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ɊɈɁɊɈȻɄȺ ɌȺ ȾɈɋɅІȾɀȿɇɇə ɆɈȾɂɎІɄɈȼȺɇɈȽɈ ȺɅȽɈɊɂɌɆɍ 

ɎɊȺɄɌȺɅЬɇɈȽɈ ɄɈȾɍȼȺɇɇə  
У ɫɬɚɬɬɿ ɡɚɩɪɨɩɨɧɨɜɚɧɨ ɦɨɞɢɮɿɤɚɰɿɸ ɚɥɝɨɪɢɬɦɭ ɮɪɚɤɬɚɥьɧɨɝɨ ɤɨɞɭɜɚɧɧɹ ɲɥɹɯɨɦ ɜɢɤɨɪɢɫɬɚɧɧɹ 

ɞɢɫɤɪɟɬɧɨɝɨ ɤɨɫɢɧɭɫɧɨɝɨ ɩɟɪɟɬɜɨɪɟɧɧɹ, ɜɟɣɜɥɟɬ-ɩɟɪɟɬɜɨɪɟɧɧɹ Хɚɚɪɚ ɣ ɩɚɪɚɥɟɥьɧɢɯ ɨɛɱɢɫɥɟɧь. 

Рɨɡɪɨɛɥɟɧɢɣ ɚɥɝɨɪɢɬɦ ɦɚє ɧɚ ɦɟɬɿ ɡɦɟɧɲɟɧɧɹ ɨɛɱɢɫɥɸɜɚɥьɧɨʀ ɫɤɥɚɞɧɨɫɬɿ ɚɥɝɨɪɢɬɦɭ ɮɪɚɤɬɚɥьɧɨɝɨ 
ɤɨɞɭɜɚɧɧɹ ɣ ɩɿɞɜɢɳɟɧɧɹ ɲɜɢɞɤɨɞɿʀ ɩɪɨɰɟɫɭ ɫɬɢɫɧɟɧɧɹ ɡɨɛɪɚɠɟɧь. 

Ʉлючɨɜɿ ɫлɨɜа: ɫɬɢɫɧɟɧɧɹ ɡɨɛɪɚɠɟɧь, ɮɪɚɤɬɚɥьɧɟ ɤɨɞɭɜɚɧɧɹ, ɞɢɫɤɪɟɬɧɟ ɤɨɫɢɧɭɫɧɟ 
ɩɟɪɟɬɜɨɪɟɧɧɹ, ɜɟɣɜɥɟɬ-ɩɟɪɟɬɜɨɪɟɧɧɹ, ɩɚɪɚɥɟɥьɧɿ ɨɛɱɢɫɥɟɧɧɹ. 

ȼɫɬɭɩ 

ɋьɨɝɨɞɧі ɡавɞɹкɢ ɡɧаɱɧɨɦу ɩɨɲɢɪɟɧɧɸ ɟɥɟкɬɪɨɧɧɨ-ɨɛɱɢɫɥɸваɥьɧɨʀ ɬɟɯɧікɢ ɡɛɟɪіɝаɧɧɹ ɣ 
ɨɛɪɨɛка ɞаɧɢɯ ɪіɡɧɨɦаɧіɬɧɨɝɨ ɬɢɩу ɡɞіɣɫɧɸєɬьɫɹ ɩɟɪɟваɠɧɨ в цɢɮɪɨвɨɦу вɢɝɥɹɞі. ɍɫɟ 
ɛіɥьɲɨʀ ɩɨɩуɥɹɪɧɨɫɬі ɧаɛуваɸɬь ɦуɥьɬɢɦɟɞіɣɧі ɬɢɩɢ ɞаɧɢɯ:  віɞɟɨ-, ауɞіɨɡаɩɢɫɢ ɣ цɢɮɪɨві 
ɡɨɛɪаɠɟɧɧɹ. Вɢɯɨɞɹɱɢ ɡ вɢɳɟɨɩɢɫаɧɨɝɨ, ɨɞɧієɸ ɡ ɧаɣакɬуаɥьɧіɲɢɯ ɩɪɨɛɥɟɦ ɫуɱаɫɧɢɯ 
іɧɮɨɪɦаціɣɧɢɯ ɬɟɯɧɨɥɨɝіɣ є ɪɨɡɪɨɛка ɟɮɟкɬɢвɧɢɯ ɦɟɬɨɞів кɨɦɩɪɟɫіʀ ɦуɥьɬɢɦɟɞіɣɧɢɯ ɞаɧɢɯ, 
ɡɨкɪɟɦа ɝɪаɮіɱɧɨʀ іɧɮɨɪɦаціʀ. 

Ⱦɨ ɦуɥьɬɢɦɟɞіɣɧɨʀ іɧɮɨɪɦаціʀ ɧаɣɱаɫɬіɲɟ ɡаɫɬɨɫɨвуɸɬь ɦɟɬɨɞɢ ɫɬɢɫɧɟɧɧɹ іɡ вɬɪаɬаɦɢ. 
Ɍакі ɡаɫɬɨɫуваɧɧɹ є ɫɩɪавɟɞɥɢвɢɦɢ, ɨɫкіɥькɢ ɞɥɹ ɦуɥьɬɢɦɟɞіɣɧɢɯ ɨɛ’єкɬів, ɡаɡвɢɱаɣ, ɦɨɠɧа 
віɞɦɨвɢɬɢɫɹ віɞ ɡɛɟɪіɝаɧɧɹ ɩɟвɧɢɯ ʀɯɧіɯ ɨɫɨɛɥɢвɨɫɬɟɣ (ɧаɩɪɢкɥаɞ, ɞɪіɛɧɢɯ ɞɟɬаɥɟɣ ɧа 
ɡɨɛɪаɠɟɧɧі), ɳɨ ɞɨɡвɨɥɢɬь ɩіɞвɢɳɢɬɢ ɫɬуɩіɧь ɫɬɢɫɧɟɧɧɹ. Ⱥɥɟ іɫɧуɸɬь ɩɨɲɢɪɟɧі аɥɝɨɪɢɬɦɢ 
ɫɬɢɫɧɟɧɧɹ ɛɟɡ вɬɪаɬ, ɬакі ɹк: FLAC ɞɥɹ ɡвукɨвɢɯ ɮаɣɥів аɛɨ PNG ɞɥɹ цɢɮɪɨвɢɯ ɡɨɛɪаɠɟɧь. 
Ɂа вɢкɨɪɢɫɬаɧɧɹ цɢɯ ɮɨɪɦаɬів ваɪɬɨ вɪаɯɨвуваɬɢ, ɳɨ ʀɯ ɩɪɨɟкɬуваɥɢ ɹк уɧівɟɪɫаɥьɧі ɞɥɹ 
ɫвɨɝɨ ɬɢɩу ɞаɧɢɯ – і в ɪɟɡуɥьɬаɬі вɨɧɢ вɢɹвɢɥɢɫь ɧɟɩɪɢɞаɬɧɢɦɢ ɞɥɹ вɪаɯуваɧɧɹ 
ɨɫɨɛɥɢвɨɫɬɟɣ кɨɧкɪɟɬɧɨɝɨ ɮаɣɥа, ɳɨ ɩіɞɥɹɝає ɫɬɢɫɧɟɧɧɸ. əк ɧаɫɥіɞɨк віɞɛуваɥɨɫь ɡɧаɱɧɟ 
ɩɨɝіɪɲɟɧɧɹ кɨɟɮіцієɧɬа ɫɬɢɫɧɟɧɧɹ ɩɨɪівɧɹɧɨ ɡ аɧаɥɨɝіɱɧɢɦɢ аɥɝɨɪɢɬɦаɦɢ кɨɦɩɪɟɫіʀ ɡ 
вɬɪаɬаɦɢ. 

Ⱦɥɹ цɢɮɪɨвɢɯ ɡɨɛɪаɠɟɧь ɹк кɥаɫу ɦуɥьɬɢɦɟɞіɣɧɢɯ ɞаɧɢɯ ɧаɣɩɨɲɢɪɟɧіɲɢɦ ɮɨɪɦаɬɨɦ 
ɫɬɢɫɧɟɧɧɹ ɡ вɬɪаɬаɦɢ є JPEG. Віɧ ɧаɛув ɡɧаɱɧɨɝɨ вɢкɨɪɢɫɬаɧɧɹ ɡавɞɹкɢ ɩɨɲɢɪɟɧɧɸ 
цɢɮɪɨвɢɯ ɮɨɬɨаɩаɪаɬів, ɫкаɧɟɪів ɬɨɳɨ. Ɂ уɪаɯуваɧɧɹɦ кіɥькɨɫɬі ɩɪɟɞɫɬавɥɟɧɢɯ у ɮɨɪɦаɬі 
JPEG ɡɨɛɪаɠɟɧь ɫɬаɸɬь ɨɱɟвɢɞɧɢɦɢ ɡɧаɱɧі вɬɪаɬɢ, ɩɨв’ɹɡаɧі ɡі ɡɛɟɪіɝаɧɧɹɦ, ɩɟɪɟɞаɱɟɸ і 
ɨɛɪɨɛкɨɸ, ɦɨɠɥɢвɨ, ɧɟɨɩɬɢɦаɥьɧɨ (ɡа ɹкіɫɬɸ і ɫɬуɩɟɧɟɦ кɨɦɩɪɟɫіʀ) ɫɬɢɫɧɟɧɨʀ іɧɮɨɪɦаціʀ. 

Ɉɬɠɟ, ɧаɛуваɸɬь акɬуаɥьɧɨɫɬі ɞɨɫɥіɞɠɟɧɧɹ ɦɟɬɨɞів ɫɬɢɫɧɟɧɧɹ, ɹкі ґɪуɧɬуɸɬьɫɹ ɧа іɧɲɢɯ 
ɩɪɟɞɫɬавɥɟɧɧɹɯ ɡɨɛɪаɠɟɧь, ɞɨ ɹкɢɯ ɧаɥɟɠɢɬь ɮɪакɬаɥьɧɟ кɨɞуваɧɧɹ, ɨɫɨɛɥɢвіɫɬɸ ɹкɨɝɨ є 
вɥаɫɬɢвіɫɬь ɫаɦɨɩɨɞіɛɧɨɫɬі ɡɨɛɪаɠɟɧɧɹ. ɉɪɨɬɟ ɫуɱаɫɧі ɦɟɬɨɞɢ ɮɪакɬаɥьɧɨɝɨ ɫɬɢɫɧɟɧɧɹ 
ɡɨɛɪаɠɟɧь ɩɨɬɪɟɛуɸɬь ɫуɬɬєвɨɝɨ ɪɨɡвɢɬку ɡ ɨɞɧɨɱаɫɧɢɦ уɪаɯуваɧɧɹɦ ɛаɝаɬьɨɯ кɪɢɬɟɪіʀв 
(ɡɨкɪɟɦа, ɲвɢɞкɨɫɬі ɪɨɛɨɬɢ, ɫɬуɩɟɧɹ ɫɬɢɫɧɟɧɧɹ, ɹкɨɫɬі ɩіɞ ɱаɫ ɞɟкɨɦɩɪɟɫіʀ) ɞɥɹ ɬɨɝɨ, ɳɨɛ ʀɯ 
ɦɨɠɧа ɛуɥɨ ɪɨɡɝɥɹɞаɬɢ в ɹкɨɫɬі ɪɟаɥьɧɨʀ аɥьɬɟɪɧаɬɢвɢ JPEG ɞɥɹ ɛаɝаɬьɨɯ кɥаɫів ɡɨɛɪаɠɟɧь, 
ɹкі вɢкɨɪɢɫɬɨвуɸɬь у ɧаукɨвɨ-ɬɟɯɧіɱɧіɣ і ɩɨвɫɹкɞɟɧɧіɣ ɫɮɟɪаɯ ɠɢɬɬєɞіɹɥьɧɨɫɬі ɥɸɞɢɧɢ. 

Ɋɨɡв’ɹɡаɧɧɸ ɩɪɨɛɥɟɦ і ɡавɞаɧь ɮɪакɬаɥьɧɨɝɨ кɨɞуваɧɧɹ ɩɪɢɫвɹɱɟɧɨ вɟɥɢку кіɥькіɫɬь 
ɞɨɫɥіɞɠɟɧь віɬɱɢɡɧɹɧɢɯ (Ⱦ. ɋ. Ваɬɨɥіɧ, В. В. ɋɟɪɝɟєв, В. Ⱥ. ɋɨɣɮɟɪ, В. В. Ⱥɥɟкɫаɧɞɪɨв,  
Н. Ⱦ. Ƚɨɪɫькɢɣ) і ɡаɪуɛіɠɧɢɯ (Ɇ. Ȼаɪɧɫɥі, Ⱥ.ɀакɟɧ, ɘ. Ɏіɲɟɪ, Ⱦ. Ɂауɩɟ) уɱɟɧɢɯ [1 – 3]. 

Ɉɞɧак і ɞɨɫі є куɞɢ ɪуɯаɬɢɫɹ в цьɨɦу ɧаɩɪɹɦку. 

Ɇɟɬɨɸ цієʀ ɫɬаɬɬі є ɩɨɛуɞɨва ɦɨɞɢɮікɨваɧɨɝɨ аɥɝɨɪɢɬɦу ɮɪакɬаɥьɧɨɝɨ кɨɞуваɧɧɹ, ɳɨ 
ɞɨɡвɨɥɢɬь ɩіɞвɢɳɢɬɢ ɲвɢɞкɨɞіɸ ɩɪɨцɟɫу ɫɬɢɫɧɟɧɧɹ ɡɨɛɪаɠɟɧь, а ɬакɨɠ ɞɨɫɹɝɧуɬɢ 
ɩɪɢɣɧɹɬɧɨɝɨ кɨɟɮіцієɧɬа ɫɬɢɫɧɟɧɧɹ ɲɥɹɯɨɦ ɩɨєɞɧаɧɧɹ віɞɨɦɢɯ ɬɟɯɧɨɥɨɝіɣ ȾɄɉ, вɟɣвɥɟɬ-

ɩɟɪɟɬвɨɪɟɧɧɹ і ɩаɪаɥɟɥьɧɢɯ ɨɛɱɢɫɥɟɧь. 
Ɉɫɧɨвɧɢɦɢ ɡавɞаɧɧɹɦɢ, ɩɨɫɬавɥɟɧɢɦɢ ɞɥɹ ɞɨɫɹɝɧɟɧɧɹ ɦɟɬɢ, є ɪɨɡɪɨɛка ɬа ɞɨɫɥіɞɠɟɧɧɹ 
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ɨɩɬɢɦаɥьɧɨɝɨ ɫɩɨɫɨɛу ɪɨɡɛɢɬɬɹ ɡɨɛɪаɠɟɧɧɹ ɧа ɞɨɦɟɧɧі ɣ ɪаɧɝɨві ɛɥɨкɢ, ɪɨɡɪɨɛка іɧɞɟкɫɧɨʀ 
ɣ ɞɟɫкɪɢɩɬɨɪɧɨʀ ɦɟɬɨɞɢкɢ ɡіɫɬавɥɟɧɧɹ ɞɨɦɟɧɧɢɯ і ɪаɧɝɨвɢɯ ɛɥɨків ɬа ɩɨєɞɧаɧɧɹ ɪɨɡɪɨɛɥɟɧɢɯ 
ɦɟɬɨɞɢк ɞɥɹ уɬвɨɪɟɧɧɹ ціɥіɫɧɨɝɨ аɥɝɨɪɢɬɦу. 

Ɋɨɡɛɢɬɬɹ ɡɨɛɪɚɠɟɧɧɹ ɧɚ ɞɨɦɟɧɧі і ɪɚɧɝɨɜі ɛɥɨɤɢ 

Ɂɨɛɪаɠɟɧɧɹ ɪɨɡɛɢваɸɬь ɧа ɪаɧɝɨві ɛɥɨкɢ ɨɞɧакɨвɨɝɨ ɪɨɡɦіɪу r і ɧа вɫі ɦɨɠɥɢві ɞɨɦɟɧɧі 
ɛɥɨкɢ ɪɨɡɦіɪɨɦ 2r. ɐɸ ɦɧɨɠɢɧу ɞɨɦɟɧів ɧаɡɢваɸɬь ɨɫɧɨвɧɨɸ. Ⱦаɥі ɮɨɪɦуɸɬь ɞɨɞаɬкɨву 

ɦɧɨɠɢɧу ɞɨɦɟɧів ɬакɢɦ ɱɢɧɨɦ: ɞɥɹ кɨɠɧɨɝɨ ɡ «ɨɫɧɨвɧɢɯ» ɞɨɦɟɧів ɛуɞуɸɬь ɫіɦ 
ɬɪаɧɫɮɨɪɦаціɣ, а ɫаɦɟ: ɩɨвɨɪɨɬɢ ɛɥɨка ɧа 90°, 180° і 270°, віɞɨɛɪаɠɟɧɧɹ ɛɥɨка віɞɧɨɫɧɨ 
вɟɪɬɢкаɥьɧɨʀ ɨɫі ɫɢɦɟɬɪіʀ і ɩɨвɨɪɨɬɢ ɨɬɪɢɦаɧɨɝɨ віɞɨɛɪаɠɟɧɨɝɨ ɛɥɨка ɬакɨɠ ɧа 90°, 180° і 
270°. ɍ ɪɟɡуɥьɬаɬі ɩɨєɞɧаɧɧɹ ɨɫɧɨвɧɨʀ і ɞɨɞаɬкɨвɨʀ ɦɧɨɠɢɧ ɞɨɦɟɧів ɮɨɪɦуɸɬь ɪɨɡɲɢɪɟɧу 

ɦɧɨɠɢɧу ɞɨɦɟɧɧɢɯ ɛɥɨків. Ⱦɥɹ кɨɠɧɨɝɨ ɪаɧɝɨвɨɝɨ ɛɥɨка ɩɪɨвɨɞɹɬь ɩɨɲук ɫɟɪɟɞ ɪɨɡɲɢɪɟɧɨʀ 
ɦɧɨɠɢɧɢ ɞɨɦɟɧів. Ⱦɥɹ цьɨɝɨ кɨɠɧɨɦу ɪаɧɝɨвɨɦу і ɞɨɦɟɧɧɨɦу ɛɥɨка ɩɪɢɫвɨɸɸɬь іɧɞɟкɫ і 
ɞɟɫкɪɢɩɬɨɪ. 

Навɟɞɟɧɢɣ ɫɩɨɫіɛ ɪɨɡɛɢɬɬɹ ɡɨɛɪаɠɟɧɧɹ ɧа ɞɨɦɟɧɧі і ɪаɧɝɨві ɛɥɨкɢ є ɨɩɬɢɦаɥьɧɢɦ, 
ɨɫкіɥькɢ кɨɠɟɧ ɛɥɨк ɦɨɠɟ ɛуɬɢ ɨɞɧɨɡɧаɱɧɨ іɞɟɧɬɢɮікɨваɧɢɣ ɣɨɝɨ ɩɨɪɹɞкɨвɢɦ ɧɨɦɟɪɨɦ (ɡа 

ɩɨɩɟɪɟɞɧьɨ ɡаɞаɧɨɝɨ ɮікɫɨваɧɨɝɨ ɫɩɨɫɨɛу ɧуɦɟɪаціʀ): ɞɥɹ ɡɛɟɪіɝаɧɧɹ ɧɨɦɟɪа ɛɥɨка ɧɟɨɛɯіɞɧа 
ɦɟɧɲа кіɥькіɫɬь ɛіɬ, ɧіɠ, ɧаɩɪɢкɥаɞ, ɞɥɹ кɨɨɪɞɢɧаɬ ɣɨɝɨ вɟɪɯɧьɨɝɨ куɬа. ɓɟ ɨɞɧієɸ 
ɩɟɪɟваɝɨɸ є віɞɫуɬɧіɫɬь ɧɟɨɛɯіɞɧɨɫɬі вкаɡуваɬɢ ɪɨɡɦіɪ кɨɠɧɨɝɨ ɛɥɨка в ɫɬɢɫɧɟɧɨɦу ɮаɣɥі: 
ɞɨɫɬаɬɧьɨ ɨɞɢɧ ɪаɡ у ɡаɝɨɥɨвку ɮаɣɥа вкаɡаɬɢ ɪɨɡɦіɪ ɪаɧɝɨвɨɝɨ ɛɥɨка, а ɬакɨɠ кɨɟɮіцієɧɬ 
ɩɪɨɩɨɪціɣɧɨɫɬі ɞɥɹ вɢɡɧаɱɟɧɧɹ ɪɨɡɦіɪу ɞɨɦɟɧɧɨɝɨ ɛɥɨка. 

Ɋɨɡɪɚɯɭɧɨɤ іɧɞɟɤɫіɜ ɞɥɹ ɞɨɦɟɧɧɢɯ і ɪɚɧɝɨɜɢɯ ɛɥɨɤіɜ 

Іɡ ɦɟɬɨɸ ɨɛɱɢɫɥɟɧɧɹ іɧɞɟкɫу ɞɥɹ кɨɠɧɨɝɨ ɛɥɨка b ɨɛɱɢɫɥɸɸɬь ɦаɬɪɢцɸ B ɣɨɝɨ 
ɞвɨвɢɦіɪɧɨɝɨ ɞɢɫкɪɟɬɧɨɝɨ кɨɫɢɧуɫɧɨɝɨ ɩɟɪɟɬвɨɪɟɧɧɹ (ȾɄɉ).  Вɢɯɨɞɹɱɢ ɡ аɧаɥіɡу ɪɨɛɨɬɢ [4], 

ɩɪɨɩɨɧуєɦɨ ɬакɢɣ аɥɝɨɪɢɬɦ ɪɨɡɪаɯуɧку іɧɞɟкɫу ɡ вɢкɨɪɢɫɬаɧɧɹɦ ɨɬɪɢɦаɧɢɯ ȾɄɉ-ɦаɬɪɢць: 
– ɪɨɡɝɥɹɞаɸɬь «вɟɪɯɧіɣ ɥівɢɣ куɬ» ɦаɬɪɢці B, ɹка віɞɩɨвіɞає ɩɨɬɨɱɧɨɦу ɛɥɨка b (ɩіɞ 

ɦаɬɪɢцɹ B =  {Bij }i,j=1,3    ). 
– ɡɝіɞɧɨ ɡ ɩɨɪɹɞкɨɦ вɢɛɨɪу ɟɥɟɦɟɧɬів ɞɥɹ ɨɛɱɢɫɥɟɧɧɹ іɧɞɟкɫу, ɧавɟɞɟɧɨɝɨ ɧа ɪɢɫ. 1, 

ɨціɧɸɸɬь ɟɥɟɦɟɧɬɢ цієʀ ɩіɞɦаɬɪɢці ɡ 1-ɝɨ ɞɨ t-ɝɨ, ɞɟ t – ɨɛɪаɧа ɪɨɡɦіɪɧіɫɬь іɧɞɟкɫу, t∈ [1, 8]. 

əкɳɨ ɩɨɬɨɱɧɢɣ ɟɥɟɦɟɧɬ ɦɟɧɲɢɣ ɡа ɧуɥь, ɬɨ віɞɩɨвіɞɧɨɦу ɪɨɡɪɹɞу іɧɞɟкɫу у ɞвіɣкɨвɨɦу 
ɩɪɟɞɫɬавɥɟɧɧі, ɩɨɱɢɧаɸɱɢ ɡɥіва, ɩɪɢɫвɨɸɸɬь ɡɧаɱɟɧɧɹ 0, ɹкɳɨ ɛіɥьɲɢɣ ɡа ɧуɥь аɛɨ 
ɞɨɪівɧɸє ɧуɥɸ – ɡɧаɱɟɧɧɹ 1. 

 

 
Ɋɢɫ. 1. ɉɨɪɹɞɨк вɢɛɨɪу ɟɥɟɦɟɧɬів ɞɥɹ ɨɛɱɢɫɥɟɧɧɹ іɧɞɟкɫу 

 

Ɂаɫɬɨɫɨвуɸɱɢ ɞɨ ɛɥɨка b ɩɨвɨɪɨɬɢ ɱɢ віɞɨɛɪаɠɟɧɧɹ, ɩɪавɢɥа ɡɦіɧɢ ȾɄɉ-ɦаɬɪɢці B 

ɡаɞаɸɬь ɬакɢɦɢ ɪівɧɹɧɧɹɦɢ: 
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ܨ݅   ′݆ = ܨ1݅+݅ 1−  ݆ , ݂݅ ′݆ = �݂−݅ ,݆ ܨ݅, ′݆ = ܨ1݅+݆ 1−  ݆ , ݂݅ ′݆ = ݂݅ ܨ݆݅−�, ′݆ = ܨ݅ ݆ , ݂݅ ′݆ = ݂݅ ,݆ ,

 , (1) 

ɞɟ ݅, ݆ = 1,�     . 
Ɂвіɞɫɢ вɢɩɥɢває, ɳɨ ȾɄɉ-ɦаɬɪɢці (віɞɩɨвіɞɧɨ, і іɧɞɟкɫɢ) «ɞɨɞаɬкɨвɢɯ» ɞɨɦɟɧів ɦɨɠɧа 

ɡɧаɣɬɢ ɞɨɫɢɬь ɩɪɨɫɬɨ ɧа ɨɫɧɨві ɩɨɩɟɪɟɞɧьɨ ɨɛɱɢɫɥɟɧɢɯ ȾɄɉ-ɦаɬɪɢць «ɨɫɧɨвɧɢɯ» ɞɨɦɟɧів. 

Ɋɨɡɪɚɯɭɧɨɤ ɞɟɫɤɪɢɩɬɨɪіɜ ɞɥɹ ɞɨɦɟɧɧɢɯ і ɪɚɧɝɨɜɢɯ ɛɥɨɤіɜ 

Ⱦɥɹ ɨɛɱɢɫɥɟɧɧɹ ɞɟɫкɪɢɩɬɨɪів вɢкɨɪɢɫɬɨвуɸɬь ɞвɨвɢɦіɪɧɟ ɞɢɫкɪɟɬɧɟ вɟɣвɥɟɬ-

ɩɟɪɟɬвɨɪɟɧɧɹ ɏааɪа [5]. ɉɪɨɩɨɧуєɦɨ ɬакɢɣ аɥɝɨɪɢɬɦ ɮɨɪɦуваɧɧɹ ɞɟɫкɪɢɩɬɨɪа ɞɥɹ ɛɥɨка b 

ɪɨɡɦіɪɨɦ p×p ɩікɫɟɥів, ɞɟ p=2q, q∈N: 

– ɨɛɱɢɫɥɸɸɬь кɨɟɮіцієɧɬ ݁1: 

 ݁1 =
2݌1
݆݌݆ܾ݅  

=1
݅݌
=1 .  (2) 

– ɛɥɨк ɪɨɡɛɢваɸɬь ɧа ɱɨɬɢɪɢ ɪівɧɢɯ ɩіɞɛɥɨкɢ ܾ2, ܾ3, ܾ4і ܾ5. 

– ɩɨɫɥіɞɨвɧɨ ɨɛɱɢɫɥɸɸɬь кɨɟɮіцієɧɬɢ  

 

    
   ݁2 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
=1

ݍ݅
=1݁3 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
1+ݍ=

ݍ݅
=1݁4 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
=1

ݍ݅
1݁5+ݍ= =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
1+ݍ=

ݍ݅
1+ݍ=

  (3) 

ɳɨ віɞɩɨвіɞаɸɬь ɩіɞ ɛɥɨкаɦ ܾ2,  ܾ3, ܾ4 і ܾ5. 

– ɮɨɪɦуɸɬь вɟкɬɨɪ e = [݁2݁3݁4݁5], ɹкɢɣ і ɛуɞɟ ɲукаɧɢɦ ɞɟɫкɪɢɩɬɨɪɨɦ. 
əк і ɨɛɱɢɫɥɟɧɧɹ іɧɞɟкɫу, ɮɨɪɦуваɧɧɹ ɞɟɫкɪɢɩɬɨɪа ɞɥɹ ɞɨɞаɬкɨвɨɝɨ ɞɨɦɟɧу ɦɨɠɟ ɛуɬɢ 

ɫɩɪɨɳɟɧɨ, а ɫаɦɟ: ɡаɦіɫɬь ɪɨɡɪаɯуɧку ɡа вɢɳɟɧавɟɞɟɧɢɦ аɥɝɨɪɢɬɦɨɦ ɦɨɠɧа ɡɞіɣɫɧɢɬɢ 
ɩɪɨɫɬу ɩɟɪɟɫɬаɧɨвку кɨɦɩɨɧɟɧɬ ɞɟɫкɪɢɩɬɨɪа ɨɫɧɨвɧɨɝɨ ɞɨɦɟɧу віɞɩɨвіɞɧɨ ɞɨ кɨɧкɪɟɬɧɨʀ 
ɬɪаɧɫɮɨɪɦаціʀ ɛɥɨка. 

ɍɡɚɝɚɥьɧɟɧɢɣ ɚɥɝɨɪɢɬɦ ɩɨɲɭɤɭ ɨɩɬɢɦɚɥьɧɢɯ ɞɨɦɟɧіɜ 

1. Ɋɨɡɝɥɹɞаɸɬь ɩɟɪɲɢɣ ɪаɧɝɨвɢɣ ɛɥɨк 1ݎ. 

2. Ɏɨɪɦуɸɬь ɩіɞɦɧɨɠɢɧу 1ݎܦ
ɪɨɡɲɢɪɟɧɨʀ ɦɧɨɠɢɧɢ ܦ ɞɨɦɟɧів ɲɥɹɯɨɦ вɢɛіɪкɢ вɫіɯ 

ɞɨɦɟɧів іɡ ɡɧаɱɟɧɧɹɦ іɧɞɟкɫу, ɳɨ ɩɨвɧіɫɬɸ аɛɨ ɱаɫɬкɨвɨ ɡɛіɝаєɬьɫɹ, ɦɟɬɨɞɨɦ ієɪаɪɯіɱɧɨɝɨ 
ɩɨɲуку (ɞɨɦɟɧɢ, ɳɨ ɧаɥɟɠаɬь 1ݎܦ

, ɧаɡваɧі ɬакɢɦɢ, ɳɨ ɦаɸɬь «ɩɟɪвɢɧɧу ɩɨɞіɛɧіɫɬь» іɡ 
ɪаɧɝɨвɢɦ ɛɥɨкɨɦ, ɹкɢɣ ɪɨɡɝɥɹɞаɸɬь, аɛɨ ɩɪɨɫɬɨ «ɩɟɪвɢɧɧɢɦɢ»). 

3. Ⱦɟɫкɪɢɩɬɨɪ ɛɥɨка 1ݎ ɩɨ ɱɟɪɡі ɩɨɪівɧɸɸɬь іɡ ɞɟɫкɪɢɩɬɨɪаɦɢ кɨɠɧɨɝɨ ɡ ɞɨɦɟɧів, ɳɨ 
ɧаɥɟɠаɬь 1ݎܦ

. 

4. Ɏɨɪɦуɸɬь ɩіɞɦɧɨɠɢɧу 1ܦ ɦɧɨɠɢɧɢ 1ݎܦ
 ɲɥɹɯɨɦ вɢɛɨɪу ɩɟвɧɨʀ кіɥькɨɫɬі ɞɨɦɟɧів, 

ɞɟɫкɪɢɩɬɨɪɢ ɹкɢɯ ɦакɫɢɦаɥьɧɨ ɧаɛɥɢɠɟɧі ɞɨ ɞɟɫкɪɢɩɬɨɪа ɪаɧɝɨвɨɝɨ ɛɥɨка 1ݎ в ɫɟɧɫі 
ɟвкɥіɞɨвɨʀ віɞɫɬаɧі (ɞɨɦɟɧɢ, ɳɨ ɧаɥɟɠаɬь 1ܦ ɧаɡɢваɸɬьɫɹ ɬакɢɦɢ, ɳɨ вɨɥɨɞіɸɬь «вɬɨɪɢɧɧɨɸ 
ɩɨɞіɛɧіɫɬɸ» ɡ ɪаɧɝɨвɢɦ ɛɥɨкɨɦ, ɹкɢɣ ɪɨɡɝɥɹɞаєɬьɫɹ, аɛɨ ɩɪɨɫɬɨ «вɬɨɪɢɧɧɢɦɢ»). 

5. ɋɟɪɟɞ ɡɧаɣɞɟɧɢɯ «вɬɨɪɢɧɧɢɯ» ɞɨɦɟɧів ɲукаɸɬь ɞɨɦɟɧ ݀1, а ɬакɨɠ віɞɩɨвіɞɧі ɩаɪі 1ݎ − ݀1 кɨɟɮіцієɧɬɢ ɹɫкɪавɨɫɬі ɬа кɨɧɬɪаɫɬɧɨɫɬі 1ݏ і 1݋, вɢɯɨɞɹɱɢ ɡ уɦɨв ɦіɧіɦіɡаціʀ ɋɄВ: ݀1 = ,1ݎ)СКВ)݊݅݉݃ݎܽ  ݀ 1)), ɞɟ  ݀ 1 = ݏ  ݀1 +  ܧ ɛɥɨк ݀1, а 1ݎ ɫɬɢɫɧɟɧɢɣ ɞɨ ɪɨɡɦіɪу ɛɥɨка – 1݀  ,ܧ݋

– ɨɞɢɧɢɱɧа ɦаɬɪɢцɹ ɪɨɡɦіɪу ɛɥɨка 1ݎ. Ⱦɨɦɟɧɧɢɣ ɛɥɨк, ɞɥɹ ɹкɨɝɨ ɛуɞɟ вɢкɨɧуваɬɢɫɹ ɧавɟɞɟɧа 
уɦɨва ɦіɧіɦіɡаціʀ ɋɄВ, ɧаɡɢваєɬьɫɹ ɨɩɬɢɦаɥьɧɢɦ аɛɨ ɧаɣкɪаɳɢɦ. 

6. əкɳɨ ɡɧаɣɞɟɧɢɣ ɧа ɩɨɩɟɪɟɞɧьɨɦу кɪɨці ɞɨɦɟɧ ݀1 ɧаɥɟɠɢɬь «ɨɫɧɨвɧіɣ» ɦɧɨɠɢɧі 
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ɞɨɦɟɧів, ɮікɫуɸɬь ɣɨɝɨ ɩɨɪɹɞкɨвɢɣ ɧɨɦɟɪ �1, ɹкɳɨ ɠ «ɞɨɞаɬкɨвіɣ» – ɮікɫуɸɬь ɧɨɦɟɪ 
ɬɪаɧɫɮɨɪɦаціʀ �1, ɲɥɹɯɨɦ ɹкɨɝɨ віɧ ɛув ɨɬɪɢɦаɧɢɣ ɡ «ɩɨɱаɬкɨвɨɝɨ» ɞɨɦɟɧу, а ɬакɨɠ ɧɨɦɟɪ 
цьɨɝɨ «ɩɨɱаɬкɨвɨɝɨ» ɞɨɦɟɧу � 1. 

7. Ɋɨɡɝɥɹɞаɸɬь ɞɪуɝɢɣ ɪаɧɝɨвɢɣ ɛɥɨк 2ݎ, ɞɥɹ ɹкɨɝɨ ɩɨвɬɨɪɸɸɬь кɪɨкɢ 2 – 6, а ɩɨɬіɦ 
ɪаɧɝɨвɢɣ ɛɥɨк 3ݎ і ɬак ɞаɥі, ɞɨкɢ ɧɟ ɛуɞɟ ɡɧаɣɞɟɧɨ ɨɩɬɢɦаɥьɧɢɣ ɞɨɦɟɧ ݀� ɞɥɹ ɨɫɬаɧɧьɨɝɨ 
ɪаɧɝɨвɨɝɨ ɛɥɨка ݎ�ݎ , ɞɟ �ݎ  – кіɥькіɫɬь ɪаɧɝɨвɢɯ ɛɥɨків. 

На ɪɢɫ. 2 ɧавɟɞɟɧа ɫɯɟɦа ɡаɩɪɨɩɨɧɨваɧɨɝɨ аɥɝɨɪɢɬɦу ɩɨɲуку ɨɩɬɢɦаɥьɧɢɯ ɞɨɦɟɧів, ɹка 
вɪаɯɨвує ɪɨɡɩаɪаɥɟɥɟɧɧɹ ɨɛɱɢɫɥɟɧь ɧа ɪівɧі ɪаɧɝɨвɢɯ ɛɥɨків, ɨɫкіɥькɢ ɞɥɹ кɨɠɧɨɝɨ ɡ ɧɢɯ 
ɧɟɨɛɯіɞɧɨ вɢкɨɧуваɬɢ ɩɟвɧу кіɥькіɫɬь ɧɟɡаɥɟɠɧɢɯ ɨɩɟɪаціɣ. 

 

Зо̬̙̍̌е̦̦я

Мед̞̦̦̌̌ ̴̞льт̶̬̞̌я

ˀо̛̍̚ття ̦̌ до̥е̦̦̞ ̞ ̬̦̌̐о̞̏ ̍лок̛ 
по те̵̦оло̞̟̐ к̏̌д̬оде̬е̏

ДКʿ ко̙̦о̐о ̍локу

ʿо̍удо̏̌ ̞̦дек̭̞̏

ʿо̍удо̏̌ де̭к̛̬пто̬̞̏

ˀ̦̌̐о̛̜̏ ̍лок

Фо̬̥у̦̦̏̌я 
п̞д̥̦о̛̛̙̦ пе̵̛̛̬̦̦̏ 

до̥е̦̞̏ Dr1

Фо̬̥у̦̦̏̌я 
п̞д̥̦о̛̛̙̦ ̏то̵̛̛̬̦̦ 

до̥е̦̞̏ Dr2

ʿошук опт̛̥̌ль̦о̐о 
до̥е̦̌ d1

О̍’єд̦̦̦̌я

RLE

ˀ̦̌̐о̛̜̏ ̍лок

Фо̬̥у̦̦̏̌я 
п̞д̥̦о̛̛̙̦ пе̵̛̛̬̦̦̏ 

до̥е̦̞̏ Dr1

Фо̬̥у̦̦̏̌я 
п̞д̥̦о̛̛̙̦ ̏то̵̛̛̬̦̦ 

до̥е̦̞̏ Dr2

ʿошук опт̛̥̌ль̦о̐о 
до̥е̦̌ d1

. . . . . .

 
Ɋɢɫ. 2. Ⱥɥɝɨɪɢɬɦ ɩɨɲуку ɨɩɬɢɦаɥьɧɢɯ ɞɨɦɟɧів 
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Ɇɨɞɢɮіɤɚɰіɹ ɮɨɪɦɭɥɢ ɨɛɱɢɫɥɟɧɧɹ ɫɟɪɟɞɧьɨɤɜɚɞɪɚɬɢɱɧɨɝɨ ɜіɞɯɢɥɟɧɧɹ 

Ɇɨɞɢɮікаціɹ ɮɨɪɦуɥɢ ɨɛɱɢɫɥɟɧɧɹ ɋɄВ ɪɨɛɥɹɬь ɬакɢɦ ɱɢɧɨɦ, ɳɨɛ ɡɦɟɧɲɢɬɢ 
ɨɛɱɢɫɥɸваɥьɧɟ ɧаваɧɬаɠɟɧɧɹ ɧа ɫɢɫɬɟɦу. 

Ɂаɝаɥьɧа ɮɨɪɦуɥа ɩɟɪɟɬвɨɪɟɧɧɹ ɡɧаɱɟɧь ɩікɫɟɥів ɞɨɦɟɧɧɨɝɨ ɛɥɨка вɢɝɥɹɞає ɬак: 

݅∗ܦ  = ݅ܦݏ +  (4) ,݋

ɞɟ ܦ∗݅ і ݅ܦ  – ɩɟɪɟɬвɨɪɟɧɢɣ і ɩɨɱаɬкɨвɢɣ i-ɢɣ ɞɨɦɟɧɧɢɣ ɛɥɨк віɞɩɨвіɞɧɨ; s – кɨɟɮіцієɧɬ ɡɦіɧɢ 
кɨɧɬɪаɫɬу; o – кɨɟɮіцієɧɬ ɡɫуву ɡа ɹɫкɪавіɫɬɸ. 

Ⱦɥɹ ɨціɧкɢ ɪɨɡɛіɠɧɨɫɬі (віɞɫɬаɧі) ɦіɠ ɩɟɪɟɬвɨɪɟɧɢɦ ɞɨɦɟɧɧɢɦ ɬа ɩɨɬɨɱɧɢɦ ɪаɧɝɨвɢɦ 
ɛɥɨкаɦɢ ɧɟɨɛɯіɞɧɨ ввɟɫɬɢ віɞɩɨвіɞɧу ɦɟɬɪɢку. Ɂаɡвɢɱаɣ вɢкɨɪɢɫɬɨвуɸɬь ɮуɧкціɸ 

ɫɟɪɟɞɧьɨкваɞɪаɬɢɱɧɨɝɨ віɞɯɢɥɟɧɧɹ (ɋɄВ): 

 ܳ = ݅∗ܦ   − ܴ݅ 2�݅
=1 = ݅ܦݏ    + − ݋ ܴ݅ 2�݅

=1 ,  (5) 

ɞɟ ܴ݅  – i-ɢɣ ɪаɧɝɨвɢɣ ɛɥɨк; ܦ∗݅ і ݅ܦ  – ɩɟɪɟɬвɨɪɟɧɢɣ і ɩɨɱаɬкɨвɢɣ i-ɢɣ ɞɨɦɟɧɧɢɣ ɛɥɨк 
віɞɩɨвіɞɧɨ; N – кіɥькіɫɬь ɩікɫɟɥів у ɪаɧɝɨвɨɦу ɛɥɨці. 

Ɉɱɟвɢɞɧɨ, ɳɨ ɱɢɦ ɦɟɧɲа віɞɫɬаɧь ɦіɠ ɛɥɨкаɦɢ, ɬɢɦ ɛіɥьɲɟ вɨɧɢ ɩɨɞіɛɧі. 
Ʉɨɟɮіцієɧɬɢ s і o ɦɨɠɧа ɡɧаɣɬɢ ɡ ɮɨɪɦуɥɢ (5), уɡɹвɲɢ ɱаɫɬкɨві ɩɨɯіɞɧі ɡа цɢɦɢ ɡɦіɧɧɢɦɢ. 

Ɋɨɡкɪɢєɦɨ кваɞɪаɬ у вɢɪаɡі (5): 

 ܳ = 2݅ܦ2ݏ  + ݅ܦ݋ݏ2 + 2݋ − ݅ܦܴ݅ݏ2 − ܴ݅݋2 + ܴ݅2�݅
=1 . (6) 

Ɇаєɦɨ ɬаку уɦɨву: 

ݏܳ��   = 2݅ܦݏ2)  + ݋݅ܦ2 − ݅�(݅ܦ2ܴ݅
=1 = ݏ ݅�2݅ܦ 

=1 + ݋ ݅�ܦ 
=1 − ݅�݅ܦܴ݅ 

=1 = ݋�ܳ�0 =
1� ܴ݅�݅

=1 − 1� ݏ ݅�݅ܦ 
=1

  (7) 

Вɢɪаɡɢɦɨ ɡɫув ɡа ɹɫкɪавіɫɬɸ: 

݋  =
1� ܴ݅�݅

=1 − 1� ݏ ݅�݅ܦ 
=1  (8) 

ɉіɞɫɬавɢɦɨ (8) у ɪівɧɹɧɧɹ ɱаɫɬɢɧɧɨʀ ɩɨɯіɞɧɨʀ ɩɨ s (7) і ɨɬɪɢɦаєɦɨ ɬакі ɮɨɪɦуɥɢ ɞɥɹ 
ɡɧаɯɨɞɠɟɧɧɹ кɨɟɮіцієɧɬів: 

ݏ   =
݅�݅ܦܴ݅ �

=1 − ܴ݅�݅
=1 ݅�݅ܦ 

݅�2݅ܦ 1=
=1 ݅�݅ܦ  −

=1 ݋2  =
1� ( ܴ݅�݅

=1 − ݅�݅ܦ ݏ
=1 )

  (9) 

ɉɟɪɟɬвɨɪɢвɲɢ ɮɨɪɦуɥу (3), ɨɬɪɢɦаєɦɨ вɢɪаɡ ɞɥɹ ɡɧаɯɨɞɠɟɧɧɹ віɞɫɬаɧі: 
 

 ܳ = 2ݏ ݅�2݅ܦ 
=1 + 2݋� +  ܴ݅2�݅

=1 − ݏ2 ݅�݅ܦܴ݅ 
=1 + ݋ݏ2 ݅�݅ܦ 

=1 − ݋2  ܴ݅�݅
=1  (10) 

 

Ɏɨɪɦуɥɢ (6, 7) ɞɨɡвɨɥɹɸɬь ɫɩɪɨɫɬɢɬɢ ɨɛɱɢɫɥɸваɥьɧɟ ɧаваɧɬаɠɟɧɧɹ, ɨɫкіɥькɢ ɫуɦɢ  ܴ݅�݅
=1 , ܴ݅2�݅

=1 ݅�݅ܦ ,
=1 ݅�2݅ܦ ,

=1  ɦɨɠɧа ɨɛɪаɯуваɬɢ ɳɟ ɞɨ ɩɨɱаɬку ɩɟɪɟɛɨɪу, кɨɥɢ вɠɟ 
ɫɮɨɪɦɨваɧі ɦɧɨɠɢɧɢ ɪаɧɝɨвɢɯ і ɞɨɦɟɧɧɢɯ ɛɥɨків Ɍɨɞі ɧа ɟɬаɩі ɡіɫɬавɥɟɧɧɹ ɧɟɨɛɯіɞɧɨ 
ɨɛɱɢɫɥɢɬɢ ɥɢɲɟ ɫуɦу  ܴ݅݅ܦ�݅

=1  і ɡɧаɣɬɢ кɨɟɮіцієɧɬɢ. 

ȿɤɫɩɟɪɢɦɟɧɬɚɥьɧі ɪɟɡɭɥьɬɚɬɢ ɬɟɫɬɭɜɚɧɧɹ ɪɨɡɪɨɛɥɟɧɨɝɨ ɦɟɬɨɞɭ 

ɉɪɨвɟɞɟɦɨ ɫɩɨɱаɬку ɞɨɫɥіɞɠɟɧɧɹ кɥаɫɢɱɧɨɝɨ аɥɝɨɪɢɬɦу ɮɪакɬаɥьɧɨɝɨ ɫɬɢɫɧɟɧɧɹ. Ⱦɥɹ 
цьɨɝɨ ɛуɥа ɫɮɨɪɦɨваɧа ɬɟɫɬɨва вɢɛіɪка, ɹка ɦіɫɬɢɬь ɪіɡɧі ɡа ɫвɨʀɦ вɦіɫɬɨɦ і ɫɬɪукɬуɪɨɸ ɬɢɩɢ 
ɡɨɛɪаɠɟɧь, ɳɨ ɬɪаɩɥɹɸɬьɫɹ ɧаɣɱаɫɬіɲɟ: 

– ɧаɡɟɦɧі ɡɨɛɪаɠɟɧɧɹ ɫцɟɧ ɲɬуɱɧɢɯ ɨɛ’єкɬів; 
– ɧаɡɟɦɧі ɡɨɛɪаɠɟɧɧɹ ɩɪɢɪɨɞɧɢɯ ɨɛ’єкɬів; 
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– аɟɪɨкɨɫɦіɱɧі ɡɨɛɪаɠɟɧɧɹ; 
– аɫɬɪɨɧɨɦіɱɧі ɡɨɛɪаɠɟɧɧɹ; 
– ɡɨɛɪаɠɟɧɧɹ ɧɟɫɬɪукɬуɪɨваɧɢɯ ɨɛ’єкɬів, ɬакɢɯ ɹк: ɯɦаɪɢ аɛɨ ɞɢɦ. 
На ɪɢɫ. 3 ɧавɟɞɟɧі ɩɪɢкɥаɞɢ ɡɨɛɪаɠɟɧь цɢɯ кɥаɫів, ɹкі ɞаɥі вɢкɨɪɢɫɬɨвуваɬɢɦуɬьɫɹ ɡ 

ɦɟɬɨɸ ɞɨɫɥіɞɠɟɧɧɹ. 
 

 
Ɋɢɫ. 3. Ɍɟɫɬɨві ɡɨɛɪаɠɟɧɧɹ 

 

Ɋɨɡɝɥɹɧɟɦɨ ɩɨкаɡɧɢкɢ ɟɮɟкɬɢвɧɨɫɬі, ɞɨɫɹɝɧɟɧі кɥаɫɢɱɧɢɦ аɥɝɨɪɢɬɦɨɦ ɮɪакɬаɥьɧɨɝɨ 
ɫɬɢɫɧɟɧɧɹ. ɍ ɬаɛɥ. 1 ɧавɟɞɟɧі ɡɧаɱɟɧɧɹ ɱаɫу ɪɨɛɨɬɢ кɨɞɟɪа, ɫɟɪɟɞɧьɨкваɞɪаɬɢɱɧɨɝɨ 
віɞɯɢɥɟɧɧɹ віɞɧɨвɥɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ ɩіɫɥɹ ɞɟкɨɦɩɪɟɫіʀ віɞ вɢɯіɞɧɨɝɨ, ɫɩіввіɞɧɨɲɟɧɧɹ 
ɫɢɝɧаɥ-ɲуɦ, а ɬакɨɠ кɨɦɩɨɧɟɧɬɢ кɪɢɬɟɪіɸ ɦіɧіɦаɥьɧɨʀ ɞɨвɠɢɧɢ ɨɩɢɫу (ɆȾɈ) і ɣɨɝɨ 
ɩіɞɫуɦкɨвɨɝɨ ɡɧаɱɟɧɧɹ ɞɥɹ ɡɨɛɪаɠɟɧь ɪіɡɧɨɝɨ ɪɨɡɦіɪу – 60, 120, 180 і 240 ɩікɫɟɥів, ɫɬɢɫɧɟɧɢɯ 
ɡа ɮікɫɨваɧɨɝɨ ɪɨɡɦіɪу ɪаɧɝɨвɨɝɨ ɛɥɨка, ɳɨ ɫɬаɧɨвɢɬь 6 ɩікɫɟɥів. Ⱦаɦɨ ɨɡɧаɱɟɧɧɹ кɪɢɬɟɪіɸ 
ɆȾɈ. ɉɪɢɧцɢɩ ɦіɧіɦаɥьɧɨʀ ɞɨвɠɢɧɢ ɨɩɢɫу ɫɮɨɪɦуɥɸєɦɨ ɬак: ɫɟɪɟɞ ɦɧɨɠɢɧɢ ɦɨɞɟɥɟɣ 
ɧɟɨɛɯіɞɧɨ ɨɛɪаɬɢ ɬу, ɹка ɞɨɡвɨɥɹє ɦіɧіɦіɡуваɬɢ ɫуɦу ɞɨвɠɢɧɢ ɨɩɢɫу ɦɨɞɟɥі (у ɛіɬаɯ) і 
ɞɨвɠɢɧу ɞаɧɢɯ, ɨɩɢɫаɧɢɯ ɲɥɹɯɨɦ ɡаɫɬɨɫуваɧɧɹ цієʀ ɦɨɞɟɥі (у ɛіɬаɯ). ɉіɞ ɦɨɞɟɥɥɸ ɪɨɡуɦіɸɬь 

ɩɟвɧу іɧɮɨɪɦаціɣɧу ɫɬɪукɬуɪу, ɹка ɹвɥɹє ɫɨɛɨɸ ɡакɨɞɨваɧɟ ɡɨɛɪаɠɟɧɧɹ. ɍ ɹкɨɫɬі ɞɨвɠɢɧɢ 
ɨɩɢɫу ɦɨɞɟɥі ɛуɞɟɦɨ ɪɨɡɝɥɹɞаɬɢ ɨɛɫɹɝ Limg ɫɬɢɫɧɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ в ɛіɬаɯ. ɉіɞ ɞɨвɠɢɧɨɸ 
ɞаɧɢɯ, ɨɩɢɫаɧɢɯ ɲɥɹɯɨɦ ɡаɫɬɨɫуваɧɧɹ ɦɨɞɟɥі, ɪɨɡуɦіɸɬь ɬу ɱаɫɬɢɧу ɞаɧɢɯ, ɹка ɧɟ ввіɣɲɥа в 
ɫаɦу ɦɨɞɟɥь. Іɧɲɢɦɢ ɫɥɨваɦɢ, цɟ ɨɛɫɹɝ вɬɪаɬ Lloss уɧаɫɥіɞɨк ɫɬɢɫɧɟɧɧɹ. 

Ɉɬɠɟ, кɪɢɬɟɪіɣ ɆȾɈ ɦɨɠɧа ɪɨɡɪаɯуваɬɢ ɡа ɮɨɪɦуɥɨɸ: 
 

 � = ݏݏ݋݈�  + �݅݉݃   (11) 

 

Ɋɨɡɝɥɹɧɟɦɨ уɦɨвɧі ɩɨɡɧаɱɟɧɧɹ, ɹкі вɢкɨɪɢɫɬɨвуɸɬь у ɬаɛɥ. 1. Ɍуɬ N – ɪɨɡɦіɪ ɡɨɛɪаɠɟɧɧɹ, t 

– ɱаɫ ɨɛɱɢɫɥɟɧь у ɫɟкуɧɞаɯ, σ – ɫɟɪɟɞɧє кваɞɪаɬɢɱɧɟ віɞɯɢɥɟɧɧɹ (ɋɄВ) віɞɬвɨɪɟɧɨɝɨ 
ɡɨɛɪаɠɟɧɧɹ віɞ ɨɪɢɝіɧаɥьɧɨɝɨ, PSNR – ɫɩіввіɞɧɨɲɟɧɧɹ ɫɢɝɧаɥ-ɲуɦ, Lloss – ɨціɧка ɨɛɫɹɝу 

вɬɪаɬ іɧɮɨɪɦаціʀ ɡа ɫɬɢɫɧɟɧɧɹ в ɛіɬаɯ, Limg – ɨціɧка ɞɨвɠɢɧɢ ɫɬɢɫɧɟɧɨɝɨ ɮаɣɥа в ɛіɬаɯ, L – 

ɫуɦа ɡɧаɱɟɧь Lloss і Limg – ɦіɧіɦаɥьɧа ɞɨвɠɢɧа ɨɩɢɫу ɫɬɢɫɧɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ. Ɇіɧіɦіɡаціɸ цієʀ 
ɞɨвɠɢɧɢ ɡɞіɣɫɧɸɸɬь ɩɨ вɫіɯ ɦɨɠɥɢвɢɯ віɞɩɨвіɞɧɨɫɬɹɯ ɞɨɦɟɧɧɢɯ і ɪаɧɝɨвɢɯ ɛɥɨків ɡа ʀɯɧіɯ 

ɮікɫɨваɧɢɯ ɪɨɡɦіɪів. 
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Ɍаɛɥɢцɹ 1 

  Ɋɟɡɭɥьɬɚɬɢ ɬɟɫɬɭɜɚɧɧɹ ɤɥɚɫɢɱɧɨɝɨ ɚɥɝɨɪɢɬɦɭ ɞɥɹ ɡɨɛɪɚɠɟɧь ɪіɡɧɨɝɨ ɪɨɡɦіɪɭ  

N t σ PSNR Limg Lloss L 

Aerial 

60 0,82 32,365 16,685 3022 25233 28255 

120 16,04 21,336 21,547 13014 92574 105588 

180 91,10 13,840 25,307 30421 187285 217706 

240 287,56 12,329 26,311 55485 322719 378204 

Cloud 

60 0,82 3,343 35,133 3023 12913 15936 

120 15,97 1,720 40,903 13014 38951 51965 

180 87,24 1,146 44,429 30421 69578 99999 

240 286,70 1,121 44,665 55485 124105 179590 

House 

60 0,82 21,403 21,520 3023 21725 24748 

120 16,03 13,743 25,367 13014 78847 91861 

180 86,64 9,088 28,959 30421 159497 189918 

240 301,86 8,765 29,138 55485 281237 336722 

Lena 

60 0,82 14,308 24,121 3023 20531 23554 

120 15,94 8,918 28,561 13014 69354 82368 

180 86,44 6,216 31,731 30421 135884 166305 

240 288,86 6,086 31,916 55485 238511 293996 

Moon 

60 0,82 8,141 29,916 3023 16859 19882 

120 16,04 5,685 32,652 13014 62723 75737 

180 86,43 4,100 35,806 30421 127659 158080 

240 298,76 4,414 35,196 55485 235437 290922 

Peppers 

60 0,82 16,944 22,345 3023 21298 24321 

120 15,97 9,946 27,757 13014 71099 84113 

180 86,34 6,019 32,538 30421 134361 164782 

240 284,15 5,334 32,767 55485 228856 284341 

 

Ɋɨɡɝɥɹɧɟɦɨ, ɧаɫкіɥькɢ вɢɫɨкɨɸ є ɹкіɫɬь ɫɬɢɫɧɟɧɧɹ ɡ вɢкɨɪɢɫɬаɧɧɹɦ кɥаɫɢɱɧɨɝɨ 
ɮɪакɬаɥьɧɨɝɨ аɥɝɨɪɢɬɦу. Ɉɫкіɥькɢ ɞɨɫɢɬь ɝаɪɧɨɸ ɹкіɫɬɸ віɞɧɨвɥɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ ɡаɡвɢɱаɣ 
вваɠаɸɬь вɟɥɢɱɢɧу PSNR~30, у ɬаɛɥ. 2 ɧавɟɞɟɧі ɨціɧкɢ кɨɟɮіцієɧɬів ɫɬɢɫɧɟɧɧɹ у ɪаɡі 
віɞɧɨвɥɟɧɧɹ ɡɨɛɪаɠɟɧɧɹ ɡ ɬакɨɸ ɹкіɫɬɸ ɲɥɹɯɨɦ ɞіɥɟɧɧɹ вɢɯіɞɧɨɝɨ ɱɢɫɥа ɛіɬ у ɡɨɛɪаɠɟɧɧі ɧа 
ɡɧаɱɟɧɧɹ Limg. ɐɟ ɡɧаɱɟɧɧɹ віɞɩɨвіɞає ɧаɣɛɥɢɠɱɨɦу ɞɨ 30 ɡɧаɱɟɧɧɸ PSNR в ɬаɛɥ. 1. Ʉɪіɦ 
ɬɨɝɨ в ɬаɛɥ. 2 ɬакɨɠ ɧавɟɞɟɧі кɨɟɮіцієɧɬɢ ɫɬɢɫɧɟɧɧɹ ɞɥɹ ɮɨɪɦаɬу JPEG ɡа ɧаɥаɲɬуваɧь, ɹкі 
віɞɩɨвіɞаɸɬь PSNR~30. 

Ɍаɛɥɢцɹ 2 

  Ʉɨɟɮіɰієɧɬɢ ɫɬɢɫɧɟɧɧɹ ɡɚ PSNR~30 

Ɂɨɛɪаɠɟɧɧɹ 
Ʉɨɟɮіцієɧɬ ɫɬɢɫɧɟɧɧɹ 

Ɏɪакɬаɥьɧɢɣ аɥɝɨɪɢɬɦ JPEG 

Aerial 3,6 4,4 

Cloud 59,4 47,3 

House 8,2 8,0 

Lena 14,7 15,8 

Moon 33,3 24,2 

Peppers 14,8 15,1 

 

 Ваɪɬɨ ɡаɡɧаɱɢɬɢ, ɳɨ ɡа вɢкɨɪɢɫɬаɧɧɹ ɫɬаɧɞаɪɬɧɢɯ ɩɪɨɝɪаɦɧɢɯ ɡаɫɨɛів кɨɟɮіцієɧɬ 



ȺВɌɈɆȺɌɂɄȺ ɌȺ ІНɎɈɊɆȺɐІɃНɈ-ВɂɆІɊɘВȺɅЬНȺ ɌȿɏНІɄȺ 

Наукɨві ɩɪаці ВНɌɍ, 2015, № 2 8 

 

ɫɬɢɫɧɟɧɧɹ JPEG ɦɨɠɟ ɛуɬɢ ɧаɛаɝаɬɨ ɝіɪɲɢɦ ɱɟɪɟɡ ɧɟɨɩɬɢɦаɥьɧі ɧаɥаɲɬуваɧɧɹ ɣ ɡаɩɢɫ 
вɟɥɢкɨɝɨ ɨɛɫɹɝу ɞɨɞаɬкɨвɨʀ іɧɮɨɪɦаціʀ у ɮаɣɥ. 

əк вɢɞɧɨ ɡ ɬаɛɥɢці, кɨɟɮіцієɧɬɢ ɫɬɢɫɧɟɧɧɹ ɫуɬɬєвɨ віɞɪіɡɧɹɸɬьɫɹ ɞɥɹ ɪіɡɧɢɯ ɡɨɛɪаɠɟɧь.  
ɉɪɨɬɟɫɬуєɦɨ ɬɟɩɟɪ ɪɨɡɪɨɛɥɟɧɢɣ ɦɨɞɢɮікɨваɧɢɣ аɥɝɨɪɢɬɦ ɮɪакɬаɥьɧɨɝɨ кɨɞуваɧɧɹ і 

ɩɨɪівɧɹєɦɨ ɪɟɡуɥьɬаɬɢ. 
Ɉɫкіɥькɢ ɨɫɧɨвɧɢɦ ɧɟɞɨɥікɨɦ кɥаɫɢɱɧɨɝɨ аɥɝɨɪɢɬɦу є ɲвɢɞкɟ ɡɪɨɫɬаɧɧɹ ɱаɫу ɪɨɛɨɬɢ іɡ 

ɡɛіɥьɲɟɧɧɹɦ ɪɨɡɦіɪів ɡɨɛɪаɠɟɧь, ɨɱɟвɢɞɧɨɸ є ɧɟɩɟɪɫɩɟкɬɢвɧіɫɬь ɣɨɝɨ вɢкɨɪɢɫɬаɧɧɹ ɧа 
ɩɪакɬɢці. ɍ ціɣ ɫɬаɬɬі ɨɩɢɫаɧі ɪɨɡɪɨɛɥɟɧі ɦɟɬɨɞɢ ɩɨɲуку віɞɩɨвіɞɧɨɫɬɟɣ ɞɨɦɟɧɧɢɯ і 
ɪаɧɝɨвɢɯ ɛɥɨків у ɮɪакɬаɥьɧɨɦу кɨɞуваɧɧі. Вɢкɨɧаєɦɨ ɟкɫɩɟɪɢɦɟɧɬаɥьɧу ɩɟɪɟвіɪку 
ɪɨɡɪɨɛɥɟɧɨɝɨ аɥɝɨɪɢɬɦу ɣ вɢɡɧаɱɢɦɨ вɬɪаɬɢ ɹкɨɫɬі ɡɨɛɪаɠɟɧɧɹ. Ɉɫкіɥькɢ ɩіɞвɢɳɟɧɧɹ 

ɲвɢɞкɨɞіʀ ɧɟ вɩɥɢває ɧа ɪɨɡɦіɪɢ ɫɬɢɫɧɟɧɨɝɨ ɮаɣɥа, ɞɨɫɬаɬɧьɨ ɛуɞɟ ɪɨɡɝɥɹɧуɬɢ ɡɧаɱɟɧɧɹ 
ɋɄВ і PSNR ɞɥɹ віɞɧɨвɥɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ. 

ɍ ɬаɛɥ. 3 ɧавɟɞɟɧі ɯаɪакɬɟɪɢɫɬɢкɢ ɹкɨɫɬі віɞɧɨвɥɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ, ɨɬɪɢɦаɧɨɝɨ ɩіɫɥɹ 
ɫɬɢɫɧɟɧɧɹ ɦɨɞɢɮікɨваɧɢɦ аɥɝɨɪɢɬɦɨɦ, а ɬакɨɠ ɱаɫ ɣɨɝɨ ɪɨɛɨɬɢ ɧа ɡɨɛɪаɠɟɧɧɹɯ ɪіɡɧɢɯ 
ɪɨɡɦіɪів. 

Ɍаɛɥɢцɹ 3 

  Ɋɟɡɭɥьɬɚɬɢ ɬɟɫɬɭɜɚɧɧɹ ɦɨɞɢɮіɤɨɜɚɧɨɝɨ ɚɥɝɨɪɢɬɦɭ  

N t σ PSNR Limg Lloss L 

Aerial 

60 0,09 35,010 16,120 3022 25626 28648 

120 0,48 24,425 20,373 13014 95273 108287 

180 1,68 16,261 23,906 30421 194581 225002 

240 3,93 14,431 24,943 55485 335408 390893 

Cloud 

60 0,09 4,021 33,532 3023 13659 16682 

120 0,50 1,992 39,628 13014 41788 54802 

180 1,74 1,312 43,251 30421 75539 105960 

240 4,01 1,235 43,780 55485 131567 187052 

House 

60 0,09 25,520 19,992 3023 22599 25622 

120 0,47 17,643 23,198 13014 82894 95908 

180 1,60 11,260 27,098 30421 167840 198261 

240 4,14 15,148 24,522 55485 300273 355758 

Lena 

60 0,09 17,702 22,158 3023 21563 24586 

120 0,53 10,83 27,429 13014 73525 86539 

180 1,66 7,389 30,374 30421 143374 173795 

240 4,10 7,076 30,497 55485 248954 304439 

Moon 

60 0,09 9,981 27,097 3023 17621 20644 

120 0,45 6,564 31,785 13014 65029 78043 

180 1,62 4,755 34,342 30421 133436 163857 

240 4,05 5,000 33,909 55485 244204 299689 

Peppers 

60 0,09 22,30 20,072 3023 22770 25793 

120 0,48 12,073 26,181 13014 75027 88041 

180 1,60 7,388 30,303 30421 142956 173377 

240 4,04 6,416 31,671 55485 241339 296824 

 

əк вɢɞɧɨ ɡ ɬаɛɥ. 3, ɲвɢɞкіɫɬь ɪɨɛɨɬɢ ɧɟ ɥɢɲɟ вɢɳа ɩɨɪівɧɹɧɨ ɡ кɥаɫɢɱɧɢɦ аɥɝɨɪɢɬɦɨɦ (у 

30 ɪаɡів ɧа ɡɨɛɪаɠɟɧɧɹɯ ɪɨɡɦіɪɨɦ 120 ɩікɫɟɥів), а ɣ ɦає іɧɲу ɡаɥɟɠɧіɫɬь віɞ ɪɨɡɦіɪу 
ɡɨɛɪаɠɟɧɧɹ. ɍɧаɫɥіɞɨк цьɨɝɨ ɧа ɡɨɛɪаɠɟɧɧɹɯ ɪɨɡɦіɪɨɦ 60 ɩікɫɟɥів ɨɬɪɢɦуєɦɨ 8-кɪаɬɧɢɣ 
вɢɝɪаɲ, а ɧа ɡɨɛɪаɠɟɧɧɹɯ ɪɨɡɦіɪɨɦ 240 ɩікɫɟɥів – уɠɟ 70 – 75-кɪаɬɧɢɣ вɢɝɪаɲ.  

ɒɥɹɯɨɦ ɩɨɪівɧɹɧɧɹ ɬаɛɥɢць 1 і 3 ɦɨɠɧа ɡɪɨɛɢɬɢ вɢɫɧɨвɨк, ɳɨ кɪɢɬɟɪіɣ ɹкɨɫɬі 



ȺВɌɈɆȺɌɂɄȺ ɌȺ ІНɎɈɊɆȺɐІɃНɈ-ВɂɆІɊɘВȺɅЬНȺ ɌȿɏНІɄȺ 

Наукɨві ɩɪаці ВНɌɍ, 2015, № 2 9 

 

ɦіɧіɦаɥьɧɨʀ ɞɨвɠɢɧɢ ɨɩɢɫу (ɆȾɈ) в ɪɟɡуɥьɬаɬі вɢкɨɪɢɫɬаɧɧɹ ɨɩɬɢɦіɡɨваɧɨɝɨ аɥɝɨɪɢɬɦу 
ɩɨɝіɪɲуєɬьɫɹ в ɫɟɪɟɞɧьɨɦу ɩɪɢɛɥɢɡɧɨ ɧа 4%. ɉɪɢ цьɨɦу ɞɥɹ ɱаɫɬɢɧɢ ɡɨɛɪаɠɟɧь 
ɫɩɨɫɬɟɪіɝаєɦɨ ɩɨɫɬіɣɧɟ ɡɪɨɫɬаɧɧɹ ɩɨɝіɪɲɟɧɧɹ (ɧаɩɪɢкɥаɞ, ɡ 1,5% ɞɨ 3,5% ɞɥɹ Aerial) ɡа 

ɡɛіɥьɲɟɧɧɹ ɪɨɡɦіɪу ɡɨɛɪаɠɟɧɧɹ, ɬɨɞі ɹк ɞɥɹ іɧɲɢɯ ɡɨɛɪаɠɟɧь ɦɨɠɟ віɞɛуваɬɢɫь ɧавіɬь 
ɡɦɟɧɲɟɧɧɹ ɩɨɝіɪɲɟɧɧɹ. Ɉɬɠɟ, вɢɝɪаɲ у ɲвɢɞкɨɞіʀ ɩɨɪівɧɹɧɨ ɡ кɥаɫɢɱɧɢɦ аɥɝɨɪɢɬɦɨɦ 
ɡɧаɱɧɨ ɡɪɨɫɬає ɡа ɡɛіɥьɲɟɧɧɹ ɪɨɡɦіɪу ɡɨɛɪаɠɟɧɧɹ, ɬɨɞі ɹк ɩɪɨɝɪаɲ у кɨɟɮіцієɧɬі ɫɬɢɫɧɟɧɧɹ 
віɞ ɪɨɡɦіɪу ɦаɣɠɟ ɧɟ ɡаɥɟɠɢɬь аɛɨ ɧɟ ɡаɥɟɠɢɬь ɡɨвɫіɦ. 

ɍ ціɣ ɪɨɛɨɬі ɬакɨɠ ɛуɥɨ ɡаɩɪɨɩɨɧɨваɧɨ ɡаɫɬɨɫуваɧɧɹ ɩаɪаɥɟɥьɧɢɯ ɨɛɱɢɫɥɟɧь. Ɂаɡɧаɱɢɦɨ, 

ɳɨ ɪɨɡɩаɪаɥɟɥɟɧɧɹ ɨɛɱɢɫɥɟɧь ɡаɫɬɨɫɨвуваɥɨɫь уɠɟ ɞɨ ɨɩɬɢɦіɡɨваɧɨɝɨ аɥɝɨɪɢɬɦу 
ɮɪакɬаɥьɧɨɝɨ кɨɞуваɧɧɹ, ɹкɢɣ ɛув ɨɩɢɫаɧɢɣ вɢɳɟ. На ɪɢɫ. 4 ɧавɟɞɟɧɢɣ ɝɪаɮік, ɳɨ 
віɞɨɛɪаɠає ɪɟɡуɥьɬаɬɢ ɩɨɪівɧɹɧɧɹ ɩɨɫɥіɞɨвɧɨɝɨ і ɩаɪаɥɟɥьɧɨɝɨ аɥɝɨɪɢɬɦу. Ɉɫкіɥькɢ 

ɪɨɡɩаɪаɥɟɥɟɧɧɹ ɨɛɱɢɫɥɟɧь ɧɟ ɡаɥɟɠɢɬь віɞ ɫɬɪукɬуɪɢ ɡɨɛɪаɠɟɧɧɹ, а ɬакɨɠ ɧіɹк ɧɟ вɩɥɢває ɧа 
ɹкіɫɬь віɞɬвɨɪɟɧɨɝɨ ɡɨɛɪаɠɟɧɧɹ, ɞɥɹ ɬɟɫɬуваɧɧɹ ɛуɥɨ ɨɛɪаɧɨ 4 ɡɨɛɪаɠɟɧɧɹ ɪіɡɧɢɯ ɪɨɡɦіɪів. 
Ɉɬɠɟ, ɪɨɡɝɥɹɧɟɦɨ ɡаɥɟɠɧіɫɬь ɱаɫу ɫɬɢɫɧɟɧɧɹ віɞ ɪɨɡɦіɪу ɡɨɛɪаɠɟɧɧɹ. Ɋɨɛɨɬа ɩаɪаɥɟɥьɧɨɝɨ 
аɥɝɨɪɢɬɦу в цьɨɦу вɢɩаɞку ɪɟаɥіɡɨваɧа ɞɥɹ 16-ɩɪɨцɟɫɨɪɧɨʀ ɫɢɫɬɟɦɢ. 

 

 
Ɋɢɫ. 4. Ɂаɥɟɠɧіɫɬь ɱаɫу вɢкɨɧаɧɧɹ віɞ ɪɨɡɦіɪу ɡɨɛɪаɠɟɧɧɹ 

 

əк ɛаɱɢɦɨ, ɲвɢɞкіɫɬь ɨɛɪɨɛкɢ ɡɨɛɪаɠɟɧь ɡа ɩаɪаɥɟɥьɧɢɦ аɥɝɨɪɢɬɦɨɦ ɧаɛаɝаɬɨ вɢɳа, ɧіɠ 

ɱаɫ ɪɨɛɨɬɢ ɩɨɫɥіɞɨвɧɨɝɨ аɥɝɨɪɢɬɦу. Ȼуɥɨ вɫɬаɧɨвɥɟɧɨ, ɳɨ вɢкɨɪɢɫɬаɧɧɹ кɨɠɧɨɝɨ 
ɞɨɞаɬкɨвɨɝɨ ɩɪɨцɟɫɨɪа ɩɪɢɡвɨɞɢɬь ɞɨ ɩіɞвɢɳɟɧɧɹ ɲвɢɞкɨɞіʀ ɧа 60 – 75%. 
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ȼɢɫɧɨɜɤɢ 

Ɋɨɡɪɨɛɥɟɧɢɣ аɥɝɨɪɢɬɦ ɩɨɲуку ɨɩɬɢɦаɥьɧɢɯ ɞɨɦɟɧів, ɹкɢɣ ɛɟɡɩɨɫɟɪɟɞɧьɨ ɹвɥɹє ɫɨɛɨɸ 
ɦɨɞɢɮікɨваɧɢɣ аɥɝɨɪɢɬɦ ɮɪакɬаɥьɧɨɝɨ кɨɞуваɧɧɹ, ɞɨɡвɨɥɹє ɩіɞвɢɳɢɬɢ ɲвɢɞкɨɞіɸ ɨɛɪɨɛкɢ 
ɡɨɛɪаɠɟɧɧɹ ɡа ɪаɯуɧɨк вɢкɨɪɢɫɬаɧɧɹ ȾɄɉ, вɟɣвɥɟɬ-ɩɟɪɟɬвɨɪɟɧɧɹ ɏааɪа і ɩаɪаɥɟɥьɧɢɯ 
ɨɛɱɢɫɥɟɧь, а ɬакɨɠ ɞɨɡвɨɥɹє ɡɦɟɧɲɢɬɢ ɨɛɱɢɫɥɸваɥьɧɟ ɧаваɧɬаɠɟɧɧɹ ɧа ɫɢɫɬɟɦу. 

Ɉɫкіɥькɢ ɮɪакɬаɥьɧɟ кɨɞуваɧɧɹ ɧаɥɟɠɢɬь ɞɨ NP-ɩɨвɧɢɯ ɡаɞаɱ, ɩɪɢɣɧɹɬɧɢɣ ɪɨɡв’ɹɡɨк 

ɬакɢɯ ɡаɞаɱ ɞɨɫɹɝаєɬьɫɹ ɥɢɲɟ ɡа вɢкɨɪɢɫɬаɧɧɹ ɟɮɟкɬɢвɧɢɯ ɩɪɟɞɦɟɬɧɨ-ɡаɥɟɠɧɢɯ ɟвɪɢɫɬɢк. 
Ȼіɥьɲіɫɬь ɪɨɛіɬ іɡ ɮɪакɬаɥьɧɨɝɨ ɫɬɢɫɧɟɧɧɹ ɩɪɢɫвɹɱɟɧі ɫаɦɟ ɪɨɡɪɨɛці ɩɨɞіɛɧɨɝɨ ɬɢɩу 
ɟвɪɢɫɬɢк. 

Ⱦɥɹ ɫуɛɨɩɬɢɦаɥьɧɨɝɨ вɢкɨɧаɧɧɹ ɮɪакɬаɥьɧɨɝɨ ɫɬɢɫɧɟɧɧɹ ɧɟɨɛɯіɞɧɨ ɨɛɦɟɠɢɬɢ ɩɟɪɟɛіɪ 
ɞɨɦɟɧɧɢɯ ɛɥɨків, ɪаɧɝɨвɢɯ ɛɥɨків і віɞɩɨвіɞɧɨɫɬɟɣ ɦіɠ ɧɢɦɢ, ɳɨ ɣ ɛуɥɨ ɡаɩɪɨɩɨɧɨваɧɨ в ціɣ 
ɫɬаɬɬі. ȿвɪɢɫɬɢкɢ ɦаɸɬь віɞкɢɞаɬɢ ɧɟɩɟɪɫɩɟкɬɢвɧі ɫɩɨɫɨɛɢ ɪɨɡɛɢɬɬɹ ɡɨɛɪаɠɟɧɧɹ ɧа ɪаɧɝɨві 
ɛɥɨкɢ ɛɟɡ вɢкɨɧаɧɧɹ ɩɨɞаɥьɲɢɯ кɪɨків ɫɬɢɫɧɟɧɧɹ, а ɬакɨɠ ɡа ɮікɫɨваɧɨɝɨ ɪɨɡɛɢɬɬɹ 

ɡɨɛɪаɠɟɧɧɹ ɧа ɪаɧɝɨві ɛɥɨкɢ – віɞкɢɞаɬɢ ɧɟɩɟɪɫɩɟкɬɢвɧі ɩіɞɦɧɨɠɢɧɢ ɞɨɦɟɧɧɢɯ ɛɥɨків ɞɥɹ 
ɩɟвɧɨɝɨ ɪаɧɝɨвɨɝɨ ɛɥɨка. ɍ ціɣ ɪɨɛɨɬі ɮɨɪɦуваɧɧɹ ɩɪɟɞɦɟɬɧɨ-ɫɩɟцɢɮіɱɧɢɯ ɟвɪɢɫɬɢк 
ɡɞіɣɫɧɸваɥɢ ɡа ɞɨɩɨɦɨɝɨɸ ɧаɣɩɨɲɢɪɟɧіɲɢɯ ɦɟɬɨɞів, ɹкɢɦɢ ɧаɪаɡі є кɨɟɮіцієɧɬɢ ȾɄɉ і 
вɟɣвɥɟɬ-ɪɨɡкɥаɞаɧɧɹ віɞɩɨвіɞɧɢɯ ɛɥɨків. ɐі ɩɟɪɟɬвɨɪɟɧɧɹ ɞɨɡвɨɥɹɸɬь ɩɨɛуɞуваɬɢ ɨɡɧакɢ, ɹкі 
ɧɟɫуɬɬєвɨ ɫɩɨɬвɨɪɸɸɬь ɩɨɩікɫɟɥьɧу ɦіɪу ɩɨɞіɛɧɨɫɬі ɛɥɨків. 

Ɂɦɟɧɲɟɧɧɹ ɨɛɱɢɫɥɸваɥьɧɨʀ ɫкɥаɞɧɨɫɬі ɞɨɫɹɝаɸɬь ɲɥɹɯɨɦ ɡɦɟɧɲɟɧɧɹ ɩɨɩікɫɟɥьɧɢɯ 
ɩɨɪівɧɹɧь ɡа ɪаɯуɧɨк вɢкɨɪɢɫɬаɧɧɹ іɧɞɟкɫів ɬа ɞɟɫкɪɢɩɬɨɪів. ɉɨɩікɫɟɥьɧі ɩɨɪівɧɹɧɧɹ 
ɡɞіɣɫɧɸɸɬь ɥɢɲɟ ɡа ɨціɧкɢ віɞɩɨвіɞɧɨɫɬі вɬɨɪɢɧɧɢɯ ɞɨɦɟɧів ɪаɧɝɨвɨɦу. Ɍакɨɠ ɧа 
ɡɦɟɧɲɟɧɧɹ ɨɛɱɢɫɥɸваɥьɧɨɝɨ ɧаваɧɬаɠɟɧɧɹ ɦає вɩɥɢв ɦɨɞɢɮікɨваɧа ɮɨɪɦуɥа ɪɨɡɪаɯуɧку 
ɫɟɪɟɞɧьɨкваɞɪаɬɢɱɧɨɝɨ віɞɯɢɥɟɧɧɹ, ɨɫкіɥькɢ ɡɧаɱɟɧɧɹ ɫуɦ і кваɞɪаɬів ɫуɦ ɞɨɦɟɧɧɢɯ і 
ɪаɧɝɨвɢɯ ɛɥɨків ɦɨɠɧа ɨɛɱɢɫɥɢɬɢ ɳɟ ɞɨ ɩɨɱаɬку ɩɟɪɟɛɨɪу. 

Ɉɬɠɟ, ɡаɩɪɨɩɨɧɨваɧɨ ɦɨɞɢɮікɨваɧɢɣ аɥɝɨɪɢɬɦ ɮɪакɬаɥьɧɨɝɨ ɫɬɢɫɧɟɧɧɹ, ɟɮɟкɬɢвɧіɫɬь 
ɹкɨɝɨ ɩіɞɬвɟɪɞɠɟɧа ɟкɫɩɟɪɢɦɟɧɬаɥьɧɨ. 
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DEVELOPMENT AND STUDY OF THE MODIFIED ALGORITHM OF 

FRACTAL CODING 

The paper suggests modified algorithm of fractal coding using discrete cosine conversion, Haar wavelet 

– transform and parallel computations. The aim of the developed algorithm is to decrease computational 

complexity of fractal coding algorithm and increase the rate of image compression.  

Key words: image compression, fractal coding, discrete cosine conversion, wavelet – transform, parallel 

computations. 

Introduction 

Nowadays as a result of wide spreading of electronic – computing equipment storage and 

processing of various types of data is realized in digital form. 

Multimedia types of data – video – audiorecordings and digital images become more and more 

popular. One of the most actual problems of modern information technologies is the development of 

efficient methods of multimedia data compression, particularly – graphic information .Proceeding 

from the above- mentioned, one  of the most urgent problems of modern information technologies is 

the development of efficient methods of multimedia data compression, particularly, graphic 

information.  

Most frequency compression methods with losses are applied to multimedia information. Such 

approaches are valid as in case of multimedia objects it is possible to give up from saving  their 

certain peculiarities (for instance, tiny elements on the image), that enables to increase the degree of 

compression. But there exist widely spread algorithms of the compression without losses, such as 

FLAC for audiofiles or PNG for digital images. Using these formats it is worth taking into account 

that they were designed as universal for certain type of data and, as a result they turned out to be 

useless for taking into consideration the peculiarities of the specific file to be compressed. As a 

consequence, considerable worsening of compression factor as compared with the analogous 

compression algorithms with losses, occurred. 

For digital images, as the class of multimedia data, the most widely spread compression format 

with losses is JPEC. It became widely used as a result of digital cameras, scanner, etc. Taking into 

account the amount of images, presented in  JPEG format, losses, connected with storage, transfer 

and processing of, probably, not optimally (by the quality and compression degree) compressed 

information, become evident. 

Hence, studies, dealing with compression methods, become actual. They are based, on different 

image representation, namely, fractal coding, characteristic feature of this method is the feature  of 

image self similarity. However, the existing methods of fractal compression of images require 

considerable  development, taking into account numerous criteria (in particular, operation speed 

compression degree, decompression quality) to be considerable as real alternative to JPEG for 

numerous classes of images, being used in scientific, engineering and  every day spheres of human 

activity. 

A great deal of research was performed by native (D. C. Vatolin, V. V. Sergeev, V. V. Suifer, V. 

V. Alexsandrov, N. I. Gurskiy) and foreign (M. Barnsli, A. Jasquin, Y. Fisher, D. Zauper) scientists 

[1 – 3]. But, still there is much room for further research in this direction. 

The aim of the paper is the construction of the modified algorithm of fractal  coding , that will  

increase the speed of image compression process and achieve the acceptable compression  factor, 

combining  the already known DCT technologies, wavelet transform and parallel computations. 

Main problems, to be solved for achieving this aim are development and study of optimal 

methods of image division into domain and ranking blocks, development of index and descriptor 

techniques of domain and ranking blocks matching and combining of the developed techniques for 

creation of the integral algorithm. 
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Division of the image into domain and ranking blocks 

Image is divided into ranking blocks of the same size r and into all possible domain flock of 2r 

dimension. The given set of domains is called basic one. Further, additional set of domains is 

formed Тn the followТng manner: for each of “basТc” domaТns seven transforms are built, 

namely:turns of the block at 90°, 180° and 270°, mapping of the block relatively the vertical axis of 

symmetry and turns of the obtained mapped block also at 90°, 180° and 270°,. As a result of 

combination of the basic and additional sets of domains the expanded set of domain blocks is 

formed. For each ranking block the search among expanded  set of domains is carried out. For this 

purpose each ranking and domain block is given  index and descriptor. 

This method of image division into domain and ranking blocks is optimal because each block 

may be definitely identified by its consecutive number (in case of preliminary set fixed method  of 

numeration): for saving the number of block, fewer number of bits is needed, for instance, than for 

the coordinates of its upper angle. One more advantage is that there is no need to indicate the size of 

each block in the compressed file : it is sufficient to indicate only once the size of ranking block, 

and also the coefficient of proportionality for determination of domain block size. 

Calculation of indexes for domain and ranking blocks 

In order to calculate index for each block b, matrix B of its two – dimensional discrete cosine 

transform (DCT) is calculated. Proceeding from the analysis of [4] the following algorithm of index 

calculation using the obtained DCT matrices is suggested: 

- “Upper left angle” of matrТx B, that corresponds to current block b (submatrТx B =

 {Bij }i,j=1,3    ) is considered; 

- In accordance with the order of elements selection for calculation of the index, given in Fig. 

1, elements of these submatix from the 1
st 

to t
th 

where t – selected dimensionality of the index t∈ [1, 

8]) are evaluated. If current element is less than zero, then corresponding digit of the index in binary 

representation, starting from the left, value 0 is assigned, if greater or equal zero – value 1. 

 
 

 
Fig. 1. Order of elements selection for index calculation 

 

When turns or mapping  change rule is applied to block b, DCT matrices B are set by such 

equations: 

ܨ݅   ′݆ = ܨ1݅+݅ 1−  ݆ , ݂݅ ′݆ = �݂−݅ ,݆ ܨ݅, ′݆ = ܨ1݅+݆ 1−  ݆ , ݂݅ ′݆ = ݂݅ ܨ݆݅−�, ′݆ = ܨ݅ ݆ , ݂݅ ′݆ = ݂݅ ,݆ ,

 , (1) 
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where ݅, ݆ = 1,�     . 
It follows that DCT-matrices (and, correspondТngly, ТndТces) of “addТtТonal” domaТns may be 

found rather simply, on the base of pre -calculated DCT – matrТces of “basТc” domaТns. 

Calculation of the descriptors for domain and ranking blocks 

For calculation of the descriptors two-dimensional Haar wavelet-transform is used [5]. The 

following algorithm of descriptor formation (for block b, of p×p pixcels dimension, where p=2q, 

q∈N) is suggested: 

– coefficient ݁1 is calculated; 

 ݁1 =
2݌1
݆݌݆ܾ݅  

=1
݅݌
=1 .  (2) 

– block is divided into four equals subblocks ܾ2, ܾ3, ܾ4 and ܾ5. 

– we calculated the coefficients in succession  

 

    
   ݁2 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
=1

ݍ݅
=1݁3 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
1+ݍ=

ݍ݅
=1݁4 =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
=1

ݍ݅
1݁5+ݍ= =  ݁1 − 2ݍ1

ݍ݆݆ܾ݅  
1+ݍ=

ݍ݅
1+ݍ=

  (3) 

that correspond  to blocks  ܾ2,  ܾ3, ܾ4 and ܾ5. 

As the index calculation, description formation for additional domain may be simplified, namely: 

instead of calculation, using the above-mentioned algorithm e = [e2e3e4e5], simple rearrangement 

of descrТptor’s components of the basic domain may be performed in accordance with the specific 

transformation of the block. 

Generalizing algorithm of optimal domains search  

1. The first ranking block 1ݎ is considered. 

2. Subset 1ݎܦ
 of the expanded set ܦ  of the domain is formed by means of sampling of all 

domains with completely or partially coinciding index value, applying the method of hierarchy 

search (domains, that belong to 1ݎܦ
, are called those, possessТng “prТmary sТmТlarТty” wТth rankТng 

block, being considered or simply “prТmary”). 
3. Descriptor of 1ݎ block is  compared by turns, with the descriptors of each of domains, 

belonging to 1ݎܦ
. 

4. Subset 1ܦ of the set 1ݎܦ
, is formed by means of selection of certain number of domains, the 

descriptors of which possess maximum degree approximation to ranking block 1ݎ in the sense of 

Euclidian distance  (domains, that belong to 1ܦ  are called those, possessТng “secondary sТmТlarТty” 
wТth rankТng block, beТng consТdered, or sТmply “secondary”).  

5. Among the found “secondary” domains domain ݀1 , is being searched and brightness and 

contrast coefficients 1ݏ  and 1݋ , corresponding to the pair 1ݎ − ݀1   proceeding from MSD 

minimization conditions: ݀1 = ,1ݎ)СКВ)݊݅݉݃ݎܽ  ݀ 1)) , where  ݀ 1 = ݏ  ݀1 + ܧ݋ ,  ݀1  - block ݀1 , 

compressed to the size of block  1ݎ, and ܧ – single matrix of block 1ݎ size. Domain block, for  which 

the given MSD minimization condition will be applied, is called optimal or the best. 

6. If the domain ݀1  found at the prevТous step belongs to “basТc” set of domains, then its 

consecutive number �1, Тs fТxed, Тf thТs domaТn to the “addТtТonal” set – number of transformation �1, Тs fТxed, by means of whТch Тt was obtaТned from the “ТnТtТal” domaТn and the number of the 
gТven “ТnТtТal” domaТn � 1. 

7. The second ranking block 2ݎis considered for this block steps 2 - 6 are repeated, then ranking 
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block 3ݎ is considered and so on , until optimal domain ݀� is found for the last ranking block ݎ�ݎ , 

where �ݎ  – number of ranking blocks. 

Fig. 2 shows the scheme of the suggested algorithm of optimal domains search, that takes into 

account paralleling of computations on the level of ranking blocks, as for each of them a certain 

amount of independent operations must be performed.  

 

Image

Median filtering

Partitioning into rank and domain 

blocks using quad tree technology

DCT of each block

Determination of indices

Determination of descriptors

Rank block

Formation of the primary 

domain subsets Dr1

Formation of the secondary 

domain subsets Dr2

Search of optimal domain 

d1

. . . . . .

Union

RLE

Rank block

Formation of the primary 

domain subsets Dr1

Formation of the secondary 

domain subsets Dr2

Search of optimal domain 

d1

 
 

Fig. 2. Algorithm of optimal domains search 

Modification of standard deviation formula calculation 

Modification of standard deviation formula calculation is carried out to decrease computation 

load on the system.  

General formula of values transformation of domain block pixels has the following form: 

 

݅∗ܦ  = ݅ܦݏ +  (4) ,݋

where ܦ∗݅  and ݅ܦ  transformed and initial i-
th

 domain block, correspondingly ; s – coefficient of 

contrast change; o – coefficient of brightness shift. 

For evaluation of the discrepancy (distance) between the transformed domain and the given 
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ranking blocks it is necessary to introduce the corresponding metric. As a rule, function of standard 

deviation is used: 

 ܳ = ݅∗ܦ   − ܴ݅ 2�݅
=1 = ݅ܦݏ    + − ݋ ܴ݅ 2�݅

=1 , (5) 

where ܴ݅  – i-
th

 ranking block; ܦ∗݅  and ݅ܦ  – transformed and initial i-
th

 domain block, 

correspondingly; N – number of pixels in ranking block. 

It is obvious, that the less is the distance between blocks, the more they are similar. 

Coefficients s and o can be found from the formula (5), taking partial derivatives by these 

variables. Let us remove the brackets in the expression (5): 

 ܳ = 2݅ܦ2ݏ  + ݅ܦ݋ݏ2 + 2݋ − ݅ܦܴ݅ݏ2 − ܴ݅݋2 + ܴ݅2�݅
=1 . (6) 

We have the following condition: 

ݏܳ��   = 2݅ܦݏ2)  + ݋݅ܦ2 − ݅�(݅ܦ2ܴ݅
=1 = ݏ ݅�2݅ܦ 

=1 + ݋ ݅�ܦ 
=1 − ݅�݅ܦܴ݅ 

=1 = ݋�ܳ�0 =
1� ܴ݅�݅

=1 − 1� ݏ ݅�݅ܦ 
=1

  (7) 

We express the shift by brightness: 

݋  =
1� ܴ݅�݅

=1 − 1� ݏ ݅�݅ܦ 
=1  (8) 

Let us substitute (8) in the equation of partial derivative by s (7) and we obtain the following 

formulas to find the coefficients: 

ݏ   =
݅�݅ܦܴ݅ �

=1 − ܴ݅�݅
=1 ݅�݅ܦ 

݅�2݅ܦ 1=
=1 ݅�݅ܦ  −

=1 ݋2  =
1� ( ܴ݅�݅

=1 − ݅�݅ܦ ݏ
=1 )

  (9) 

Having transformed the formula (3), we obtain the expression to find the distance: 

 ܳ = 2ݏ ݅�2݅ܦ 
=1 + 2݋� +  ܴ݅2�݅

=1 − ݏ2 ݅�݅ܦܴ݅ 
=1 + ݋ݏ2 ݅�݅ܦ 

=1 − ݋2  ܴ݅�݅
=1  (10) 

Formulas (6, 7) allow to simplify the computation loading, because the sums  ܴ݅�݅
=1 , ܴ݅2�݅

=1 ݅�݅ܦ ,
=1 ݅�2݅ܦ ,

=1  can be calculated still before the exhaustive search, when the 

sets of ranking and domain blocks are formed. Then, on the stage of comparison it is necessary to 

calculate only the sum  ܴ݅݅ܦ�݅
=1  and find the coefficients. 

Experimental results of developed method testing 

First we perform the study of classical algorithm of fractal compression. For this purpose the 

testing  sample was formed, it comprises the following, different by content and structure, types of 

images, met most frequently: 

– land images of the scenes of artificial objects; 

– land images of natural objects; 

– aerospace images; 

– astronomic images; 

– images of non-structured objects, such as clouds or smoke. 

Fig. 3 contains the examples of these classes of images that further will be used for investigation. 
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Fig. 3. Test images 

Let us consider the indices of efficiency, obtained by means of classis algorithm of fractal 

compression. Table 1 contains the values of coder operation time, standard deviation of the restored 

image after decompression from initial image, signal/noise ratio and also the components of the 

criterion of minimum length of description (MLD) and its resulting value for images of various size 

- 60, 120, 180 and 240 pixels, compressed at the fixed size of ranking block, that is 6 pixels. We 

will define MLD criterion. 

Principle of minimal length of description will be formulated in the in the following way: among 

the set of models it is necessary to select the model, that enables to minimize the sum of model 

description length (in bits) and the length of data, described, applying this model (in bits). The term 

“model” ТmplТes certaТn ТnformatТon structure, representТng coded Тmage. As the length of model 
description we will consider volume Limg of the compressed image in bits. 

Length of data, descrТbed by means of applyТng the model ТmplТes that part of data, that dТdn’t 
enter in the model itself. In other words, this is the volume of the losses Lloss as a result of 

compression. Hence, MLD criterion can be calculated by the formula: 

 

 � = ݏݏ݋݈�  + �݅݉݃   (11) 

We will consider designations, used in Table 1. Here N – size of the image, t – time of 

computatТon Тn seconds, σ – standard deviation of the restorted image from the original, PSNR – 

signal – noise ratio, Lloss – evaluation of the volume of information losses during compression in 

bits, Limg – evaluation of the length of the compressed file in bits, L – sum of  Lloss values and Limg – 

minimal length of compressed image description. Minimization of this length is realized at all 

possible  correspondences  of domain and ranking blocks at their fixed dimensions. 

Table 1 

Results of testing of classic algorithm for images of different size 

 
N t σ PSNR Limg Lloss L 

Aerial 

60 0,82 32,365 16,685 3022 25233 28255 

120 16,04 21,336 21,547 13014 92574 105588 

180 91,10 13,840 25,307 30421 187285 217706 

240 287,56 12,329 26,311 55485 322719 378204 

Cloud 

60 0,82 3,343 35,133 3023 12913 15936 
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120 15,97 1,720 40,903 13014 38951 51965 

180 87,24 1,146 44,429 30421 69578 99999 

240 286,70 1,121 44,665 55485 124105 179590 

House 

60 0,82 21,403 21,520 3023 21725 24748 

120 16,03 13,743 25,367 13014 78847 91861 

180 86,64 9,088 28,959 30421 159497 189918 

240 301,86 8,765 29,138 55485 281237 336722 

Lena 

60 0,82 14,308 24,121 3023 20531 23554 

120 15,94 8,918 28,561 13014 69354 82368 

180 86,44 6,216 31,731 30421 135884 166305 

240 288,86 6,086 31,916 55485 238511 293996 

Moon 

60 0,82 8,141 29,916 3023 16859 19882 

120 16,04 5,685 32,652 13014 62723 75737 

180 86,43 4,100 35,806 30421 127659 158080 

240 298,76 4,414 35,196 55485 235437 290922 

Peppers 

60 0,82 16,944 22,345 3023 21298 24321 

120 15,97 9,946 27,757 13014 71099 84113 

180 86,34 6,019 32,538 30421 134361 164782 

240 284,15 5,334 32,767 55485 228856 284341 

 

Let us consider how high is the compression quality, using classic fractal algorithm. Rather good 

quality of the restored image is considered to be PSNR~30, then Table 3 contains evaluations of 

compression coefficients in case of image restoration with such quality by means of division of 

output number of bits in the image by the value of Limg. The given value corresponds to the closest 

to 30 value of PSNR in Table 1. Besides, Table 3 also contains compression coefficients for JPEG 

format in case of regulations , corresponding to PSNR~30.  

Table 2 

Compression coefficients at PSNR~30 

Image 
Compression coefficient 

Fractal algorithm JPEG 

Aerial 3,6 4,4 

Cloud 59,4 47,3 

House 8,2 8,0 

Lena 14,7 15,8 

Moon 33,3 24,2 

Peppers 14,8 15,1 

 

It is worth mentioning, that when standard programming facilities are used, JPEG compression 

coefficient may be for worse as a result of nonoptimal regulation recording of large volume of 

additional information in the file. 

As it is seen from the Table compression coefficients differ greatly for various images. Now we 

will test the developed modified algorithm of the fractal coding and compare the results. As the 

main drawback of classic algorithm is rapid growth of operation time while increase of image size, 

its practical usage is inexpedient. The developed methods of domain and ranking blocks 

correspondences search in fractal coding were described in the given paper. We will perform 

experimental testing of the developed algorithm and determine losses of image quality. As the 

growth of operation rate does not influence the size of the compressed file, it will be sufficient to 

consider the value of standard deviation and PSNR for the restored image. 

Table 3 contains characteristics of the quality of the restored image, obtained after compression 

by the modified algorithm and also its operation time on the images of various size.  
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Table 3 

The results of  modified algorithm testing 

N t σ PSNR Limg Lloss L 

Aerial 

60 0,09 35,010 16,120 3022 25626 28648 

120 0,48 24,425 20,373 13014 95273 108287 

180 1,68 16,261 23,906 30421 194581 225002 

240 3,93 14,431 24,943 55485 335408 390893 

Cloud 

60 0,09 4,021 33,532 3023 13659 16682 

120 0,50 1,992 39,628 13014 41788 54802 

180 1,74 1,312 43,251 30421 75539 105960 

240 4,01 1,235 43,780 55485 131567 187052 

House 

60 0,09 25,520 19,992 3023 22599 25622 

120 0,47 17,643 23,198 13014 82894 95908 

180 1,60 11,260 27,098 30421 167840 198261 

240 4,14 15,148 24,522 55485 300273 355758 

Lena 

60 0,09 17,702 22,158 3023 21563 24586 

120 0,53 10,83 27,429 13014 73525 86539 

180 1,66 7,389 30,374 30421 143374 173795 

240 4,10 7,076 30,497 55485 248954 304439 

Moon 

60 0,09 9,981 27,097 3023 17621 20644 

120 0,45 6,564 31,785 13014 65029 78043 

180 1,62 4,755 34,342 30421 133436 163857 

240 4,05 5,000 33,909 55485 244204 299689 

Peppers 

60 0,09 22,30 20,072 3023 22770 25793 

120 0,48 12,073 26,181 13014 75027 88041 

180 1,60 7,388 30,303 30421 142956 173377 

240 4,04 6,416 31,671 55485 241339 296824 

 

As it is seen form Table 3, operation rate is not only higher, as compared with classic algorithm 

(30 times on the images of 120 pixels of size) but also has other dependence on image size. As a 

result on the images of 60 pixels of size, we obtain 8 multiple gain, and on the images of 240 pixels 

of sixe – we obtain 70 – 75 multiple gain. 

Comparing Tables 1 and 3 it may be noted that quality criterion of minimal length of description 

(MLD) as a result of application of optimized algorithm worsens approximately by 4 %. For part of 

images, constant worsening (for instance, from 1.5% to 3.5% for Aerial) is observed at the increase 

of image size, where as for other images the reduction of worsening may take place. Thus, gain in 

operation rate as compared with classic algorithm grows when image size increases, where as the 

loss in compression coefficient does not almost depend on the size or does not depend at all. 

In the given work the application of parallel computation is suggested. It should be noted that 

paralleling of computations was already applied for optimized algorithm of fractal coding, that was 

described above. In Fig. 3, there is a graph, that represents the results of comparison of serial and 

parallel algorithm. As the paralleling of computations does not depend on the structure of the image 

and also does not influence the quality of the restored image, four images of different size were 

chosen for testing. Hence, we will consider the dependence of compression time on the size of the 

image. Operation of parallel algorithm in the given case is realized for 16-processor system. 

 



AUTOMATICS AND INFORMATION MEASURING FACILITIES 

Наукɨві ɩɪаці ВНɌɍ, 2015, № 2 9 

 

 

Fig. 4. Dependence of execution time on the size of the image 

As it is seen, the rate of images processing applying parallel algorithm is far higher, than 

operation time of serial algorithm. It was fund out that the usage of each additional processor will 

increase the operation rate by 60 – 75%. 

Conclusions 

The developed algorithm of optimal domains search, that is modified algorithm of fractal coding, 

enables to increase image processing rate due to the usage of DCT, Haar wavelet transform and 

parallel computations and gives the possibility to decrease computation loading on the system.  

As fractal coding refers to NP – complete problems, acceptable solution of such problems is 

achieved only when efficient subject-dependent heuristics are used. 

Greater part of studies, dealing with fractal compression are dedicated to the development of 

similar types of heuristics.  

For suboptimal realization of fractal compression it is necessary to limit exhaustive search of 

domain blocks, ranking blocks and corresponds between them and this was proposed to do in the 

given paper. Eurisitcs must cut off unpromising ways of image division into ranking blocks without 

performing further compression steps, and in case of fixed division of the image into ranking blocks 

– cut off unpromising  subsets of domain blocks for certain ranking blocks. 

In the given paper the formation of subjects – specific heuristics, was realized by means of the 

most widely used methods, namely DCT coefficients and wavelet –decomposition of the 

corresponding blocks. These transformations give the possibility to construct features, that 

insignificantly distort pixel- wise degree of blocks similarity. 

Decrease of computational complexity is achieved by means of reducing pixel-wise 

comparisons, due to the usage of indices and descriptors. Pixel – wise comparisons are realized only 

in case of evaluation of correspondence of secondary domains to ranking one. Also, modified 

formula of standard deviation calculation influences the decrease computational load, because the 

value of sums and sums square of domain and ranking blocks may be calculated prior to the start of 

exhaustive search. 

Thus, modified algorithm of fractal compression is suggested, its efficiency is confirmed 

experimentally. 
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