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ABSTRACT

In this paper, image compression based on neural networks is presented with block classification and
coding. Multilayer neural networks with error back-propagation learning algorithm are used to transform the
normalized image data into the compressed hidden values by reducing spatial redundancies. Image
compression can basically he achieved with smaller number of hidden neurons than the numbers of input
and output neurons. Additionally. the image blocks can be grouped for adaptive compression rates depending
on the characteristics of the complexity of the blocks in accordance with the sensitivity of the human visual
system(HVS.) The quantized output of the hidden neuron can also be entropy coded for an efficient
transmission. In computer simulation, this approach lie in the good performances even with ’images outside
the training set and about 251 compression rate was achieved using the entropy coding without much

degradation of the reconstructed images,
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2 AHeE stA%a #53tA % Bridge 349 59 FHE % 4=F
Table 2. Perfformance and compression ratio of untrained Bride image without preprocessing.

. Neural Netwark MSE PSNR entropy Compression R{atjo ’vxfithout ‘ (bmpressign Ratjo with
(input-hidden-output) (dB) entropy coding (CR) |_entropy coding (CR .,nm,pi)AA
6 -16-t4 211569 24816 3635 533 1 1 (1Y) bpp) J 380 1 1 (091 bpp)

6 - 8-64 263516 23923 384 1067 71 (0.7 bpp) N 16.44 1 1 (0.49 bpp)
- 6-61 | X880 | BIWL | 3906 UZ 1 OFbop | 21801 0F bop)
G- 4-6 2 | 2618 | 438 | B 1OBbp) | 8] (oﬁm

3 X E YT H59 Lena G949 B9 34T 9 EE
Table 3. Performance and compression ratio of untrained Bride image without preprocessing.

. Neural Network T MSE PSNR entropy Compression Rf’ili() without | (bmpressi(?n Ratio with l
(input-hidden-output) - (dB) entropy coding (CR) entropy coding (CR enropy)

6 - 16 - 64 G649 | 2906 | 341 5100 | 9R:10#Hbp)

| ®-8-& o | Ben | 3% 1067 : 1 (075 bpp) 1803 1 04 bop) |

6 - 6- 64 106065 | 281 | 36l 421 0%bp) | Z 1 O3 bpp) |

6- 4-61 | 15006 | 830 | 423 | A1 ONBbpp 085102 by |

H 4 AAelE shAIaL ShiehA] B Train 939 541 TH® 9 5E

Table 4. Performance and compression ratio of untrained Bride image without preprocessing.

' Neurgl Network i MSE I PSN:IEiT entropy ‘] Compression Rdt;) w‘fithout “ U)nn)res;lon R‘iwﬁf
(input-hidden-out put) (dB) v entropy coding (CR) | entropy coding (CR enuronn)
L ®-16-61 | 200 | 3 361 531 (M0 by | 87801091 bpp) |
&- 8- 6 39404 3661 | 106711 OBbp) | 174711046 bpp) |
& 6-6 G @;* EE 4_3773 142 1056 bpp) __‘ 729;7’{‘{?35};;Sj
- 4-61 | BAMA | BB | 430 | 2B 1OBbpp) | M1 027 bop)

. (b} (e} @)

2 6 AAEE AL AA3 293 entropy coding g AMESIY BEAE A
Fig. 6. Reconstructed image using neural network and entropy coding without preprocessing.

(a) Lena (Hidden newron @ 8 PSNR : 30511, CR 1807 : D) (b) Lena (Hidden newron = 4, PSNR @ 28218, CR : 2084 © 1)
(c) Boat (Hidden neuron : 8, PSNR : 28623, CR 1 18031 1) td) Boat (Hidden neuron © 4, PSNR : 26330, CR: 8% : 1)
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Table 6. Results for reconstructed 1 images vmth lmmmg b\ the dassxﬁcd bl(x l«s of Lena.

- ‘ - o S
Mean Square | Pedk f Compression Ratio without Compression Ratio with
Image Error (MSE) [ Signal to Noist | Entropy entropy cocling (CRY entropy coding (CR enrans
N o Ratio (PSNRidBr ‘ : . o o
Trained | o | 180601 27121
‘ 59,89 .37 3972
 lena - | i (O:Hbpp! (O2hpp)
A } , 12771 12771
Bridge 270.20 PATE! 3,933 ) :
L ] j o (063bpp) ) ~_(083bup)
; I , , 1746 B4A31
I Boat - A : A 3.983 )
‘ P L (0.46bpp) 7 ~ (0.30bpp)
] s 18071 265101
[rain ‘ IBE5H 3128 4000 )
1 - : o ~ (OeHbpp) o ~ (0.30bpp)
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