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Deep Hashing Image Retrieval Based on Serial Code Check
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Abstract: Existing deep learning-based hashing methods for image retrieval usually cascade several fully connected
layers as the hash coding layer and output each bit of the hash code in parallel. This approach treats hash encoding as the
information encoding of images and ignores the relevance betweeh bits of the hash code in the coding process and the
redundancy of coding, which leads to the limited encoding performance of networks. In light of the principle of code
check, this study proposes SHNet, a deep hashing method based on serial encoding. Different from the traditional hashing
method, SHNet designs the hash cod-ing network layer structure as a serial mode and verifies the first part of the serial
hash codes in the process of geherating hash codes, so as to make full use of the relevance and redundancy of codes to
generate more informative, more compact, and more discriminative hash codes. Using mAP as the evaluation standard of
retrieval performance, the study compares the proposed method with current mainstream hashing methods. The results
show that the mAP values of the proposed method under different hash coding lengths are superior to those of the current
mainstream deep hashing algorithm on the three datasets of CIFAR-10, ImageNet, and NUS-wide, which proves its
effectiveness.
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B 38 AAZ 00 48 1 U 2R 48 HH EL 100 A28 11
FITAT VBB 8 DA A S 6 11 P BB P, SR 2
J2E 1) BT AT S AR BB NS R AR, B2 ik
I 100 K1, $E110000 3K I 1 Ja il 28 4.

MS-COCO: & —> 80 K HI 1) 2 45 %5 G H bim
£, Hrh s 82783 K IIZREE EA, 40504 5K 4 &
1%, I R EEHLAMEL 5000 5K R /E AR 4, 10000
ik R AE IR, T4 1 UG A 9 B HiE .

NUS-WIDE: J&—4> 81 K5I 2 b2 7 KA 4,
S HBEALEEL 5000 5K B AR A & 4R, 10000 5K A
FAERNUIZREE, TR BB R 1R B E i .

3.3 NiERR

KF X Fabs, ACKHS CSQ i 3CH A 1

4 PP Fa bR P IIUER R mAP, K5 A [0l #h 2k PR, A

[l BEAS KB T A O P i 48 P@N, DUHBE BIAE 2 LAPN. |

FIRFAAEANTH] bits T A 2 Z 2 P@HA=2. Hrh,

XFF CIFAR-10 4 56Kk H BT B A Ik R 45 Rt &
mAP, X T ImageNet 4542 K F mAP@1000 (ff F A
1000 M Z 45 it 5 mAP), T MS COCO #i#i4
1 NUS_WIDE %454 UK H mAP@S5000 (£ FH #5000
MR LR mAP).

34 THFEEFE

N T B AE SHNet 780G Ay BIG RS R AT 55 b B A0 Bk
P, SEIGHEH %A B A RN 7 F state-of-the-
art PR JE W A K 3R 4 4 D B, FH 5 CNINH,
DNNH, DHN, DTSH, Hashnet, DCH, CSQ.

35 SWRE (-

FE I 5k AR SHN et SF I 1 3& R4 A 11
(Adam) PRk 52, Adam (M8 5T R BB 107, —
FEALTH TR O I By WE N 0.9, B FE AL TH 4
HOE IR B, BN 0.009, BUE IS H E N 0.005;
e A O B 2 2 2] RO R E Y 10 £, b — 4K
(batchnorm) &) & (momentum) % & A4 0.1. i A\ K4
FIE /N (batchsize) A 64.

T SIS AP B BCEL, AR SO VAN BT A N BT T
TEECHR AR b AR R FH A [R) 1 5000 A2 1) 40 5% s R A (] 10 i
A F RS . 7ML SR b, B XA R T S5 A
L F ResNet50 M 2% 45 M VE B 4L 4. I 2551
&L, f N A HIRE RN (batchsize) Y94 64 Gk, ZEI
G b, YR Eﬁé%%i@iqﬁﬁi}(%%ﬁtéﬁﬁf’ﬁ
HIZ. : "

3.6 LRI \

B2 AT T MR EENE Ay SR R T 155 SHNet
T NER A b R I 75 95 K FE (16 bits, 32 bits,
64 bits) I HERIZE (mAP) 4553,

F2" 8 FIREEVATS T VAAE S MR LI mAP 451

Method CIFAR;IO (mAP@ALL) ImageNet (mAP@1000) MS COCO (mAP@5000) NUS-WIDE (mAP@5000)
16bits | 32bits 64 bits  16bits  32bits 64 bits 16 bits  32bits 64 bits _ 16bits  32bits 64 bits

CNNH!" — — — 0315 0473 0.596 0.599  0.617 0.62 0.655 0.659 0.647
DNNH!"" - — — 0353 0522 0.6l 0.644  0.651  0.647 0.703 0.738 0.754
DHN[" 0.838  0.859  0.865 0367 0522 0.627 0.719 0.731 0.745 0.712 0.759 0.771
DTSH™ 0.805  0.833  0.846 0.652 0718  0.829 0.671 0.71 0.733 0.763 0.792 0.816

Hashnet!'"” 0.57 0.854  0.849 0622 0701  0.739 0.745 0773 0.788 0.757 0.775 0.79
DcH™ 0.668  0.694  0.678 0.652 0737  0.758 0.759  0.801 0.825 0.773 0.795 0.818
csQ 0.826  0.844  0.84 0.842  0.874  0.878 0.781  0.845  0.875 0.81 0.828 0.844
SHNet (Ours)  0.86  0.868  0.869  0.856  0.893 0904 0765  0.842 0.89 0.837  0.851 0.864

M2 FHE L, SRE R UL, ASCHE ) SHNet 2
T HoAth 7 B state-of-the-art IR EE MG A5 K6 R 5 k. Horp,

1E CIFAR ##E4E I, A% T IHAd 7 A 757k, SHNet B
57 B = i mAP, FT%6F bE i) 5 325 v 2 B A1 1) 7 v
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& DHN, SHNet X} bt DHN 7€ A [A] K & 08 75 14 1)
mAP 258 A RS T 2.2%. 0.9%+ 0.4% [¥] mAP
Tt AT CSQ, SHNet A3 17 3.4%. 2.4%- 2.9% I
mAP $& 7. 7 ImageNet £04E 4 I, /A% T HAh 777k
SHNet HU75 T % 5= ff) mAP , SHNet [] mAP 7E A [
JENG A D BT CSQ, A AR T 1.4% 1.9%-
2.6% [T, £ MS COCO #i#i4E I, CSQ 7E/] 16 bit £
32 bit LHUE T f Y mAP, {H7E 64 bit I, SHNet
2T CSQ HUAF T 1.5% 11 mAP #&7F. £ NUS-WIDE
54 b, SHNet HUf5 1 d5 = ) mAP, AT CSQ 75
AT 2.7%. 2.3%. 2% [ mAP $27F. BE
Il &, £ CIFAR-10, ImageNet, NUS-WIDE iX 3 /M4

#£ I, SHNet M T CSQ 7EfE R R L-FIFETH T

2.9%+ 2%~ 2.2%.

N7 B RE SHNet R MIAZE, 7 44t
7 CNNH, DNNH, DHN, DTSH, Hashnet, DCH, CSQ
3% 7 Pl B W 75 K22 77 V5 A1 SHNet 775 7E ImageNet
FOHR A E SRR SRR SRR R, 1 7(a) A T &
P R A R 26 B (P-R), B 7(b) FRon & Fh s
VLTI ET 1000 482 25 R IR 26 1B (P@N), B 7(c)
FTR A PV DURBE B D=2 16 HK Z0RS FE 4 2R .
P 7 oh 3 AT EIFTR, A9 SO ) SHNet J7 5%
RN T HoAM 7 ERFENE 7 715

SR, B E A SR, 7 A [F 500 4
£, 523673 519 SHNet £ 2 M 500 T 304t 1 % 7
. DRI ) B L ) 32 97 T JEE WA 75 7 495 A5 R 947 7 3

AT IS A i 4, R T S B B ARG R, S B

G tich I BE SZ PR 1 AR SCHE HA 1) SHNet /7 72%% B K IR A2
A7 W5 75 4 B0 SR, 8 4 R0 ) e 5 A 50 0 S DA, 4 o
i R 1 R G 4E ., Eﬂﬁﬁﬁ&ﬁz%ﬂ% A I TR
043 AT G 2 6, 8 45 2E R I G A A B N K 8, AR
2V RE T

8 kA48 A t-SNEP! Af 44k SHNet Al CSQ
7 ImageNet #5442 B 64 bits FaAgmh O 11
FAr AL, FRATT R % B [ 19 TmageNet 4 4 (111
10 ZREHE AT AT AL, I8 I B 8 Hr Eidi 40 AR T LA H,
SHNet AHE T CSQ 4= B A i FL AT B8 47 () T 4 3%
H, F A 2 R 1) 23 A e AR A M3 I 7E T 0 A H O
JEEEL TR T BRI ERIE 43 4. iX R B T SHNet AHEL
T CSQ AEHE MM E G ER R R, X & T

CSQ ATk I FAT gt 7 06 B A e 4 B 3 ) B
A1 38, M SHNet K H 2> 1 9 i 25 Z0 K S0 e 47
Gaht, Z g h 7 3PN R TR 4 B 3R] kAT 2Kk
ANy R, TR 4 2 1t o) BT o i 2
AMIGHE FE 2 % 7% 18] (1 1k B v] SEISE 2 2% 14 43 S, AN
0 78 53 ) 4 P52 0 AR 5 9 A B RS 57 S TR SR 12 v A
R RER EFR.
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