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Abstract 
In digital era, Big Data and Deep learning are two rapidly growing 

hot trends. In recent years, we have witnessed major and noticeable 

advances in classification and representation learning brought by 

Deep learning techniques and/or algorithms. Deep Learning models 

supports inferences and discover structure at multiple levels. One of 

the hot and active research topics in recent decades is image 

classification. In this paper, we propose a modified Multi-manifold 

Deep Metric Learning (MMDML) approach used for image set 

classification of any cancer diseases. Initially, each image set (cancer 

image) is actually modeled as a manifold that is then passed into 

multiple levels of deep neural networks and mapped into another 

feature space. Specifically, a deep network is actually class-specific to 

ensure that different classes have various parameters within their 

networks. Then, the maximum manifold margin criterion is used to 

discover the parameters of this manifold. At testing phase, these 
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class-specific deep networks are used to compute the actual similarity 

between testing image set and all training classes. Lastly, the least 

distance is commonly used for classification. In this paper, we use 

generalized exponential loss function for measuring the degree of fit. 

As a result, the proposed technique is capable of achieving 

sophisticated performance on three common cancer disease types’ 

datasets such as, brain cancer, bone cancer and breast cancer by 

leveraging both discriminative and class-specific information 

simultaneously. 

 

 

1. INTRODUCTION 
 

Massive increase in both computational power and the amount of data 

available from web, video cameras, laboratory measurements. Big Data generally 

means data which exceeds the normal storage, processing, and computational 

capacity of traditional database systems and data analysis methods. As an 

important resource, Big Data requires tools and techniques that can be used to 

investigate and extract patterns from huge datasets.  

Rapid advances in storage capacity, increased computational processing power 

and availability of increased volume of data which give organizations huge amount 

of data than they have computational resources and technologies to sufficiently 

process, gave rise to Big Data techniques. Big Data is associated with four 

complexities also known as the four Vs: Volume, Variety, velocity and Veracity. 

Deep learning techniques have had a huge  impact on the areas of speech, 

signal, image, video and text mining and recognition and improvements in 

classification accuracy of even more than 30% compared to 1-2% improvements 

(Krizhevsky et.al) (Le et.al) decades before. In Typical classification methods, the 

first step must be a feature selection step, but no feature selection step needed in 

Deep learning models.  

The critical characteristics of Deep learning’s learnt abstract representation 

includes: (1) fairly simple linear models can also work effectively considering the 

knowledge extracted from the more and more abstract knowledge 

representations.(2) accelerated automation in data representation extraction as a 

result of unsupervised datasets enables broad application to different data types, 

such as image, textural, stereo, etc., and (3) relational and even semantic meaning 

can be achieved at the top levels in abstraction and even representation of raw 

datasets. There are many more vital Deep learning representations of data, but the 

above-mentioned are especially important for Big Data Analytics. Deep learning 

has won much interest not only from academia but equally from industry. An 

example of this attention from industry is the collaboration between Geoff Hinton 

and Li Deng  
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who collaborates since 2009 on applying Deep learning techniques to large-scale 

speech recognition, wherein the performance is substantially improved with 

conventional  

generative models by applying big training data and their corresponding deep 

neural networks. 

Another remarkable example is that of Andrew Ng and Jeff Dean at Google 

Brain team who successfully extracted object-level semantics (e.g. cats) from 

unlabeled YouTube Videos by applying neural networks techniques with self-

taught capacity. There is huge future potential in industry for widespread 

application of deep learning. In addition to new methodologies and available big 

training datasets, advancements in hardware have let to further success for deep 

learning. The parallel processing characteristics of the Graphics Processor 

Unit(GPU) is especially designed to process huge number of data blocks in parallel, 

which speed up the processing of data-intensive algorithms such as deep learning. 

One of the vital problems in computer vision has been image classification in recent 

years (L. Chen. et.al) (H.Chen et.al) (Y.-C. Chen et.al), especially with huge number 

of data accessible and multiple images of the same object captured at the same 

time. Image set classification has many practical application such as in visual 

surveillance, multi-view camera network analysis and personal album 

organization. Generally, image set classification is used to  identify an entity of 

interest from a set of image occurrences taken from different viewpoints or with 

different illuminations, that is different from conventional image classification in  

which each training and testing  example is a single still image. Large intra-class 

variations in image sets makes classification task more challenging and difficult.  

 

2. REVIEW OF LITERATURE 
 

Krizhevsky et.al, created a deep convolutional neural network of over 50 

million parameters and 650 thousand neurons. The model consists of different 

convolutional layers followed by max-pooling layers, and three fully-connected 

layers with a final 1000-way softmax. One of the novel ideas created by Zuo et.al, is 

to find contextual dependencies for image classification. Zuo et.al, uses the concept, 

Convolutional Hierarchical Recurrent Neural Networks(C-HRNNs). Convolutional 

Neural Networks (CNNs) five layers are used to extract midlevel representations 

for image regions. Then the output of the five layers is pooled into multiple scales. 

The output of the fifth CNN layer is fed to different scales. Then, spatial 

dependencies of each scale are recorded to find possible direct or indirect 

connections between each region and their neighboring regions.  Higher level scales 

information are fed into their respective lower level scales, in order to encode scale 

dependencies. Finally, the outputs of the scales are input to two connected layers, 

this technique ensures efficient encoding of spatial scale dependencies and 

dependencies for different regions of the image, combining this with the 

representation power of CNNs. The proposed model promises good performance 

when applied to four image classification benchmarking tests. 

Audio and video data integration is a novel application in which deep learning 

algorithms learn representations Ngiam et.al. The Multimodal Deep Boltzmann 
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Machine (DBM) Srivastava et.al, fuses two completely different modalities, real-

valued image data and text data with sparse word occurrences for learning a 

unified representation. This model is generative with no fine-tuning; it builds many 

stacked RBMs to form multimodal DBM. Another layer of binary hidden units is 

added to RBMs for joint representation. DBM learns even under missing modalities 

environment because of its ability to use the joint distribution in the multimodal 

space.  

A recently developed algorithm, Deep Belief Networks (DBNs), Hinton et.al, is 

a relatively fast unsupervised learning algorithm for deep generative models. These 

models are probabilistic graphical models with multiple layers of hidden variables. 

The layers represents a promising way for providing solutions to language 

comprehension, visual object recognition and speech perception (Bengio), they do 

this by progressively capturing more complex data patterns. The fundamental 

characteristic of the new algorithm for DBNs layered approach to training, this 

layer-by-layer based training helps with efficient learning of deep and hierarchical 

probabilistic model. The training can be repeated for efficiency.  

A deep learning image set classification technique in which multiple layers of 

nonlinear reconstruction models are used to model an image set is developed, 

Hayat et.al. The generative nature of these models renders them non-

discriminative enough to differentiate between objects. Although these models have 

these shortcomings, they provide promising performance. In this paper, a deep 

learning approach that is discriminative to extract more discriminative information 

for image set classification is proposed. The technique provides highly promising 

results on five widely used datasets.   

Many image classification techniques such Bag-of-Words (BoW) representation 

(Csurka et.al), spatial pyramid matching (Lazebnik et.al), topic models (Li et.al), 

part-based models (Fergus et.al) and sparse coding (Yang et.al), etc. have been 

researched in an effort to provide encouraging results, but most of these methods 

rely on raw pixel values or hand-crafted features which cannot capture data-driven 

representations for specific input data. Deep learning provides good results in 

image classification.  

 

3. PROPOSED WORK  
 

This section explain the proposed system architecture, present the details of 

MMDML and image classification procedures. See Figure1 for our proposed 

architecture for cancer diseases. Initially we give image set as an input to the 

network. Using deep learning, we first compute the outputs of the first layer of the 

network; the output of this computation is then fed as input into the second layer.   

The computation of output continues to the second layer up to the top layer in 

the network.   

 To improve performance in image set classification, it is desirable to separate 

image sets for different classes at the top layer of learned deep networks. For image 

classification, we increase the margin of various manifolds from different classes in 

order to extract discriminative information; this is possible because each image set 

is modeled as a manifold. 
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Figure 1: Proposed system Architecture 

 

4. Multi-Manifold Deep Metric Learning   (MMDML) Algorithm 
 

Let I =[ I1,⋅⋅⋅,I𝑐,⋅⋅⋅,I𝐶] is the training set of different classes C,  

Where, 

I𝑐 = [i𝑐1,i𝑐2,⋅⋅⋅,i𝑐𝑖,⋅⋅⋅,i𝑐𝑁𝑐] ∈ℝ𝑑×𝑁𝑐 denotes the 𝑐thimage set, 1 ≤ 𝑐 ≤ 𝐶,  

𝑁𝑐 is the number of samples in this image set,  

𝑥𝑐𝑖 is the 𝑖th image in this image. 

Initially we pass the image set I𝑐 into the 𝑐th network as input and also 

constructing a deep neural network for each class. 

Assume there are 𝐿 +1layer in the work, and 𝑑𝑙𝑐 denote the number of nodes 

in 𝑙th layer of the 𝑐th network, where 1 ≤ 𝑙 ≤ 𝐿.  

For the image 𝑥𝑐𝑖, its output of the first layer in the 𝑐th network is computed 

as:  

 ------ (1) 

Where, 

is the projection matrix and  

is the bias vector to be learned inthe first layer of the 𝑐th network,  

𝑠 is a nonlinear active function which applies component-wisely.  

Then, the output of the first layer of this network is used as the input of the 

second layer. Therefore, the output of the second layer is  

   -------- (2) 

Where, 

is the projection matrix and  

is the bias vector to be learned in the second layer of the 𝑐th network, 

respectively.  

Similarly, the output for the 𝑙th layer is  

   ------ (3) 

and for the top layer is: 

   -------- (4) 

Where, 

is the projection matrix and  
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is the bias vector to be learned for the top layer of the 𝑐th network, 

respectively. 

 

In this work, for each sample  from the 𝑐th manifold, we compute two 

squared distances 𝐷1( ) and 𝐷2( ), which measure the dissimilarity 

between this sample andits intra-class and inter-class neighbors as follows: 

 

 

   ---- (5) 

 

 ---- (6) 

 

Where, 

is the 𝑝th intra-manifold neighbors feature representations at the top 

layer,  

is the 𝑞th inter-manifold neighbors feature representations at the top 

layer and 

𝐾1 and 𝐾2 are parameters for defining the neighborhood size. 

The parameters of the 𝑐th network is denoted as f𝑐and it is defined as 

follows: 

 

 
 

The following optimization problem is used to maximize the margin between 

the 𝑐th manifold and other manifolds: 

 ------- (7) 

 

The main objective of equation (7) is to ensure that for each cancer image 

sample i𝑐𝑖 from the 𝑐th class, the distance between it and the 𝐾1 intra-manifold 

neighbors is minimized and that between it and the 𝐾2 inter-manifold neighbors is 

maximized, so that large margin can be exploited for each sample in this manifold.  

The key idea of how these intra-manifold and inter-manifold neighbors are 

constrained to maximize the manifold margin is shown in the figure 2, where 𝐾1 

and 𝐾2 are set as 4 and 5, respectively. 

 

Figure 2(a) represent four intra-manifold neighbors (denoted as the same 

circles) and five inter-manifold neighbors (denoted as the squares and triangles). 

Figure 2(b) explain the four intra-manifold neighbors. Figure 2(c) represent five 

inter-manifold neighbors. And finally figure 2(d) gives the maximal manifold 

margin after applying our MMDML method. 

After applying the objective equation in (7) on each sample from all image sets 

in the training set, we formulate the following optimization problem for our MMDL 

modal: 
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 ------- (8) 

 

    

 

 
Figure 2: Key idea of the maximal manifold margin criterion 

 

where 𝐻1 maximizes the manifold margins to exploit the discriminative 

information for classification, and 𝐻2 regularizes the parameters of these networks, 

𝜆 is a parameter to balance the contributions of different terms, and (𝑎) is a 

generalized exponential loss function (used to measure the degree of fit) to 

smoothly approximate the hinge loss function 𝑎 = max(𝑎,0), and is defined in our 

system as follows: 

 
Where,  is the sharpness parameter. 

Stochastic sub-gradient method is the sub-gradient method, using noisy 

unbiased sub-gradients. This algorithm to solve the optimization problem in 

equation (8) to obtain the parameters  

 
The gradient of the objective function 𝐻 with respect to  and  can be 

computed as follows: 

 

 

 

 
 

 

 

5. CONCLUSION AND FUTURE WORK 
 

This research work, proposes an extended multi-manifold deep learning 

(MMDML) technique for image set classification. MMDML technique maps many 
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sets of image instances into a shared feature subspace in a nonlinear manner by 

jointly learning many nonlinear transformations. This helps with classification by 

using discriminative, class-specific and nonlinear information. This proposed 

technique can be applied to other diseases. This will be the focus of our future work.  

In conclusion, new challenges to deep learning are becoming huge, some of 

these challenges are large scale, heterogeneity, noisy labels and non-stationary 

distribution and many more. All these challenges are the result of a new concept of 

Big Data. All these challenges need to be addressed, fully understood and we need 

to apply new thinking and transformative solutions for Big Data to flourish. 

Researchers need to embrace these Big Data challenges because, they (challenges) 

presents exciting opportunities for deep learning. Big Data and all the challenges it 

bring, when combined with deep learning, will represent a great leapt forward in 

major areas of  business, science and medicine. 
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