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Abstract: 

Images are of highest importance in the field of documentation nowadays. To use them effectively in different applicat ions it 

becomes a necessity that the images are compressed. The compression form depends mainly on the application for which the 

image has been acquired or recorded. Many different algorithms have been developed over the years which perform the needed 

image compression task in a efficient and accurate manner. The compression is lossy or lossless in nature as some algorithms 

result in loss of information while compression and others are able to keep the complete information while compression. The 

Compression algorithms are designed for different types of images and respond specifically  to specific images types. These 

algorithms can be adjusted by changing certain parameters to achieve good compression results on different types of images . This 

paper aims at application of Huffman Coding and Encoding along with Artificial Neural Networks (NNTOOL) in MATLAB to 

an input image(BMP: Bitmap) and compare its results for parameters like SNR, PSNR BPP and Compression Ratio fo r both 

Lossy (JPEG: Jo int Photographic Experts Group) and Lossless Compression (PNG: Portable Network Graphics) Outputs.   
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I. INTRODUCTION 

  Digital image compression plays a vital role in the 

transmission and storage of digital image data. It allows the 

transmission of image data at extremely low bandwidths and 

minimizes the memory requirements for storage of this data. 

Besides, the algorithms designed for dig ital image 

compression can be effectively extended to compress video 

data as videos are simply consecutive frames of still images. 

One of the primary benefits of dig ital data is that it can  be 

compressed. Compression reduces the extent of bandwidth 

required to transmit information, thus decreasing the 

telecommunications costs. Image compression is categorized 

as lossless or lossy. Lossless compression produces no 

noticeable loss of image quality between the transmitting and 

receiving sites and is desirable for clinical images. Lossy 

compression outcome in images at the receiver site are 

substandard in quality to the original. At epochs a lower 

quality image is still clinically good enough, particularly when 

enhanced transmission speed is important.  Artificial neural 

networks (ANNs) [1] are simplified models of the biological 

neuron system. They tend to mimic the manner in which 

human brain performs calcu lations and makes decision [2]. 

The complexity of the real nervous system is highly abstracted 

when modeling an ANN [3].  

II. LITERATURE REVIEW 

Several studies have been proposed to address the problem of 

digital image compression via ANNs. The most elemental and 

simple network i.e. the single structured neural network is 

described in [4]. The authors use a 3-layer network to achieve 

image compression [5]. Parallel architectures for neural 

networks for image compression are proposed in [6]. The idea 

is to compress different part of an image by different neural 

networks in parallel in order to increase the compression ratio 

and quality of reconstructed images [7]. In [8] the authors 

propose the use of novel normalization function along with 

single structured neural network to improve the compression 

quality. An ANN for calculat ing the discrete cosine transform 

for image compression is described in [9]. 

 The authors in [10] and [11] provide a summary  of d ifferent 

neural network models  and mathemat ical/statistical techniques 

that neural networks can  be complemented with to improve 

the compression results.  

The author in [12] proposes a method where appropriate NNs 

are used only at the image decompression stage. The image is 

decomposed into eight matrices each of which corresponds to 

values in a bit position. The matrices are saved in reduced 

form to constitute the compressed image. The NNs are 

constructed to predict the removed values from the reduced 

matrices to produce the image in the orig inal size. 

 The author in [13] proposes that the essence of the neural 

network in this is a feed-forward artificial neural network. It  

uses the intelligent learning algorithm for training. The 

advantage of genetic algorithm is the parallel search and high 

search efficiency. So  its convergent speed and precision are 

improved greatly. The results of this method show high  

compression ratio, high ratio of signal Vs noise, low errors of 

coding, high decoding speed and fine resuming effect on 

subject.   

The author in [14] the compression will reduce the image 

affinity, part icularly  when the images  are compressed at lower 

bit rates. The reconstructed images endure from overcrowding 

artifacts and the image quality will be severely besmirched 

under the circumstance of high compression ratios.  

In [15] authors present the utilizat ion of neural-network for b i-

level image compression. In the proposed lossy compression 

method, the locations of pixels of image are applied to the 

inputs of a mult ilayer perceptron neural-network. The output 

of the network denotes the pixel intensity (0 or 1). The final 
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weights of the trained neural-network are quantized, 

represented by a few b its, Huffman encoded and then stored as 

the compressed image. 

 

III. METHODOLOGY 

For image compression, in this work an ANN based IC 

architecture is developed. In ANN based compression system 

the image is coded with respect to its pixel values and pixel  

coordinate. In an approach for image compression based on 

BPNN is proposed. The approach is developed as improved 

BPNN and is compared with conventional JPEG based coding 

system. In such an approach an image is first read into a 

matrix of dimension m x n and the co similar pixel coefficients 

are searched forming a pair of pixel value of its counts. This 

approach is similar to the approach of run length coding for 

the obtained co-similar pairs, a NN process is carried out, 

wherein these pairs are g iven as input to the NN system. The 

process of NN processing for image compression is briefed as: 

 

Image Compression Process: 

Step 1: Input image is converted to matrix fo rmat (I) 

containing X m,n, where m is row and n is  column. 

 

Step 2: Using (I), pixel values and the number of occurrences 

of the neighboring pixel values are counted and represented by 

pair values (P) as follows. 

P = ( U1,V1 ) ( U2,V2 ) ( U3,V3 ) … ( Ui ,Vj  ). 

Where, 

U = Pixel values. 

V = Number of occurrences of the neighboring pixel values. 

 

Step 3: The pair values (P) obtained from the above step can 

be represented in sequence order (S). 

S = U1, V1 , U2, V2, U3, V3 … Ui, Vj. 

 

Step 4: The sequence order (S) can be provided as an input 

(Xi) to the Multi-Layer Feed- Forward Back propagation 

Neural Network. 

Xi = X1, X2, X3 … Xn. 

 

Step 5: Calculate weight (W ji) using the formula. 

Wji=∑XiXj
T
 Where 1<=j<=k and Xj is input layer. 

 

Step 6: The Hidden Layer of the Multi-Layer Feed-Forward  

Back propagation Neural Network is created by using the 

formula (Hj). 

Hj=∑XijXi
T
 Where 1<=j<=k and Xi is input layer. 

Hi=H1,H2,H3,H4,H5,..,Hk 

The result of the Hj obtained refers the compressed file .  

 

Image Decompression Process 

Step 1: Get (Hj) of the Multi-Layer Feed-Forward Back 

propagation Neural Network 

Hj = H1, H2, H3, … Hk  

 

Step 2: Calculate the weight (W ij) using the formula. 

Wij=∑HiHj
T
 Where 1<=i<=k and Hj is input layer. 

 

Step 3: The Output Layer of the Multi - Layer Feed - Forward  

Back propagation Neural Network is created by using the 

formula ( Yi  ). 

Yi =∑W ijHj
T
 Where 1<=i<=n and Hi is hidden layer. 

Yi =Y1,Y2,Y3,Y4 ,Y5,..,Yn  

Step 4: The Output Layer (Yi ) is represented in Sequence 

Order (S). 

S = U1, V1 , U2, V2, U3, V3 … Ui, Vj. 

 

Step 5: The Sequence Order (S) Value can be represented in 

Pair Values (P). Each Pair represents the Pixel Value and the 

number of occurrences of the neighboring pixel values. 

P = ( U1,V1 ) ( U2,V2 ) ( U3,V3 ) … ( Ui ,Vj  ). 

Where, 

U = Pixel values. 

V = Number of occurrences of the neighboring pixel values. 

 

Step 6: All the Pair Values (P) represented in Pixel Values are 

converted into Matrix Format  (I). 

 

Step 7 : Now the matrix fo rmat (I) is converted into the image 

file format. 

Due to this conversion the retrieval accuracy is lower. To  

improve such estimation accuracy the image must be 

processed in spectral domain rather than processing on direct 

pixel values. Where-in in this conventional approach image is 

directly processed, so the finer details of image samples are 

more o r less astray.This Neural Network unit realizes a feed 

forward neural network using the command ‘newff’ in  

MATLAB tool. The NN unit extract the min-max value of 

given input and creates a feed forward  neural network taking 

least mean learn ing algorithm. The network is created for 

converging to the error with a goal of 0.1 and with number of 

epochs=50. The created network is trained with these 

coefficient values based on the given input and the created 

feed forward network. 

 

IV. RESULTS AND DISCUSSIONS 

The whole compression processes is applied to get results in 

form of Lossy (JPEG) and Lossless (PNG) image file formats 

and the comparisons are generated between both the formats 

for parameters like signal-to noise ratio (SNR), peak signal-to 

noise ratio (PSNR), Bits per Pixels (BPP), Compression 

Ratios (CR) etc. The comparison values plotted for SNR 

values retained over 100 iterations, 40,000 Epochs with the 

interval of 400 epochs are as shown in figure below.  

  

 
FIGURE 1 

SNR COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS (PNG) 

 

The comparison values plotted for PSNR values retained over 

100 iterations, 40,000 Epochs with the interval o f 400 epochs 

are as shown in figure below. 
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FIGURE 2 

PSNR COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS (PNG) 

The comparison values plotted for BPP values retained over 

100 iterations, 40,000 Epochs with the interval o f 400 epochs 

are as shown in figure below. 

 
FIGURE 3 

BPP COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS (PNG) 

The comparison values plotted for Compression Ratio (CR) 

values retained over 100 iterations, 40,000 Epochs with the 

interval of 400 epochs are as shown in figure below.  

 
FIGURE 4 

CR COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS (PNG) 

The comparison values plotted for % Compression values 

retained over 100 iterat ions, 40,000 Epochs with the interval 

of 400 epochs are as shown in figure below.  

 
FIGURE 5 

% COMPRESSION COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS 

(PNG) 

The comparison values plotted for % Image Retrieval values 

retained over 100 iterat ions, 40,000 Epochs with the interval 

of 400 epochs are as shown in figure below.  

 
FIGURE 6 

% RETRIEVAL COMPARISIONS: LOSSY (JPEG) Vs LOSSLESS (PNG) 

The image outputs for lossless (PNG) format  are shown in 

figure below.  

 
FIGURE 7 

IMAGE COMPRESSION OUTPUT SNAPSHOTS: LOSSLESS (PNG) 

The image outputs for lossy (JPEG) format are shown in figure 

below. 
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FIGURE 7 

IMAGE COMPRESSION OUTPUT SNAPSHOTS: LOSSY (JPEG) 

 

V. CONCLUSION 

The comparisons show the signal-to noise ratio, peak signal-to 

noise ratio and bits per pixel when evaluated for both lossy 

and lossless image compression outputs were majorly  at 

power with each other, lossless compression showing slightly 

better SNR, PSNR and BPP values. The percentage of image 

data compressed for both lossy and lossless formats was 

mostly same. For the both the formats the compression value 

achieved was 99% or more thus signifying the act ive and 

efficient performance of neural network for both lossy and 

loss less formats. The major significant difference was seen in  

the Compression ratio values for lossy and lossless formats as 

the lossless compression gave higher compression ratio values 

than lossy showing that the neural network was able to  learn  

better and give goo results in the scenario where there was no 

data loss and the performance of neural network decreased in 

case of lossy format where data loss occurred. The similar 

patterns were shown for amount of data to be retrieved for 

image decompression and lower amounts of image data 

retrieval was evaluated for lossless formats than for lossy 

formats which have a slightly higher amount of data to be 

retrieved. 

VI. REFERENCES 

[1] Simon O. Haykin, Neural Networks and Learn ing 

Machines, 3rd ed., Prentice Hall, 2008. 

[2] Yaser S. Abu-Mostafa, Malik Magdon Ismail and Hsuan-

Tien Lin, Learn ing from Data, AMLBook, 2012.  

[3] Peter H Sydenham and Richard thorn, Handbook of 

Measuring System Design, vol. 3, John Wiley & Sons, 2005, 

pp. 901-908.  

[4] G. L. Sicuranza, G. Ramponi, and S. Marsi, “Art ificial 

neural network for image compression,” Electronics Letter, 6 

(1990), pp.477-479, 1990. 

[5] S. Carrato, S. Marsi, “Parallel structure based on neural 

networks for image compression,” Electronics Letters, vol 

28(12), pp. 1152-1153, 1992. 

[6] G. Qiu, M. R. Varley, T. J. Terrell, “Image compression by 

edge pattern learning using multilayer perceptrons,” 

Electronics Letters, vol 29(7), pp. 601-603, 1993. 

[7] A. Namphol, S. Chin, M. Arozu llah, “Image compression 

with a  hierarchical neural network,” IEEE Trans. on 

Aerospace and Electronic Systems 32(1), pp. 326-337, Jan. 

1996. 

[8] Y. Benbenisti, D. Kornreich, H. B. Mitchell, P. A. 

Schaefer, “A high  performance single-structure image 

compression neural network,” IEEE Trans. on Aerospace and 

Electronic Systems, vol. 33(3), pp. 1060-1063, Ju ly 1997. 

[9] K.S. Ng and L.M Cheng, “Art ificial neural network for 

discrete cosine transform and image compression,” 

Proceedings of the fourth international conference on 

documents analysis and recognition, vol.2, pp. 675-678, 

August 1997.  

[10] C. Cramer, “Neural networks for image and  video 

compression: A review,” European journal of operationa; 

research, vol. 108, pp. 266- 282, 1998. 

[11] J.Jiang, “Image Compression with neural networks - A 

survey,” Signal Processing: Image Communication, vol. 14, 

pp. 737-760, 1999  

[12] Saleh Ali Alshehri “Neural network technique for image 

compression Image Process., pp.1–5, © & The Institution of 

Engineering and Technology 2015 IEEE 

[13] Jia Wei, “Application of Hybrid Back Propagation Neural 

Network in  Image Compression”, 2015 8th International 

Conference on Intelligent Computation Technology and 

Automation, pp.209-211 © 2015 IEEE  

[14] Abdul Khader Jilani Saudagar , Omar A. Shathry, “Neural 

Network Based Image Compression Approach to Improve the 

Quality of Biomedical Image for Telemedicine”, British 

Journal of Applied Science & Technology Vol.4 Issue(3): 

pp.510-524, 2014 

[15] S. Sahami, M.G. Shayesteh1, “Bi-level image 

compression technique using neural networks”, IET Image 

Process., 2012, Vol. 6, Iss. 5, pp. 496–506 

 

 

 

 

 

 

 

 

  


