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Abstract

complex reconstruction operations, inaccurate color fusion, and zero-order influence during the reconstruction of large

This study proposes a deep learning-based color hologram reconstruction method to address the issues of

objects. The improved U-Net model is used as the network structure, and the spectrum of color off-axis Fresnel
holograms generated by mixing actual photography and simulation is used as training samples to achieve the accurate
reconstruction of color holograms. Reconstruction experiments are conducted on simulated holograms and actual digital
holograms. Moreover, the results have shown that compared to traditional methods, the proposed method can maintain
high resolution and color accuracy of the reconstructed image while achieving improved reconstruction results. The
outcomes of the study have potential applications in the reconstruction of color holograms in large-scale inspection fields,
and are useful for the application of color holographic detection and deep learning in the field of optical imaging.
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Fig. 2 Zero filling reconstruction of color hologram. (a) Green

light reconstruction image; (b) blue light reconstruction

image; (c) red light reconstruction image (d) synthetic

color holographic reconstruction image
RAEE R DAL MR R Z R R BB
A, ARG AN A 3 BT, AR S-FFT 53k A2 0l )
2 VR H RO e B O, da AR D 512 X512 /9

%61 5E8H/2024 4 4 A/ ERBFEHE

4 B L A e Sk o T R (0 4 B R M

CHR-Net 4 {& HE 42 19 58 43 241 BY - 222 3543k 4
a5, T 3R B RARAE 405 545 M A TR Y R %
FEH BT R 24 3X3MBRZ 142
KN 2 B4 e A J2 R G 5 A 2 3 0 A i R 45 4 3 i
Bk IR 3% 22 11 O 0K )2 0 44 B L AR R AE RS TR )2 I %
)RR B 2R AT RRAE fil A 76 08 B8 VR 245 B 1Y [ ol 1)
26 P TR A I e B S R SCR T AT

M TR o EAS BT & B R AE B 3 K R R %
Z |, W45 I TR T O A A LU MERE 2E ) ok 3T
XoFREAIE 4 I 45 E A7 R0 E , 5] 5% 22 [ 4% ResNet fE 4
P15 Ak B () SE b BT E | BIVAE JFOR U-Net 9 38 Rl I 34 Jin
B 25 15 B2 ATAE T R AE B B Of B AR RRAE {5 2 [T
N 0 I AR A0 #h 4, i D Ll T R AE 2 22 B
R R e N e 1 P N ol = W 2 ] B 42
M P R A 2 RS S LR £ ResNet 17 % (4 &
V] 7 T DA 38 O ) AR

FE A5 B B, N 2 SR FH R MW AL o Ol B 1 2 9
LAY TR B AL R TS 7 LR AR R P B A Z A
W2 DT X 28 AN ] i B3 ) R i A B A7 AT 5 B
TR B AR R a8 0 B — JZ R — A LX 1B B, R4
— RN TR AR R R, ) 4% e A
F B — 2 B 5 2% I AUHR N A5 21, i P 2 1) 1% 4% RS g
T ) VR 2 I ) 8, DA T B e 8 v A AR 1) 5 A M RN Y2 Ak
YERE . TEABFTE R, % IR B HLIE AE A9 BRI, 2 £ 5
R PR AN B SRR e ) o ERLRVE S il B A an kL 4
FF 7R, 256 38 8 [ 1 SR BE s 1 R A out2, 128 38
T SRR B i AR AC AR out, 9 45 DI 25 A 2 4
E14 10 4F out,

=) Conv3x3, ReLU €D add
=) max pooling 2x2 . res connect b
{m | —
B = up-Conv2x2 ReLU copy and concat 2
2| 2 &
2 2
= 2=
bt el
Y - A
(=51 I3 A
— —
1% %
& B 2] 3 3l
* Ay X b3
23 # > i
nn.@.n!n;l@ » nla(D: » |n le. 8 0 nO » » .O 1 .@ nnl 100
; - 512 1024 1024
. 256 512 512 1024 512 512

128256256 -

64128128

36464

512° 256 256

256 © 128128

128 * 6464 3

3 CHR-Net £ 75 2]
Fig. 3 Schematic diagram of CHR-Net structure

0809001-3



[l Conv3x3 ReLU
— up-sampling

K4 PREEE BLE

Fig.4 Deep supervision mechanism

3 4z Lt
3.1 BUREHE®E

A DL B RV B BRI, T IRk
S0 Y BCHE 4 B DU T N 4R I ) L R S B AT B
rh REHLIE B 2000 7k RGB & (R 453 141 20 1%, 3l 21 5

b

hologram

£ 61EFE8H/2024 £ 4 B/BAENEBEFZHE

P vt i K B 2 9 A 21 6000 7K o BRI A2 R
FHASL ] 1 52 Br o 6 04 5 =0 AR g, 9 AR 3] 4 3 S T
B dA1720 mm, CCDARE %y 0. 00645 mm , $4H5 4
NGNS BTN, R T R4S i R Rt 4 B TR
T B R R B B R A G LR RRAE . D B i a7
T 5 BAWR X 555 2) IR 35 B B (R 10 0 B A
s 3 2R, DU P S A iz ki 71 . 7RV
Y 2 10 K BolE B e e ) o o DI R4 R S 56
UELE | 2 B 5000 7K AE Sk 9 25 A I 254, 500 3 AE i i
£ AT 1Y 500 TR A FGATE S I 2% 1 e R 4E o AR 4L
B AR AR O BRI - D) B RS BHUR RS RN G —
512X 512 F 1 J5 22 Ab PR ; 2) 8 3 B4 {4 CCD 43 91l id 5
R.G.B % 3F K EOE IS T 8E 2 B R, H
GHRCAIREA2ER ;D\ EALEEEAFFT K
AT P 5 4) %o A Pl %) AR AiE RS A5 A 3, 6 ) 4% 7
YII G st XoF 5503 T 1) R iE 2R A7 4 B 5 5) B b v U5 1 LR
AE Ry I 245 i A B4 B 0L BB 4

spectrogram

K5 K 4R s 1

Fig.5 Example of dataset production

3.2 il

A SLKFE Python 3. 9. 12 fiA T, fii il Py Torch 4
A AL HE AT . TS HLIEC B AR CPU  ES-
2460; GPU i NIVIDA GeForce RTX 2080 Ti; /%N
16 GB.

I 2k R Adam 846 53 X 2 80RY BE #4740
b, 2 2 RAR/NWIEG 9 0. 001, Bl 5 I 25300 4748 i 2% >
R R W R T 25 B8, T 283 100 4 epoch 2% 2 %
HE B 0K JEL R B —2F  batch size K/ R 4, & K45
11k 1000 %8, 3k G I 2% 3k 004, 224 I 2% 7 46 iR 4 o
PR BE T I T B, I 28458 1R U 2 . R eRBCR T Y
J2 Y477 22 (MSE ) F 45 ¥ A AL P (SSIM) 2H 1 19 1R & 4
ek, Hata A= h

Lios = lssiv +(1 —a )ZMSE9 (4)

FHT oo TR G 0L 0 BRBR 5 Lo AR 30 45 48 A (L1 460 2R
PRESC, DN BT 85 R R €, S0 B ) o R Ok A o L R R TR
A L FRFR I Ty 2240055 R, MR 19 fA ok T
HEAEGBREEMELEGEREZHNER a
5y e B R o FE MR EE AT 55, B ) A R
FE 25 K6 DA BB (5, 1 i i Ll DN R A0 B Ok R B BT LA
SR BUALEE 2 1) 7 2K, e R s 20 TE TR K Y AR, B
a=0.8,Z 5% it 1004 epoch, fifi HAUE % 0. 1,
CRE A DI it A v 5 52 06T IS I 00 2 25 0 LA B 5,

{5 BAY B # 78 Z )5 i epoch HLVE & 407 AU 40 A2
DAL 58 BB AN BR ) T

F TR FH O B ML, A1k 0 4% A S 3 4 i
B, B 3 75 2 OF 5 0 45 1 2 b e 2R 3 A R
PRI K :

Low= 1+ pl .+ ql;, (5)

v 4, Sy I 2% Jie i 0 R A RS O A AR R I 4%
YR I o R R L o5 B AR Sl 1575 0 2 40 000 Sk )
ZEAE bR R R b A B A outd AT out2 Y 5 KR
PREL, TE R SE B B p=10.5.¢=0. 25, I %Il %
PRI A A R 2R L 6 TR

1.0 F —1
] ello(al

—1

08t [
E 0.6
04
02}

ol i
0 5 10 15
Epoch /10¢

6 4R 2k

Fig. 6 Network error curve

0809001-4



MA S pR BT DU H 0 A 0 S B30 kR
R R V% J2 R AR B2 o > ML S o AH B, TR )= 5 ik 3
W B I R I ZR A B, K 7 45 T CHR-
Net ££ Yl Zr i i 19 34 R o out2 i i 4R R 58
A 5 ORI JEUU6 Bn 28 1 VSRR AR, 30 3 e BN W i o Bl

%6155 8H1/2024 £ 4 A/BNXEXRBFRIHE
& W 2% Ak S0 R AT BORAE  out L ARt BRI E
A T —E B AR AR A B RRAE  (EUR A X T RSOk
YL, A RAFAE TR > BUE AR B R RO AR N e &
i 2R out, BB r 2 A B T B9 BB, 52 AL
Xt 44~ CHR-Net Il 45

F7 0 BRI 34 3 hm 4523 s () AL (b) out2; (¢) outl; (d) out
Fig. 7 Output results from three branches under deep supervision; (a) Original image; (b) out2; (¢) outl; (d) out

3.3 XWHHh
3.3.1 M%&mX%ZRoH

M HIE CHR-Net X% 0 42 3 & 9 3 28 8500 DL
AL BE Bl T S A K R R A I 4 1 e AT
B 0E 4t B RIA% R /N K 512X 512, 3 BUHK 3 KE A %k
i r M4 S-FET . U-Net,CHR-Net JIl 415 3| & 1%
I HEAT R R ] U-Net Y g i, H O 36 ) 4% 45 71
SR KB S FEAR T 5 CHR-Net f# £ — 2, 45 %

original S-FFT

ME SR, ATLUAEW AaFkh FRENTX
RGB i 1 1Y 75 2015 5 B JF 17 08 8, 18 L pF 2 o 58
R B AR, 7R B ) R EAR B R, #
LA 4 CHR-Net; U-Net XF B 14 09 45 1 L) & % &
B 3 TR R SR AR B T R I = R R R 43k CHR-Net #
S A RGO B 5 e R AR — B, B o R AR
o, Ui B 38 i CHR-Net f8 9% 35 153 & & /9 & 4
ESEE

U-Net CHR-Net

8 N[E) 4 vk AR AT (a) & 5 (b) SSFET H 84 (¢) U-Net # #1% ; (d) CHR-Net & g4

Fig.8 Comparison of reconstruction effects of different algorithms. (a) Original images; (b) S-FFT reconstruction images;

(c) U-Net reconstruction images; (d) CHR-Net reconstruction images

0809001-5



3.3.2 REFSE

T B R A B EAR RO R H W E A W L
(PSNR) 145 #4) #H L F8 2 (SSIM) A~ 2 W BF 41 48 A5
R A5 4 B P 3R 47 B i PP Al . PSNR (3R 3A
KN

I[lzlﬂx
Rosng = 1010g10( ), (6)
Eyse
1 m—1n—1 )
Evse=— >, > [ L (i j)— L (i, )) P, (7)
mn 7=, ;=0

KL, A HE S EGR I R KRR R Evse B K/ANA
m X o (AT AR 5 DR B 2 A 35 1R 25 5 L MRS 1,
S A% . PSNR {H B K Ui B E A5 0 o o
TG H T AREIEE P E R g H % U-Net LA
K. CHR-Net # # 5 ) PSNR{& . 7 A% i , CHR-Net
) PSNR {E B 8 8 F & 48 55 1% UL ) U-Net (19, i B
CHR-Net 19 5 215 5 I EGAR LM B =

# 1 HEEERPSNRE
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Table 3 Overall network performance evaluation

Index S-FFT U-Net CHR-Net
PSNR 22.3452 22.2866 28. 6838
SSIM 0.4672 0. 8853 0.9104
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Fig. 9 Verification of Fresnel hologram reconstruction from actual shooting. (a) Original image; (b) S-FF T reconstruction image;

(c) U-Net reconstruction image; (d) CHR-Net reconstruction image
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