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ABSTRACT 
Background: In this task we consider the outcome of the deep convolution neural network intensity on its accuracy in the 

historical image. Feature extraction and restoration from the cultural and historical sculpture image is a challenging task in the 

pattern recognition system. Objective: To improve the technique we proposed  two method, First- Active deep convolution neural 

network with fractional max pooling method used  for automatic extraction of features like contours, structure, texture 

background and spectral information in the image, and these classification have been done based on the pre-segmentation of the 

image processing. Second method - Deep CNN have been proposed based on GPU because it has advantages of high performance 

,very power efficient, and can be programmed to carry out a wide range of computational tasks, etc.  Results: Therefore, in the 

existing approaches cannot produce better performance due to underutilization of either logic resource or memory bandwidth. To 

overcome this problem, we suggest a logical design using the roofline model. Then, with the help of roofline model we find a 

solution with best performance. Conclusion: The proposed acceleration methods may also be implemented in different 

application like image recognition, pattern recognition and other historical sculpture restoration. 
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1. INTRODUCTION 
 

Deep convents models capture hierarchical representations of data. These network models are based on the 
sequential application of a computation “module”, where the output of the previous pipeline stage is the input to 
the next one; these modules are combined called as layers. Layers are factorized by a set of weights connecting 
input units to output units and a set of biases. In [1] Convolution Neural Networks (ConvNets) weights are 
shared locally and the same weights are allocated at every location of the input. The weights connected to the 
same output unit form a filter. In recent days  Jason et al [2] Convolution networks have recently enjoyed a great 
success in large-scale image and video recognition which has become possible due to the large image data set, 
Krizhevsky, A et al[3]. In particular, an important role in the advance of deep visual recognition system  
architectures has been played by the Image Net Large-Scale Visual Recognition Challenge of (ILSVRC) 
Russakovsky et al., 2014. which has served as a test bed for a few generations of large-scale image classification 
systems, from high-dimensional superficial  feature encoding), Deep Convolutional networks have a long 
history in computer vision environment, with early examples showing successful results on using supervised 
back-propagation networks to perform digit recognition[4]. At test time, we use the “mean network” that 
contains all of the hidden units but with their outgoing weights are divide into compensate for the fact that twice 
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as many of them are active Hinton, G et al.[5]. Convolution Neural Networks (CNNs) have emerged as the 
modern technique for recognition, exemplified by remarkable results in image classification Cimpoi et al[6]. Per 
pixel material traits G. Schwartz et al [7]. In computer vision recognition system, a number of effort have been 
made to improve the original architecture of in a bid to achieve better performance and accuracy C. Farabet et.al 
[8]. while providing a local translation in-variance in the previously extracted features. Fig. 1 shows an structure 
of CNN 

 

 
 

Fig. 1: Basic structure of convolution neural network Layers to extract the feature by pixel wise 
 
In the University of Chicago developed a fully automatic image colorization system using deep learning 

and GPUs [9]. A device based deep learning CNN Zejia Zheng et al [10], engine for image classification can be 
very useful for situations where server back-end is either not available. Revolutionary change in our vision 
community mainly caused by deep convolution neural networks (CNNs) Kaiming He et al [11]. Caching tiles on 
the GPU memory spaces can reduce the communication cost Wang, Linnan, et al [12]. Advanced CNNs are 
always trained on GPUs or even GPU combine clusters   with high speed computation capability due to the 
immense size of the network Graphics Processing Units (GPUs) is a skill tailored to perform image processing 
as fast as possible. 

Graphics Processing Units (GPUs) is a technology tailored to perform image processing as fast as possible. 
Initially, GPUs may looks perfectly suited for image reconstruction algorithms, because usually each pixel can 
be computed independently and concurrently of one another combined with beam space processing to reduce the 
computational complexity as the number of array elements increases. Current GPUs, paired with a highly-
optimized implementation of 2D convolution net are powerful enough to facilitate the training of interestingly-
large CNNs, and recent data sets such as ImageNet Krizhevsky,et al [13]contain enough labeled examples to 
train such models without severe over fitting. While a multi-GPU system offers appealing high performance, 
using it entails nontrivial effort. A multi-GPU system typically consists of at least one CPUs connected with 
peripheral GPUs on the PCI-E Wang, L et al[14]. ConvNet learning on GPUs Aleksandar Zlateski et al [15], 
NVIDIA’s cuFFT GPU Nicolas Vasilache et al  [16] 

The architecture of convolution nets is somewhat inspired by the structure of biological visual systems. 
CNNs have been used successfully in a number of vision application system such as handwriting recognition 
(LeCun et al., 1998), and generic object recognition (LeCun et al., 2004). Convolution nets are advantageous 
because they can operate on real images and can easily find out the type of shift-invariant local features that are 
relevant to image recognition. Furthermore, they are very efficient computation for detection and recognition 
tasks involving a sliding window over large images. 

 
2. Related Work: 
2.1 Sub pixel mapping: 

Most of the proposed techniques were pixel-based [17]. These methods are  try to estimate the probability 
of  each sub pixels are  belonging  to the possible classes by employing statistic measures based only on spectral 
properties. The Maximum Likelihood Classification (MaxVer) remains one of the most popular methods for RSI 
classification. MaxVer computes the probability of each pixel belongs to each of the defined classes and uses 
that information to assign the class with the highest probability. The performance improvements in sensor 
technologies have been increased the accessibility to high-resolution interpretation of historical images. As a 
result, new approaches have been developed to make a better use of the available data set collected at various 
temples. 

 
2.2 Comparing the Ratio of Pixel Intensity: 

The pixel intensity for each pixel on recto, say r(x,y), is compared with the pixel intensity of the same pixel 
on verso, say v(x,y). If the intensity on recto, r(x,y), is less than the intensity on verso v(x,y) t hen r(x,y) is 
desired. Pavithra, S,et al [18,19] 
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In this concept the dark signal is represented by the low pixel value (f(x,y) = 0) and the bright  signal are 
represented as high pixel value (f(x,y) = 1).  

This approach is based on the assumptions that for each position there is one of four possible cases.  
 (i) There is no show-through, only the desired signal is present; the pixel value on the recto image is 

significantly lower than the flipped verso image 
(ii) There is no desired signal, only the show-through is present; the pixel value on the recto image is higher 

than the flipped verso 
(iii) There is no recto writing or any show-through, only the background is present; the pixel value on both 

the images is almost same. 
(iv) Both, desired signal and show-through are present; the overlapping of both the signals implies that 

pixel value of both the images is similar. 
To eliminate the show-through the (ii) condition is considered. No processing is required for conditions (iii) 

and (iv) as the signal can be kept unchanged. Similarly the condition 
(i) occurs when the recto writing present and therefore the signal is desired. The Algorithm for this 

approach is discussed below: 
 
Algorithm 1: 

1.First  read the recto image, say r(x,y); 
2. And read the registered flipped verso image v(x,y); 
3.Then  select a matrix of size(20, total number of column); 
4. Create a matrix b of background using the above sample by copying that( m/20 +1) times; 
5. Now b is a matrix of the background only then  calculate the ratio  of I recto and flipped verso 
6.Let the size of the recto be m x n for i=1:m,for j= 1:n 
if r(x,y)<threshold AND l >0.6 
b(x,y) = r(x,y) 
end 
7. Then the restored recto image  is b(x,y) 

 
2.3 Low-resolution image retrieval by pixel wise: 

Pulak Purkait et al Low-resolution(LR)[20] images can either be obtained as a sequence of images of a 
scene taken over time, or taken at the same time with different sensors. Observed images of the scene are 
usually degraded by unknown blurs due to atmospheric turbulence and inappropriate settings of camera.  The 
LR images are further degraded due to down-sampling by a factor determined by the intrinsic camera 
parameters. A pictorial example of the overlay of three sub-pixel shifted images is shown in Fig. 2, where the 
sub-pixel shifts of each LR image [δx, δy ] along vertical and horizontal directions, respectively, are also shown. 

Let us denote the continuous two-dimensional (2D) image by f (x, y) and the discrete HR image by f HR of 
size Lx R×LyC.We also denote the kth LR discrete image of size R ×C by f LR k having resolution factor along 
x and y direction Lx and Ly , respectively. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2: The  image registration of three sub-pixel shifted images having same resolution factors (Lx , Ly ). The 
image with pixel co-ordinates marked by (circle) is assumed to be the reference image 

 
3. Convolution Neural Network: 
Stages to built a convolution network Layer: 

In convolution network we use three main stages 
� Convolution Layer 
� Fractional Max-Pooling Layer 
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� Fully-Connected Layer  
 

3.1 Convolution Layer: 
In this CNN layer, features such as edges, corners, and crossings are extracted from the input feature maps 

via different convolution kernels, and are combined into more abstract output feature maps. Assume there are Q 
is a input feature maps and R is a output feature maps, and the feature map size is defined as  M × N. Also 
assume the convolution kernel size is represented as K × L. Then the computation in the convolution layer can 
be represented in a nested-loop description[2]. The array X contains the input feature maps, and the array Y 
contains the output feature maps which are initialized to zeros. The array W contains the weights in the 
convolution kernels. To regularize the computation pattern, we do not clearly add the network bias to the output 
feature maps. Instead, we put a dummy input feature map of all 1’s in array X and put the bias value on the 
weights associated with this dummy input map in array W. The computational workload  in the convolution 
network layer is in the order of O(R.Q.M.N.K.L) 

 
For(r=0; r<R; r++) {  // Output in feature map 
For(q=0; q<Q; q++){  // Input  in feature map 
For(m=0; m<M; m++){  //  Row in   feature map 

 For(n=0; n<N; n++){  //  Column  in   feature map 
For(k=0; k<K; k++){  //  Row in   conventional kernel 

For(l=0; l<L; l++){  //   Column in   conventional kernel 
 

Where Y[r][m][n]+=W[r][q][k][l] *X[q][m+k][n+1]; 
}}}}}} 

 
Fig. 3: Computational loop - nest steps in convolution layer of a CNN 

 
3.2 Fractional Max-Pooling Layer: 
Pooling Layer: 

It is common to periodically insert a fractional max-Pooling layer in between successive Convolution layers 
in a Conv Net structure. Its function is to progressively reduce the spatial size of the image representation to 
reduce the amount of parameters and computation time  in the network, and hence to also control over fitting. 
The fractional max-Pooling Layer operates separately on every depth slice of the input and resizes it spatially, 
using the MAX operation. The most common form of fractional max-pooling layer with filters of size 2x2 
applied with a stride of 2 down samples every depth slice in the input by 2 along both width(W) and height(H), 
discarding 75% of the activation. Every MAX operation would in this case be taking a max over 4 regions (little 
2x2 region in some depth slice). The depth of the dimension remains unchanged. 

Generally, the pooling layer Accepts a volume of size W1×H1×D1 
Requires three hyper parameters: spatial extent F, and the stride S,  
Produces a volume of size W2×H2×D2 where: 
W2=(W1−F)/S+1 
H2=(H1−F)/S+1 
D2=D1 
 
Introduces zero parameters since it computes a fixed function of the input 
Note that it is not common to use zero-padding for Pooling layers 
It is worth noting that there are only two commonly seen variations of the max pooling layer found in 

practice: A pooling layer with F=3,S=2 (also called overlapping pooling), and more commonly F=2,S=2. 
Pooling sizes with larger receptive fields are too destructive. 
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Fig. 4: Fractional max-pooling with strides 

 
3.3 Fully Connected -Layer : 

In neural network Neurons in a fully connected layer(FC)  have full connections to all activation in the 
previous layer, as seen in regular Neural Networks. Their activation can hence be computed with a matrix 
multiplication followed by a bias offset. It is worth noting that the only difference between FC and CONV 
layers is that the neurons in the convolution layer are connected only to a local region in the input function, and 
that many of the neurons in a CONVNet volume share neurons. On the other side, the neurons in both layers 
still compute dot products, so their functional form is identical. Therefore, it turns out that it's possible to 
convert between FC and CONV layers. 

For any CONV layer there is an FC layer that implements the same forward function. The weight matrix 
would be a large matrix that is mostly zero except for at certian blocks (due to local connectivity) where the 
weights in many of the blocks are equal (due to parameter sharing). 

In generally Fully connected(FC)  layer can be converted to a CONV layer. For example, an FC layer with 
K=4096 that is looking at some input volume of size 7×7×512 can be equivalently expressed as a CONV layer 
with F=7,P=0,S=1,K=4096. In other side, we are setting the filter size to be exactly the size of the input volume, 
Hence the output will simply be 1×1×4096 because only a single depth column "fits" across the input volume, 
giving identical result as the initial FC layer. 

Actually, sending the changed over ConvNet a single  time is significantly more proficient than 
emphasizing the first ConvNet over every one of those 36 areas, since the 36 assessments offer calculation. This 
trap is regularly utilized as a part of practice to show signs of improvement execution, where for instance, it is 
basic to resize a picture to make it greater, utilize a changed over ConvNet to assess the class scores at numerous 
spatial positions and afterward normal the class scores. In conclusion, consider the possibility that we needed to 
proficiently apply the first ConvNet over the picture yet at a step littler than 32 pixels. We could accomplish this 
with numerous forward passes. For instance, take note of that on the off chance that we needed to utilize a step 
of 16 pixels we could do as such by consolidating the volumes got by sending the changed over Convent twice: 
First over the first picture and second over the picture yet with the picture moved spatially by 16 pixels along 
both width and height. 
 

 
 

Fig. 5: Output Image Classifier With Fractional Max-Pooling 
 
4. Experiment Results: 

We execute forward paths of the standard CNNs on our GPU systems and measure their runtime. Since the 
convolution layers are the most computationally intensive ones, they are accelerated using the GPU-based 



27            S. Pavithra and Dr. A. Rengarajan., 2016/ Advances in Natural and Applied Sciences. 10(11) July 2016, Pages: 22-29 

 

parallel methods described in Section 1 for all three benchmark CNNs. For Image Net, LeNet-5 and the CIFAR-
10 CNNs, other layers are implemented for the large CNN of Image Net 2012.However, other layers require 
acceleration as well for this benchmark, and fully connected layers are also accelerated on GPU using methods 
similar to acceleration of the convolution layers. Table 1 shows the total measured runtime for CPU, FPGA and 
GPU with CuDNN and the comparison of sequential CNN implementation as well as the speedup as shown in 
the fig.6 

 

 
Fig. 6: Optimizing GPU with CuDNN 

 
Table 1: Comparison for CPU, FPGA AND GPU 

1 CPU Xeon E5-2430(32nm) 16 cores 2.2GHz Gcc4.7.2- O3 
OpenMP 3.o 

2 FPGA Virtex-7-485t(28nm) 448PEs  
100MHz 

Vivado 2013.4 
Vivado HLS 2.13.4 

3 GPU CuDNN Multi -GPU 0.3GHz-2.0GHz GTX 480 

 
The simulated raw data were fed into GPU processor from the host computer. The data were transmitted 

back to the host computer for final image display and the table 1. Shown the comparison of CPU, GPU and 
FPGA processing of various parameters. 

 
The Roofline Model: 

 In roofline model [1-2].Computation and communication are two major Constraints in system throughput 
optimization. An implementation can be either computation-bounded or memory-bounded. In a roofline 
performance model is developed to relate system performance to off-chip memory traffic and the peak 
performance provided by the hardware platform. Floating-point performance (GFLOPS) is used as the metric of 
throughput. The actual floating-point performance of an application kernel can be no higher than the minimum 
value of two terms. The first term describes the peak floating-point throughput provided by all available 
computation resources in the system, or computational roof. Operations per DRAM track or computation to 
communication (CTC) ratio features the DRAM track needed by a kernel in a special system implementation. 
The second term bounds the maximum floating-point performance that the memory system can support for a 
given computation to communication ratio have been calculated with the help of equation (1,2 and 3) 

 
 

Fig. 7: Basic Design For Roofline Model 
 

Computational Performance =       (1) 

 

Computation to communication ratio=      (2) 
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Attainable performance = min     (3) 
 

Conclusion: 
In this work, we propose an improved fractional max pooling method and roofline model for convolution 

neural networks. In the existing system Virtex -7 Based FPGA acceleration has produced the clock frequency at 
100MHz. In this method we first optimize CNN's with CuDNN GPU computation as 0.3GHz-2.0GHz .CNN 
was implemented using a high-performance and relatively low cost GPU card, NVIDIA GeForce GTX 480.  
The host computing desktop platform consisted of a 2.4 GHz Intel Core 2 Quad Q6600 CPU and 4 GB DDR2 
RAM, with Ubuntu 10.04 environments. The GTX 480 was the first commercially available GPU . It has a total 
of 480 execution cores available during run time. NVIDIA CUDA toolkit version 3.2 was used for program 
compilation. We then model and optimize with GPU designs and find the best design for each layer. We also 
find the best solution with less computational cost. The proposed acceleration methods may also be 
implemented in different application like image recognition, pattern recognition and other historical sculpture 
restoration. In Future we can use the higher version GPU for improving the computational task. 
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