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Abstract

Traditional image steganography methods often focus on securely embedding hidden information
into cover images, while paying little attention to the payload capacity. To address the issue of low
embedding capacity in conventional steganography, this paper combines deep learning with image
information hiding techniques. Experimental results show that the proposed algorithm achieves an
embedding capacity of 24 bpp, making it one of the highest-capacity image steganography algo-
rithms to date. Despite the large embedding capacity, the stego-images generated by the algorithm
and the extracted secret images outperform other similar algorithms in both subjective visual qual-
ity and objective visual metrics such as Peak Signal-to-Noise Ratio (PSNR). This demonstrates the
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overall superiority of the designed end-to-end steganography network.

Keywords

CNN, Deep Learning, Information Hiding, High Capacity

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

B (5 REOR AP SRR K R, (5 B 24 B A U B B, R R 1 B 7 A5 A LI
Z N RIIAR, A5 20 2 S A S AT RS ARIE 15 O 1V 25 S0 5 il R AR 1] BB R R A
— L R B IR T B R AL A S N B R o, 1545 B AR I R SN R HoME LA
RIEARM 2 BT ROBUER Y ZE I8 5 AR AL PR S K

TG BB S 7 I i A R AE(LSB) B e . R RG220 (PVD) U HUNB AR #(DWT), 8R4
BERGEREREIAT RS, SRR . R, RETERMAE RGN, 15 2R g
AT e PRGN T R, BEIHE A S S IR T XS . BEE B S M BRI, 1%
Gt T IRAEAR I8 2 A VR AN B A 7 T P sk B 18 A WD S 2] (7

AR, RS S BORAE T AL SIS 1 R RS, D R AR BN B RSBk {1t 1B (K m]
REPE. IR S FOEIE I B 305 S R RO L, Refs A ROt seBlm B = A0S SRR, JFERRFFEIG
PLE 5T B (1 [R]I H A5 R 22 e E M S . FL A A . ZE BN B 48 (GANS) SR FE 7 S BT 22 1T
ST R R S GUR[8]-[10], SAEGIEMEL, EAMERE AR, Rk, BEBREMPURS 258l
fIRE 1) EHA BRI TR I B E BRI B TG s R SRR 2t Eg
R A R IRT, JUHRAE TN B S 0 A B i R L B 0 B e A

R, RTINS T R, B SRR, AR R AN E ARG R Z AT B
For B RIS T T . ASCAERCEERE b, 3R T — e T G A% 00 2% 1A S e RO K A B AR R
BEARTT R, SHMBEART R HEALL, A3T55AE 256 x 256 BRBAEG LS8 1A 24 bpp 1)

g =

[SICE =

2. HXTI1E

K& M5 BRI EOR DAAEE B2 A2 1T Z N . SRR S 77k 32 B8 0 84 R 1
BREFATEBERIRAREGER, X RERERICH RL(LSB) B k. RFREZE 7 (PVD)LLKL EHUNE
ZHOWT)FE[11]. KRR G REMRANTEZ ARG 71T, EelIfRAFEqR, Jt
HRAIRRE S e iy, e tEMmEHREEE. B, i siasS s MR 2 aaR s
R — KPR

N T NS ARGIHER R IR YL, SRR, IR > B G AR B AU 1 sl D 2 DR BB AR J2 B A
K 7B R FETT IFI[12] 0 IR P 5 138 H s R I RF RS HURE 77, REWEAE B v RN B T DR A BB 1Y
MUBEI R, (RIS 5 v 15 S ) 22 4k

EHER, WERTREZANRSINENR L . BMESHZHh—MAIRE, glidasi

DOI: 10.12677/airr.2024.134078 766 PNER ST IR YN


https://doi.org/10.12677/airr.2024.134078
http://creativecommons.org/licenses/by/4.0/

R %

BNEBREIOR, AR RIS BAR BB, I a4 eI S HU3R . Baluja [13]55 A32
H 7 — AR T ERE M2 (CNN) I B2 5 500k, 250E R H B a5 284, 7R LR KR UG BT R A [, SE3
TR IRARE

iﬁﬁ?ﬂ%ﬂmmLﬁ%?ﬁ%“W&%iTVﬁ%EUﬂUﬂoGM%ﬁﬁiﬁ%ﬁ%%%Zﬁ
FIE R 2], AR DUE BRI BA R, R REIR Mo B85 Wi O HRHTRE /). Zhu [16]55 A2t 5
T GAN IG5, Eidxfie>), o RS BHURRIRRRE, 8 X AR S 7 Al 2.

A E S BOAGE IR 5 — DT TR o AZBOR FRVFE SRR 2 {5 B[R 58 A B 3R AR
PR GEIEE T7 AT AL 20 B MR 3 B A AT 4R ﬁTﬁ@?ﬁﬁ%%ﬁﬁ%%ﬁﬁﬁﬁ,%%%E
i 2 e DR R R AR IR 5 i [17] (18] 2 TR IR IE RS U5, Wiilid CNN SEHLA AT
Wikas, #—Die 7GR SR 2 et

3. BEEgit

B4R T TAERRR I | Fir, oAV R BT R, B SRR 2% . FikbBE
BEHUN N2 R R T W&o BRI B 2 2 TR R, 4Rl PR B ok 7 0k PR 1
H, BRI 2% A A T B A R A . T A i N R 4% — R T R e, R RS
E%. $REUR G ERO, T M B S O 2 R

TN

L (mwimm% )

I

Flgure 1. Overall flow chart
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Figure 2. Encoding network structure
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Figure 3. Decoding network structure
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Figure 4. Images of experimental results
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Table 1. PSNR and SSIM of experimental result images
1. LWLREKRE PSNR # SSIM

Compare image PSNR (dB) SSIM
Figure 3(a) 32.7088 0.8972
Figure 3(b) 33.8801 0.9182
Figure 3(c) 32.9825 0.9073
Figure 3(d) 33.5104 0.8770
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