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Abstract 

Video compression is 

the term used to define 

a method for reducing 

the data used to 

encode digital video 

content. This 

reduction in data 

translates to benefits 

such as smaller storage 

requirements and low 

transmission 

bandwidth 

requirements for a  
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INTRODUCTION  

Artificial Neural 

Networks are 

computing system 

inspired by the 

biological neural 

networks. The neural 

network itself is not 

an algorithm, but 

rather a frame work 

for many different 

machine learning 

algorithms to work 

together and process 

complex data inputs. 

Deep feed forward 

networks, also often 

called Feed forward 

neural networks are 

the quintessential 

deep learning models. 

The goal of feed 

forward network is to 

approximate some 

function. The learning 

of FNN mainly include 

2 parts: structure 

identification and 

parameter 

estimation. Structure 

identification is to 

determine the  
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clip of video content. 

For example: one 

colour movie video 

without compression 

contains 720*480 

pixels per frame with 

30 frames per sec 

resulting in total time 

90 min. The total 

quantity of data = 

167.96 GB. The 

compression 

technique we have 

adopted is the 

adaptive slope of 

activation function in 

the supervised 

learning algorithm for 

multi-layer feed 

forward neural 

networks for 

bandwidth based 

demand of video 

compression in 

multimedia based 

applications. 

 

number of rules of fuzzy system, the shape and number of membership 

function according to the certain performance requirements. Parameter 

learning is further to optimize the parameters of FNN after the initial 

structure is determined. Back propagation (BP) algorithm is a classical 

method for training FNN. 

Back propagation is a method used to calculate gradient that is needed in 

the calculation of weights to be used in the network. Many attempts have 

been made to speed the error BP algorithm. The most renowned 

algorithms of this type are the Conjugate Gradient Training Algorithm and 

Levenberg-Marquardt training algorithm. The computational difficulty of 

the conjugate gradient algorithm is comprehensively dependent on the line 

search methods. The LM algorithm has a faster speed than gradient and 

hardly stuck in the local minimum. But it requires more memory and 

computational time. Adaptive slope activation function has advantage in 

providing reduced training times and increased accuracies.  

 

Literature Survey  

In [1] use of neural networks in video processing has been done and 

discussed and possible role of neural networks, especially feed forward 

neural networks, kohonen feature maps and Hopfield neural networks. [2] 

Has explained there proposed scheme as an efficient video compression 

approach based on frames difference approaches are developed that are 

concentrated on the calculation of frame near distance. [3] In this study, a 

new comparative study of video compression techniques is presented. It 

demonstrates the representative efforts on video compression and 
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presents the properties and limitations of H.261, H.263, MPEG-1, MPEG-2, 

MPEG-4, MPEG-7 and H.264. [4] This approach is based on a proper quad 

tree segmentation of video frames and is capable to yield considerable 

improvement with respect to existing standards in high quality video 

compression.[5] Presents a video compression technique which is based 

on adaptive vector quantization of multi wavelet coefficients. [6] Have 

explained their proposed scheme, video compression from concepts to the 

H.264/AVC standard. It represents a number of advances in standard video 

coding technology in terms of coding efficiency improvement error 

robustness enhancement and flexibility for effective use over a broad  

variety of network types and application domains.[7] presents deep coder 

a CNN based video compression frame work. Scalar quantisation Huffman 

coding is employed to encode the quantized feature maps into binary 

stream. [8] Presents an overview on architectures for VLSI 

implementations of video compression schemes as specified by 

standardization committees of the ITU and ISO. VLSI implementation 

strategies are discussed and split into function specific and programmable 

architectures. The problem of image compression by using Artificial Neural 

Networks (ANN) has discussed in [9] by reducing the original feature 

spaces, that allows to eliminate the image redundancy and accordingly 

leads to their compression. Two variants of the neural networks: two 

layers ANN with the self-learning algorithm based on the weighted 

informational criterion and auto-associative four-layer feed forward 

network have been proposed and analysed. A subclass of recurrent neural 

networks, called Pixel Neural Networks (PNN) has discussed in [10]. In 

[11] the proposed system uses DCT to compress the video. The first stage 

of the system is to convert the video into the number of frames and each 

frame is nothing but the block image which will be the input to image 

compression, then the coefficients of a DCT are linearly quantized by 

dividing into a predetermined quantization step. Here, the artefacts can be 

removed by utilizing the fractal image compression method. Also, the self-

similarities between the analogous blocks can find by using the Euclidean 

distance measure. So, this eliminates the continual compression of 

analogous blocks. [12]In this paper, analyse the different Video codecs and 

also comparison w.r.t to VP8 has been done. Here analysis is done for 



INTERNATIONAL JOURNAL OF PURE AND APPPLIED SCIENCE  

(VOL. 10 NO.1) JUNE, 2019 EDITIONS 

 
 
 
 

4 

bitrates, quality of the data and also PSNR for the different Video codecs 

has been done, with help of this analysis VP8 codecs features can be apply 

for different multimedia applications. In [13], work has done to explore the 

effectiveness of CNNs when trained to act as a pre-segmentation pixel 

classifier that determines whether a pixel is an edge or non-edge pixel. In 

[14], an image stitching method has been proposed, which utilizes Scale-

Invariant Feature Transform (SIFT) feature and Single-Hidden Layer Feed 

forward Neural Network (SLFN) to get higher precision of parameter 

estimation. In [15], authors have investigated the use of Deep 

Convolutional Neural Network (DCNN) for scene classification.  

  

Adaptive Slope Activation Function  

This is an implementation for Multilayer Perceptron (MLP) Feed Forward 

Neural Network with a sigmoid activation function. The training is done 

using supervised learning technique called the Back Propagation 

algorithm. Weight update equation for Back Propagation, the rate of the 

update is proportional to the derivative of the nonlinear activation 

function. The weights in the network can be updated from the errors 

calculated for each training example. During training of the neural 

network, the output of the linear combiner may fall in the  

fullness region of the stimulation function. The derivative of the activation 

task in that region is very small and since the weight updates depends 

directly on the magnitude of the derivative, the rate of learning turn out to 

be tremendously slow, it may take many iterations before the output of the 

linear combiner moves out of the fullness region.A possible solution of this 

problem is to increase the region of non-saturated region by decreasing the 

slope of activation function.   

Eq       (1)  

Where s denotes the number of layers in the network and dq nx1 

andxsoutare the derived and actual output, respectively of the network due 

to qth training pattern. Consider an activation function of the sigmoid type 

given by Eq.2  

f (u , k) =               (2)  
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Where u is the input to the nonlinearity and k is the slope parameter which 

has to be adjusted so that Eq.1 has to minimize. Considering the 

nonlinearity of the ``ith neuron in the sth layer of the network, gradient 

approach can be applied by obtaining  

𝑘𝑖(t+1) =    (3)  

Using the chain rule, the second term on the right side in Eq.3 can be 

rewritten as   

         (4)  

Where is is the local error for the ith neuron of the sth layer, and fk (u,k) and 

fu(u,k) denote the partial derivatives of the activation function with k and 

u respectively.  

Hence the slope of the activation function can be defined by  

(t+1) = 𝑘𝑖(t) - 𝛽𝜕𝑖𝑠          (5)    

To increase the stability, momentum term is also added.  

 

Learning algorithm with adaptive activation function slopes  

1. Initialize the weights in the network according to standard 

initialization process: Weightinitialization has been widely 

recognized as one of the most effective approaches in speeding 

up the training of neural network.      

Weight Initialization Method:  

A multilayer neural network with L fully interconnected layers 

is considered. Layer l consists of (nl+1) neurons (l=1…... L-1) in 

which the last neuron is a bias node with a constant output of 1. 

If there are P pattern for network training, all given inputs can 

be represented by a matrix A1 with P rows and (n1+1) columns. 

All entries of the lastcolumn of the matrix A1 are constant 1. 

Similarly, the target can be represented by a matrix T with P 

rows and nL columns. The weight between neurons in the layers 

l and l+1 form a matrix Wl with entries wli,j(i=1,2,….,n1+1 , 

j=1,2,….,nl+1) entry wli,jconnects neuron i of layer l. With neuron 

j of layer l+1. The output of all hidden layers and the output layer 

are obtained by propagating the training patterns through the 

network. Let us derive the matrix.  
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Ol=AlWl           (6)  

The entries of Al+1 for all hidden layers (i.e., l=1,….L_2) are 

evaluated as follows:  

), p=1,….,P and j = 1,2,…,nl+1,      (7)  

= 1.0, p=1,…,P and j = nl+1+1   (8)  

  

Where f(x) is the activation function. The activation used here is 

the sigmoid function with range between 0 and 1:  

f(x) =          (9)  

  

  The entries of output layer AL are evaluated as follows:  

), p=1,….,P and j = 1,2,…,nL  (10)  

  

Learning is achieved by adjusting the weights such that AL is as 

close as possible or equal to T.  

 In the classical back propagation algorithm, the weights are 

changed according to gradient decent direction of an error 

surface E,  

  

E= 𝑃𝑝=1 𝐸p and Ep     (11)  

 

The weights are changed according to  

  
 

Where m id the update epoch in the learning process and is the 

learning rate. If the standard sigmoid function with a range 

between 0 and 1 is used, the rule of changing the weights can be 

shown to be   

,        (13)  

  

For the output layer i.e., l=L-1  

   (14)  
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For the output layer i.e., l=1….,L-2  

  

. (15)  

  

From Eq.(9) and (10), we note that the change  of a weight 

depends on the outputs of neurons connected to it. When the 

outputs of neurons are 0 or 1, the derivative of the activation 

function evaluated at this value is 0. Therefore, there will be no 

weight change at all, even if there is a difference between the 

value of the target and the actual output. Instead of using a 

statistical method to evaluate the maximum magnitudes of the 

weights, the magnitudes required to ensure that the outputs of 

the hidden units are in the active region.  

2. From set, the set of training data, derive the network 

response. Algorithms work bymaking data driven predictions or 

decisions,  throughbuilding a mathematical  model from input 

data. The model is initially fit on a training dataset that is a set 

of examples used to fit the parameters (Example, weights of 

connection between neurons in artificial neural networks) of 

themodel.  

3. Compare the desired network response with the actual 

output of the network and the localerror is computed according 

to  

  

   For output layer:  

       (16)  

  

    For hidden layer  

  
  

Hidden layer in an ANN is a layer in between input layers and 

output layers, where artificial neurons take in a set of 

weighted inputs and produceanoutput through an activation 

function. The artificial  neuron in the hidden layer works like 
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a biological neuron where theweighted inputs are randomly 

assigned.  

  

4. The weights of the network are updated according to   

        (18)  

5. The slope of the activation function are updated according to  

(t+1) =   

  

5. Stop the iteration if the network converged, else go back to 

step 2.  

  

Experimental Results   

 XOR classification problem: The network of XOR problem consists of two 

input nodes, two hidden nodes and one output node. Performance of 

obtained result has shown in Table 1.it is clear that there are more accurate 

result have obtained by Adaptive Slope based architecture (ADSL) in 

compare to result obtained with Constant (Fixed) Slope of activation 

function(FXSL), equal to 1.Total number of applied iterations was 5000 for 

both cases and from Fig1. it can observe that more faster convergence 

achieved with ADSL.  

  

Table1 : XOR Performance comparision  

INPUT  TARGET  ACHIEVED FXSL  ACHIEVED ADSL  ERROR 

FXSL  

ERROR 

ADSL  

00  0  0.0119  0.0047  -0.0119  -0.0047  

01  1  0.9873  0.9948  0.0127  0.0052  

10  1  0.9873  0.9948  0.0127  0.0052  

11  0  0.0159  0.0068  -0.0159  -0.0068  

MSE    1.0e- 

003*0.1796  

1.0e- 

003*0.030 7  
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Figure 1. Convergence       Figure 2. Slope variation in  

Characteristics for XOR        hidden nodes function 

Problem 

 

Figure 3.Slope variation in output node function  

 

Adaptive characteristics in slope for hidden nodes and output nodes 

activation function have shown in Fig.2 and in Fig.3 and final iteration 

numeric values of slope have shown in Table2.  
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Table2: Final slope value for XOR problem  

Slope (Hidden nodes) = 1.5803 1.5033  

Slope (Output layer nodes) = 1.7308  

 

Learning characteristics for different compression ratio have shown in 

Fig.4, Fig.5 and in Fig.8.It is clear that there is more faster convergence with 

adaptive slope of activation function in all cases and improvement 

observed in PSNR values without exception.  

 

Video compression  

There are three different compression ratio have applied in this paper, 

75%,and 87.5%  obtained performances have shown in Table3 and 

Table5.Obtained values of slope under different conditions are also shown 

in Table 4,Table 6 and in Table 8.It is easily possible to change the 

compression ratio in neural network by changing the number of hidden 

nodes involved with hidden layer. For compression ratio 75%,there are 

four hidden nodes, while 2 hidden nodes required to deliver the 

compression ratio of 87.5%. Training has applied with Lena gray scale 

image, with formation of block size 4*4, in result, there 16 input nodes and 

16 output nodes required. Learning characteristics for different 

compression ratio have shown in Fig.4, Fig.5 and in Fig.8.It is clear that 

there is more faster convergence with adaptive slope of activation function 

in all cases and improvement observed in PSNR values without exception.  

 

Table3: Performances of image quality in dB for 75% compression ratio.  

%compressio n(75)  FSNN  ADSNN  ADSCNN  MSE(FX)  MSE(AD)  

Grey video            

Lena  30.4185  32.0131  30.6064  6.2855e-004  5.2936e-004  

Alina  29.5632  30.8049  30.1002      

Vegetable  28.0988  29.2497  28.5038      

Boat  27.0732  28.2155  27.1060      

Colour video            

Lena  28.7710  29.7836  28.9214      
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vegetable  26.6878  27.6563  27.0619      

  

Table4: Activation function slope for 75% compression ratio.  

Slope (Hidden nodes) [0.5273 0.6232 0.8074 0.6189]  

Slpoe (Output layer nodes)   

[-2.2086 2.0938 -1.8030 1.8052 2.1207 1.7177 1.8425 1.8998 1.9199 

1.7924 1.8200 2.0183 1.9674 1.8024 1.8838 2.0702]  

  

  
Figure 4.Convergence characteristics in 75% compression ratio Table6: 

Activation function slope for 87.5% compression ratio.  

slope (hidden nodes)[0.4006 0.5410]  

slope(output layer nodes)   

[-2.2086 2.0938 -1.8030 1.8052 2.1207 1.7177 1.8425  

1.8998 1.9199 1.7924 1.8200 2.0183 1.9674 1.8024   

1.8838 2.0702]  

 

Table5: Performances of image quality in dB for 87.5% compression ratio  

%compression(87.5000)  FSNN  ADSNN  ADSCNN  

Grey video        

Lena   28.3168  29.0938  29.0673  

Alina  27.9209  28.8658  29.2253  

Vegetable  26.2143  26.7760  26.9301  
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Boat  25.1351  25.7561  25.7075  

        

Colour video        

Lena  27.1899  27.8201  27.7927  

vegetable  25.1652  25.6486  25.7461  

  
Figure 5.Convergence characteristic in 87.5% compression ration.  

  

Smoothing process ice applied after the decompression process is 

complete. It is noticed that as the compression ratio increases the 

smoothing becomes more beneficial. In the process of smoothing, 

boundary pixels of neighbouring blocks are extended and a mean value is 

replaced in horizontal and vertical directions.  

 

Conclusion  

To handle the multimedia bandwidth constraints, where maximum 

resource utilization is the primary goal, fixed compression ratio is the 

better choice and in this research it has achieved with the help of feed 

forward architecture which has the adaptive slope of their activation 

function. Simultaneous optimization has applied for weights and slope. 

Value to make learning faster and deeper. Proposed solution has also 

capability to compress and decompress the color image also without any 
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limitations. Proposed solution has achieved the better decompress image 

quality even there is very compression ratio.  

  

 

 

    

    

    

    

Original  FSNN  ADSNN  ADSCNN  

Figure 6.Decomposed grey scale video       Figure 7. Decomposed colour video  
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images with compression ratio 87.5%              with compression ratio 87.5%                            
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