoms. 
During training, the LC-KSVD learns a discriminative dictionary D. The dictionary D and the classification weights A need to be normalized. When there is a new test sample, the sparse coefficients for the same are learnt using normalized dictionary using l1-minimization:
                                         				(11)
Once the sparse representation of the test sample is obtained, the classification task is straightforward – the label of the test sample is assigned as:
                                                            					(12)
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First we will discuss algorithms for unsupervised dictionary learning. Next, we will describe our feature extraction and classification scheme.
[bookmark: _Toc456029078]3.1 Algorithm for Dictionary Learning

In dictionary learning the goal is to learn a basis for representing the training data (X). This is represented as: X=DZ. Here D is the learned basis and Z is the representation of X in D. For signal processing problems, the number of atoms in D is larger than the dimensionality of X, i.e. D is redundant. For machine learning problems, the number of atoms in D is smaller in order to reduce the dimensionality of the features. 
In the simplest form, the learning problem can be cast as minimizing the Euclidean distance:                                                                                                                                                                                                                   (13)                                                            
This is a matrix factorization problem. The simplest solution to this problem is via alternating least squares (ALS). 
Initialize D
In every iteration (k) 
                                                                                                                                       
Normalize the columns of Dk.

There are other techniques to solve the matrix factorization problem like multiplicative updates and stochastic gradient descent; but in this work we will follow the simple algorithm outlined here.
The aforesaid algorithm produces a dictionary for densely representing the data, i.e. Z is dense. In all dictionary learning algorithms in use today, the dictionary is learnt such that the representation is sparse. KSVD is the most popular method for solving this problem. However, KSVD is slow (requires computing SVD in every iteration) and hence impractical for large scale machine learning problems. Therefore in this work we follow a more direct approach. 
Dictionary learning is framed as:	
                                                            				(14)
Here the l1-norm is defined on the vectorized training samples from Z. It promotes a sparse solution of Z.
𝜆 is the regularisation parameter used to create a balance between over fitting and sparsity.
When framed as an alternating minimization problem (14) is decomposed into the following sub-problems:
                                                       				(15)
                                                              					(16)
One needs to normalize the columns of Dk after every iteration.
Solving (16) is trivial; the update for (15) is given by iterative soft thresholding (IST) [14]. Every update in Iterative Soft Thresholding technique (IST) is expressed as:
                                            				(17)
where the soft thresholding operator is defined as ; α is the maximum eigenvalue of DTD.


[bookmark: _Toc456029079]3.1.1 Deep Dictionary Learning
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Figure 2: Deep Dictionary Learning
For learning deeper levels of dictionary, we follow greedy approach. For the first level, the training data is modelled as before, i.e. either the dense or the sparse version can be used (unless otherwise mentioned only the deepest level will employ the sparse version). For the second level, the features from the first level act as input:. In subsequent levels, the features from the previous level are used as inputs for dictionary learning.
One should not conclude that the dictionaries can be combined, and a single dictionary can be learnt instead. For example consider a dataset of dimensionality 100. In the first level, we learn a dictionary (D1) with 50 atoms – the size of this dictionary will be 100 X 50. In the 2nd level, we learn another dictionary (D2) with 25 atoms, the dimension of the second dictionary will be 50 X 25. If we learn one dictionary (D) of size 100 X 25, it (D) will not be the same as D1 X D2. Dictionary learning is a bi-linear non-convex, and hence the different levels cannot be collapsed / combined into a single one. However, the combined dictionary D1 X D2 will serve as a basis for representing the input data.
It should also be noted that the proposed deep dictionary learning techniques is not the same as hierarchical / multi-scale dictionary learning [15], [16]. In these studies, the goal is to learn an empirical basis / dictionary having a wavelet like tree structure. 

[bookmark: _Toc456029080]3.2 Class-wise Dictionary Learning and Classification

The Sparse Representation based Classification (SRC) approach assumes that the training samples from a class form a linear basis for representing the test samples of the same class. Assuming that the test sample belongs to class k, this is represented as:
                                                               						(18)
Here Vk is a matrix stacked with training samples from class k. 
Since the class of the test sample is not known, SRC represents vtest as a linear combination of all training samples (from all classes).
                                                                 						(19)
where  assuming C classes.
According to the assumption, Z should be sparse, since it would only contain non-zero elements for the correct class and zeroes elsewhere. 
In this work, we learn a basis / dictionary for representing each class. It is assumed that the test sample should be sparsely represented by the dictionary for the correct class only; for all other classes the coefficients should be zero or negligibly small (we have not enforced this criterion during dictionary learning, but we hope that this is being satisfied). 
According to our model, the test sample is represented as:
                                                        					(20)
Where α is sparse. 
Such a migration from using raw samples to learned dictionaries for representing test data has been envisaged by the text retrieval community. Salton introduced the Vector Space Model for text mining in the 70s [17]; it used the term-document matrix for representing a new document. In late 90’s, Lee and Seung [18] proposed learning a basis for the term-document matrix using non-negative matrix factorization for document representation. 
We learn multi-level dictionaries for each class, i.e. say for the kth class we learn a level 1 dictionary such that,  ; we learn a level 2 dictionary such that and so on. The dictionary for the kth class is formed as product of the multi-level dictionaries (assuming L levels), 
                                                      					(21)
The classification proceeds in a fashion similar to SRC. The sparse coefficient vector α is found via l1-norm minimization. 
                                                		            		(22)
Once α is obtained, the residual error for each class is obtained as: 
                                               				(23)
The sample is assigned to the class having the minimum residual error. 
It must be noted that the proposed technique is not the same as [19] – they propose a feature extraction scheme where a separate classifier is required; our method encompasses both feature extraction and classification; it is a complete solution. In [19] the authors propose a classical approach for multi-stage vector quantization – well known in digital voice processing literature. They create multiple stages of visual codebooks by image patches. These codebooks are not class specific. The error in each encoding stage is encoded by the codebook from the subsequent stage. This technique is fundamentally different from ours. We learn multiple stages of class specific dictionaries – this is not the same as vector quantization. Besides our dictionaries are class specific, theirs are not. We encode the coefficient / representation by dictionaries from the subsequent stage – not the quantization error.

[bookmark: _Toc456029081]3.3. Algorithm

Solve:                                                  				(24)
Where, X is training data, Y is training label
Xtest is testing data, Ytest is testing label
Dictionary Learning:
Greedy Learning at each layer
Solve for each class ‘i’ by alternate minimisation
Solve D using L2, Solve Z using L1
Di, Zi, Xi refer to ith class Dictionary, coefficients and training data respectively
Layer 1:  
                                                                                                                  (25)                               
Layer 2:   
                                                                                                                  (26)
Layer 3: Using KSVD   
                                                         		(27)
Stack Dictionary:   and form labels Dlabel
Classification using SRC:
Training Samples include: Dfull, Dlabel
Testing Samples include: Xtest, Ytest
Generate test features Ztest by solving:  
                                                            			(28)	
 And estimate class ‘i’ of a particular sample by solving:    
                                                                              		              (29)
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We compare our work with two popular deep learning tools – Deep Belief Network (DBN) and Stacked Auto encoder (SAE). Features from the innermost layer of the SAE have been used for classification. We will also compare our method with one of the best performing discriminative dictionary learning methods called LC-KSVD [11][29][30]. We have performed 3 fold cross validation on our datasets. The version of MATLAB we used is 2014b. GPU Specifications: RAM-  8 GB , Processor- Intel(R) Core(TM) i7-377OS CPU @3.10GHz ,System type – 64 Bit OS 
We report three parts of the experiments:
1. Benchmark experiments
2. Electrical Appliance classification
3. Hyper-spectral Imaging
[bookmark: _Toc456029083]4.1 Benchmark experiments
[bookmark: _Toc456029084] Data Description (MNIST)
[image: https://www.filepicker.io/api/file/cx0w731pSwa3xIMyGKIu]
Figure 3. Samples from MNIST dataset
We have carried the experiments on benchmark datasets. The first one is the MNIST (Figure 3). The MNIST digit classification task is composed of 28x28 images of the 10 handwritten digits. There are 60,000 training images with 10,000 test images in this benchmark. No preprocessing has been done on this dataset. 

[image: rotation_examples.png]
MNIST Rotations
[image: mnist_back_random.png]
MNIST Background Random
[image: mnist_back_image.png]
MNIST Background Image
[image: mnist_rot_back_image.png]
MNIST Background Image with Rotation

Figure 4. Samples from MNIST Variations (http://www.iro.umontreal.ca/~lisa/twiki/bin/view.cgi/Public/MnistVariations)
Experiments were carried out on the MNIST variations datasets (Figure 4); these have been routinely used for benchmarking deep-learning algorithms. The datasets are MNIST basic, MNIST background random (bg-rand), MNIST background image (bg-image), MNIST rotated (rot) and MNIST background image with rotations (bg-image-rot). All these datasets are widely used for benchmarking deep learning tools. Both the rotations and random noise background dataset has 12000 training samples and 50000 test samples. Usually the training is done using 10,000 samples and the remaining 2,000 are used for validation. 
[bookmark: _Toc456029085]Data Description (USPS)

[image: ]
Figure 5. Samples from USPS dataset
Also called as the Cedar Buffalo Digits Dataset [27]. This dataset consists of 7291 training images and 2007 test images of handwritten digits from 0 to 9 making it a 10 class problem. The size of the images is 16x16.
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[image: ]
Figure 4. Samples from Rect, Rect_im dataset
Available at http://www.iro.umontreal.ca/~lisa/icml2007
It is an artificial binary class problem.
Rectangle: The task is to identify between tall and wide rectangles. These have pixel values 0 and 1 i.e. black and white. The size of the image is 28x28 making it a 784 feature vector .The training set includes 12000 images while the testing set includes 5000 images.
Rectangle Image: The task is to identify between tall and wide rectangles with an image as the background. These have pixel values between 0 and 1. The size of the image is 28x28 making it a 784 feature vector .The training set includes 12000 images while the testing set includes 5000 images.








[bookmark: _Toc456029087]Results (MNIST and its variants, Rect, Rect image)
		
Parameters used (MNIST & Variants): 
Number of nodes in layer1 per class = 80 
Number of nodes in layer2 per class = 50
Number of nodes in layer3 per class = 10
Range of parameters:
1. The number of atoms for the first layer has been varied from 50 to 500 with the number of atoms of each subsequent layer has been reduced to half. 
2. Regularisation constant (lambda) has been varied from 0.01 to 0.5 and every dataset has a different lambda. 
3. Sparsity of the coefficients is also different for every dataset it was varied from 10% to 30%. 
4. The number of nodes of DBN and AE has also been varied from 500 to 1500 for the first layer and for Lc Ksvd it has been varied from 1000 to 2000 the combination that yielded the best results for:
DBN was 1000,500,250 (3 Layers)  
AE was 1000,500,300 (3 Layers)
Lc Ksvd was 1000/2000 (Single Layer) 
That we use for all the comparisons made in this section.




	Dataset
	Sparsity (%)
	Regularisation constant (lambda)

	MNIST Basic
	20
	0.09

	MNIST Background
	30
	0.01

	MNIST Background + Rotated
	30
	0.06

	MNIST Background + Random
	20
	0.08

	MNIST Rotated
	30
	0.07




Parameters used (Rectangles & Rectangle Image): 
Number of Atoms of CWDDL- 500,250,100
Number of Atoms of DBN- 1000,500,250
Number of Atoms of SAE- 1000,500,300
Number of atoms of LC K SVD (rect) - 80
Number of atoms of LC K SVD (rect_im) – 500
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We use all the datasets of MNIST and Rectangles and compare the results with the techniques given in [21]


	DATASET
	CWDDL
	LC-KSVD
	D-KSVD
	SVM
(rbf)

	AUTO-ENCODER
SAE-3
	DBN-3



	MNIST
	99.48
	93.1
	92.8
	98.6
	98.6
	98.76

	MNIST BASIC
	96.57
	91.8
	91.1
	96.97
	96.54
	93.35

	MNIST BACK
	83.72
	81
	80.2
	77.39
	77
	83.46

	MNIST ROT
	75.6
	75
	86.1
	88.89
	89.7
	78.5

	BACK+ROT
	53.81
	48.5
	49.2
	44.82
	48.07
	52.93

	BACK+RAND
	88.91
	87.4
	87.1
	85.42
	88.72
	87.57

	RECTANGLES
	98.58
	94.57
	93.45
	97.85
	97.59
	97.40

	RECT IMAGE
	78.57
	65.44
	67.54
	75.96
	75.95
	79.50




The proposed algorithm yields better results than the other techniques except for the dataset MNIST rotation which is not able to give good results. 








[bookmark: _Toc456029089]4.1.2 Table 2

Here we make a comparison between the percentage of the training dataset and the accuracy observed.
· MNIST 

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	86.67
	95.07
	93.75
	95.10

	30
	87.41
	94.33
	94.61
	96.87

	50
	87.66
	94.81
	94.16
	97.60

	70
	87.80
	95.19
	95.71
	98.10



· MNIST Basic

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	77.04
	91.42
	89.03
	87.65

	30
	86.48
	92.34
	92.34
	92.67

	50
	89.66
	94.13
	92.68
	95.47

	70
	90.15
	94.95
	93.07
	95.56





· MNIST Background

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	58.02
	70.78
	68.44
	74.85

	30
	72.15
	73.54
	74.63
	77.12

	50
	74.42
	75.98
	81.12
	81.29

	70
	75.29
	76.78
	82.41
	82.82




· MNIST Rotated

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	42.87
	70.04
	66.21
	56.52

	30
	59.47
	78.46
	73.84
	63.63

	50
	66.88
	79.59
	78.46
	68.50

	70
	68.00
	80.52
	79.40
	74.82



· MNIST Background + Rotated

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	29.87
	44.23
	40.56
	35.95

	30
	37.47
	44.67
	48.26
	39.98

	50
	41.88
	45.77
	50.15
	46.40

	70
	42.00
	48.73
	51.29
	48.80



· MNIST Background + Random

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	63.61
	83.34
	81.79
	83.94

	30
	75.55
	84.13
	84.89
	85.83

	50
	75.91
	85.28
	86.43
	86.71

	70
	77.00
	85.92
	87.50
	87.65






· Rectangles
	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	66.16
	73.25
	69.14
	93.91

	30
	86.94
	86.33
	84.93
	94

	50
	91.49
	89.02
	87.90
	94.25

	70
	94.16
	95.41
	92.71
	96.33



· Rectangles Image
	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	10
	55.13
	64
	66.65
	73.49

	30
	55.36
	74.24
	72.23
	75.20

	50
	56.13
	75.61
	75.23
	76.02

	70
	62.59
	77.48
	76.12
	76.51



The proposed algorithm beats the given algorithms in most of the cases except for a few cases in rotated version of the dataset.
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Here we make a comparison between the variance of Gaussian noise added to the training and testing data

· MNIST 

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	92.30
	94.64
	93.83
	95.07

	0.05
	92.40
	91.33
	92.34
	93.71

	0.1
	92.33
	90.76
	91.27
	92.42

	0.5
	77.63
	70.05
	59.27
	80.94



· MNIST Basic

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	91.83
	94.26
	92.94
	96.27

	0.05
	90.61
	92.97
	91.03
	96.08

	0.1
	90.49
	93.22
	89.24
	95.74

	0.5
	71.56
	27.92
	22.16
	84.56




· MNIST  Background

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	80.30
	76.12
	82.94
	82.97

	0.05
	80.34
	75.94
	81.38
	82.79

	0.1
	79.66
	73.12
	74.46
	80.58

	0.5
	55.99
	25.95
	16.36
	72.53




· MNIST Rotated

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	74.05
	80.40
	77.75
	75.48

	0.05
	73.59
	78.90
	70.31
	72.97

	0.1
	72.67
	76.14
	70.75
	71.09

	0.5
	37.43
	12.95
	21.43
	69.77



· MNIST Background + Rotated

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	47.03
	49.02
	52.05
	49.10

	0.05
	46.46
	48.06
	48.45
	48.66

	0.1
	45.26
	44.62
	47.85
	42.51

	0.5
	26.94
	15.12
	14.62
	39.06



· MNIST Background + Random

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	86.04
	82.59
	87.45
	88.06

	0.05
	86.08
	82.04
	85.32
	87.62

	0.1
	83.90
	81.43
	81.74
	84.68

	0.5
	64.63
	30.60
	20.12
	79.10







· Rectangles
	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	94.16
	96.30
	97.58
	97.68

	0.05
	94.55
	95.20
	96.94
	97.88

	0.1
	93.70
	85.14
	96.58
	96.88

	0.5
	74.19
	55.51
	85.38
	86.01



· Rectangles Image
	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	65.44
	77.54
	74.81
	76.85

	0.05
	65.25
	76.41
	74.86
	77.13

	0.1
	65.25
	72.99
	75.04
	75.22

	0.5
	62.23
	54.76
	67.79
	69.15




                          The proposed algorithm performs better with Gaussian noise added and in fact out performs in case       	                    of high variance i.e. variance = 0.5 in which it beats DBN and AE by a high margin.









[bookmark: _Toc456029091]4.1.4 Table 4

Here we make a comparison between the variance of Salt and Pepper noise added to the training and testing data
· MNIST 

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	92.46
	94.04
	94.38
	95.23

	0.05
	91.47
	91.33
	92.99
	94.76

	0.1
	90.10
	90.76
	89.69
	91.33

	0.5
	44.77
	68.05
	64.69
	82.56



· MNIST Basic


	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	90.56
	92.88
	93.27
	95.80

	0.05
	89.08
	89.50
	92.43
	95.27

	0.1
	86.46
	85.12
	91.95
	92.56

	0.5
	51.74
	67.94
	68.51
	81.45




· MNIST Background

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	80.37
	76.64
	82.79
	83.22

	0.05
	78.01
	73.49
	81.40
	82.94

	0.1
	74.87
	76.33
	78.32
	80.07

	0.5
	35.95
	54.00
	52.23
	74.53



· MNIST Rotated

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	74.22
	78.78
	78.10
	75.13

	0.05
	68.82
	73.81
	75.28
	74.34

	0.1
	60.90
	59.89
	71.47
	70.19

	0.5
	24.87
	37.12
	36.49
	56.67



· MNIST Background + Rotated


	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	45.54
	45.69
	51.10
	48.86

	0.05
	42.80
	41.85
	48.22
	48.66

	0.1
	39.10
	42.65
	44.50
	45.77

	0.5
	19.24
	25.62
	24.85
	34.14



· MNIST Background + Random

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	86.31
	81.99
	87.12
	88.44

	0.05
	83.19
	82.40
	86.47
	87.97

	0.1
	80.57
	82.01
	82.71
	82.89

	0.5
	49.54
	64.28
	63.63
	79.91











· Rectangles

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	94.52
	96.45
	97.88
	98.07

	0.05
	91.88
	95.96
	96.33
	96.91

	0.1
	89.01
	93.80
	96.12
	96.75

	0.5
	60.33
	62.96
	63.96
	61.93



· Rectangles Image

	Algorithm
	Lc K svd 
	SAE-3
	DBN-3
	CWDDL

	0.01
	65.21
	76.71
	75.31
	76.96

	0.05
	65.88
	75.73
	75.23
	76.17

	0.1
	63.47
	74.56
	74.15
	75.27

	0.5
	61.02
	66.64
	68.42
	67.65





The proposed algorithm performs better with Salt and pepper noise added and in fact out performs in case of high variance i.e. variance = 0.5 in which it beats DBN and AE by a high margin.











[bookmark: _Toc456029092]4.1.5 Table 5

In this experiment we restrict the samples of the data randomly or we compare the percentage of missing samples per class with the accuracy. We cannot implement this formulation in AE or DBN.
                                                                                                          (30)
Where R is the restriction operator and we formulate this using opRestriction operator in Sparco which is a toolbox in MATLAB. 
	DATASET
	10%
	30%
	50%
	70%

	MNIST
	97.54
	97.33
	95.46
	94.23

	MNIST BASIC
	96.13
	96.07
	95.33
	93.94

	MNIST BACK
	82.65
	80.24
	79.56
	73.50

	MNIST ROT
	74.82
	71.63
	71.86
	68.00

	BACK+ROT
	48.84
	44.04
	34.23
	32.65

	BACK+RAND
	86.92
	85.37
	85.72
	84.56

	RECT
	90.27
	73.11
	69.38
	67.43

	RECT IMAGE
	76.76
	73.34
	69.55
	53.63




This table shows that there is decreasing trend in the accuracy as we keep increasing the percentage of missing data , however even with 70% missing data the accuracies are good except for Background + Rotated dataset, there is not a steep decrease in the accuracies from 10% to 70%.




[bookmark: _Toc456029093]4.1.6. Table 6

We will now show the number of atoms Vs accuracy plot for the first layer (for Mnist Basic ).
[image: ]
The accuracy is maximum with number of atoms= 80 in the first layer

[bookmark: _Toc456029094]4.1.7. Table 7

Number of layers Vs accuracy plot (for Mnist Basic ).
[image: ]
The first layer consists of 80 atoms. 
The second consists of 80, 50 atoms.
The third consists of 80, 50, 10 atoms.
The fourth consists of 80, 50, 10, 5 atoms
Thus, we can observe that the accuracy increases till the third layer after which it drops drastically. Hence we simulate till 3rd layer.
[bookmark: _Toc456029095]Visualising the Dictionary 


In this section we observe how a dictionary appears like , we display dictionary of digit 8 for level 1 and 2, level 3 cannot be displayed since the image is too small (10x10) in size.

[image: C:\Users\DELL\Downloads\level1_digit8.jpg]                [image: C:\Users\DELL\Downloads\level2_digit8.jpg]

     		 Digit 8 Level 1						Digit 8 Level 2

[bookmark: _Toc456029096]Time elapsed for executing the Algorithm 
 
The training and testing times are reported for CWDDL, SAE-3 and DBN-3 for MNIST Basic
	Algorithm
	Time Taken

	CWDDL
	1h 7m

	DBN – 3
	5h 5m

	SAE – 3
	10h 50m



It can be seen that CWDDL takes much less time as compared to DBN and SAE, it was also noted that Lc Ksvd takes even lesser time than CWDDL but the large margin between their accuracies makes CWDDL a preferred algorithm.
[bookmark: _Toc456029097]Results (USPS)

Number of Atoms of CWDDL- 500,250,100
Lambda = 0.03
Sparsity= 30%
Baselines have been taken from [31]

[bookmark: _Toc456029098]4.1.8. Table 8


	Algorithm
	SVM(rbf)
	KNN
	DBN-3
	CWDDL

	USPS
	95.8
	94.8
	94.40
	96.35




















[bookmark: _Toc456029099]4.2 Electrical Appliance Classification

[bookmark: _Toc456029100]Motivation

This problem refers to the electrical appliance classification which aims to identify the class or the appliance based on their common mode electromagnetic emissions, and broadly falls under the category of non – intrusive load monitoring [33]. With the rapid growth of energy consumption in residential and commercial buildings it becomes imperative to reduce the energy consumption which can be done by curbing the wastage of energy.  This will include detecting the event that indicates on/off of an appliance and to identify which appliance it is based on its pattern or signature. The appliances we have analysed here include CFL, CPU, Laptop charger etc don’t have on/off states rather exhibit multiple states or as generally termed as finite state machines, they cannot be detected and classified correctly from the smart meter reading data [34]. This problem is different from the Energy disaggregation problem, which intends to identify and then separate individual signals from an aggregate of all signals which we typically obtain from smart meter reading, which is complex


[bookmark: _Toc456029101] Data Description 


 The electrical waveform data or the Common Mode Electromagnetic emission (CM EMI) has been collected from the IIIT D premises. The data has been categorised in 5 classes: CFL, CPU, LCD, Laptop charger and background noise. The appliance belongs to a particular brand for all readings. The raw data does not provide much information about its class hence; we obtained the Cepstrum features from the raw data, which significantly improves the classification accuracy.

[image: ]

Figure 5. Cepstrum Features of Energy dataset

[bookmark: _Toc456029102]Preprocessing of data – Cepstrum Smoothening

The Cepstrum is defined as the inverse Fourier transform of the logarithm of the power spectrum of a signal [28]. Cepstrum captures the periodic patterns in a signal with its harmonics and is effective in detecting periodic patterns in a frequency spectrum. It introduces time invariance in the data which has been collected at different times and thus has no consistency, which makes it difficult to process and analyse.  It has been applied in image and speech processing as well [28]. Thus we can observe a stark difference between the raw electrical time domain signals and the Cepstrum features which are distinctatively able to distinguish between the different classes .As we can observe from the figure that the signature of an appliance remains same across its instances and also Cepstrum signatures of different appliances are very different and the dictionary learnt is able to identify different classes.
The data of each appliance after processing or Cepstrum smoothening is of 7500 columns with 1000 readings in each column so the size of data for each appliance is 1000x7500. Where 7500 columns have been divided into 5 parts or instances with 1500 columns in each instance.
We had five instances of each appliance. So for training we used 1 instance of each appliance and 4 instances for testing. Using different combinations of testing and training data we are able to calculate these results for number of atoms in CWDDL- 80, 50, 10

[bookmark: _Toc456029103]4.2.1 Table 1

This table reports an aggregate of 5 experiments carried over the 5 instances of data. Out of 30 thousand readings for all appliances in every split the accuracy is reported in percentage.

/
	DATA SET SPLIT
	ACCURACY out of 30k
	ACCURACY (%)

	Split 1
	27477
	91.59

	Split 2
	26785
	89.28

	Split 3
	27228
	90.76

	Split 4
	27013
	90.04

	Split 5
	27375
	91.25

	Average
	
	90.58



[bookmark: _Toc456029104]4.2.2 Table 2

This table reports class wise accuracy and is called Confusion Matrix, the diagonal entries report the correct classification while the non diagonal reports the misclassified appliances:

	DEVICE
	CFL
	CPU
	LCD
	LC
	Noise
	Accuracy per Device

	CFL
	18780
	369
	361
	83
	10407
	62.6

	CPU
	15
	29468
	302
	215
	0
	98.2

	LCD
	4
	188
	29070
	0
	738
	96.9

	LC
	544
	699
	120
	28560
	77
	95.2

	Noise
	0
	0
	0
	0
	30000
	100

	Average
	
	
	
	
	
	90.58



The least accurate device being the CFL and highest accurate being the noise. The algorithm is able to provide with a 90.58 accuracy overall.







[bookmark: _Toc456029105]4.3 Hyper-spectral Image Classification

[bookmark: _Toc456029106]Motivation

Remote Sensing can be referred to as analysing information about an area, event or an object without having an actual contact with it [35].In remote sensing, type of material, vegetation, soil etc is identified from the detector reading which is obtained by the electromagnetic radiation reflected from that surface [35]. Since the information captured is in several bands of spectrum hence this problem is popularly referred to as hyper spectral image classification and is widely used in applications like urban planning, agriculture, forestry and monitoring. In this application we take two scenes Indian Pines and Pavia University and classify the materials given in the scene.

[bookmark: _Toc456029107]Data Description (Indian pines)

 Indian Pines consists of 145*145 pixels and 224 spectral reflectance bands in the wavelength range 0.4–2.5 10^(-6) meters. This scene is a subset of a larger one. The Indian Pines scene contains two-thirds agriculture, and one-third forest or other natural perennial vegetation. There are two major dual lane highways, a rail line, as well as some low density housing, other built structures, and smaller roads in all there are 16 classes. [32]

	Ground truth classes for the Indian Pines scene and their respective samples number

	#
	Class
	Samples

	1
	Alfalfa
	46

	2
	Corn-no till
	1428

	3
	Corn-mintill
	830

	4
	Corn
	237

	5
	Grass-pasture
	483

	6
	Grass-trees
	730

	7
	Grass-pasture-mowed
	28

	8
	Hay-windrowed
	478

	9
	Oats
	20

	10
	Soybean-no till
	972

	11
	Soybean-mintill
	2455

	12
	Soybean-clean
	593

	13
	Wheat
	205

	14
	Woods
	1265

	15
	Buildings-Grass-Trees-Drives
	386

	16
	Stone-Steel-Towers
	93




[image: http://www.ehu.eus/ccwintco/uploads/thumb/3/34/Indian_pines_170.png/200px-Indian_pines_170.png]                                                           [image: http://www.ehu.eus/ccwintco/uploads/thumb/c/c6/Indian_pines_gt.png/200px-Indian_pines_gt.png]
Sample band of Indian Pines dataset						Ground truth of Indian Pines dataset


[bookmark: _Toc456029108]Data Description (Pavia University)

Pavia University is 610*610 pixels, but some of the samples in the image contain no information and have to be discarded before the analysis. The geometric resolution is 1.3 meters. Both image ground truths differentiate 9 classes each. It can be seen the discarded samples in the figures as abroad black strips. [32]

	Ground truth classes for the Pavia University scene and their respective samples number

	#
	Class
	Samples

	1
	Asphalt
	6631

	2
	Meadows
	18649

	3
	Gravel
	2099

	4
	Trees
	3064

	5
	Painted metal sheets
	1345

	6
	Bare Soil
	5029

	7
	Bitumen
	1330

	8
	Self-Blocking Bricks
	3682

	9
	Shadows
	947




[image: http://www.ehu.eus/ccwintco/uploads/thumb/b/b8/PaviaU_60.png/200px-PaviaU_60.png]  	                                              [image: http://www.ehu.eus/ccwintco/uploads/thumb/e/e8/PaviaU_gt.png/200px-PaviaU_gt.png]  
Sample band of Pavia University dataset                                                                   Ground truth of Pavia University dataset


[bookmark: _Toc456029109]Preprocessing of data

The data has a lot of redundant pixel values or the background data which has simply been removed as the first step of processing the data. Then using PCA the number of features (224 in case of Indian Pines) or the spectral bands have been reduced to top 100 and also a 5x5 neighbourhood of that particular pixel is concatenated with the PCA features to result in a final feature set for every pixel. This data is then fed into the algorithm for training and testing the model which in turn predicts the class.
The algorithm uses 20% of this data as training data and 80% of this data as testing data.

[bookmark: _Toc456029110]4.3.1 Table 1

Accuracies are reported in % for CWDDL and Stacked Denoising Auto encoder (SDAE)
Number of Atoms of CWDDL for Pavia - 100, 50, 25
Number of Atoms of CWDDL for Indian Pines - 60, 30, 15

	Algorithm
	CWDDL
	SDAE

	Indian Pines
	67.56
	68.9

	Pavia University
	82.23
	95.31














[bookmark: _Toc456029111]CHAPTER 5 – Conclusion and Future work

For the first time we used this technique of class wise deep dictionary learning classification of text data as well as electrical data and hyper spectral imaging. The feature of class wise dictionary learning ensures that the captured signatures of that particular class are able to accurately describe that class only and not any other class. The deep learning feature captures the class specific features at every level and improves the data handling capability of the system, as it requires fewer features as we go down each level. Thus the number of calculations and the time to computation also decreases as a whole. 
As far as robustness to noise is considered CWDDL performs better in case of all benchmark datasets except for rotated Mnist dataset than all the methods compared to and for higher variance of noise i.e. 0.5 the results outperform than the other algorithms.
The missing data feature is valid in situations when the images are occluded or where the data is partially collected e.g. health surveys or EEG data collection, these problems cannot be presently dealt with recent deep learning tools and hold significance in present scenarios.
The Electrical Appliance classification is valid in situations where we consider single device is to be detected for ‘on’ mode, the algorithm classifies the electrical data fairly well above 90% capturing Cepstrum features. 
Hyperspectral images have not been classified to that accuracy as compared to its counterpart algorithm and hence needs further changes in the algorithm that incorporate the hyperspectral imaging intricacies that include finely capturing the spectral as well as spatial features.
In future we would like to extend this work to classify other datasets as well e.g.  REDD data set so that it could be used for Non intrusive load monitoring for a wide area of data from different homes.
.
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