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VAR 50, S BRI FAE AR R

I N 22 RRE o A4 2R T LA AR RS Y
SEAGAR DR SCRLAE L, AR S 56 9K 2 5 2 AT 55
UK By 451 2 AT LA 2l e 53 i A 00 2% T b 2 o) T U
MR 55 o B2 B HESR Iy SR
Lo =L.. +XL., +A,L,, (15)
oA, R, 435I D RRAE S 5 3K 3l 41 2k FIAE: 55
UK Bl 451 % 14 AE GT 58 B AR

3 XWERMOMN
3.1 BB &

ARICAE 2 AT AT UCAS-AOD!™ Al
NWPU VHR-10""" ¥4 4 I HEATIRAS, 9 5 H Al
Jet 77 ¥t . UCAS-AOD 4 45 HI T R AL A
AR, KL 4 A3 600 BKIEI{S AN 3 210 42
AL, TR RS 310 sRIRIR A2 819 4 4
A AR AR 2 ok kG 0 P BE |, I B IRMR Fh 220,
H bR HE R A, 38 A XA SO 2 47 A S0 30k o
NWPU VHR-10 ¥ 42 45 £ 4 800 K &5 4> ¥ % T &
BG, Hob o & HAR R 650 3k, 35 5 &% 150 3K,
HERFHIEA 10 28 404G CHL AT B8 ek |
MERy7 kY HRY 0 BRI A 2
P HARm A2 EE I H BHARR RO BS K,
XA SCHR Y B0 T I 2 KL R 4 T A O RE A
R AT (9 B30 .

3.2 ZRFEMSHHZE
AN S 3 o 24 GB NVIDIA TATIAN
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GPUs, i H B9 ¥R B 2= S HEHE A Pytorch LA %y 3] i
(9 77 =X Bl I 25 P 2 S5 A EA T AL WD AR Ak . ZE B
MYIZRnt, Jeill Zr [ 18 N 2 RO HE o 3 B W 4% &2
WS, PRI FPD A, e 281 25 B brder T 19 2%
WG AL BT S5, 6 IS R 22 ROBE 8 4 E AR
FPD 55 AT H A A8 0 AR B 1547 1566 U 25, B H e
FIE X 55 45 2% A1 B A A 0 451 2% % 3 )88 43 8 4
%ip,

X D 18 43 B R BB HE AT B SRR, A A B
(AR 73 B 3 R A7 U 25, I 3 3k 8 9 R e 3 A
ook RN GBS o AESET IR 8 2% ) R ik
40,000 1, 453248 40 000 ¥k, B R K 0.9, 4t
SRR/ E R 5, ADAM R R Ak #% . E
IS, AMB B Gl 1 fE 2 16 e, X4 AMB #
BLR T 16 B WS 2 B T LA e s Bl A
TG00, IF HoAE 2% B [ K5 2 AMB BEHU/N T 16
B, 2 3 B R Y 2 RUBE RRAEAS AR 4 78 20 $2 10
LEG IR IE UL 16 Yo AMB BiHe, ZBIAIRH A,
HU Ay oF 45 i R A1 X6 55 4 2 R EE e 45 R 0 DTk .
S, AN 4 R, A HL0.T75,4, BT AT,
AT EER I R R A o R %O R 1 ) H AR
G000 £y, 6 FH 068 15 W Hb PSNR TSP 24 46 000 5 38
mAP fE RPN e b, B S BT R OR A,
A, BHUAE .

36

35+
(0.75.1)
2 . 1(0-50;')”'.\‘\ (1.1)
0251) s o108 (1.07)
‘"*-o,\\(H])O.G)

33F
(1)

mAP/%

32

31F

30k -e- UCAS-AOD
-~ NWPU VHR-10

1 1 1 | |

29 L |
0 025 050 075 1.00 125 150 1.75 2.00
Ald,

Bl 4 ORI[E A, R, T AS SO 15 A6 00 PE g
Fig.4 Proposed method detects performance under

different A, and A,

3.3 WA

#£ UCAS-AOD H1 NWPU VHR-10 544 I 4y
SR T ARSI o R T WA AT AR SO TR v
g, 7F UCAS-AOD % # 4 I, X J7 ik v A [m] ) 4
AT I Al 58, B G b DA T TR AR B X O ik
BIsZm . BLAh, gl A S Fh R AR RN
% Bicubicu'®’  MSRN"™' AMFFN'"' TDSR'" HI

FDSR'*" 3k 47 % H 52 86, B0 3E 7 A S0 ¥ A
Bk o
3.3.1 HakEi

R T ISR AR SO Y Y 2 R )
Btk & DDM (A 2 1k, 76 UCAS-AOD %#i %
AT AL, SR g RNk 1 PR, BRI
FR-CNN 75 2| J5i 4 5 43 P8 3 R 2 5 b #1L 5 (1)
fiX 50 BF 2 KB 1) mAP, 4 5y 70. 43% Fi
40.32% , W] LI 43 HE 00 B bn A 0 45 2R 1 52 i
EoK. M A bR 2 RO 5 8 @i AMNN
Je WAL AR 43 BE 2 KR, FE RN H bR A DU ) 2%
FR-CNN H& i , %4 il A DDM , 3% A vEA7 B A48
Ak, AT LA SR T 0 0RG b 05 Ak 3 00 41K 43 % (5]
B th 15.02% X W T AMNN 23 A 340t
AT DL R R $ o R 1 43 B 232 ] I i oo o 0 G B
A TD #E47 G AR AL, 7T DL & 3 PSNR 427
T 0.31 dB, mAP #£F 7 9.99% ,iX#iB] T TD %}
3 T R H bR A DU B A A 80 e [R] A A G
BT HR S Uitk R AL . B JE A FPD 2 A
X ZhFI AMNN 25558k 565 U 2, nl DL 3% 07
PRI 1A 43 % 3 TR AR g A I RS B, O B3R
BT UG 1 43 R R B R DU P B AUAN H 2
T1.30% XA 1 HL Ui B T DDM 43 &4t o

*1 HEXB
Table 1 Ablation test

Sy PSRN/dB mAP/%
FR-CNN(HR) 70.43
FR-CNN(LR) 40.32
AMNN + FR-CNN

o 27.75 55.34
(TBAIZ)
AMNN + FR-CNN + TD 28,06 6533
(BEIZ%) ’ o
AMNN + FR-CNN + TD + FPD
28.79 69. 13

(BEEIZ)
3.3.2 xfibsin

X EESE RS BERE T LR 32 A B AT AR M
53 E AT I B ERTOR 2 A AT R I, ik sk
3 S TR0 R M BB A UCAS-AOD %
P QML LA, R AL A R B R A
KA AT A RO B IE . X E T ik 5 % R
W 2% 5 A SCJ7 ¥ AR [R], ¥R A A7 FPN 1) FR-
CNN W%, £ 2 50 7R F 7 vk 5 gt ok 2
T AR 7 PSNR A T IEGA  ME B AP 1 25
AP (AP, (AP, Zp AR R/ o R RUEE B bR 1Y A
DPERE . N 2 s, 24 2 45 FRFERS AP 47.6%
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Table 2 Experimental results compared with different methods on UCAS-AOD dataset

I PSNR/dB AP/% AP, /% AP, 55/ % AP /% AP, /% AP, /%
R E G 47.6 59.2 41.1 21.5 48.5 58.7
Bicubicu!'"® 25.89 22.14 37.9 23.01 6.71 23.46 38.15
MSRN 20! 28.15 23.45 44.5 24.78 8.83 25.67 43.63
TDSR ! 27.34 26.34 46.98 27.78 9.04 28.84 45.96
AMFFN!7! 28.56 24.78 44.54 25.01 8.92 25.65 43.98
FDSR!2!! 27.56 26.33 46.78 27.66 9.15 29.03 45.97
ARSIy Ik 28.97 44.89 55.02 37.32 20.3 38.45 57.87

VE « SO R I O R
28 22, 14% , v LU H 8 4 25 4 X 45 1% % BE X
H ARG ) 26 FR-CNN A A i 45 SR A AR K 52
Forp/s RUBE v RUBE H b5 52 5% 38 K, AP i
21.5% &%) 6.71% , AP, Hi 48.5% [% % 23.46% ,
g, X R T2 REF B ERATFIE
A DU AT: 55 19 BIR 1 18 2 1) o R A 38 1 2 IR
53 ARLHURT DDM R A AT DL EE g R 2 R
BEAR .30 AT LA 35 4 ey 2 J LR H b A ) i
fiE, % 7 AP (A 5] T44.89% , 5 [ Uf & 40 B¢
RGN G5 R AN 2ET 2.71% , X i T
PTG R b N RUBE H B A D AR 4
TR B, AP B2 5 N ORFER 6. 71% 125
%20.3% .

H1 %% 3 F13& 4 A%, MSRN Hl AMFFN #BJ2& %
FH 22 RUBE o 5 68 43 B % 38 Jak RS 00 O 15, (B2
Ho 2o RUBE o 2 40 J2 [ 72 19, S g 22 0% 2 BOG 2% 3%
MR 2 ROE AR B, i %A % 18 )5 22 B b
R AT 55 (R K P, TR I G 8 2 A RO R 2 H
P A 0 2% AL B AE AE 7 HEON 2, £ UCAS-AOD FiI
NWPU VHR-10 ¥4t 45 I, A Xk 5 Z M L,
PSRN 43 %5542 7+ 1. 38 dB i1 1. 67 dB, mAP 4y
BSEE T T 10.67% F110.3% , 3% 5681 T [ &
I 22 N 7y B A BB F DDM A A 2. TDSR
TR AGE 00 P 2% #9452 2%, xoF 43 7 4 ) 4% D-DBPN
PEATOEAL B2 T AR I A P B (H 2 o 4% 4
FAR YR , 7 fig 25 5 SOM B 2k 45 ) # . FDSR |
AR FH AR 1 J0 2 445 D s PR A5 e i 0 o TR 15
RRAEFEAT X 55, F8 X 55 461 2k 1% % 31 D-DBPN [
% ZITEM R BRI, B2 DR ER
DS FE b L R0 oy 7 vk i HR R %R
S B R R oS, TR — M. 7E UCAS-
AOD il NWPU VHR-10 %4 4 |-, TDSR Fl FDSR
J7 1 mAP 43514 62.96% F163.91% ,{H PSNR
A7 26.62 dB i126.80 dB, % EFX 2 A

#3 AEFAETE UCAS-AOD HiE&E LR
KM RLILE
Table 3 Experimental results compared with different

methods on UCAS-AOD dataset

VRS PSNR/dB mAP/ %
Bicubicu! ' 25.95 48.85
MSRN!20J 27.55 58.97
AMFFN!7] 27.56 59.23
TDSR ! 26.43 62.96
FDSR 2! 26.65 63.98
ATk 28.75 69.67

BRI R Bt g
*4 A[EFHEENWPU VHR-10 HEE LX)
SR S
Table 4 Experimental results compared with different

methods on NWPU VHR-10 dataset

5k PSNR/dB mAP/%
Bicubicu! '’ 24.86 47.56
MSRN 2] 27.01 57.98
AMFFN!7] 27.12 58.32
TDSR! ! 26.82 62.97
FDSR!2! 26.96 63.84
A7k 28.58 68.61

VE ¢ SRR % B (R 5
B &, 51 A DDM, 45 4 FPD il TD, 7£ UCAS-
AOD %t 4 4£ f1 NWPU VHR-10 %(##4E I, PSNR
Ay Wik %) T 28.75 dB fi128.58 dB, L TDSRFI FD-
SR V¥ 1 2 dB, i H s mAP 42 741y B0 &, 38
T 69.67% M68.61% , X 13 B % J7 ¥ 78 8 8 5k
SRR B EEA T RR BT

R TSGR ST VR R AR P, Pk iE T
UCAS-AOD f1 NWPU VHR-10 %#i 4 F HA 0%
PE A 45 SR AT AT AL R BRI 5 TR,
SIE28 7 HE e 1E ff 04 K 25 SR R £ T HE R Tl
R, pi B 2 T A 6 s At R R ARG D &5 R o AT T
VL, Hfh 7 v A0 AS [R) B2 B b A7 7 4 R A O A
PRI 0, T AR SC 7 A 45 R R A
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(d) FDSREY

(a) Bicubicu® (b) MSRNEA (c) TDSRI™
. ji==l=h s
[ Jmmew | we HERA

5 AN AR X E o 11

Fig.5 Example of detection effect comparison

i LRIk A SO R e YERE IR 4y, 7E N
ZAENE R o 1 R L AU B Y Ak
A i HAEAG IS B E AR ST

4 % it

Bt Ol 2 1 S 4 2 R A E B AG T
JO7 P 1) AL, AR Ol = 3 AR ) 22 IR SRS
2 HARKL AT 55 B Re SR Ak, 48 1 T — A>T A H bs
G I B4 RUHR B 1 3 22 RRE RO o 28 SR AR
HHTT, ZITEE A 2 4

U) R T A 3 N 22 ROBE D o7 1 I AT 50 7
A 2 e TR R H AR B RRIE R K RE T

2) VoIt TRURK SRR R T i R R
0 0 45 AR AR I L i R CR

ASCEZETAEA LT 3 407

1) 48— b ) 3 bs A I i 03K 3 F A R
2 RORE 1 IR 58 o B A 7 i e T RGO O
AT 5 R H AR IIAT 55 45 Gk ok fSOBe S A o

2) BEXEGAE AR b A AT 55 B R R
Ve, B 3 OSUHR S AL R, — D T 24 SO 7 o A 2 Je ]
B AL T LS PR AR A R AR S RT REAR B, 55 — 7
1T 7% 6 ) 28 SR 1A 1R A A A 55 ) R R A
o P28 T M R F AR A AT 55 e 55, B b A
A PEBE -

3) BExFOE e AR A R B T A IS Y
22 RBE i SRR IR 608 7 T A I 4%, B o % A 9 X
0 245 11 3 o7 4R A 1 4% B0 ok R AT R AiE i HOHT il
A, AT RS 8 ' 1 SR A R 22 U AR
FE5R FARRRAE 980 2 RO RHAE h 9 TOR 1R L 42
1 3 R P A T R AIOR

TEAR NI T o, A 2 — 25 BF 50 3 I P 150l
ST B PR AR A I R 8 1, JC R /N F AR
FR AL 00 107 P [ 8, i BT LA 3 B ) 4G D0 P E
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Double drive adaptive super-resolution reconstruction method of
remote sensing images for object detection
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2. Jiangsu Province Big Data Ubiquitous Perception and Intelligent Agricultural Application Engineering Research

Center, Zhenjiang 212013, China; 3. Zhenjiang Zhaoyuan Intelligent Technology Co. , Ltd. , Zhenjiang 212013, China)

Abstract: The existing optical remote sensing image super-resolution reconstruction method is mainly to
generate visually satisfactory images, and does not take into account the particularity of the subsequent target
detection task, so it cannot be effectively applied to target detection. Therefore, a double drive adaptive multi-
scale optical remote sensing image super-resolution reconstruction method for target detection is proposed. The
super-resolution reconstruction network and target detection network are combined for joint optimization. Ac-
cording to the characteristics of optical remote sensing image, an adaptive multi-scale remote sensing image su-
per-partition reconstruction network is designed. The selective kernel network and adaptive gating unit are in-
tegrated to extract and fuse features, and the primary remote sensing image is reconstructed. Through the
double drive module, and task driven will feature a priori driver loses to the above points in the network, on
the one hand, improve the performance of target detection. The proposed method was tested on UCAS-AOD
and NWPU VHR-10 datasets, and compared with the five mainstream algorithms, peak signal-to-noise ratio
and average accuracy improved by 1.86 dB and 3.73% , respectively, compared with the FDSR algorithm.
Experimental results show that compared with other methods, the combination of the proposed algorithm and
optical remote sensing image target detection can achieve better results and the comprehensive performance is
the best.

Keywords : super-resolution reconstruction of remote sensing images; object detection; multi-scale; fea-

tures priori driven; task driven
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i . RE Q¥ WL (DQN) [ B A 8k By B & fig ) Fn sk 5K B J W0 R A AR R
BEFSITRE P ANHERT &, ATABARRI TN B LSRRG FREASENSETHE
MEARS T EAERBESITRE ARG H—F KR 2T, BHT —MHDON 59 &
/R 2 8 W (EKF) 41 % & (DQN-EKF) #y 22 38 5 5 (T B it 07 ik o DURE3F W 26 00 F o 2 1 5 &
BEEARSERE QLT RIS HNERNEEEAUNEE, L6 BEF AT HE
VS BT P B An R AL % B Ak EKF R 57 &, @ if EKF B9 3% R E 3 ok #, 7 3
DONEA # iRt LS Kt E A DONBB T WS E T H IR, TRERKN.

DON-EKF Bif 7 k& T AR R ERG, F B AR RS FWEEATRE

x #
BA#HEM; ¥ & F /R EZIKE(EKF)
hmESHES. V221°.3; TB553
XEKFRERD: A

B 2 B0 DR 2 R R AT T Jo A 3 KA Y
P25, H i 3R Y B 2 i S T R
A2 I 22 AR 22 A 0 B B IR R FIER T TG
e, JF Hoox B hn 2g i il kA iR . BLA A
AR KT BC I 7 kAT 2 B, BIVSE B 58 3% Rl A BA
FAL e e I 338 o A I B3 A i B 0 2 19 523 3R
BN 0T G SSE AN EBORART 5 e i RS S
PiC AR B V5 AR AR 4 0 BA ) 2 9 8 S8 T A 5 KT B TS
7 5 AT R AN RE M TR 32 S H Y A 3 TR A, N T
FEAE S0 A I A R FR 28 A T A el [
I, T EZAGAE ST e e 2 SR a1 &
H AL %

Wit 257 38 1 AR R S BL B AR 19 K R, 28 E 1R
5 KT AT AR AR 24 T ) S T P B 0 B 48 E I 7

W REQFAML(DON); BRaky; mARD; RAFFTTRAE R5%; &

NXEHS: 1001-5965(2022)08-1353-11

o WHMTFZ AT E R T &R AR H S N
AL AE S AT HC AT &R 45, W SCOOT (split cycle offset
optimizing technique ) F{l SCATS( Sydney coordinated
adaptive traffic system) %%, Robertson £l Brether-
ton' /A4 T SCOOT w75 2 47 3 Jek 455 80 A0 5 b
T S AL 3 B G BEEOR IEW] T SCOOT 7E 3 1l 58
A AF 5 KT R B 2R G A R . Lowrie ™ A T
SCATS FCif & 48 1Y 32 2 5t B AN B vk . X 2 52l
BCif & 48 B A A EECH AN AR BN . i
A — BERIF Y 32 BEAR 7R ASOR e 28 19 2% g AL vk
R fif e 52 3 A7 T AT B TR AN I AR, E s R
T — 3 T 2 2% 1Y) 58 38 A S AT T &R
5, AE ML 4 S I 52 8 R O 18 B S8 E A 5 4T B T
D55 o WG AL S 0N T A E A S AT
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M 2& H RR #tik ;. kns. enki. net/kems/detail /11.2625. V.20211012.1106. 001 . html
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(in Chinese ).
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FRTC B AR 4 i A% A T R VR AR B R b
{EL T2 ASOR i 25 0 28 0 35 A% Bk AR oty ORI,
FEAFAEN SR, & 2 AN 3 ] T 52 44 1 32 3 3R 5
Xt F BRAR Y A8 38 B ok Ak o) Bk T AT L
A A i R S T AR A ), AR SR AL A ) I Bk
S5 H G 3 Ay ke M A SR ) Bk AR TN {E
PRECI BT o T RS SRS 1 B vk AL A Pol-
icy gradient fl1 Actor-Critic 4%, Garg a8l g
— AL T Policy gradient 1Y) 3 1k 27 > 5995 o 1 4
SE3 15 5 4T I BL I 5 %60 Genders 457 R
Actor-Critic H i& N 55125, I FI T 2 4> 3l 75 25 Al /Y
P 2% R BT T A R AT RS, B2
BET LA R W 1Y 51 25 5 B A SR R R G, TR e T
AR A s AR N o kT U R B B
B EE A FE Q-learning Fil SARSA %, Zhou L [10]
PEH T AT Sarsa (A ) M 2218 15 5 KT BC IR A AL, 3%
R 2% ST S A5 I [ 45 B 4 0 1) B, O A HE
Gih s b 4 B Ut B B 5 %6, Yin
S AE Q-learning B9k 9 KLl 125 % 18 T MIf
22 FIAH 55 P55 00 52 ey, DT )81 2B 5238 A 5 4T 9 T
75 % SR, 78 Q-learning Hl SARSA ik i,
JIT AT B9 A0 A8 B AF A 78 R 4% Q-table Hh, 2R Z5-3)
VEZS [ BRI, Fetd w25 o AR B R it 5L
7, [R) IF X5 298 A% v B3 {8 19 B2 BB w5 IR, 3 3L
Q-learning I SARSA 5312 JC 12 1 I 1wy J&E 20 245 19 22
IR, BEE R ) B K R VR 2
G0 W T SR AR 2 o B R B S A
FTECEF R Ge b, Tan 7R TR S 1EREE Q
3] W 2% (deep Q-learning network , DQN) hj A F
SCIEAF T AT EC I FRGE 125 A R E AT 55
fift Ay T AR TR B AT 55 HRR A AT S I 4
Ror 2R GG BN (H pR HL, I & AR B (E oK 3k
A5 5 AT I WL J7 %o Zeng 25 R H T
DON 538 I i 25 X 26 AH 45 6 19 803, I FE 42 56 [l
O BEAARHEAT I 25, A WA T8 A5 5 4T /9 TE I
%, Liao 4R H T —Ff 5L T 22 FE 51 9 DON
7 3 2238 45 5 )T BE I ZR 48, DAOR TIE 22 3 42
ARG ARERAT LA S, Liang 50 42 1 T4
Dueling DQN F1 Double DQN j ] T 32 i {5 5 4T
Be B 45135k rh , Dueling DQN I Double DQN 4B /2 7¢
(B PR B 25 2R b ol LA A ke DON R 727 1Y ik
AT FOAS e B 1] 2. DQN 75 5238 {5 5 T iC i 4t
BB Tz N H R A AR B R Y T B
ZH e B AR T BB A v L S O W o 1k T
AL, R T DON A8 A2 18 5 5 KT BC I 28 5 4k 14 2k
—B R BERE BRI, AR SO T — R T

DON 59" & /K &2 JE Jf (extended Kalman filter,
EKF) M1 45 & (DQN-EKF) i) 58 i fi5 57 e v}
RG, %I R I FE SR DURs I I 2% 09 A 1
SE TS BUE AR A IR 572 O 15 0o R R e e [ A 1
FRGERAS TR DAL & A0 P 250y B bR b 4%
{ELAE SR WL A £, I 55 00 00 M 7 R 5 AN O
SR T I 45 (8 3 R 4 i 28 e WL O A 5
EKF #4325 A0 8 5K A, 15 3 DON A58 v i) e L 5
LSRG THE , LU e DON A58 75 v 19 2 BOR By
PRI, A8 A7 552 5 b BT O W) 22 3 7 B
Bi, Jf 38 5 % e SE SRR ] T DON-EKF JE B 5 %
1A R

1 MHExXTIE

1.1 REENLFES

S AL S 2 SORR il 2 2] VY o o) B O
o R RE AN B o A A U )T
IR o = I WD S (S v /R S o /D e o
fo BI5GB REMEL PR S A TR SRR R %
AR RS R A AR A, A A — A i AR fE
(R EIET]) ROB g R e IR R, B RE AR
iR AL A5 5 A5 B BRI AR A — A3
P, B0 45 3l A 9 I 00 2 A 52 3 2 Jih 588 Ak 45 5 10
BERKE R, B sR A2 ) BA 75 i ik
FAE T, B TG ik Ak PR 25 - 30 A 25 18] 2 oK 1
UL, A5 4% 48 1Y 5ik Ak =7~ AR e N B B S B9 52
IR

TR ISE 5 A 5 > K TR JEE 2 > (1 TR fiE 7 15 5
o ~) IR SR RE S A6 & 22 2 Bk OF HRE
8 2o g o g ) 75 3 S R DA DI e e A B Y R
Pl o TRBE R AL o7 T 5 5 Ak T F R X 2
TR T2 5 A 27 2 R FH R JEE ol 28 0 245 5 K 1) SR AE BE )
WA AL 5 > A7 8 15 S Q-table LA BRobR 25 -3)
V23 8] ad A Ta) R, ol % 52 56 A 25 ~) BE A8 1V T
AR ITRC R G . BEZ R 2 A
KEEARDT

1) 8. 256 0 35280 B8 i A
HH SR AN 0 25 20 A R HLAR AR R RE
PR 5 P18 58 HL A B )RR AS il A7 2 ] ie A2 o,
Il AL L 5 — LB R A T X R 5 i A 2y > T 2%
W%k SRl AR BETT ZATWE 1 AR A (8] B9 S IE, (A
AR TR AH Bk ST o

2) FEHRME S8 H s %5 AT
XL R AR TR (E E AR R 2% 19 S 80 2 AU R
T, R i B — 5 IR [8] 25 K5 >4 T A 3 19 2% (19 2 5
SEa S i ok o X5 i AT LACD B 0 25 bR
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BOE AT  26 ] R B R SCIE , $2 v T IR A AR
EME
1.2 FRFREBIRHK

PRAER K 2 38 3 (Kalman filter, KF) J& —Fh
X R GURE AT B AL TR SE 2 38 Tk
BOMIA BRAE R GE . B A SN AZ B0 113 A% 3
-3 Z G e ] A BEAL i R B R 1 R GE AR T L
Pt g RS 25 8] s B R 48, TG R /K 9
PeEATIHE . DI, B 2K 2 8l 2 ) 1 1A
K, AR AR ARG L TT AR GE AN Tl 7 i 45 4 AT 3
TR .

EKF J2 AR i /K 2 08 B JE P12 T 1
— R RIE . EKF A SR A SE A F) 22 2
BORTF AR AR LAk R G R WA AL, SR AR vfE
IR S HE B XA 5 BEAT B D Ab B . EKF 4k B
FELeME RGERYRE S HAEAT R RGE T B REEM
FER G T )2 .

2 ET DQN-EKF I i# 15 S AT AL
B 77 %

F T DON-EKF 553k 19 52 1 Bic i & 42 v, R
SR KT BC I R GE i R 0 8RR, i Y
S PR G AR X R S A T AT Y S R
A G R SR, 42 20T 2 15 ik 1] 5 22 Al il 52
o o, B RE MR AR GG B X R AR A AR S AE
B PSR ARG, AT SR Ja , BP0 G0 24 i
AR TNl 2 B 20 8 R, O R W B &2 e i 7
B Je , B REIA LR HBCER K2 il (L s AN B SR
ZREH RPN RMAIE. L5 T RAFE I 2R
A JF T DON W45 31 ko HL MR A R AE 48 4
KOs B s, O o FZI AR 3 e, D o 6 %)
BIBIAE s, o 20922555 D, o s 20 19 [l
L IT

DOQN 5% %L ~
BRI | | A R 90 24 8 i
s/
5k
fhii R BHER H R
IR HEA 4 1E RS
ZHUhTHE E’f/ﬂgﬁ?{%ﬁ
EKF
©) | Rt 5.
CRNEE S IR
’ C mw D
B 1 RIS AHE e
Fig. 1  Overall framework of the model
2.1 KRE=ME {3
T S R O SOE R B, R 0 [ o T 1
SR FH B BAS i R S g b ( discrete traffic state en- 0 0 0
coding, DTSE ) J5 ¥ 5 8 A~ + 5 % 1 I A% 4k, IF 44 S PR
AR S AT B B . 1% 7 T AR 8 U D B A 003 8 8
B IR I 25 B 9 AT Bl R AR AR N A Rk 0 0 0

o EHWHEMKEN4.5~5 m, HIEUEAK2
T [R) — > A L, I i R T 3% 3 2 0 09 4
DA 54, W RS R/ 5 me 7B A 1)
B CIRZS AR 2 M B < (78 3 >, fE
T 7R R RO T AT A, SR A U
LA S O o 2 [ 2 s 42 0 24 iy 4 52, A7
Hhm/so B2 AR AR B RS

2
Fig.2 Traffic state information representation
2.2 HEZEE
S AR o KT T AR 2 Y SR S S
WM ERS T T O ER . ASOh s E
SAT R ML AR I K 3 A 4 iR, T
o AAL T Fos ATy ) EAT (R PG A R

SRR B RN
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Fig.4 Phase change diagram of T-junction

B R AT ) ARG 2 R B Tr il e M AL 3 %
ANZR PG D7 ) EAT (RN AR ) JE A e, V4 1) o A )
FABL 4 RRZRVG Iy 1) Ac i 5 T 5 1 v R 1 3R
7RV ELAT (IR B ) AR A % ) AHAE 2 2678 7R 1) L
17 B A (IR oG ) B A %, i Im) AR A % ) AR A 3
F7N IR ) A e ([ I 4 1) g A e, v 1) KA B ) L A
B 4 R 1) 2 % (TR 0 7Y 1) B A5 5, B ) AR A
B) o RIRUIEACHE R G0 E Tk, B A AR AL R I
TELERT 0 e KA S I [R] A AR AR YE T, OF B AL T
He AT Z RS R[] 3 s B EFESAT,
2.3 RREHE

5 ily PR R X 23 R A 2 2] LA 2 2] Bk 11
HER o Bl p9 R FH = 50 ST 10 3 1 i 2 B 1) 5
Tz I AP A R s DR, 22 D % s S 2Okt
feFamfbs S AR E HE A B TR AR I
BACWAT SRS . (ESC AR S AT Rgeh, &
T E AR TR O R R E TR . R
1803 1 A v R B AR RN (] DR
W 22 il g SO ARSR 2 A Fil A 22 8] 2Rt 25 1 ) ) 22
2%, AR A KT
r, =W, -W,_, (1)
ber, o 2P A PRAT S AR R RIE s W, Rt

i 2 AT AN [ S VR Y 2R 45 i I ]
2.4 Q-learning & %

Q-learning J& 5 T4 {E PR KLY 3 10 27 2] 5095
HFERAE . HERE (s, ,8,,0,8,,) e S
5 (a, ,a,, - ,a,,) e A FIEE— TR FAR KA
fift S99 ER (L, R 4 300 B2 1 R AR A Il I e R sl A
Q(s,,a,) AIER — B2 HPIRZS s, B RIEIE a,
FR A T 0 28 {8 R 50, B 85 25 4R 8 BE AR SR Y 3
VERAS AR B2 v, o, (e, oo o0) e Ry
Q-learning Ay HFT A AN -

Q(s,,a,) = Q(s,,a,) +
a(r, +vy max Q(s.i.a.,) -0(s,,a)) (2)

K ae (0,1) 2Ky e (0,1) HEWEH T,
2.5 DQN &%

DON 7£ Q-learning f KL il I ¥4 fin 1 #h 25 9
2 IR XTI I 45 254 . Ho, — ANl 4
RV BESIE I B S8 75— A B AR M 45 R
VA REUE, EEH TG A 8. HAr M
I SHOR S IEAT AR, I B PR — B )
M E ML P S0 k. B, 2 A 45 1
i HR RS HORE . DON F) HH 3 B X 2% 45
4 Fre /IR A8 % oR B0 T B N 4% 25 8 . DON 1 451
KRBT

Loss(@,) = (r, + y max Q(s,,, ,a,,, ‘ 5) -
Ayl

0(s,.a,10))° (3)
KhZ, = r +ymaxQCs,p.a,, | 0) e HZIH

BRI 4 (8 R 8, 0 S B AR 46 i B s A B
QCs,.a, | 0,) % v i 245 1T 9 46 (8 s %, 0, 9 ¢ 1
A T 190 2% 9 A 1 S8

S R B /M, 0 T 40 B BN X
FHRECSH 0, 1B -

dLoss (@, -
dOf) = (rl, +’yrfll[i1]XQ(st+l’at+] ‘ 0)) ¢
dQ(s,,a, |0, dQ(s,,a, 16,
T, QG le) T
(4)
G IR
0r+] —
0.+ a((2 - 0(s,.a,10,) 010
(5)

2.6 DOQN 5 EKF HESHMEHE X
ARSCRE EKF T fiff e % 58 o Ak 25 o) #5080 o
(9 2 BN 5 P ), 25 K AN TRT S B o AR 2
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E'5 DQN 5 EKF MH%5 & 451
Fig.5 Structure of combination of DQN and EKF
FEpur -/ INaE p
0 L E
SR R oh _ QG 1000 s
¥k, WIH EKE (0 A BN R, B e | e LS u
il6;=6;,_ v
ASTy . 5 N

MSL\ ﬁﬁﬂ_l: Y)ﬂﬂﬁﬁjﬂ
x, = f(x_) +w,_, (6) ~ A
Z, = h(xi) +v, (7) 0, :f(oi—l\:'fl) +Fi—1(0i—] _0,'71\571) twW
Srfx, RS A Bz A R (- ) A (12)
RO AN AERIER L MRS R AMME 2 — (g, ) +H(0, -0, ) +v, (13)

Bow, ot BEMETS v, SR UL MRS B 7 25 43 I R
O, MR, . 1T ik A5 M s R UL 000 e 75 3 fet v 387 40
fii, ¥ E[w,] = 0,E[v,] = 0,E[ww/] =0,
Elvy'] =R,,

SRJG B o B 20 B N B 2 Pk 25k 0, fR A EKF
WRETREL,Z, M Q(s,,a, | 0,) %A EKF WL 75 72
HARA LT
0. =6,_, +w,_, (8)
Z, = Q(s,,a, |0) +v, (9)
A OB R 0, XoR 2R EMES S0, %
WA SEUE  WINAS 7 Z, R o B 200 H AR 9
AEPREL Z, A0 R PR . AR MRS PR 2L
£(0,) =0, AL smEL h(0,) =Q(s,,a,]0,).
R £(8) 1 6, S AR B — B RIF b (6,) 1E
0., ST — I, AR AKT .

70 =0,) + B (0,-0,) +0(0,-0,)

i10;=0;,;
(10)
h(ai) = h(oi\i—1> +
oh - -
20, 01:;1“7‘(& -0,_) +0(0,-6,,_,)
(11)

Kb 0, R EE AL § R BT B R T 0.,
AR § U Y L S BB 0 (0, - 0,,) i
0(05 _0[\;_|)ﬂql§]mlﬁﬂgmﬁo ’Iﬁ?ﬁiﬁf@%ﬁ%

F = = E, WMWK H =
aoi 0, = I;,

1

A% i YO ELSE BRI 0, kIR i -1
VeI 2L B M T 0, AL LS
T .
ai\ifl = E[f(éiflli—l) + Fifl(oifl - éi—]\ifl) +

wol =60, o4
AR I 0, 5 BB ORI 0, 1y it
B BB LD % P, . SR
WL R P, S EA i - 1 R RS A
R 2% P, A%, B HES AR T

Pili—l = E[(Oi - 0;‘\#1)(01' - oiuq)T] =

E{ I:Fi—l (01‘71 - 0i71|i71) + wiflj °

[F (6., -0,_,.,) +w_ ]| =
F_P_  F, +0_ (15)
AR | U FC LS RO 0 2, %
T (0, ) FLRHES AT
Zyy = ELh(8,,.) +H(0,-6,.) +v] =
h(@,,. ) (16)
LI A i Z, 5 S 0 A R O 2,
[ 2 148 B W B AR 2 B0 )7 2 P, B
R AR
P, =E(Z -2, )z,

_Zi\,;_l)TJ =
E{ [Hl(ol _;i\i—l) +Vi][Hi(0i _;i\i—l) +

v1'l = HP, H +R, (17)
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T A L 0 0% 2 5 5 O 2
) 5 722 6 42 5 L L 152 2
P,y BUHE SR F

P, =E[(0-0, )2 -2, )" =

E1(6,-86,, )[H(6,-06,. ) +v]" =

P, H (18)

EKF 325 K, 32 7% 0k 25 W00 0000 422 22 by oy 2%
R 52 2 i L, FR AR T
Ki :ﬁi‘,_l(ii‘,q)_l =

Pi\i,—lH;’r(HiPi\,'_lHiT +Ri)_l (19)

VAR § Y B 2052 2 RO T 6, i e S T
30 S A5 0 A R 5 2 KA T 6, O e 3
190 45 v T A 6 8, B A S
0., =6, , +K[Z -2, ] (20)

YAt i Ui AR A5 AR B 0, 5 205 B RO T
0, H9IR 2 B 7 22 FER IR 25 A 111 25 O 2%
P, FLKES AR T

~

Pi\z = E[ (0, _éi\;)(oi _éi\lz)T] =

Ei[Ol —0i‘i,1 _Ki(Zi _Zi\i—l>J :

(6. -6, ., -K(Z -Z,, )]} =
(I - KL.HL.)IV’L.“_](I -KH)" + KRK!'
(21)

5 1 FF ik, DQN 5 EKF HI%% 4 i £ % o 72
@K DON 8 ¢« 1 %4 0, .Q(s,,a, | 0,) Fl Z,
1 Ky A K EKF [0 25 75 7 AUL I 7 B2 , 38 3ot
PEFE 22 Uy 2219 8 EKF 8 25 5 @ 1% Q5 37
EKF 38 25 A% W7 0 /1N 2 92 2 550 1 (8 00 352 22 28 0k
SRS AR LS B MU 0, O e S 5
KU 0, 1L E AR h i35 O(s,.a, ] 6,)
AR 0 (s, a, | 0,) v i K (i 4 ik
1 1 B 28 1) T 5 il BR %, 48 785 203 K 11 9 3
TR, WA+ 1 Bz, . Z,, fl
Q(s,...a,.. |0,), 7L FRTEREGE ¢ +1 w2
[ B e TR 6, LA 24 1 2 4 e B T

3 MEXERITARILBERSH

3.1 fFEXIIEIT

3 77 22 i@ {J)f B ( simulation of urban mobility,
SUMO ) s — ™ O 52 38 A5 480 0, A LA o iy A 4
T A2 aE s, Hoak S Ak T — A ) LAk Y R B
THT , SC A 22 b A% A =X 10 i A D25 b B I 245 3

o A SUMO 42 it Traci £z H AL B 55 {5 H
FBIEL A H. i 283 15 5 AT L B & 4t 1 6% 3K
S 3T AR AT B, I A RO PR A0 E B . AE
SUMO -5 I, B840 3 FhAS [R] 1) 28 38 15 B 37 53¢, 9F
Ve T OEH 38 A W sC . Yo 1 A )
BB B T T O R AR B B O 300 m 3
52 N R B R T B T BB B 4 i
200 m 300 m 400 m F1500 m ;3% 5 3 g AH [F B
BREMNTFBO, 8 &BBKE N300 m, IE
B ACIE L, R A B A AR 2 3K %y 489 veh/h
(veh/h 7R 3 /)N B 38 3 1 A2 3 480 | e 06 38 3 I
R AR B AR B 3R F 0k 727 veh/h, S RIE
I I A, B B R T B R 13,89 m/s, i KN
MR 2 m/s’, P ESCE TR SR AR 2 ST N 4%
S EINE 1 iR,
®1 BHEE

Table 1 Parameter setting
ZH K fH
it K/ B 32
ATy 0.9
)R« 0.001
Z i KN N 10 000
WRE ¢ 1.0-0.01

3.2 FEXBRERNW

I TR0 46 B B A R 2 AL R 268 36 A8 2 (]
% BE IR A fig 24 > 2 05 7 A0 BC R P &L B
DQN . Dueling DQN . Double DQN FI DQN-EKF [
-3 S5 Rp B R R B BRI AR . BEE IR R R
[ 4 S FN 25 B 2 F1, DOQN | Dueling DQN | Double
DOQN I DON-EKF (1% - 34 % 1 fisf 1] 157 2 BA 51 4
BT bR B N B S

e 1 B R SGE RIS T, HE 6.,
7 R0 2 nl g, 767 2 45 A i [R] 75 D, DON-EKF

60
55+
S0f &
< 45t
,3
Z 40t
joicd
& 35;
7ol
Pl 30
25F
20+
15 1 1 1 L 1 L 1 1 1
0 500 1000 1500 2000
YL Inl5 41
—DOQN —— DQN-EKF
-+ Dueling DQN --=- Double DQN

6 Wi 1 IE R A2 U T A S 24 45 R ] AR A
Fig. 6  Variation of average waiting time under normal

traffic flow in Scenario 1
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Fig.7 Average queue length under normal traffic

Dueling DON

flow in Scenario 1
x2 PEIPEETERTHEEMEREIE
Table 2 Comparison of algorithm performance under

normal traffic flow in Scenario 1

55
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DON DON

B9 F 1 s N T2 A K

Fig.9 Average queue length under peak traffic

Dueling DQN

flow in Scenario 1
xR3 BRITEETERTHE RS
Table 3 Comparison of algorithm performance under

peak traffic flow in Scenario 1

GER7S T SRR ) /s S BAF K BE/m
DON 33.70 36.88
Dueling DQN 30.87 34.31
Double DQN 29.02 31.47
DQN-EKF 25.81 30.87

43 5| H Double DQN ,Dueling DQN £ DQN PR T
11.06% 16.39% 1 23. 41% ; £ - ¥ BA 5 K- i )7
I, DON-EKF 73 %] Ft Double DQN  Dueling DQN
H1DON KT 1.91% .10.03% #116.30% .,
Y 1, ST SR i E 8
O F 3 "], TEF- 2 SE 1 I 8] J5 TH , DQN-EKF
435 H. Double DQN Dueling DQN Hl DQN F&X T
13.03% 18.57% 1 22.22% ; 1€ -2 A 51| K B )7

60
55t
50+
% 45t
2 4or
¥ o3st
S 30+
T st
20t
B S0 1000 1500 2000
Pl e
—— DQN — DQN-EKF

we Dueling DQN ==~ Douible DQN

B8 Wi 1 i W A28 i T B - 2 A5 1% I ] A2 £k
Fig.8 Variation of average waiting time under peak

traffic flow in Scenario 1

Bk T SE R ) /s - BB K/ m
DQN 36.81 50.36
Dueling DQN 35.16 47.68
Double DQN 32.92 45.04
DQN-EKF 28.63 40.17

ifii , DQN-EKF 43 % [t Double DQN | Dueling DQN
1 DQN F&A% T 10.81% 15.75% F120.23% .,
TEY 56 2 v IR Al S 00T, i 18 10,
K1 Fg 4 nl A, fE 7 34 45 £y i) 8] J5 T, DQN-
EKF 43 % It Double DQN  Dueling DQN F1 DQN [
iR T 13.51% .18.89% F 23.79% ; 1£F-H A 51| K
J& 75 1, DQN-EKF 43 ] [t Double DQN . Dueling
DOQN F1 DQN F&AIK T 10.85% ,18.45% F127.24% .,

60
S0F A
L 45t
oy
= 4ot
&
& 357
.E‘P
= 30r
25+
20+
]5 1 1 Il 1 1 1 1 1 1
0 500 1 000 1 500 2000
Pl AEESE
——DQN — DQN-EKF
= Dueling DQN ==+ Double DQN

P10 35 2 b 2SIl T B4 1 2 25 18 i ) A2 Ak
Fig. 10 Variation of average waiting time under normal

traffic flow in Scenario 2
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Fig. 11

Average queue length under normal

traffic flow in Scenario 2
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Table 4 Comparison of algorithm performance under

normal traffic flow in Scenario 2

Bk 4 BRI H] /s S B/ m
DQN 36.03 45.74
Dueling DQN 34.28 40. 81
Double DQN 31.75 37.33
DQN-EKF 27.46 33.28

e 5 2 v, m eSSl R RS 00T, i 18 12
13 Rk 5 W] N, 7E - 24 55 1 I ] J5 1, DQN-
EKF 435l tt. Double DQN ,Dueling DQN F1 DQN [
f£79.85% .15.23% #11 20. 01% ; 7& F ¥ A %] K
B 77 1, DQN-EKF 43 Jji| [t Double DQN | Dueling
DQN 71 DQN [%IE T 8.38% .13.08% #120.26%

TEY 5 3 W IEH Sl S B0 R, 18] 14
15 FIZ 6 Al A1, 162 25 Ff if (8] 77 1], DQN-EKF

60
S5t
501
5 4
= 40
&
& 35
I
£ 30f
25F
20+
15 1 Il 1 1 1 1 1 1 1
0 500 1000 1500 2000
CUEEAEE S
——DOQN — DQN-EKF

- Dueling DQN ==+ Double DQN
B2 It 2 rp g 0 3238 U Y 1 2 45 1 i 1] A2 4k
Fig. 12 Variation of average waiting time under peak

traffic flow in Scenario 2

THI A HE/m

0
DQN-EKF  Double
DQN DQN

Dueling DQN

13 Y%k 2 rhosg W Sl Ui 11 2 BA B 4K
Fig. 13 Average queue length under peak
traffic flow in Scenario 2
x5 BRE2PSEXTBERTHEEMEENL
Table 5 Comparison of algorithm performance under

peak traffic flow in Scenario 2

Bk 3 AFE RIS ] /s FIBASI K E/m
DQN 37.98 55.42
Dueling DQN 35.84 50.84
Double DQN 33.70 48.23
DQN-EKF 30.38 44.19

43 %t Double DQN  Dueling DQN 1 DQN F&{% T
11.29% 18.66% 1 25. 19% ; 75 - 35 A 51 K B J5
Ifi, DQN-EKF 43 51| [, Double DQN | Dueling DQN
F1 DOQN R&X T 16.56% .19.94% F129.24% |,
EY 53 i, mIE S M s LT, 16,
17 Fn 3 7 w] A1, 78 34 45 75 i 8] J5 T, DQN-
EKF 43 %1 It Double DQN  Dueling DQN #1 DQN [%
8T 11.02% .20.87% F1 27.47% ; 75 FE A S

60
551
50F
2 45t
oy
E 40}
&
& 35
Rend
=
P 30F
25+
20+
15 1 1 1 1 1 1 1 1 1
0 500 1 000 1 500 2000
NGRS
——DOQN — DQN-EKF

« Dueling DQN === Double DQN

14 5t 3 HIE W Sl T i1 2 % 1 i ] A2 Ak
Fig. 14 Variation of average waiting time under normal

traffic flow in Scenario 3
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Fig. 15 Average queue length under normal traffic
flow in Scenario 3
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Table 6 Comparison of algorithm performance under

normal traffic flow in Scenario 3

Bk -y SR H] /s SEEIBASI K/ m
DQN 26. 68 32.18
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Table 7 Comparison of algorithm performance under
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Traffic signal timing method based on deep reinforcement
learning and extended Kalman filter
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(1. College of Electrical Engineering, Henan University of Technology, Zhengzhou 450001, China;
2. College of Electrical Engineering, Zhengzhou Railway Vocationaland Technical College, Zhengzhou 450001, China)

Abstract: The deep Q-learning network ( DQN) has become an effective method to solve the traffic signal
timing problem because of its strong perception and decision-making ability. However, in the field of traffic
signal timing systems, the problem of parameter uncertainty caused by external environment disturbance and
internal parameter fluctuation limits its further development. Based on this, a traffic signal timing method com-
bining DQN and extended Kalman filter ( DQN-EKF) is proposed. In this method, the uncertain parameters of
the estimated network are taken as the state variables, and the target network values with uncertain parameters
are taken as the observed variables. The EKF system equation is constructed by combining the process noise,
the estimated network values with uncertain parameters and the system observation noise. The optimal estima-
tion of the parameters in the DQN model is obtained through the iterative updating of the EKF Uncertainty.
The experimental results show that the DQN-EKF timing algorithm is suitable for different traffic environments
and can effectively improve the traffic efficiency of vehicles.
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timing system; parameter uncertainty; extended Kalman filter ( EKF)
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Table 1 Comparison of SSIM, PSNR and CIEDE2000
values of different methods on HSTS dataset

DiRis SSIM PSNR CIEDE2000
Hel*! 0.738 4 14.86 13.00
Meng!” 0.716 0 15.10 12.96
Berman'®! 0.768 8 17.51 10.68
Galdran'?’ 0.788 9 17.04 11.41
Shin!2 0.769 3 17.15 10.65
Yang!®] 0.800 7 18.21 8.99
ARSI 0.810 3 18.49 9.42

T BB Rn IRAILE R
F2 AEFETE SOTS ESEHEE LK SSIM
PSNR,CIEDE2000 & 1 b
Table 2 Comparison of SSIM, PSNR and CIEDE2000

values of different methods on SOTS outdoor dataset

Iy i SSIM PSNR CIEDE2000
He!*! 0.753 7 14.65 13.90
Meng!”] 0.7819 15.55 12.21
Berman!®! 0.802 2 18.06 10.25
Galdran'?’ 0.832 0 17.93 10.33
Shin 2% 0.8179 17.65 10.07
Yang!® 0.827 2 18.59 9.40
ATk 0.873 0 19.39 8.26

TE  RARER RoR e L4 2R
K3 AEFEESOTS EHRNEEE LAY SSIM,
PSNR,CIEDE2000 & 34 Lt
Table 3 Comparison of SSIM, PSNR and CIEDE2000

values of different methods on SOTS indoor dataset

iR SSIM PSNR CIEDE2000
He!* 0.8213 16. 66 10.73
Meng! " 0.793 8 17.04 10.41
Berman'®! 0.748 8 17.29 11.34
Galdran'?®! 0.781 4 17.52 10.86
Shin!?*) 0.808 9 18.46 9.17
Yang!®) 0.773 0 16.12 12.40
R 0.884 8 21.13 6.40
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Table 4 Ablation experiments on SOTS outdoor dataset
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Single image dehazing method based on improved
atmospheric scattering model
YANG Yong', QIU Genying' , HUANG Shuying” ", WAN Weiguo’, HU Wei'

(1. School of Information Technology, Jiangxi University of Finance and Economics, Nanchang 330032, China;
2. School of Software, Tiangong University, Tianjin 300387, China;

3. School of Software and Internet of Things Engineering, Jiangxi University of Finance and Economics, Nanchang 330032, China)

Abstract: Images obtained in foggy conditions often suffer from low contrast, color loss, and noise. At
present, many traditional dehazing methods mainly focus on solving problems such as low contrast and color
loss, but do not consider the hidden noise light scattered by dust particles in the air, resulting in a large
amount of noise in the dehazing results. This work provides an image dehazing algorithm based on an enhanced
atmospheric scattering model to address the mentioned problems. Firstly, according to the characteristics of
haze, the traditional atmospheric scattering model of hazy imaging is improved by adding the noise light reflec-
ted by the medium in the air. Then, in order to address the transmission calculation inaccuracy problem for
the dark channel prior, a refined calculation method of transmission is constructed according to the improved
model. Finally, combined with the idea of edge preservation and noise suppression of the total variation mod-
el, a new objective function is constructed and solved iteratively to obtain the final defogging image. A large
number of experimental results and comparative analyses show that the proposed method can effectively remove
the haze in the image, reduce the noise in the dehazing results, and retain the rich texture information in the
image.

Keywords: image dehazing; atmospheric scattering model; dark channel prior; objective function;

adaptive weight
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Region-hierarchical predictive coding for quantized
block compressive sensing
LIU Hao" , ZHENG Haoran, HUANG Rong

( College of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: During the predictive coding of quantized block compressive sensing, a large quantity of ineffi-
cient candidates will lead to low rate-distortion performance. To efficiently reduce the encoding distortion, this
paper proposes a region-hierarchical predictive coding method for quantized block compressive sensing, which
is based on the block-by-block spiral scan. After all blocks are measured at a subrate, the measurement vector
of each block is numbered and encoded in spiral scan order. For the current measurement vector, its predic-
tion vector is the inverse quantization vector with maximum similarity from its context-aware candidate set.
According to its hierarchical correlation, each measurement vector is classified into one of three regions. The
block coding model is used to determine adaptive quality factors for different regions, where the key region is
assigned a larger quality factor. As compared with the existing predictive coding methods, the proposed meth-
od jointly utilizes the local correlation and hierarchical correlation among these vectors, and the experimental
results show that at least 0. 12 dB rate-distortion gain is obtained.

Keywords: quantized block compressive sensing; predictive coding; hierarchical correlation; key re-

gion; quality factor
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FT50% EEMMAMBAT HBELE, TR, BREXBERS 2T (CU) X2 H %
DualNet, %k (1% HEVC # Wi NGB E 2, ML T ML ERHE 2 ANH 2 H R, =
BT R 4 AT R G AR LI G T R o R, AT Bkt I XUR R 1R R
BEEETX SRR AR E AL ETELAEARN TN RO RERERA D 2
TR M, EAEA TR RERESIT, TREREN: 5 HEVC ARt b, BT %

L AT R G5 R MGAT$R T B 45 4 64.06% 9 %5 A i A
X # W WM4A; H.265/HEVC; % & 20 (CU) K| 2 RE %35 X B4 M %

FESZES: TP39I1
NakFRE: A

ITU-T 5 ISO/IEC brifE L 4L 21 T — R 51
P % B b e 4 H. 2627 H. 264/AVC"
H.265/HEVC™  H. 266/VVCP' % & H. 264/
AVC frdEAH LG, H. 265/7HEVC Fr 42 & T v N Bl
U)o ] S0 ) P B, 7 R A A XY A A R A Y
FEOLT 0] AR TF 50% LA BB it i R, Hi,
HEVC {ii i 4% #% 28 JC ( coding unit, CU) &AL T
H.264/AVC ) % B 28 50 ( macro block, MB)
CU S5k 109 500 43 o5 96 7 8 14 Gt % 15F [0, 7 42 /&
SRR R e, L 2 RGN T RS 2 AR B gk
F0U A CU 3095043 7 05 T HEVC 45 4
BRI 80% o PR, el £ 4k CU Sl 43 5 =X L R AIG
HEVC () 4t 53 2% B2 R T 24 57 (4 BIF 58 4405

HEVC 45 Wt &5 3 53 2 Gt 65 4% B 98 (cod-
ing tree unit, CTU) fe] ,CTU 2% FH DU X4 45 ¥4 m] L

XE4HS: 1001-5965(2022)08-1383-07

=Xl R Z A4 CU, 3R CU W e 3 43
J7 2, HEVC T CTU f A M 64 x 64 3| 8 x
8 NIRN R CU, I 4y Bt R K BARM T . 5
SbFEHE CU SR 7 77 Xl # v, fd d 3h
Sk AN A WG BN R R HAN . B,
fE HEVC th 5288 CU et %) 43 i 5% F i) 3 VA 48 &%
SR A v 1 I ) A A B A T AR K 1Y
MO IpE] o PR, A SO HE 3 T 00 1 I 2% 1 CU gl
53 %1% DualNet, 76 CU ) 3 i F2 v, 4 A 5L T 45
TR 2 ) 4% ( convolutional neural networks, CNN)
F18 LN o 2%, S i PR PR e TR R A, T 24 iy 2
i r] e CU R 43 B 5 PG 1 H b 1 4%, i 5
BT R HR B SR AL A 2] T R R R AL CU
K 53 455 =R A5 I 2 T AR Y, S B CU R 3 Y d
ek ELAG T, bk ek I A CU &) 43 85X, L

WFS B H . 2021-09-06; A HHEE: 2021-09-17; W45 4 ERETE . 2021-10-11 16:35
M 2% H RR # ik ;. kns. enki. net/kems/detail /11.2625. V.20211011.1531.001. html
HESWH: HFAMKB %S (61972028,61902022,62120106009 ) ; H1 Jt 25 1 5 A4 B} 0 ol % 9% & W %6 4 (2019JBMO18, FRF-TP-19-

015A1)
= BI5{E&. E-mail; yaochao@ ustb. edu. cn

SIAHEN: MEE, pR#%, A, % HEVC X B H4G LT HMEF(T]. HFAMEMKAFFW, 2022, 48 (8 ) : 1383- 1389.
LIUM Q, XU C M, YAO C, et al. Dual coding unit partition optimization algorithm of HEVC [] ]. Journal of Beijing University of
Aeronautics and Astronautics , 2022 , 48 (8 ) : 1383- 1389 (in Chinese ).
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PRCU R4 FE, $27F HEVC B 4 i PEfE .

ZE b AR SO B T R R Y R DualNet
XA AL 9 2%, F T 76 B I HEVC i 3 #8258 CU
Rl 43 Y5k 52 2% i 1) TR) B 4R 0 g 5 5T 5 %3 CU
0l 3 1 20 265 VR 4 e Ak 5 s, S B IR 4 I 5 1y
AR AL, T 48 e R S e &% HEVC 5% 47 CU
R P 3R i % 3& M. Fr 4 DualNet 5 HEVC Fr if
S A F (HM16. 5) 4 L, Zi 5 B (] 57 35 [ fi%
64.06% , 144 L Fr 4 5 BD-BR AP XU WL
JH 32 = {E BD-PSNR {X N 2.876% 1 —0.120 dB,

1 tHxIE

1.1 HEVC GREBETIHMHLEE

WA CU Sl 23 07 235 42 4% B 1) 7 v 4 35
KRNI T I T 03 1608 &R 4 5k
o, SCHR [ 8-13 1 43 5308 3o ke ik 5000 48 X L CU 74
KSR 35 40 R PR AR F A Ak phe 06 8 X 4 25 o S K
A& FE CHE T R 5K 5 1, Zhang 45 SR R Ak
T 2 B TR AR B A B0 R S W
T CU %043 3 BE s La A L™ 42 T R A
AR H B 4 7T CU K 43 19 07 4 o 76 gk 90 5
1477 17, Wang 25104 504 10 SUR TE 580k S 4
B DU UM 25 K, LA A R 43 465 0R o A ok R 1
fiF 7 T, Qing 45 ) F P45 B 35 MR 4R A AR CU
1123 10 ) WA 1 5 Kiibeya 25110 ) £ %) 43 i 72
7 A 1 S PR e b B AT LA T CU
(9 5] 3k i 5 AR TS AR M RN S AR 1 A A
T A g A 2 B L AR CU Rl 43 5k AR o i
Bl AT B, 18 L3R T AR b, 5 T IRHRRAE
(9 5 RO R A, IR 40 JE S 98 TAR 30 Tl
1o 43T PR RS AIE S Bk o 6 2k LA R

FETHLES 2 ST 5 3 J7 2 U HLS 27 ST
AT E s T R R R R A R B CU
2143 LIS HEVC s CU )43 7 =%, 9k 2 CU &1
Sy (9 B ] . Zhang 4R ke SR B B
21| 5 i 1 435 8., b 25 A 3 B ; Kim A0 Park '
P T 7ELR S B R AR S A I A X U L
37 b 566 A R0 ] 2451 2 bR BRI 43 CU 5 Fu 25 i
S ) LR IR SR AE B I R 4 A
R B IR A ok A L 4 TR K B E] (G A A
BB T G R v Bl R R
IR CNN, [ 342 3 K MR 18145 %dis b 55 cU
R0 F S SRR o Liu 25573 R 0 T R R
CNN 4 B CU %] 4 te % ; Zhang 251" i) FH 9%
CNN 24 5] FG S B A B CU %143 ;5 5 i W 461 41
7T Inception B ) CNN 544 % CU % 43

PEAT BT 5 Xu 450 8 T SR CU R4
ZEH il =8 CNN 25 S 4R UGS IE . 13k
TAEEH CU %143 B AE — 0040 25 R 1, 2 W5 1
SR LR B B b v ) R AR T IR 4% 4 4
fe, EAE SR CNN Xt 4 R 15 8 U R s, b
SE—E R B R CU AR B BORS i
1.2 H{EME

SO {88 100 2% 2 — i T A0 R A A 5 T A
FOTRE 2% . E AR I BB 5 L Sck[22-24 ]
32 T X IO 45 065 0 e TR s A g X T 2 1 46
ST T KR % AL . Bae %5 i T — b
22 T 0 8 00 246 445 g AT 9 AR R B L B T T
193 W HEH IR AR T G339 52 2% 5 Abbasi
R X hoR RS R S e N |
it s Xiao 25 4 ] X118 190 26 45 1R B 8 O 2R
R e F A T8 Wy R T TR
Bitk o T L TR, X 190 25 B T o
[0 246 A6 750 2 [] B A S P, 4 T B0 O 2 £ DI R
ST IO % B RY (1 T kD o L 25 B T T U
Rl 43 9 TR0 1 A 0 3, TBE 5 491 2% 3 235 1] 3
AU 4%, 52 BUAE T 1 5 Zhou %% 38 1o X {1 199 4
ST X R B K T Wang %77 F
JEDGH 8 25 18 0 245, = 4% T e 5 A op R 4
L W R R A A 5 I Ak e Y b e T %
(RS TR 7 150 2 T Sl K 0 35 o 43 1 4 BRLAL 3 et
i) 11 2 e 190 4% 43 o Lo o DA P .
R T AR MO I 4% 1 2%, ) I A7 190 24 45 B fi
P 42 2 [) S, S SRS AR () B RD ISR AL

KT Ak HEVC 4 h CU K140 28
Tl % 20 B0 R BCVE S CU R 4% e 5% 1 4 A o6 8
AR SCI PG 000 2% 45 4, A 2 CU 3] 3 ple S A 7
TERAIE 4 B 1 fiE B9 AT 42 T 42 8 HEVC iy 4 =
HCU BRI 43 2%, Horh 3B N A a TR T
T CU K1 43 i3 T30 150 2% 1 F 38 ¢ &l 43 45 R 4
FAR & . T000 150 2% {8 Fll CNN [ 3h 412 B 71 4% (1
GG RARAE, SCBE R g CU R4 T, i
I St b L R 4 T T 4 L ) 4% LR 2
BRI K24 T 2 BB, SR 3 A Bk Oy 5 3k R
R 53 B, P Ak 100 45 A5 0 2 %0, 42 5 CU R4 i
B

2 ZRAEDEIT RIS X 1E M 4

ARSCHY IR CU 30 73 % i 9 46 DualNet 454
W1 s . Ho, S 2% T S0 CU Y R
3, FUBR 0 46 254 5 500 0 265 R AL, A0 2 B B
JEAE T TN 0 4%, SR 25 O ELACAN BTG B0 0 2%
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HARMZE
K1
Fig. 1
B 2 B0 R R A o X A D) 4% L3000 A5 U - 40 {1 19 A
T 22 K 1 Ry 400 % pR RS Y — 8 43 [ 0 1) % 6 A 7
PA R A5 B B A R LS80 W 45 8

2.1 T4

o R 2 T A8 HEVC #5 7E S 559 80
(HEVC test model, HM) "' 1 CU 3 09 %1l 4 1 #2 ,
TES RS ) TR rh 2 B CNN I 2545 3] 1 %) 43 7
R, H A&, R H 40 )2 CU %1 43 & (hierarchical
CU partition map, HCPM)[ZOJ TE 58 ) 45 B AE A TR
MHE . 5 HEVC 4% 5 o0 k) 4 v [ T 1) 8 2
THA SRR BN A, %450 "8 CTU AR S
ANCEHEERB L +4 +16 =21 AR 53 #1019 5 K

IOSSL= |OSSA,+ Std(Q[vrcd\clim\’ Q}f:lrgc()

T oA LE

DualNet %54 7% 2 &

Structure of DualNet

CU 1y %1 43 J7 305 e IR BURR AR 1 52 2% 72 2 %
DIAROG o AL, 000 0 2 A By CNN 23 A 141 4545 ik
SHTE S CU Ry, sl 2 fros . Bk,
T ) 25 1 5 X B CTU 25 J8 40 B R A7 £ 1Y
LR B3 R R 45 40, o bR IR0 8% 8 )1 2 2 HCO, )
FH1 3 JZ CNN M RHY 3 2890 3 B, (B, B, $2 U I&l
BAFAE, LLXS i HCPM fr iy CU R0 )2 9 K )
A [ 2 G RRAE T A 5 O — SRR AIE 1] &, 7E 42 %
2030 3 RSO AL B, LIFF S HCPM |y 3 )2
B A 2R &k £ 30 ( quantization parameters,
QP) X} CU Rl 73 B9 %20 5 e Jr , >R H R EL(E 5 4
IO A5 AIE 1ok ] Y 58 SR 48 % o BOPTA R i 2 JBUAfE
B .

2R 1616 =~ P
KM ﬁ /x4
4x4x ‘.\ B
16 #X X1 I 1
24 X \\.\
= \\f
32x32 | }'\
| A
32x32 8 4x4 \.’ =
ESfEl & 8x8x16 [ )f D)EH B,
24 [2%2x ;‘\.(—
|
CTU CTU 32 (
SV R | /’ \
4x4 ;“‘ ==
f
16x16 f
i 16x16x16 , '
ESIEEN e 8x8x . H B,
24 |[4x4x / il
2.7 (]
LI ERIRERAE R S HCPM

B2 TR0 P 4 25 4 7R 2 A

Fig.2  Structure of prediction network

2.2 BB ITR S W%

SRR R NS A8 00 2% e AL 25 4, 275 Rk
FLAC L VP 1A R, X8 F0I0 19 46 08 47 1A
B AW LA B R S8, AN 3 s .

AR SCEP XS L — CNN R JE 3% 4 i % & CU

I\ B

R4S R R i ), 2% HEVC h 358 AU
JEHE, B B AL R HACH QM RACAY 0, 1 B
PRIEHHR R Q, (h =64,32,16) . Q,, Hh H{H A
TR I0 45 SR AN R[] A9 15 0 4L, Y matrix, [ 1] 0]
Hmatrix, [0] [ 1] ZFFR . B, AR —
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|OSS" - lOSSA + Std(Q‘pmdm.unq Q,:mg.\:ﬂ’

|

target
%

HARRZ
3 WAL R 2 A

Fig.3  Structure of dual optimal networks

YR matrix, [m ] [n] (k=64,32,165m=0,1;
n=0,1)id5R 38550 . Hop B AU TT CU Y
KN, m ACEA oy FAE ((E28 0 Roan AR, 1R
AR5 e AR o TN A AL A B Y R 43 R B
matrix, [m ][ n]iEs% T CU K/NK k &R 4 B A
Jyom B Ry 0 S5 RECE . Q,, i TR A o
E X7 B LB 2 AR R Bl matix, [0] [ 1] 5
matrix, [ 1 ][ 1] Z 1, BACN Q, 2k H AR M 1 Bt
[ AR R
Qp = aQ, + 0. (1)
Xdca FB 45N Q. F QLB R %, —#
M55, 2¢ ELACH X 4 i 2808 52 e K7 B[R] AR A o

BEAh T — R B 2 T OB Y R )
B — [ 097 ) R, 5 B AR R Ak
BTG VRIS I A AT B B Bl . R, AR S
7o i 1 2% 45 ) - A PR AR R R 3 2K AR i 22 1)
f G 22, 8 U T I Tl o) o3 A Y £ [ 2% 4L
I R 2, ISR L E bR R 4t U 20 AR
b 00 265 1) 25 A4 5 T 099 266 A ], 72 I 24 3% AR Y
PR TR S, X T B2 AW
28 [vi) i o8 HC ) 43 T =X 0 A A 20 0 o %
PET E AR 2 B IF O (8 231 NV U, K F50 o 2%
(S BOR A FAR 2% o 12 45 6 A R0kl %o F3 0 ) 4%
AU RS2 B0 T o e B 48 A, LA B 0K ol B &
BT OB R A A A

Shy A T SITIN 1 % 2 5 a0 2% v B A A
U8R Y I 2 5 1) i e, T 0 2% 27 HCOF 4
B LT bR 45 VAR AR Q) B A
THEZER K, W, TR R S ER
2R A SCBETT A 2R bR B loss ) H J5U AT 45 B 2R
loss, 5 2 W ZE P E B bR 22 loss AL, TNT .

IOSSL - IOSSk + Std( eredit'liun , ;:lrgel) (2)
it EF] . Std %% /j:\‘ ;J‘_( ﬁqg ;:redicliun ]}n Q;:u’gel 1:/]1; 7& % , k —
64,3216,

W H, A R T IE 0.5 A D A g B A

DualNet [0 2% fiff ] 32 2k L EZ W 1 P 3 U7 1], R,
DualNet (8% 73 BI{E A BER H] 0.5, T 2 R H 2k T
R H B35 B AR R B o B E . B
BN AR

Q = matrix,[0][1] -y - matrix,[1][0] - 8 (3)
A Q MR LR T BBy T8 S H B R A
matrix, [ 0] [ 1 ] X450 760 51 00 45 SR 52 e 56 K

3 % I8

3.1 IBHEREE

1) SE 8 B4 . A SC 9 Il 2 84 R S
Hk[20] i fy CPH-Intra {4 4£", 45 2 000 3K
T EG ., BAFEASH CU 158 BE B [ Fl— AR
FEA RN o3 0 = o AR 2 A i AR el
5 PR 2R B JCT-VC 2 R 41, 5 2 80 3% 1
F 7 o

#1 JCT-VC X F IS
Table 1 JCT-VC test sequence parameters

20 J¥ 91 %4 75 53 Pr e Wig Wi/ fps
A Traffic 2 560 x 1 600 150 30
B BasketballDrive 1920 x1 080 500 50
C BasketballDrill 832 x 480 500 50
D BasketballPass 416 x240 500 50
E Johnny 1280 x720 600 60

VE s fps /s,

2) PFMFE AR . AU 4% VCEG-M33 f
% BD-BR 773" 14 BD-BR .BD-PSNR fll AT
=R FE bR . Ho, BD-BR 3R 78 #0450 BT
HAH R PG LT, D0 A0 5805 A8 LU D 4 550 3 09 L R
R BD-PSNR &R 76 AH [R5 S i 1 0L~ ,
AW BA VA Eb SR S50V B AR % U BT it 4 v (B AT
FETR TE S A AH R T B 1 B0 R R R T A

111 < 1
AT = =T 1009 (4)

AT AT 53 50 S HEVC A o FG AL 35095 1 A
FA) & % 1 18]

3) ZHBE . A SCRHA] Momentum I A6 4% ,
FIRECE N 0.01, (D) RESH B IE
790.005 o B E A 0. 0155 (3) 9 G HES KL y
8 43 B E A 0.001 1 0.0005, DualNet [ 4%
Il g5 fli B — 5k NVIDIA GeForce GTX 1080Ti & <,
Tensorflow fAS & 1. 14, % ] HM16. 5 i Py F5 =
BRINZ B B SO encoder_intra_main. cfg S5 31 4
it A2



58 1 X SE5E 45 HEVC Xl 4 5% 20 50 3] 43 0 Ak 53 ik 1387
3.2 HRLsCI® £2 HMEILWLER(JICT-VC)

ﬂ\] Tﬂ?’fﬁxd—’fl% ) éﬁ éﬁ *’lﬂ *ﬂfﬁjj.} IE'E] fE B P ﬁ‘é , Table 2 Results of ablation study (JCT-VC)
AR T 4 450856 1 4505 (32 CNN) R A RTS BD-PSNR/dB  BD-BR/%  AT/%
JH 2.1 95 CNN I ZRAE A Sl 43 B (A 1% 9 9 (0.5, S o e
0.5,0.5] ;%5 2 #5245 (iC A Thr-CNN) >R JH 4 A DualNet-E, 0,148 2,757 _66.01
A BME ) CNN YIZRB R Y25 )5 sh 24 B {8 45 1 DualNet-E, ~0.131 2.429 ~63.55
A[0.49,0.55,0.63] ;58 3 4528 (iC & DualNet- CNN -0.119 4.981 -72.29
E,) SR 2.2 95 9 %8 CNN I 2620, ) 4 1 {5 oo e e T
ﬁﬁﬂ{][OS,OS,OS] ;% 4 gﬁi%(iﬁﬂg Dual_ DualNel-Ez ~-0.094 3.941 —74.29
Net-&)%ﬁﬁﬂﬁﬁﬁ&l‘ﬁﬂ 1B 19 X5 CNN g 17 31l CNN -0.141 2.934 —43.77
2 NG sh S R E 45 R H[0.48,0.55,0.63] . Thr-CNN -0.134 2.796 -51.98
. . DualNet-E ~0.142 2.969 -50.03

YT AR AR 22 1) 4 P(QP =22,27,32, !
?Jll IR T A A 1 2 5 %ﬁP‘Q (Q : 7,32,37) DualNetE, 0,130 s ur s
WIS 3 6 P 0 20 W 0 3455 48 S
JCT-VC #4Lf) VCEG-AEO7. xIs'*' {14 BD-BR #0I b Thr-CNN ~0.116 2.029 ~50.53
BD-PSNR, 4 52 0 45 S 01 46 2 DulNeeF,  -0.35 2359 4475
. . N . - DualNet-E, -0.10 . 853 -57.06

YT AR SOk B T U R A ELHR 2 ‘ 7 8 ’

. X . . . CNN -0.146 3.636 -75.04
AR LESIERIL IMIG. S BT T S
BRENHBLT Y mmmEEmEm4 T : DualNet-E, ~0.141 3.501 ~78.48
M, 2 4. BD-BR {H¥ R IE, A% HM16.5 ) DualNet-E, -0.138 3.421 -77.55
SRR {1 T 3 B, (LR (A 6 4 1 6 OW oo L
/N G T i R B I HM16. 55 BD-PSNR {H bl 22 DualNet-E, 0:011 1:0;3 15:01
YoMt AR R 46 5 9040 & AH Bk HM16. 5 396 DualNet-E, 0.019 0.821 12.23
AN N [ = AV i BN N B £ i CNN ~0.139 3.347 Z60.52
HM16.5, fy32 2 %0, The-CNN {3 {8 F 26 25 %1 43 _—_— Thr-CNN -0.123 2.913 ~64.78
. . - \ . . DualNet-E, -0.137 3.311 ~62.92
BT AT R0 24 140, T i 2 1 o

J7 1], 5 B R Ay BOE 4R F AR AN . Dual-
Net-E  fif Fi XF fi ) 4 25 ¥4, 100 00 0 2% 2 505 ) =2
H b 90 45 520 AT SR (A 0.5 1 g Sl 43 B, FIR il
TR T AR o R FH 3D A B AR A X R 44 Du-
alNet-E, (f) %44 BD-PSNR 4 - 0. 120 dB 5F-y BD-
BR H 2.876% SE-¥ AT F —64.06% , TG T
CNN Thr-CNN ,DualNet-E, =A™ {44 | 32 B % W) %%
AL F R [ 43 3R 0 M7 91 i CU i 43 3
T H AR AT 5 A g 5 T R R R, R R T
HM16. 5 i N g B B ]

3.3 LBERRSH

R T VPG AR SO X P 2% X%F CNN 4b 3 CU
R AL ROR 5 b 25 ) 2% 25 1 A BIE G R
K BB % 5 i) PPMACTT Fl ETH-CNN" 4
HEAT X HE, SEER S5 SR 3k 3 iR .

M 3 A AT, AR SCR R I A B A AR R R
o B AR Y R 45 OB RCR AL T B, B
HAB/NYBERREE . B TACERHRAZEN
W AE PR ik, 5 % BB P g s RO A Y
ETH-CNN #H [t , BD-PSNR F 332 F 70.008 dB,
BD-BR [EML T 0.192% & T HEFiE ., &

®3 HEATISNILIWER

Table 3 Experimental results of CU partition

Bl ik BD-PSNR/dB  BD-BR/% AT/ %
PPMAC -0.240 4.945 -60.84

A ETH-CNN -0.125 2.550 -61.01
DualNet-E, -0.131 2.429 -63.55

PPMAC -0.141 6.018 -69.51
B ETH-CNN -0.121 4.265 -76.32
DualNet-E, -0.094 3.941 -74.29
PPMAC -0.538 12.205 -63.58
C ETH-CNN -0.133 2.863 -52.98
DualNet-E, -0.130 2.738 —-47.87
PPMAC -0.457 8.401 -63.53
D ETH-CNN -0.106 1.842 -56.42
DualNet-E, -0.107 1.853 -57.06
PPMAC -0.307 7.956 -66.55
E ETH-CNN -0.153 3.822 -70.68
DualNet-E, -0.138 3.421 -77.55
PPMAC 0.160 2.787 3.32
trif2: ETH-CNN 0.017 0.977 9.78
DualNet-E, 0.019 0.821 12.23
PPMAC -0.337 7.905 - 64.80
V-4 ETH-CNN -0.128 3.068 -63.48
DualNet-E, -0.120 2.876 -64.06
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9 B i 45 CU K] o0 465 R BT 25 F 5 00 M 5 2
I o TR B, A ARk L ETH-CNN 5303 F- 2
TE T 0.58% Ky dahhmt(a], $2 71 T HEVC % 554
Ho AXFLS%H T HEVC frifirh CU &) 7p Ji
D], I FH 0T A ) 2% 52 0 M B o T AR LG T ANl
AR H AR 50X {19 24 1% R SR B
TR e 24 250 SR R (6] 547 (A, 36 0E T Xl CU
243 W 4% DualNet 94 &1k

4 % i

ASCHR T BT % 25 R g CU R 43 2k
D L ALY 4 3] R g P T R SR T 1) 4%
F R EMALH) B o5 M 2%, FF 5 540 4k 1 7
Z5XT CU ) 43 9 9, & e 455 780 (% 50 000 of: A 32
S S5 S B W AR SCRR A T DL v A 4 A 1Y) ST
BRRAR T SR AR

TEJG 2B b R AR IR A b — PR R
i (i) T A5 2% CU K] 43 19 52 ), S 30 ot g A =X
At AL CU Sl 43 i e fk, Uitk — 2542 T+ HEVC
M RE
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Abstract: To resolve the conflict between the increasing amount of video data and the demand for high-

quality video experience, HEVC has boosted the compression performance by 50% based on dramatically in-

creased complexity of H.264/AVC. In this paper, a fast coding unit (CU) partition algorithm is proposed to

reduce the computational complexity of HEVC intra coding. To define the partition criteria, we design a conv-

olutional neural network, named dual neural networks ( DualNet). DualNet consists of two subnetworks, a

prediction network and a target network. The prediction network is used to determine the partition actions by

extracting images statistical features for skipping the traversal search of quadiree and improving the time

efficiency of the CU partition. And the target network is to optimize the performance of the CU partition based

on rate-distortion for achieving model complementarity. Experimental results show that the proposed algorithms

can save 64.06% of the compression time with similar compression performance to HEVC.
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Fig.1 Object tracking framework based on IoU-constrained Siamese network
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Q) & B P Y (8 7T LA S e i B 2 8% 7F B8 A B
B o R G IR R 2 R R R BR BRI A
SRE — BT B R T O I D 2 78 BR R R T
BRI R T R

pui) = 3 F(i,k) (7)

Nrep k=1

SR F(iLk) s | AN BRI 98 76 T UK b i
S KK

@ WPy A L VOT 5 )7 46 VOT2015
RS J5 T 1 VP A 9 4, G B [ B e B B 2
RS BE 5 B b . 0BT B T A R A, 1R R
B ISR AR OV R R 1 e, T A
g N, EOUR TR P8 T A TR R It (8)
B s 85 TR BE S N, 1 LA 91 1 -84
W @, R A U I BRI 5 [N,
N, 1 KT SRAFIK ] Py b, i 2 K6 i, B g i 2
TR T T R A T R (9) TR

N
~ 1 ’
¢;\s‘ :ﬁ‘; D, (8)

N

A~

P, (9)

¢::NM—NM€;b
AN, gL

3) UAVI23 $dli 4 . 255 — Ml 25 9000 5L
AR M TG IR S S T T R
WA TE T AL L, A 123 A &3 A 7
G, e bR 5 OTB s 4251
3.2 XWiEE
3.2.1 £IEIRIE

S2 I fd A Ubuntu 18. 04 R 48, CPU Al 5
Intel %% 19-9900K, GPU 2} 2 3§k Nvidia GeForce
RTX 2070 &, NAFK/NH 64 GB, TR % HE
484 Pytorch 1.1.0,Python fRA K 3.7,
3.2.2 9 %

JoHs AlexNet £ ImageNet Fffs 4 L 347 Il
4, % I 455 1 AlexNet 7€ ImageNet VID'™
Youtube-BB"**' .COCO'™'  ImageNet DET'®  GOT-
10k > 5 LaSOT" 6 ¥ #a 4 | 2834 50 4> Epoch
(AR ZE . Hob, b RSE KN ol 32, AR
BRI 127 x 127 25, R ER KD K
255 x 255 (R % . i FH B BLABG B R 55 A Ak
B FT S Fr 2 % 0.001 MR K %0.01,
JFas e, ) KB B NE L ERE
0.000 1, 7€/ 10 %& 09 I 2k o, 45 A 45 3009 4%
AlexNet 1) Z 5085 [ 7 , I 25 DX 385 7 45
[ 11 %74, AlexNet [ 25 2 200 A %5 .

3.2.3 3K
(o FH VI 5 2 ) A58 280 9303 £ 504 4 VOT2016
OTB-100,VOT2019 ,UAV123 | 37K .

4 LWEREZH

4.1 VOT2016 HFEE LWKWHER

FIUHAGE B M AU B 1 & 3 3 AT
Mg bR5 5 N Je E Y 8 AN BR B A% (SiamBAN'
SiamMask ' | SiamFC + + ' SiamRPN + + "
SiamRPN"*' | DaSiamRPN'' _ ATOM"' |
FCUD) HEAT T X HeSe . R B, i 2 5 koK
AR R RSE /N, DL MB Ry B il R 3 B ok 3R
I8 R A AT A T 238, LA/ s SR B, S g A R A
1R,

1 FREHKFE VOT2016 HiEE LRI H &R
Table 1 Experimental results of different

methods on VOT2016 dataset

Siam-

WYy St g/
Ir ik W R =

HER MB  (i-s™")
KRS 0.635 0.200 0.463 41.8 220
SiamBAN (28] 0.666 0.144 0.505 410 54.53
SiamMask 0.643 0.219  0.455 82.1 55
SiamFC ++ 4/ 0.612 0.266 0.357 71.24 90
SiamRPN ++ [1% 0.640 0.200 0.464 206 35
SiamRPN !/ 0.618 0.238 0.393 23.8 180
DaSiamRPN'*°'  0.610 0.220  0.411 86.3 160
ATOM Y 0.610 0.187 0.430 108 30
SiamFC7] 0.530 0.460 0.235 8.92 86

N1 A LA AR SO TR A
PE BT 2 T S R R A AR P Y U T A
B S, T ToU & WAL 4 oA 7 2%
Oy 3R T 425y 35 1 IE 43 3R AR A 56 1 )
B, AR SC 7 AR RS B 5 1 LG SiamFC o+ 4+ & T
0.023, . SiamRPN £ 0.017, 4, SiamBAN
SRTENGTFE LB T S i 45 40, H 2 JHL R B8 okt 8 L
Hy 54.53 Wi/s ARFASCT L. S BE T 26
HR AR AE 5 H b L S HE 1) DG F R 2 245 0 2 OF £
YIZRAEAS 1 T BE, ok 35 4 b DT e I 2R RE AR fiff
155 Hy A5 78 B LA 0 0 1, RD Ot A SC T ik A
AT DaSiamRPN 7E &  F AR T 0.02, A
77755 SiamRPN + + fE 872 5 & % | AU AH 22
0. 001, 15 B AR S 12 B A 5k 1 X 33 180 ) 6% 11 R
EEARAE AlexNet b HUSAE 47 (M BE

e HADBR R ARG A 22 A KIS LT, AR
SRR 2 8 il 41,8 MB, SE R I8 17 3 R
220 Wi/, Hok 2 802 5 PE A6 0 B R 2% o 5 A
P, Hop,SiamFC + + B AT i AL 43 3, (H 2
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P T DX S % v 4 2 VA L S
3N, SRR 2, BT AR 90 Wi/s, i
SiamBAN ,SiamMask F1 SiamRPN + + #[{{#i J§ Res-
Net50 VE A8 T P4, 35K T BRER 2% AR A | DA 17 34
T S8R T IR R T AR SR Y R
FEAS 0 T M2 Sl AlexNet, S i /N T Res-
Net50 , Jf4fi i ToU 5t &2t 91l 43 S A IR A 1 40 28
Oy 3B T SRR B R T S R
4.2 OTB-100 ##FEE FHLWER

OTB-100 %4 45 & H b R 8 40 s b be e 28
A PEAG IR A o A9 R — UM 2 PP A A =X,
R ) ARG BE 2 A PEA 48 b PR AG A SO ik
[l ik 5 9 A b %5 5 F /Y R B 2% ( CFNet” | MD-
Net'™'  DaSiamRPN"  SiamRPN"' ECO-HC''
Staple ™’ SiamFC + + "' ATOM"" ' SRDCF"*’)
BT X

W 2 frs ARSI P13 455 4 0. 680,
o T AR R A% 5 R BEAR53 24 0. 888, {LIK T MDNet

I-O cane
I —
0.9
0.8
0.7
0.6}
Eoosl — o680 Ak
E —— [0.679] SiamFC++
= o4l e+~ [0:678] MDNet
: [0.667] ATOM
03k == [0.658] DaSiamRPN
' [0.648] SiamRPN
0al  =[0.643] ECO-HC
2F __ [0.598] SRDCF
oqL e [0589] CFNet
: - [0.579] Staple
1 1 1 1 1 1 1 1 L
0 01 02 03 04 05 06 07 08 09 1.0
A RE
() T B (H -5 T LU e E 3
1.0
09F e
g @ emm===
0.8} }
0.7}
0.6}
=2 st —— [0.909] MDNet
= —— [0.890] SiamFC++
041 se-= [0.888] ATk
[0.880] DaSiamRPN
03} —— [0.879] ATOM
[0.856] ECO-HC
02k —— [0.853] SiamRPN
- [0.788] SRDCF
0.1 =+++ [0.784] Staple
— [0.777] CFNet
1 1 1 1 1 1

0 5 10 15 20 25 30 35 40 45 50
SE N AR B
(b) S FE DR B LA L LU fEE S
B2 R[E T 7E OTB-100 Hids 4 1 i 524 45 21
Fig.2 Experimental results of different
methods on OTB-100 dataset

F1 SiamFC + + , MDNet i 15 7F £ B 4R 58 397, 35715
T SR e A R ERORG B (L HC R R R 1. 52 it/
ek 8 LB RR 5K o A SO AN TR A LA
BAL, BELL 220 Wi/ F 8 S B MR B 3B 17, Siam-
FC + + ffi 1] GoogleNet fE & T M4, 315 T #
Y ER R R B B AR AL S, S e R, s AT
ALK 90 Mi/s , £ SERT P AN INA SC T
4.3 VOT2019 HEE LMW LER

VOT2019 i 42 & 7E 2019 4F 405 B 25 Pk % 2%
AR AHECT VOT2016 %4 4, VOT2019 %4fE
FEEATEMPRERE . A H S VOT2016 4
RAFEPENFE bR, W T A SO 5 HAh 6 4~
PR 77 ¥ ( SiamBAN™Y | SiamRPN + + ' | Siam-
RPN’ sPM"’  SA-Siam-R'*' . MemDTC'*') 7
VOT2019 ¥cds4E EryrEaER I,

B8 2 AT AR SO R TR B Ve S B
T E SRS 4 5k 0,597 .0.522 1 0. 289,
AHEL T B Al P 4% SiamRPN ¥ A7 8 R4 T, 5 H
b S 2 1 R B R A L AR SO R AR R T A AT
ISR, BARARSCIT kAT F M5 bs 1 5
SiamBAN F1 SiamRPN + + f Ilb BA — & 2 H , 5
H T SiamRPN + + 5% J VR )2 0 2%, 78 4 /& K B A
B PERY R I REAR T SEEE P 5 I SiamBAN 4 Ky
i R 2 2%, 5 221 3 [m] )2 9 43 28 R [l 15 i
FES BRI, i R R R

R2 AEFEEHEE VOT2019 LW ER
Table 2 Experimental results of different

methods on VOT2019 dataset

Iy ik G B2 G WMETPHESE
AT 0.597 0.522 0.289
SiamBAN[28] 0.602 0.396 0.327
SiamRPN + + |10 0.599 0.482 0.285
SiamRPN !/ 0.573 0.547 0.260
spm ! 0.577 0.507 0.275
SA-Siam-R!??! 0.559 0.492 0.253
MemDTC 22! 0.485 0.587 0.228

4.4 UAVI2I HiRE FWIHRER

UAVI123 %4 48 v H b 1 32 255 2 g g i
JEE e RUBE A AR R AR A R H A s 1 4 Al
15 IR BRI B R By B bR B R i Pk v . A
2R — UE o PEAG A S H A 6 A BR R Oy
(SiamRPN + + " SiamRPN"’  DaSiamRPN"" |
ECO"™' SRDCF™’ DSST" ") ¥E47 T b,

mE 3 pros, A SCIr ik B P 45 55 R
0. 604 KB435k 0. 790, B By 5 FiRS B 45 43 4B
LR Tl T ResNet50 1 Sy ¢ AiF £2 B 25 1
SiamRPN + + . ResNet50 2R Z 00 & T W 4%,
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031 = —[0.604] #3077 1%
-+--[0.579] SiamRPN
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——[0.525] ECO
0.1L ++-+[0.464] SRDCF

—1[0.356] DSST

0 01 02 03 0.4 05 06 07 08 09 10
A B
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0.9

;%E
3
03k 1 —— [0.804] SiamRPN++
i~ == [0.790] &3CT5 1k
-+-- [0.781] DaSiamRPN
0.2 [0.769] SiamRPN
’ —= [0.741] ECO
0.1 «+-. [0.676] SRDCF

—— [0.586] DSST
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SE AR B
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Fig.3 Experimental results of different methods on

UAVI123 dataset
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TR AT AlexNet £ 0 o fiE 428 B 2%, B AT B0
{1 S P o
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1) ARSCEB T —F 3T ToU 29501 25 4 K
2 E AR BB 7 1 o a0l P 2 2 AR R 1
{ER VE FCREAS i 45 1E B3 I 24 A 10 28 5% B &
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SO P43 2 4 3 5 LI 4y 32 AR A G )
REAIR T AT S0, 4R T T R B RORS B

2) 7E¥U4E £ VOT2016 . OTB-100 , VOT2019
UAVI23 524N MRERBIR AT T X L5286 . A
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KB DA AT e T, 7E VOT2016 %4l 4 I, IR
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Object tracking method based on loU-constrained Siamese network

ZHOU Lifang"** " | LIU Jinlan', LI Weisheng’’, LEI Bangjun', HE Yu'’, WANG Yihan'

(1. School of Software Engineering, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
2. School of Computer Science and Technology, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
3. Chongqing Key Laboratory of Image Cognition, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
4. Hubei Key Laboratory of Intelligent Vision Based Monitoring for Hydroelectric Engineering,

China Three Gorges University, Yichang 443002, China)

Abstract; The tracking method based on the Siamese network trains the tracking model offline. There-
fore, it maintains a good balance between tracking accuracy and speed, which attracts the interest of a growing
number of researchers recently. The existing Siamese network object tracking method uses a fixed threshold to
select positive and negative training samples, which is easy to cause the problem of missing training samples,
and such methods have low correlation between the classification branch and the regression branch during
training, which is not conducive to training a high-precision tracking model. To this end, an object tracking
method based on intersection over union (IoU) -constrained siamese network is proposed. By using a dynamic
threshold strategy, the thresholds of positive and negative training samples are dynamically adjusted according
to the relevant statistical characteristics of the predefined anchor boxes and the real boxes. Thereby improving
the tracking accuracy. In addition, the proposed method uses the loU quality assessment branch to replace the
classification branch, and reflects the position of the target through the IoU between the anchor box and the
target ground-truth frame, which improves the tracking accuracy and reduces the amount of model parameters.
The proposed object tracking method based on the IoU-constrained Siamese network has been compared and
tested on four datasets; VOT2016, OTB-100, VOT2019, and UAV123. Ideal results have been achieved in
these datasets. The tracking accuracy of the proposed method in this paper is 0. 017 higher than SiamRPN on
the VOT2016 dataset. And with a real-time running speed at 220 frame/s, the expected average overlap rate
is 0.463, which is only 0.001 worse than SiamRPN + +.

Keywords: object tracking; deep learning; Siamese network ; intersection over union ( loU)-constrained ;

dynamic threshold
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B T #& 18 X212 M 48 5 K< B B 5 58 i & R
CERE VSIS ]

(hERHABE A s D50 B PUN B K m 8=, st 100190)

1% E AGHRERESFEEETANEGER RN ERET R, AAESH
BREETABLEGINHRAEARBFT LSV EFT N AR EF LA, EAHKEL A, O F
FHREETRABAEENBFEE LNHF R EHERE AN THAEFE L AN EHIE R, R
WY EERGREPELA, AR —FARET RT3 AE LI W4 (DSMN) K B E %
WRAEREA GERIEEA N E N LA ERERGRE B, RAEAGER 4 AL RR,
DSMN # A 4k 4% ) A28 F WA 5% WA th 2 FiE X x &, LRNE WLIE 2 F WA 8 iE L iR
B BLMRERL2HERAEXRAERR SN E GO A R EEEGHITIEELRA
FERFEEIEXRERTEAMTMNEE, T ABOFN K BEGH K & R %, 3T MS COCO
Captioning # 45 & & L T K & H R # 3% & R AL 5% F 0 X & Few-COCO, # MS COCO Captioning
#1 Few-COCO $# &% E8y £ AN E N L5 %k ¥ ,DSMN H A Z Few-COCO ¥ 48 & E# & WA # R

R K 0.602 8% ,H FI & K 0.323 4% ,F-1 {8 50.356 7% MR T EEF EFRFAWE,

x ¥ .
B4y ES . TP391
MHEAPRRED: A

P {54 38 2B 1 (image captioning) {T: 55 & £ %%
T A ER AR O Y H AR R AR S
SRR B35 G v 5 B B BE 0 A A ARIE =
J7 5 0 A BURE 7, I HL 52 30 A B B8 381 SC A B
T E B AR, B R 2 S R
I B R A T 514 3] 1 PRl & e . HAT,
XF T G A R AT 55 18 R 23 ik 58 T AR 2R T 4
gy -fEtS 487 (encoder-decoder ) ZE 4y, B A % FH
4 25 P 4% ( convolutional neural network , CNN) {E Ky
i A EUR 0 2 5 25 45 2 00 08 B SCAF DR AE ,
i 9F 3R #f 25 I’ 2% ( recurrent neural network,
RNN) 8GR B2 H 3 & ) 5% 4 M 2% (transformer) £
SR R B8 SCAS Sl A At 2 FH T A 00 IO £ il 3k SCA
AN L BTk — AR AR R R T ek

REF; GRS, BRHELER; KRA; EILH%

NXEHS: 1001-5965(2022)08-1399-10

J7 ik, i 3 7 HLA Cattention ) 1 WL 2 W) 4 fiF
1 2 /1 (spatial feature attention) ™' HL%% WY £ (vis-
ual sentinel) "' #NEBHIIH (external knowledge) ' |
5 B /3BT (scene graph analysis) " 45 45 5032 7+
TREALIY A BUSOR .

VE Sy — Tl i85 B 25 2 AT 55, VAR A 34 A AT
55 BV AE A 52 oy T A5ORI X R 1Y) SCAS TP 91 20 %
M A HHE B v i R O3 IRIR R 2 T P A H R
AT AR Y, A O PR R AR ) A D
el AR g A R (R L3R ) O R A AR
AR A (LR, & B KR 4 A (long-tail
distribution) , LA MS COCO Captioningm%ﬁﬁﬁﬂg
@, “ % (dog) ™ R %= (car) ™ 55 H H A= i o & W
FROXF Gt AR B, B R AR AR B AE 3 T LA b5

75 EH#E: 2021-09-06; 5 FH HEI: 2021-10-01 ; M %5 4 AR A iE . 2021-11-16 1137

M 2% H RR # ik ;. kns. enki. net/kems/detail /11.2625. V.20211115.1939.002. html

HE&TB: BFESHEITR (2018AAA0100604) ; [H 5 [ K R334 (61720106006, 62036012, 62072455 ,61721004 , U1836220,
U1705262) 5 [ B} 2 B A v B 2 T AR 98 310 (QYZDJ-SSW-JSC039) 5 dbniili H AR A3 hk 4 (12010011)
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SIA®: AR, A, rEE BTN EFEXCRLNENKE R GH#EER]T] LTS A AFFH, 2022, 48 (8): 1399-
1408. LIU H, YANG X S, XU C S. Long-tail image captioning with dynamic semantic memory network [J ]. Journal of Beijing Uni-
versity of Aeronautics and Astronautics , 2022 , 48 (8 ) : 1399- 1408 (in Chinese ).
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“ AR B (ferret) ™ 45 5 L 3h ) A s A R ARAIG , 7
mEEABN/NT 10, AN KZHMHE T
2T L R TR R A S RO B Y H
B AERME I B O S TR Re . (HEL
Bk # CIDEr " SPICE'® . ROGUE'*' ME-
TEOR'"' J& BLEU"® % A T5 18 S o 3
AR A A Y, [H 1 K 22 8 B A Y 4 1 52
B EB 537 UL IR B S B, AT Z A0 T R K 5 DL i)
A R AE Y, BRI T O A RAR A A R v A
S Y H o

B X LA [l A SCHRE T B AR Uil e
[¥ 2% ( dynamic semantic memory network , DSMN) ]
KR G A R A R Y, 5 7 4 E A4S A8 X 3 L 3]
TR R 1 ) B, 2 TS U 2 L 3], G L 5 L
S R AR . A SCHE Y DSMIN A R
PR PR ) 42 R X R AE B O 5 A BHE
O A B 1) 1 s 3 AR B AH 45 G AT e AR
Ao BRI E 4 AR 4 - O A R AE 4 A
o, T AE R L T I 500 T B B 2 N 4%
P H PR ) B8 RS AE 227 s Q1 SURRIE M A %, 3=
L) HE 3 T i A R4 AE A E A i3] 14 SR 35
bR SR B B R — A B Y SR B TE SCRRAE
@B A8 A2 B0t , £ 2 RE A7k % WA 5
2 D ] B 0 ) i SR R I AT Bl A B R, SR
B UL 1) 5 L R Y 4 Ry O R 1S HE R IE T
%, dae 2445 31 F PR e 1 4 Rl R R AR B
(@ Jrh 8- Jey T SO Z5 43 1 B3] A A B | 2 B Ty
RE S Tl A5 SR TR SRR AE A 42 R X6 R AS Bk
] 22 R — A B

1 tHxIE

1.1 Efg#RERES

P54 3 22 JUAT: 55— FioRe [T 4R WL 5 P9 7 5%
e FARIE T 0 10 25 B AT 55, R A B 4
SR RE 5 B 1 34 1R 5 32 20N & (U SCHERR A ) | )
A TIE SC AR 91 A% B 5 R R R )
B TAL G AL & 2 T3 2 W98 K2 R Tk T B
s TR R AT o BT A RS TR R ]
o i 25 FBR TR HG R IR ) I 1 SOAR 8 S
T SCH A TR R b PR S R 45T R A
Je A — A~ BRAT A Fif 38 A6 3o b P 30 % — AR AR )2 1
35 DL B 8 R AR Ohy A 5k 5 S0 2 %6
JTE R EE R g ok B B SN A TR A AR R
TEAMER R, (FUR B S P 2 X LA o 4 D IE R AR A
B DT A7 T S A3 SO 2E

UTAF K Bl R 22~ D5 ik i 5L R

W0 £ T LA B o b 4 BB A RS 0 TR L
A VR R AT LA B IR R T
U SCHISE IR i A 340 2015 4R Vinyals 451
fdi 1] Inception W £ 4 Sy 4 IR T SR AIE 19 i
fb % , 00 K S 0 42 (LSTM) 16 2% A Sy A= il 4
IR SCA B fif B A BRI T B A T AR g O
(P RE [ 4 00 A 2K Ko R, Xu 25 ff
FHTE By HL 52 90 AR i FE e g o B SOfE R
AR T v JF RO B O FVRE T 38 ) 2 Fh AL R O
AR AR . 7E LS A -, Anderson 25 Fi]
AU YIN 2 19 0 A Gy T 85 28 82 BT 4 v 1 B s 5 T
EAE B AL R AR, JF 52 Y A o) R R A S L
HASE G B TE 2 7 PL ) 4G 98 B B P BE. Rennie
SR T R T SR Ak 2 o] R B A PRSI
Y5 (SCST) Jr vk i ik PEIR 5 8 A s 2 1% i i
AR VTN 24 SRR B R AT TR, AL R T
T A il AR s B Rt Ak B AR A 34 48 A
ANy ), BEE R E AT R N
transformer 7€ H 4R 15 5 A0 B (NLP) 40 & (19 |~ 72 %
FH,Herdade‘%‘ Guo'™' He'™ Cornia Z T
FIH] transformer A Shy fiff 1 #5 (4 i 38 A= OB Y, 35X
L6754 S AR B DX A7 i 2 B PR i L ART A G Y
SREES=WakiIN Ny G SN = RE =S 1N N =L S R (1 E|
TR ML A5 J7 TR transformer i ith i 2 5 #L 58
T SE BN OCHR IR IS T R A RR R T 1B
A 2751 P ST wansformer (1) [ 1 5 71 HLH
E— P AZ R AR 22 18] A TR 2 1 R &R DL Tl b
ROR o Wb A — S5 T B A ZS WO iy 5 45 A
A TR A AR TR A 3T 4F B4R L B VILBERT ' Al
ERNIE ! , H R HANFRRBAZ transformer 254
B, I A [ 1) 5 A 25 AT 55 R AT BN 45, e 2%
K BB I A AR T AT 55 EAT R B B3
3R G R A T 1 T RS A 4 T A
RUR SR PERE , O 1 18 5 IR A AR T s Y S
FHPE AR T 2B 5T 43 32, I 2 A
A4k A= 1 (diverse image captioning) XU %
A4 A 7 (stylized image captioning) & ¥
51%%:‘@;'5&{9,37—381 (novel object image captio-
ning) o HorbHr B AR AR AT 55 BT X T BT
il A A5 OB AR B 5 H AR 200 b g ) B, )
TREA PN Y B B& BB B AR 0 4038 R A5 B il
A2 A R A i AR b, SE BUET B RS X SR 1Y
EHAE R MG A 22 A8 B bR AR Y B
UYL U0 Yao 877 H A9 ¥ UKL Li 2
PR B HLHI R Wu 25 5% 4R A 3 25 8RR AR
T AR . NETE A BT H AR A A U
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AR SCH Y A R UG IR A i v 32 AT X
B4 A v AN () B 3R] 3R AR 23 A1 AN S R TR) R R R
P TH A AL T = DL 3] f) R ROR -
1.2 i21ZM %%

it 2 M 4% ( memory network ) % B 52 #1 Sukh-
baatar 25" R H A% 04 L B 2R R
(centroid ) ¢ fiE 3% 75 A4 A ¢ AiE 46 &, AH LL T
RNN I LSTM 45 [ £ rf i) KUK 25 ) d, Hal
F)RIE 2 W AR A RUE B g R, il
P28 AT LKA RO RE B 5 A (write-in) F§1E
A TE MURE 2 T HR 3R 7 5 72 ik 7 o
W0 2% 1T LAAR 95 i A {5 B2 Y (read-out) 75 % 1 1
PURRAE R 75, DT 52 BN IR AT . iR 2 28 7E A
iR S C 2 A RLZ TN, i, 7E
) 25 i 2R LA AT 55 b G A M 45 ] LA R R 2
> 22 9 B S A R B TR A P Rl [l A
TE—LePERAT 55 b, 0 A2 M 25 mT LU T 1 £
RS S, A AR TS AR A S R A s
JETE BB AT 55, i i 012 W 2% 3 2557 2] B
T RS AR U i R rh 2 o FAZ A A L iR
AV 3R] 22 6] 9 5C 2/, 78 AR G 7 v 4 o 2 D 1)
(TR LR, DT i T A5 70 S =7 AL 3] A 41 3 o
Wtk

2 RBEEHMINGTTIE

2.1 [EEEX
P 5 3 2B JUAT: 55 1) 800 2R o T 45 R SCAS

A N 21
il A e,

A

7

___________________________

AXST" X", o, me 1,2, M, M R4
PR P REANE, T i AR, X" = {x,,
2y e 20y | ORI SCAS IR v, SR R BSOS Hif 3
BT, T Oy R AR, R AR AR U S5 R B
B oo > LA R AE R i A B B 5 25 SO AR A
AU AT LA AT B A R T A= 1 RE 06 oE i 4
R EMRN 2551 B sl i B 4K 15 .

AT F B 5 b i B AR S e R
W4 BB /N T 1 A 7 1 5 R 4R 5
X Ah W, CW, LI MS COCO Captioning A ], L)
50 Sy AR A A 5 UL 3R] A3 A L a1 TR
AN ) A% G819 SCAS i R Az S B, AR SCER H Y
K EIG A 3AR AE ATE 55, B TR DR IE B UL 3R] 7 A
T A A TR B R R R X 5 UL 3R] ) 5 L 45 )
AR ROCR o B T S8 X — H bR, A SCEE T DS-
MN AR 254 B 2 iR, F I %7 DSMN 4
Y4 A R SRR Y I Sk 7 vk AT T A

a4

= 12
3§ 10
= 8
X 6
= 4
E 2

0

' i
1 MS COCO Captioning 4 5 Hp AT IR /N T
50 19 5% UL i) oy A s 2

Fig. 1 Distribution diagram of rare words with less than

50 occurrences in MS COCO Captioning dataset
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it ArRe,
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Fig.2 Model architecture of dynamic semantic memory network
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2.2 WEBEHLE

5 EA UL R R R R R R
230 SR FH B0 005 4 B 2% 1 72 TLSVRC-2015 %K 4
S U1 ResNet-101 [ 46 4 i 42 B R
— A FHE (R AF [ ( feature map ) 11 g 114 ) 4
SAFEFOR V=1V, Vo, V, | ,D =14 x 14 F5
R SR R (19 A
2.3 B NASIEREE

ASCR LA LSTM Sy 6l 260 5 (1) i S i 74
PR RSAE A U 2 ¢ B A
220 B TR (i A 7 e, LR AE SRS V
PEWSTEE A V e LSTM i — A~ i 20 1 IR 7S b,
e,y o S H PR o 5 20 7 et 220 2 50000 g 2 3]
T M 9 LS5 L, JE MR AR T V, A o
IRZS B, A EER S LT ST A,

ay = fulh V) (1)
a, = softmax(a,) (2)
Az = Zatif/i (3)

Kfia, ., /0508 a, a, 5 i TTER f, WL
AR A a, AT B LA E o,
softmax A8 Ji5 19 7 B I ACHE

A SO ) B SCER AR AE T ) AREAS
1 Ry 018 SCRRAE , T 3l 818 g e Rn R R
P 4 Jr v SURRAIE ) S 30

fEMZ )G R A RN e, BT EESN
LRSI LB R AE A, R RT — A B 20 ROk A
h,_ i A LSTM Fuill >4 i B 20 B2k 2 k, e,

h, = LSTM(e,,h, ,,A,) (4)
AT RORES b, 132255y, N
y, = Wh, (5)

S W Ry A A R 2 ) Bl S AR e S 4
2.4 FHFEXNIBIZET

Bt 2.3 WA ANE XA, T ER N
PRDEFREAE F A ) BRI 2% QA SR IR .

THERHILET

T2 L) B R A R i D 3 B R R G T 5 L )
B TN AT: 55 JC ¥ #E AT 38 43 0 2% 20, 52 e T A AR
RIRPERE o A SCHE R Bl A8 05 ORI 3 T Sk A7 4t 5
A I 8 AR ., I R A AN 25 v 42 4l 5 D 1) 0 o
DLAR) Z T6] Y S I, 3 iy 1 i AR 0 X =5 U 3] 1 7 S
FoRBES MM GE T . G AL oo F 2
A TAERE R 5 AR R s R B i R A A
fih gt b 2R BV B ) BT SCRMIE B A R B R (Y
W R 5 J5 3 W2 38 3 1042 50T T AE A R
FER VIR Y Hi T (4 SR () 42 R i SRR
2.4.1 BAHEX

TERER YN G FE v, B 818 d e oo 'S
ABER, R X ) SCRRAIE R AT A7 i RN
AT, TR IT R, B — A B X N — A
W SR RN o FERE TR () B — A AR LR 2 ¢, 1212
IR 2.3 ITAARIM A EEE ) BT SCr i
SERRE A, WA B R B w, BB C KR, B
AR UL, 7 B S AR T A A 1 KR
Y. WS B PV RTRE VAL Tl el N P R TSR TR VA
Fon M, 724, IF FH O HE 80 12 5T v 6
HY BRI R o FEBL I YIN 2R 45 1 )5, e 12 ot
SEBR B AFAE TR AR b RS SRR (] [
AR SR SURRAE
2.4.2 iEHERX

EAZ R TT R AR A 1 3 R . IR T A
FIFHCAZ B T A7 At 19 )1 SCRRAIE R s 1HER S 1T
PRI BRG] (Y 4 SR v SCRRAE . BARCR U AR —
A 2 e, A S T R R SO A R AR
A, FIEE—A 2] 1) 3 815 gLk M, g )
[ — > A 7R 25 [A]
A’ = ReLU(W,,A),) (6)
M' = ReLU(W, ,M,) (7)
KW, o 2 AW R R S 28

A i 55 I )8 SCRRAE AR A BLUIE] Y 1012
TR M PHERRIE L CRFIR R,

SCHBEAFEA,

————————————————————

____________________

(

! SEEGULHE ] )

| M | o
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Fig.3 Read-out process of dynamic semantic memory unit
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R, =A'|M n =12 N (8)
o || 7 R RAE 1) B I PR

TEMLZ G X 1 SCOC &R RR #EAT AR i 5 2
B 20 1) B0 o SCRRAE S50 I BT AR B BT
R P IEIC RN R R4S,
R = ReLU(W,,R,) n=12,,N (9)
S, = o(W,R) n=1,2,-,N (10)
KW, W, BB R 25

Z G LR A BN T 20 B 13 SURRAE
501 50 o & A BRI G0 12 3 R 2 [R] Y S BK
SRR TR v ST R S IR R 1 R R S
W R R N T Y ET R R N 442 R i L
KRMES,,
2.5 BE-2F/IENRIEERER

FE 2.3 W LT LSTM (1 Btk 248 h, St i
YA 20 A Y ER ]y, R ) T A R
FE AR BB 1 R SCfE B, R 3 B A al oy X
PR A Jr 5 1 SRR A B o 3 A O X TR UL
B S g R R R € N (DO R U I i1
TEAEI w2, Wk, R RS 4R
SCEE A B AR T . B OR B, AR S
PERLA 2.3 1 TSR B AR RS AR oy, A
2.4 A2 R TR LR TS, RITHE T —
Ak 221 B A= ol B ) ) M R A
P(w,) =

{softmax(l(ym +(1-K)S,) w, € W,

softmax(y,,)

(11)

ey, A A SR F A SO AT B A — B 25
n AR G HE 5 5 S, k2o 4 SRy 1 SO A5 #) 1Y
B Z5 0 A B P RE R K MRS S
B, ] LAY SE 42 Ja i AR RO e 2 T 114 52 Wil , A
SOBEAESL B 36 4> HEAT RN A B o X TR LA, A
T L SR SO AT LA BB T M e . TR
TERE R YN ZR B B, HAH %27 UL a2k H R 5 42 Jm)
T SCM S G 1 7 SOk RlA B0 . AE AR A I By
B, TOUR B A0 TE BT A R — A B 2 R WL 1]
R DR g — ok RS 4 R R AR S &
(9 75 2 HEA T Rl 0
2.6 B

R T ARAAS SCHE AR T A3 ) B X B
i) A= BUAT: 55 FCAZ BT R B LAk B bs . R
PG A A 2R AT 55 b 5 T ) 67 X0 B4R (negative
likelihood , NLL) #5 2k 3 1| 25 B3] A= Bl is He

Ly (1,X) == 3 logp(x, | 6) (12)

LR X 350 S G FN SCAR 3 5 T O SCAS 4
AL A B SR AN K p (x, | ©) R AR 20 0 A I
SRR OO I B «, BOME R @ AR BY ] 2 )
e g8

LA BT AL H AR 2 75 iR 2%

Lvncvn(IvS’X) - - T;(Sl_yl) (13)

Kp S, RRTEM Z] ¢ L TFidiZ B8 Le R
TS R R Ry, U R AR bR A P R
PA{A] ) one-hot [f] &,

I B L5525 TR R 2 Rk sREORIE AL 3 A
B
L1,S,X) = £, (I,X) + £,. (I,S,X)  (14)
2.7 BRI

FERT R VI 25 o B, 5 2L 1 AN fig 7 A48 BT 2 08
T SCORTRME I T 1 1R SCHRRAE, P I AR SCoHg A
R i 253 1 3 A4S By B, X AR RO [] A5 e ajE
1353 B Bell 5

1) X 2] A Bl e g N 25 o AN R X 2
IR L, (1, X) SRINGA AL, B8 Lid1e
FICA S 50 25, B A BB B i il B S 5K
WHh 1,

2) FEAF B AN RB AR E Y ] AR AR
I F fige i i 7 2B A T T SCRRAE 2l 25 TR B
A A R R SR AC RN IR L, TR SR R
BRI S, A e B AR &
SRRV S, B A OB B i Rl S K R
L, ffts s A Bin] A A e R 2 51tk .

3) FTF A A0 5T $ T AL X 5
A i R R BE T AR AR G RE T . R SE LI
LY REL L., (1, S, X ) [F) IF I 24 fif it & | P 3] A2
D8 BT PO r B G TRN VAR: o W) B 2 3V T VAR
DL A 2 2 R R 2 B ) A R B 1
HHESEK ARG RIEE M ERE R E 0 ~ 1
Z 1A

3 LWIRITEERSH

3.1 HEE

7 30 S0 v BT A B4 BN B R PG A R AT S5
W R4 MS COCO Captioning™ . %5 # 48 3t
T MS COCO 2014 E G5l ik . & —ikEH1E
FRE N TARERR] 5 A SCARH AR . B T5 75k
LT IATE T B E , A SCR H SCHR [44 ] 45
3 T I R4 A0 Tk 4B 1 £k Rl oy O 2, Hodp 3k
A 113 287 5K EGH Tl Z:,5 000 5K K5 H T 5%
UE, A Je 5 000 3k KR H FIL, AXEH T 5
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KA T AR oA R 1 b 287 15, 3 %%
it 45 B A SCAS 1 3 vb #0380 T 400 A0 g A A
B BB B T 5 W ia I 4 B ik
“UNK”#Ric, e &0 0 T4 7 9 487 A~ a4
RO 2 ¥ T e KA K 15,88 H
G323 AT

WAk, 0 T A RO KR UG R A BT v
ARHTF MS COCO Captioning i E XL T F
WA o % 58 3 4 10 5 R N A A G,
B T 3 ek A R L TR 0 A D ] A O ROk 4R T T
I RE 75 2 A B 4R o S BN T T
8 44 1) 2 SC A 2 UL AR LA B 1R R LR, AR
SCAE A NLTK T B ™ tp 2 ) PoS tagging T
ELH 2 497 , % MS COCO Captioning %5 8 48 4
WA I 24 1A R AT T ek, 4 i L 100,80
50,20 .10 15 k5% UL i) ) g o AR AT T Ge it an
TR, FEARLE D, ZEBME 50, BT
P 1 A 5% 2 WL IA] B RS |5 B, 8% MS COCO Captio-
ning Karpathy 4R H 43 5 2 /0 1 A5 03] i A
A% % B K R AR A A AT 55 & F It 4R
Few-COCO,

%1 MS COCO Captioning ¥ iE &£ iAFH %
Table 1 Word frequency distribution of MS COCO

Captioning dataset

et SiHE
oS STk 9 487
e 7 669
HY B 100 R LLF 4418 6 089
i B 80 LA T 4417 5 859
HEE 50 W LLF 4414 5420
HEE 20 R LLF 4 A 4156
HPL 10 W LLF 417 2 888

3.2 FMiERR

TEVEM 55 b, A SCHEE A B
FHE 5 A 1k fig 48 A 2F 47 2B PR g OF Al BD
CIDEr'"” | BLEU'®' | METEOR'"' | ROGUE'™' #i
SPICE'" . 3% 5 ANH& bR M) (iR AR SE 1 L3 X
= TR B AE U7 I A A IR 0 BT R AR
HESCARFRIEFR bR o BLAM , AR SCHE SR RS %
(precision) . f [A 3% (recall) #l F-1 {5 3 >4 2 4F
S5 bR F A8 AR VARG 2 DL TRl AR R . Ol T
T8, & LEBHY: (true positive, TP) FEAS J7 « HY
PR LS AR o A v B B AR A A R g
5 L IR 5 72 AR BH 1 (false positive, FP) £ 7 0y
“OR M A S A A 1 R rp (E AR R A A i
ek e S (RS ; E X EFH M ( true negative ,
TN) FEA  H BLAE B S 4 3R 3F g v B R ) I AE

B AR i A e 7 B R 3], AR e AR S B R e
SCHY TP FP TN SR+ 500 i 56 B 32 A0 F-1 5%
3 HEbR.
3.3 ZHAT

A SCHE Y DSMN #5284 fdi ] PyTorch 1.6 1
SRR SEBURELR , G % % 78 23 1) ResNet-101 [ 2%
{fi /T TorchVision 0.4.2 T. H gy sz 8L, If-{ii
FHTRYIN 52 0k 32 BOIL S8 FR A o Ok U8, 1
ResNet-101 [ 28 i) 5 Jm — > B2 09 it A S (&
BB LB AR, JR) FRRRAE 0] 5 (S B 14 x 14, JR
BRAFAE 7] fE A 4EE O 2 048, 7R LSTM fif# % #5%
FRAEAEECH 512, Hial i A Ron e 40 512, &
J1 F R SCEELE R R 512, BhAIE o2 Fos 4
JEh 512, AR SOC R B 5,3 i
Je B R 1] 5 4E B2 53 31 O 64 32 A1 9 487,

Yt A2 rp, B A FH 2% 2J R0 4 x 1077 Y
Adam 4k 28" dropout # %% K 0.5, 3
ZRBr B epoch GBS i BE O 30 (1 1 25,
Wk 3 A epoch Z J5 H % > Wl /N S Z 1 /Y
0.8 £, B 5 4~ epoch 2 J5 5 HL % R B
(scheduled sampling) £ $¢ i hi1 0. 05 H 3 0. 25,
e L) AR BB e RS R E O 0.25,
3.4 IttEAE

T2 MEAMRH S AT EEREMD
CNN i fith o A1 LSTM g £t g 14 Pl 4% SCAS $ili ik T ik
BEATRF . (DNIC BEAL Ry — A 2 T T3 25
Inception [ £ (1 P A5 A0 50 7 AIE 2 B g AT — A~ ik T
LSTM ) i S figk B i 20 B, 2 fie B 1 Bk T IR 3 2
STHA R A AR R, @ Auin 5 SR A I
251 ResNet [0 25 1 Sy [R5 AL 52 4 AF 2 1 45 I {1
F LSTM 1 0 i 5% g5 o A TR T NIC #5Y, Att2in
BT P T 5 s AL 25 P 8 AR AR A R SR
B IR 5 2 T R3] S5 S A G 1Y JRy B AR
B RFE 2 5 B AR
3.5 ENXE
3.5.1 A ARAEME R

TE MS COCO Captioning Karpathy 3% |- 1)
A OSCA AR S5 R 3R 2 oo A LA Y, 7
P BRI R b AR SCHR Y A A8 B A PRI A A 2R
55w IR 8 hs EA — Tt M T
K T AHIE] ) CNN g ith 8% F A 1222 0 19 LSTM
F i A A Au2in BERY 2R SCRERL Y P RE S THE /I
{87 1 30 A SCOy vk 1) F2 2 bR R AE DRI UL I 6
A VERE B ET4E T B2 T 5 UL 3R] A A v, X —
S5 LAY W] DSMN #8588 % £ 45 76 3 WL 1A 1
) AR PEBE
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Table 2 Results of similarity metrics of generated

captions in MS COCO Captioning Karpathy test split

A CIDEr BLEU METEOR ROGUE SPICE
NG 91.6  28.6 24.2 52.1 17.5
At2in!?] 99.0 30.6 25.2 53.8 18.2
DSMN 99.3 31.1 25.4 53.8 18.8

#3 Few-COCO MUiX & FM M T AHMIEIEIRER
Table 3 Results of similarity metrics for generated

captions in Few-COCO test split

(i) CIDEr BLEU METEOR ROGUE  SPICE
NicH 89.8 27.8 23.5 51.7 17.0
At2in! % 96.9 30.4 25.1 53.3 18.1
DSMN 97.2 30.4 25.2 53.2 18.4

3.5.2  FILIAREE AR EIFAE
£ Few-COCO 30 4R | A9 5% UL 1) 1 3 vHE )

FEPREE R MK 4 Frox. W LUFE Y, A SCHR HAY
DSMN #6278 75 5% UL i) A f R vE W 1 LA L TE A
RERIA ] 2 4R Th o 3X R W] DSMIN K4 7 A R HIE 3
D) i R P B B [ I, R LA 28 R O X = DL ]
TR BIOCR

4 Few-COCO MIiR&EFNERRAMREHRELR

Table 4 Results of rare word accuracy metrics for

generated captions in Few-COCO test split

gy W R/ % B2/ % F-1 /%
Nici 0.000 1 0.074 8 0.001 4
Aw2int®! 0.373 3 0.129 2 0.166 2
DSMN 0.602 8 0.323 4 0.356 7
3.5.3 Hakgi

KTk 2 A B A SCHR B9 DSMN 52 A v
FI A0 ot B9 VE T, X DSMN HE 7 455 e 33 il
IS o KR B G i 25 R A B 25 1 A5 B A Ay LAl
17 DSMN-Base , 765 10 12 5. 5T 12 42 & 7w Bl Bl
WA IS B3 AT 50 3 B B I 2k A 55 B A Sy 3 ik
Fi#l DSMN-w/0 MEM, 7£ Few-COCO | i 4 I
B 5 WL TR H R MERR PR PR g R AR S s, AT LA
FEH, M T DSMN Al LRl 45 % DSMN-Base
FII Bl 7 DSMN-w/0 MEM () 4% i 1 # 1E 4G %

5 Few-COCO Ui & FHFE LA IR
HAEHMEEMIRER
Table 5 Ablation results of rare word accuracy metrics

for generated captions in Few-COCO test split

el K 3%/ % ol /% F-1 fH/%
DSMN-Base 0.373 3 0.129 2 0.166 2
DSMN-w/0 MEM 0.535 6 0.224'5 0.266 2
DSMN 0.602 8 0.323 4 0.356 7

[ A A R R U = R TR e 2 N U RN
7 DSMN-w/0 MEM JS 45 %A #] 45 19 1 SRR R FR
2 AL 3 Bl 2 i 0t A il HATS SR 72 I 25 v AR
27 FE 2 8] B A O & R, DT AR — RE
R TR R X 5 DL ] A RO
3.5.4 RARSER

ARG AR SCAR AR Y 3, B ] A A B o A il
B SHCK JE TR E AR TR B SCRHE
iS4 Ja i LR ORI — A i fE Few-
COCO M iLHE 17 il 5 2 50 K b DSMN 27 1
PERESZ I, 25 R 3k 6 Fron. ATLLA L, 2 K K
0.25 A 7Y BAT fe HE A PR BE , 3 R s/ K 2%
MR R AR PR AR . 24 K B /N O (E I, 203 (19
T 5¢ 42 R g 12 B T AR B Y 42 R OC &R BURE
X2 P HEOE R ICE S8 M A A RO E A A
i AL LT S SO B TR AR AR BE 5 T Y K
i A (R, A58 DR TG ik 58 20 B HTIEAZ e
£ 1Y 42 Ry T OGP BRL T 52 W) ) 5 L 3] Y
TR o

#*6 Few-COCOMRELMESHMKHMOWMER
Table 6 Results of analyzing combination

coefficient K in Few-COCO test split

K K1 %/ % B n R/ % F-1 /%
0.50 0.424 3 0.1379 0.180 8
0.25 0.602 8 0.323 4 0.356 7
0 0.400 1 0.169 8 0.201 4

3.6 HRARKLIHT

Y SN WL M g3 A AR SC AR HE ) DSMIN A
BIMEfE  ZE & 4 TP B8 T Atin LR DSMN £
R 38 AR il 2 2R (e G kg 40 4 oy B S 4
&, B 4i] broccoli 1 racquet SHFE W iR ) . AT LIE
AR SCER Y DSMIN A5 A 7 8 3tb A= 1 1 AR AR
3% (broceoli) ” F1“ W BR ¥ (racquet) ” X 2 4~ F W
1] [ o R SCA T A 1 1 TE W . I AP AS SC DSMIN
BEAI A HERA A AR 1 R 8 LR 5 (bowl ) ™ Al
“PIEK (tennis) 7, Au2in 58 AE N iR 2 2
T ] A AR R A L (H BT TR
iR WA R T AR R o X S RS BN
E A JrEAH e, DSMN #5887 £ 15 |4 1 8 UL 1)
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GT: Closeup of a tray of food that
includes broccoli and potatoes.

Att2in: a plate of food that is on a
table

DSMN: a bowl of food with
broccoli and a bowl of vegetables

GT: A man holding a tennis racquet in
his hand standing on a tennis court

Att2in: a man playing tennis on a
tennis court

/ * DSMN: a man hitting a tennis ball

—

——__ witharacquet

P4 i A s R R

Fig.4 Examples of captioning results

3R BE 7 B[R] Bt 58 8% B M B M £ 3k = L 3]

4 £

1) A4 A DSMN #5  BE % 5l 2542 48 28
D) 5 H UL IR ) A R R LG R 3 L i [R5 T A
Jr BRLRN T S O6 F A B K i A S AN B AR R
T 08 JRy U SCAR R AR T L AR 4 R )RR AR ROR
PERE

2) N T A RO ARARE Y S 5 ) A il R v
B SCTFE UL R 4 AR L I 4E Few-COCO, 5] A
Oy HAT S5 v RS I 5 L3 L 3ORT F-1 48 45 F
ik A AR XoF % AL 1] 1) il A R

3) AHE T HEME T 1 DSMN B R #E A= J S0 AR
ARIPERS b LA 0.3 (42 7, 55 U0 i) 3 1 o i R
PETH T2 63% o 155 BE NS 1E O F5 8 UL ) 5 34 5k
SR 110 TR P, A 28R T o 5 D ) A R R

DSMN #5278 £, 28 3iF BH X 30408 4 v 1) 55 WL 44 1)
FR 4 3% B PR A B A A T A7) R AR T X At 2R
T2 UL 3R] (4 34 R 0, T R A R A T 4% 1Y
R E 4 BRURN 52 Uy 35 BT SOl 2 80 %, LU 4T
Hb 2 4 B3] 22 1] B 4 R O R AT

S 2k (References)

[ 1] HOSSAIN M Z,SOHEL F,SHIRATUDDIN M F et al. A com-
prehensive survey of deep learning for image captioning [ EB/
OL]J. (2018-10-14) [ 2021-09-01 ]. https; // arxiv. org/abs/
1810. 04020.

[ 2] CORNIA M,STEFANINI M,BARALDI L, et al. Meshed-memo-
ry transformer for image captioning [ C ] // 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway ; IEEE Press,2020:10575-10584.

[ 3] XU K,BA J,KIROS R,et al. Show, attend and tell ; Neural im-
age caption generation with visual attention[ C] // International
Conference on Machine Learning,2015 :2048-2057.

[ 4] ANDERSON P,HE X,BUEHLER C,et al. Bottom-up and top-
down attention for image captioning and visual question answer-
ing[ C] /2018 IEEE Conference on Computer Vision and Pat-
tern Recognition. Piscataway ; IEEE Press,2018 :6077-6086.

[ 5] LUJS,XIONG C M,PARIKH D, et al. Knowing when to look:
Adaptive attention via a visual sentinel for image captioning[ C] //
2017 IEEE Conference on Computer Vision and Pattern Recog-
nition. Piscataway : IEEE Press,2017 :3242-3250.

[ 6] LU D,WHITEHEAD S,HUANG L F,et al. Entity-aware image
caption generation[ EB/OL]. (2018-11-07)[2021-09-01 ]. ht-
tps: // arxiv. org/abs/1804.07889.

[ 7] YANG X, TANG K H,ZHANG H W, et al. Auto-encoding
scene graphs for image captioning[ C] /2019 IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition (CVPR).
Piscataway : IEEE Press,2019:10677-10686.

[ 8] CHEN X L,FANG H,LIN T Y, et al. Microsoft COCO cap-
tions: Data collection and evaluation server| EB/OL]. (2015-
04-03) [2021-09-01 ]. https: // arxiv. org/abs/1504.00325.

[9] LIYH,YAO T,PAN Y W, et al. Pointing novel objects in im-
age captioning[ C] /2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition ( CVPR ). Piscataway: IEEE
Press,2019 :12489-12498.

[10] ANDERSON P, FERNANDO B, JOHNSON M, et al. SPICE.
Semantic propositional image caption evaluation[ C] // Europe-
an Conference on Computer Vision. Berlin: Springer,2016 :382-
398.

[11] VINYALS O,TOSHEV A,BENGIO S, et al. Show and tell; A
neural image caption generator[ C] /2015 IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE
Press,2015:3156-3164.

[12] YOU Q Z,JIN H L, WANG Z W, et al. Image captioning with
semantic attention[ C ] /2016 IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway : IEEE Press,2016 .
4651-4659.

[13] VEDANTAM R,ZITNICK C L,PARIKH D. CIDEr; Consensus-
based image description evaluation[ C] /2015 IEEE Confer-
ence on Computer Vision and Pattern Recognition. Piscataway :
IEEE Press,2015:4566-4575.

[14] LIN C Y.ROUGE:A package for automatic evaluation of sum-
maries[ C] // Proceedings of the Workshop on Text Summariza-
tion Branches Out,2004:74-81.

[15] BANERJEE S,LAVIE A. METEOR: An automatic metric for
MT evaluation with improved correlation with human judgments
[ C] // Proceedings of the ACL Workshop on Intrinsic and Ex-
trinsic Evaluation Measures for Machine Translation and/or
Summarization ,2005 ;65-72.

[16] PAPINENI K,ROUKOS S,WARD T,et al. BLEU : A method for



5 8 1]

X585 LT B A i SIS 2 R 2% 19 K 2 TR 4l A 2R

1407

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[30]

[31]

automatic evaluation of machine translation[ C] // Proceedings
of the 40th Annual Meeting of the Association for Computational
Linguistics. New York : ACM,2002:311-318.

DEVLIN J, CHENG H, FANG H, et al. Language models for
image captioning: The quirks and what works[ EB/OL]. (2015-
10-14) [2021-09-01 ] . https: // arxiv. org/abs/1505. 01809v2.
KULKARNI G,PREMRAJ V,DHAR S, et al. Baby talk : Under-
standing and generating image descriptions[ C] /2011 IEEE
Conference on Computer Vision and Pattern Recognition. Pisca-
taway : IEEE Press,2011:1601-1608.

LI S, KULKARNI G,BERG T, et al. Composing simple image
descriptions using web-scale n-grams[ C] // Proceedings of the
Fifteenth Conference on Computational Natural
Learning. New York:ACM,2011.:220-228.

GONG Y C,WANG L W,HODOSH M, et al. Improving image-

Language

sentence embeddings using large weakly annotated photo collec-
tions[ C] / European Conference on Computer Vision. Berlin ;
Springer,2014 ;529-545.

ORDONEZ V, KULKARNI G, BERG T. Im2Text: Describing
images using 1 million captioned photographs[ J]. Advances in
Neural Information Processing Systems,2011,24:1143-1151.
HODOSH M, YOUNG P, HOCKENMAIER J. Framing image
description as a ranking task : Data, models and evaluation met-
rics (extended abstract) [ J]. Journal of Artificial Intelligence
Research,2013 ,47 :853-899.

REN S Q,HE K M, GIRSHICK R, et al. Faster R-CNN : To-
wards real-time object detection with region proposal networks
[ J]. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,2017,39(6) :1137-1149.

GERS F A,SCHMIDHUBER J, CUMMINS F. Learning to for-
get: Continual prediction with LSTM[ J]. Neural Computation,
2000,12(10) ;2451-2471.

RENNIE S J,MARCHERET E,MROUEH Y, et al. Self-critical
sequence training for image captioning[ C] /2017 IEEE Con-
ference on Computer Vision and Pattern Recognition. Piscat-
away : IEEE Press,2017:1179-1195.

HERDADE S,KAPPELER A,BOAKYE K, et al. Image captio-
ning ; Transforming objects into words[ EB/OL]. (2020-01-11)
[2021-09-01]. https: // arxiv. org/abs/1906.05963v1.

GUO L T,LIU J,ZHU X X, et al. Normalized and geometry-
aware self-attention network for image captioning [ C] // 2020
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition (CVPR). Piscataway: IEEE Press,2020:10324-10333.
HE S, LIAO W, TAVAKOLI H R, et al. Image captioning
through image transformer[ C] // Proceedings of the Asian Con-
ference on Computer Vision,2020.

YAN C G,HAO Y M, LI L, et al. Task-adaptive attention for
image captioning[ J]. IEEE Transactions on Circuits and Sys-
tems for Video Technology,2022,32(1) :43-51.

JIJY,LUO Y P,SUN X S, et al. Improving image captioning
by leveraging intra- and inter-layer global representation in
transformer network [ C ] // Proceedings of the AAAI Conference
on Artificial Intelligence. Palo Alto: AAAT, 2021, 35 (2):
1655-1663.

LU J S, BATRA D, PARIKH D, et al. ViLBERT: Pretraining

[32]

[33]

[34]

[35]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

task-agnostic visiolinguistic representations for vision-and-lan-
guage tasks[ EB/OL]. (2019-08-06) [ 2021-09-01 ]. https: //
arxiv. org/abs/1908.02265.

SUN Y,WANG S H,LI Y K, et al. ERNIE ; Enhanced represen-
tation through knowledge integration[ EB/OL]. (2019-04-19)
[2021-09-01]. https: // arxiv. org/abs/1904.09223.
VENUGOPALAN S,HENDRICKS L. A,ROHRBACH M, et al.
Captioning images with diverse objects[ C] /2017 IEEE Con-
ference on Computer Vision and Pattern Recognition. Piscat-
away : IEEE Press,2017:1170-1178.

CHEN S Z,JIN Q, WANG P, et al. Say as you wish: Fine-
grained control of image caption generation with abstract scene
graphs[ C] /2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition ( CVPR ). Piscataway: IEEE Press,
2020:9959-9968.

CHEN T L,ZHANG Z P,YOU Q Z,et al. “Factual” or “emo-
tional” ; Stylized image captioning with adaptive learning and at-
tention[ C ] // European Conference on Computer Vision. Ber-
lin ; Springer,2018 :527-543.

ZHAO W T,WU X X,ZHANG X X. MemCap : Memorizing style
knowledge for image captioning[ C] // Proceedings of the AAAI
Conference on Artificial Intelligence. Palo Alto: AAAT,2020,34
(7):12984-12992.

AGRAWAL H,DESAI K R, WANG Y F,et al. Nocaps: Novel
object captioning at scale[ C] /2019 IEEE/CVF International
Conference on Computer Vision ( ICCV ). Piscataway: IEEE
Press,2019 :8947-8956.

WU Y,ZHU L,JIANG L, et al. Decoupled novel object captio-
ner[ C] // Proceedings of the 26th ACM International Confer-
ence on Multimedia. New York; ACM,2018:1029-1037.

YAO T,PAN Y W, LI Y H,et al. Incorporating copying mecha-
nism in image captioning for learning novel objects[ C] /2017
IEEE Conference on Computer Vision and Pattern Recognition.
Piscataway ;: IEEE Press,2017:5263-5271.

SUKHBAATAR S, SZLAM A, WESTON ], et al. End-to-end
memory networks[ EB/OL]. (2015-11-24) [ 2021-09-01 ]. ht-
tps: // arxiv. org/abs/1503. 08895v5.

CHEN H,REN Z ,TANG ], et al. Hier