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ABSTRACT: The paper aims to complete image compression and reconstruction through deep learning supplemented by
Laplacian pyramid. Main features of the image were extracted with the convolutional neural network. The feature size was
reduced by the bicubic linear interpolation. The hierarchy system was constructed by Laplacian pyramid to gradually re-
duce the image size and achieve image compression. On the reconstruction end, the corresponding convolution and
up-sampling process was performed on the system; and the image reconstruction and reconstruction process was per-
formed to obtain a reconstructed graph. Set 5 and set 14 from Bell Laboratories in France were used for verification. The
experimental results were verified by the two-layer pyramid, which meant that the experimental results were verified at
the 16 times of high-rate compression. The results showed that the method of deep learning was superior to PCA, DCT
and SVD in terms of clarity and reduction in subjective evaluation, and the best results of standard deviation (52.73) and
information entropy (7.44) were obtained in objective evaluation, which were higher than 49.70 and 7.38 of PCA. The
standard deviations of SVD transform and DCT transform were only 48.69 and 49.02, which were far worse than the me-
thods in this paper. Meanwhile, the information entropy of images was only 7.34 and 7.35, which was lower than 7.44 in

this paper. Design convolutional neural network structure by Laplacian pyramid to complete image compression and re-
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construction achieves good results.

KEY WORDS: deep learning; image compression; image reconstruction; convolutional neural network

Bl BHE R AR I, BRI IR R 8 TE R
f4ETE, M 720 P 5] 1080 P HF|IAERY 2 K 5 4 K,
1 EMR B4y PR S 2B TH G [ s, o PR 76 S5
s ok THTITARA B P, TRl as s T R R 46 42
T AS/IN SR o TR BE 27 T 7RI JLAF Y & J v AR B
T 75 B R 5o K B 2= 2T RE F1 , 12 EIMG AL B 40
B FERE A 5008 B R, R ResNet 9 H 31
5 Relu PREUIMEACRICR , (AR 22 2] DI BE 54K
AR T SR, HaOR i T AT
R S

P PG 4 AN E i R v, B A Y R AR A
B A PR X ( LR-HR ) Fir 48 5% 1 G R F T
Bexd, MfifhH LR-HR A EARARAE DT e XS S2 B
1Ryt A2, {H LR-HR EG4%AE DT e % A4 i IF
AR LA 35 R P A3 K I 2 PR AR AL i #2 . Ghiasiand
DN R e s, R ARG T B B A
AFARL A8 3 10 ARG 43 SR o A PRI 118 RUE -2 [) X £
LR-HR B EMRAFAEVCEDLXT, MR SE T 78 K45 g
FAPL R &7 B nT 474k . Singh ZERI RN T
X0 il o0 E AR, JF AR A S o E AT
HWRRIE , ST FE B B 0T 4 s R 3R AR T A DU R
PE, P & I AL B B T NS 1Y R .
Huang 501" & 740 T X A48 R 25 8K/, DA X AR
N33 WA T SR A T30 24 0 TR 3L, (A58 R R 5
(PR il S O T SR TR T O R B R
S FIEED, TR RIE G, R T EGEE
YT AR B, $EE TR TERE AISCR . XS vk i £
B AT RO 2 B & FR P ah T8 Rt e e 22

(] BRI AR g 7 e S B LR ARD 4505 s
LA IR T X P45 ) K308 2 A AR X oz 1 X R AR
MM FFANE LR R A1 73 28 [l AT e, 5 e m] it
LR 2 B AR o SR iRk [l A 4, (EUR R
RN i Pk A nUEE SR SRS eyl
BRGNS | BORIKT B R

SCHPEET B2 M 4 IR T, 48 R
I 5 7 P O R R 45 5 FA D7 0%, R 27~
SRR I ERE S Res MIZRHEATLH G, APLEHr 4
FREUTEU E B AU L, DTS I P4 1 PR 4
HEM, RS GRS S AR R TE S
by

1 EAXFE

1.1 HWERHTEFEMNEEN

L 7 S8 4 A RR M 22 I 488 25 4 3 g R
ARG ER 2 RSy, LA 1o BSR4
TP AR EUGAE o AR, 18 e S = A (0%
( Bicubic ) X4 A R BEAT— R4/, B RN N iR
KK 1/4, HEHATRER S BUREE, BRI
HAEREAL 2 )20, BREREGRN, B2EE&
Pty HAY o 55T R o R v, B AR Al X &
B4/ 14, fesd i 2 J2 45/ BTS2 8L 16 %500 IR 48
R BB BRI TR X S50 i 45 R G AT S 4
R Ar— IR FERIENE N, 77 A AL
TR, R _ERAR A EZ RN R B I, SE R R
AE R OGRS B R ) A AT

Image feature

R TR NA, i DL s AR, 5 2 K& iy i
gm0 Igefawe
| <
|
|
: Input image - i
| Bicubic 1
: 1/4
L e e o ——
:X4<_ < Bicubic

Image feature

Bicubic | .
1;4

I

I

I

I

54 |
| Down image output |
) I

I

I

I

__Bicubic

T Down image output

Image feature

B Al B 4 B R 45 454
Fig.1 Structure of Laplacian pyramid network



Al 15

WARSE . TR

TFIE W PG 4R S R AT SE

- 241 -

1.2 BEBES

HF{E R BY
FEE PRI S BE M R 1A 5R 22 28 T2 1 A6
BRZHAMR, WE 2, FETHRBGFERT, 752
X S A AR HEA T = R PR (A AL B, B R i A
BG4/ 4 4% o $EBCRRIE M RE b, 75 2 B AR A
EHE AT — R B BRI BUR GRFRAE , SR )5 1 PR IR 1
B A FEAE B A KR 25 I AT I 25, P55 R R it %
2= W2 T A5 B 19 SR LR R AE HE AT 45, T 0 G PR AR
J s AT LAAS 3 5% 25 0 2% B 45 AR R 1B, 7R 45 R
FEEm s, taEEEs 2 MAFME L, H
SERLE SR T AR KA B0 B RRE T B
Je K A5 2 R B B EE AR AR R, LA E RN T 5 5
SRR R TS A AR B BB R EH TG
LA NG RE, HFAREE T — 2 R RRE
S RUN
1.22 EBEBERE

FE AT g 2 R A A B R R AT A
AF 58 OO G A R T R 46 i R A
/N 174 DAl /b 5 2k EGUN Gr B b BT AR R B TR) o SR
AT DR AR 2 R 5 R AE B By S A9 21 1) 5k 22
T UG AFRAE B AL &, IFE B A JT R A TR A
J5 Ak 7 A i il B AR HER R T BEARAS
LU 40 35, T 20 i fian t1 A0 o0 9 o R % )
T—J2, LT 2 JZ RG2S i 72

1.21

Image feature

Image feature

A

Bicubic

1/4

I

I

I

I

I O

I

| Image feature i
| .
I

|

I

I

& 2

e

Resimage feature

X RE AT A FH 73 7 307 4 7 0 B R 25 W 2 S
KX G AT — 220 BB 2 TR 46 o 753X A W 2% B
LR — R Y CNN M4, 78 2% R i B2
AL SRR g4, 5 I E 3,
1.3 EREH

FFE3REX
S0 B RN 1 B0 57 45 A8 AN 4 0 AR R Y 4
TPREEE ) —RE, EREHARZE LA 1 N E SR
SR AR, (5T BT A5 31 5% 22 I 2% 235 44 R A 14
T8 X N G RS, T AR L 2 B ERAG RE
TEFEAT FoRFEHERAE, DICRIRIY KEME 4 f5005%
B, T — 2R ATIREAE, IR
K4 5 EG, KRB 2R R . HA R A R
ZLER LI 4,
1.3.2 BEMBREE

TE M R Y EH R B S, 5 2R AE B — 2
G e A RZ S, R R 2 £ Lokt
7 ERBERAE, TG R B3R o X B AR T
LNENEAR XA R R, IF R LREER
5 HAR A R SRR AT o SRS H B R4 R
4 P8 5 R i i B S P 45 301 14 7k 22 000 1] 6 e i
FIRRAL &, X RERE T A5 29K 4 A5 00 & 0 B A — 42
FAE IR SRR T A i B AR A P R 15 B
T2, HUGEATE 2 JZEMR RSy Sl 72, I
PRI ZAE R . FLR L 45 DLIAL 5

1.3.1

S

Image feature output

Res

PG 4 i i v B9 R A S R 23 S

Fig.2 Feature extraction branching during image compression

Image feature output

Bicubic

I

I

I

I

| .

| Input image
| K

I

L

& 3

Cov
—_

Cov
>

PG i e v 9 1 R Ty S

Fig.3 Image reconstruction branch during image compression



- 242 - fu % TR 2020 4 8 H

: _______________________________________ |
| Image feature :
I

I Res Resimage feature :
| |
: Image feature l Image feature output :
: L _—)@—) - _% Relu N Up sample N K :
I B 2 ) I I 2 A N 2

B4 PR E R P AR REIE R U 32

Fig.4 Feature extraction branch during image reconstruction

| |
| T |
| Image feature output Cov :
| 4

. |
I Input image | oumuimee |
| ~ U 1 o - |
I p sample - D— :

L _ L

K5 G A AR v g PR R ) S

Fig.5 Image reconstruction branch during image
reconstruction

1.4 HMKREH
TE3C () SE g ik 2 P ffi ] Mean Square Error
(MSE) fER ik g, Hita A=y
miani ’
6 p = 2
e n ARG REA R YR X il 28
PP AYEE i 4~ LR M HR FEUEXT; F(Y,0) W EAS
B0 1 Y04 g R o AE DI 2R I £ v feft AR T S 1)
T i BEAIUBR BE R B SR 15 K fe /M o

2 KBWERSHW

2.1 SLERE

FE T H A R 45 5 EAL 2 25 v A
GBRUZARE N 64 MUEBAR LG, Hh &R
TN 33U, A A R A 1 B A R
WE N 4x4. FRNTETANERZMEEEREZE (F

F(Y;0)- X'

HIZFRAN) Z I #Em b1 AT 2P T
(LReLU) 1 W HAMABIRE R 0.2, 5HK2EMLKIZH
BEHRE R 10, RGPk o8& S8 E S
H 0.9, ERFWMPAREBEN 1107, 5k FE
FITAT 12 B2 21 SRR A R 1107, YINZRJE 3 %2 47 300
AT, WL 50 AT SR s ) I 2
o FEVNGR R, (K A Yang 209 91 dR &
1%, 3K H Berkeley Segmentation Dataset VIl x5! ")
200 % EGORAE A SCR N ka4 . A5
W, SCHRBEPLIEL 64 K/ 128x128 BY#M Tk
HEATARLERAE . AR 1 DR RCE A 1000 Yk AR
RGBT EEDN, RSB g2
PR E R, S TGN R gdE &, ISR
FE, PEF A e AR LS 3 Fh oy Sk 3
Jris IR . UG R SE g i s 6. g
SRR UL 7,

22 LWHERDWH

R TR SO R A RO, B 7 iEA AR
P EGRHEAT R 4810 o T AT U ER & 512%512 By K
JEP, RSO AR R S AU A s L B S
fit (SVD) Bk, DCT vkt ATk, veferE
16 151 R4 5 T X B A man B9 45 SR #5206
2RI 8 HoJm O B LI 9.

B b, R SCh kR SR,
RUR TG W AR E B T HA I MR, 5
J AR LS iz, P B Y O R R s, R R
PRI RE . BEAS S0 2 HL IR B G T IR, 7E1R B

K PR 4 73
FUREG > MR [ BB T T 0 R
(E IS R E Y e e
Fig.6 Experimental flowchart of image compression
" P RHPERIEFHE | -
WA g | ERBE |< BEMARG < ERRREE

K7 EREA SRR

Fig.7 Experimental flowchart of image reconstruction



FarEk s

WAREE . BT RO & A 0 G R S A TS - 243 -

¢ PCA

K8 [l )1 Man B4 J5 451

Fig.8 Various method results of figure Man

a Ji& b SCHIrE

¢ PCA

d DCT e SVD

9 A Man R OK

Fig.9 Partial enlarged view of figure Man

YA I BE | SEBRT R MG AR SR s AR i, B AR
G A IR i 7K . AL PCA J7 i AT IR
5 S EME)G , R0 IR A EUR T B B4y LB
R, EARA SR B HORIER, e8Ik BT
BRI IR FRAE , IF B Kt BHR (S B R R B
KA, HEMEGZRE %, TRHEMES, H
R ALILE YTl o A W RS e (|| M RN
. DCT 5 SVD #E EHMZ 5, WA & B R IIBM R,
ORI Z TR, BgEEEREK, N
M3 B EMR DR B, Ui TR, B
RO RERE 5 RS E, RS BBERRIR Bl ok, T
TR A S5 R B S R 22 5 B K, ARk b R i RE

TR 388 i

R B IPE E, 2 1—3 430 3R K 456 1
41,161 1 F164 1 1 BFAYEMG AR E 2 FIfs B0ME
PIUESR 16 f5 8 FBUIA L, SCH R bR 22 FifE B
H RGN PR P S i B S Hp 7 i A 2 e B 7
R P R e /R HoMH I A S B 5 3, O HLadad X5 7 e
PR AT BOF (B AL B, ) FH - 34 (8 R 3278 SE 80 fe &
X g S, gk 2 iR, FERTIS SR04 s
TSR T AR IEZE N 52.73 S5 RN 7.44 1
WS, BT R AT IA Y 49.70 5 7.38, SVD A
kA DCT AR ik e b 25 I 1A 48.69 Fi1 49.02,
A I, FIRES B - 1A 7.34 5 7.35,

F1 EFEEHR 4 WEGREZERBELR

Tab.1 Comparison of 4 . 1 image standard deviation and information entropy

Ik Baboon Lena peppers Baby Bridge Liftingbody Man AVE
PCA 43.38/7.40  47.48/7.46  53.55/7.61  72.017.67  52.91/7.68 31.53/6.47 56.33/7.54  51.03/7.40
SVD 41.11/7.31  46.70/7.46  52.89/7.59  71.47/7.65  52.75/7.68 30.93/6.46  56.20/7.55  50.29/7.39
DCT 40.49/7.30  46.96/7.45  51.79/7.59  71.00/7.62  49.73/7.59 30.24/6.43 55.63/7.55  49.41/7.36
XHJTEE 45.23/7.60 54.89/7.66  55.13/7.65  72.11/7.69  53.08/7.70  31.76/6.51 60.42/7.59  53.23/7.49
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Tab.2 Comparison of 16 : 1 image standard deviation and information entropy

WiRES Baboon Lena peppers Baby Bridge Liftingbody Man AVE
PCA 40.23/7.31  46.57/7.46  52.66/7.62  71.55/7.66  51.21/7.62 30.8/6.46 54.85/7.54  49.70/7.38
SVD 39.23/7.26  45.34/7.37  51.10/7.55  70.89/7.61  49.91/7.59 30.22/6.44  54.15/7.54  48.69/7.34
DCT 39.21/7.26  46.59/7.44  51.54/7.57  70.94/7.61  49.21/7.57 30.19/6.42 55.45/7.55  49.02/7.35
XY 47.14/7.51  54.75/7.64  54.49/7.64  71.85/7.63  50.88/7.62 30.67/6.46 59.32/7.59  52.73/7.44
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Tab.3 Comparison of 64 : 1 image standard deviation and information entropy
Tk Baboo Lena peppers Baby Bridge Liftingbody Man AVE
PCA 37.25/7.21  44.25/7.41 49.81/7.56  70.27/7.64  48.60/7.56 28.94/6.41 52.03/7.53  47.31/7.33
SVD 37.52/7.16  44.65/7.31  50.49/7.50  70.23/7.53  48.67/7.51 29.29/6.35 52.71/7.48  47.65/7.26
DCT 37.66/7.17  44.84/7.31  50.69/7.51  70.50/7.54  48.89/7.52 29.40/6.36 52.92/7.48  47.84/7.27
XH T 39.13/7.41 46.35/7.59  51.38/7.58  71.05/7.63  49.65/7.58 30.03/6.42 56.89/7.56  49.21/7.40
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