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Fig. 1 Framework of proposed model
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Table 1 Hyperparameter setting
S8 HfH
PG ARRAE 1 2/ 4 14 x 14 x2 048
i) [6] /2 512
AT /) 1 1) 4 512
LSTM [ i) 1 / 4 512
B T L Sk $ 8
AR FE K N 32

3.2 XWERSW

F2 ~ K4 N FRRTACHEBE
Flickr30K Flickr8K 5 Flickr8 K-CN %245 | 5z
5 25 5 (R oL S R B 45 ) o Hodr  NIC +
ATT J&JE T 7R B WL bt 28 IR AQ A 3R A A 7Y
AdaptAn '™ X T [ 58 I 1 PR 5 3 R A R R
NIC + WC + WA + RL' 236 F BR AR E 3 A gt o7
5 AR A G i) Y 2% (19 #5188, MLO/MLPF-LSTM +
(BS) ™ AL F VR BF LSTM [ #5 %1 | CACNN-GAN
(ResNet-152) ') & 3F GAN gy NIC + DS
i E P28 UG 4 34 A RS 78 1) Rtk 1, 4 A Y B
LSTM 38 Jinfiy A AR A7) 125 ) &, 100 S % o 1l 44 25
FEE J7 ,NIC + DSSA 48 76 #1 28 [KI 5 4 14 A= B A
RYF LA E 398 0 B 25 44 3 55 77, Top-5 . Top-10
3 ) PN O B ) 43 21 0 e 3 /NIRRT HE 44
HI S BUAT 10 AR RN ARG B .

#2 Flickr30K HiEEHNIXRER
Table 2 Experimental results on Flickr30K dataset

oA BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr Len
NIC + ATT( Baseline) 62.84 39.00 25.07 17.52 17.98 44.57 30.18 11.06
AdaptAtt 60.69 41.80 25.92 18.63 19.71 45.61 33.36
NIC + WC + WA + RL 24.50 21.50 51.60 58.40
MLO/MLPF-LSTM + ( BS) 66.20 47.20 33.10 23.00 19.60
CACNN-GAN( ResNet-152) 69.30 49.90 35.80 25.90 22.30
NIC + DS(Top-5) 57.09 39.35 28.66 20.73 20.81 48.24 49.78 17.58
NIC + DSSA( Top-5) 58.62 40.46 29.81 22.62 20.96 49.98 51.74 17.56
NIC + DS(Top-10) 59.76 44.53 31.48 24.75 21.31 51.36 50.91 18.43
NIC + DSSA( Top-10) 61.81 47.33 33.97 26.06 23.57 52.81 52.48 18.62

%3 Flickr8K HiEEMLHER
Table 3 Experimental results on Flickr8K dataset

g BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr Len
NIC + ATT( Baseline) 60.32 37.88 24.66 16.33 18.48 46.16 34.99 11.17
NIC + DS(Top-10) 57.76 41.16 30.70 27.78 19.54 48.81 36.69 14.47
NIC + DSSA( Top-10) 59.45 45.86 36.05 29.36 21.92 50.06 40.24 15.72

R4 Flickr8K-CN #iBEEHLBLER
Table 4 Experimental results on Flickr8 K-CN dataset

LAY BLEU-1 BLEU-2 BLEU-3 BLEU4 METEOR ROUGE-L CIDEr Len
NIC + ATT( Baseline) 59.16 36.30 22.73 16.02 16.87 43.59 31.09 10. 82
NIC + DS(Top-10) 56.28 40.03 29.42 25.61 17.48 46.21 34.16 13.45
NIC + DSSA( Top-10) 58.72 46.86 33.05 28.16 20.57 49.10 38.48 14.36
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(a) NIC+DS #75
<start> A young woman wearing

o w -
E is ﬁ to a
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<end>

(b) NIC+DSSA #i 7
B3 AR SCARROR R

Fig.3 Comparison of generated captions
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Fig.4 Experimental results affected by different K values
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BIG 3R SCAS e — %€ FE B3 T A2 i) 1
M2 HEE

AP 6 7 , AR SCHE H Y NIC + DSSA 7Y w]
DA Fh8: A ] P AR /0 12 A A A AN T 1 [l il ik
SCA HAR B (5) 52 % 30K (5) XLk
REF—H,

l
4
s §=2.0
%
£H
e fighting,fight,
ggigﬁ ~ wrestle,wrestling,
] biting,trying,
¢ chase,run,
fighting, chasing,dog,
wrestle, S$=54.0
fight,
wrestling,
Pltmg,
ing, _
=i §=51.0
chase
ﬁhasmg
orse,

5 K10 B2 2
Fig.5 Results of classification when K is 10

NIC+ATT:

— B NRAEAETHAT A
NIC+DSSA: SR
() AFEER OB BN E | ()T R NAE IR 1A 4758
FERNT P . A7k
(2) —BENSE -SRI S b | (Q)FE LRI 7SR 17 AT f i
Tk (3) B NAE BRI A0 R S A 70 IR 17 1 4
(3)— BEAFERM E—fit, midife| L.
NFE R Lo (&) BEAR I AAE— I h A (6 77
@) BEAEE— . 47 .

G NG S FATE. | O REARE — REHCHATIEE.

Bl 6 AR Y SCAS £ FE 7R 4
Fig.6 Example of diversity of captions generated by model
3.3 REFIEBTHREEDF

AR5 K 1E— 2 AR b 23 BT AR SCRR TR 2 fif AR
I i A PR 5 WA R0 VR A AR A IR SOAS IR
JE 2 o B AU B BT i R

HIFE 7 (a) W] 1, NIC + ATT £ B 75 Az il SCA
A AR, EROCTE BY DI 43 1, S REAR 4 b
DX 3 A B i) 53] 200 0 P AR DK I S R T
NIC + DSSA # A fy F I A TAKAE 7] 245 B A iy
BER R, AR U A A B R B0 406 3 Y IR X
S AT DLV T o3 B 22 S OF A — e i S,
WK 7(b) frm .

TEELT Prs i) 2 A SOSCA Y NIC + ATT 46
RUTE AR B MG T 38 B R i AE TR) 21 are gathered
in” X W A AR DR b, DG 3 A PR XIS R
A )™ Hom BEARARL, PRIt , A RE AR 4 b 4 3R R X

<start>,

A group of people
" -
are gathered in a
<end>
NIC+ATT:
A group of people are gathered in a parade .

parade,

(a) NIC+ATT iR

NIC+DSSA:
A man in a brown shirt is standing up in the middle of
people walking down the street.

(b) NIC+DSSA H7

B 7 EHRERE X
Fig.7 Comparison of image attention

B AR S AR ] G AR, BIDAE b T P AR ) Y pa-
rade” 5 Tfif NIC + DSSA #4070 7 A 5l 14 78 & 1 i
A [7) ) P DX 308 ) A A — 19 22 S P, T AL il
WY)W 4 ) ] 4 brown shirt” | Bl 1] 6] 41
“standing up” 5417 7] 41 “ the middle of” X Ji [
PR DI 3 A B 0L, A5 AN 2600 B BB i 2

W 8 s, A4 AR L R, B BDRE A5 2S4S
WKAF AR o 76 & 8 7R i ] 7 SCA XS B 1 AK
FEAPERARC 5 1 AN ) 25 B e AR A LAY
SCATENLE 8 b BRI standing” [ 2 1% SC A )
AR AR “ ROOT™ s 27 2 MRAFEm) vk BT AR AL LY

WA AR

["ROOT", 0, 8], ["det", 2, 1], ["nsubj", 8, 2], ["case", 6, 3], ["det", 6, 4],
["amod", 6, 5], ["'nmod",2, 6], ["aux", 8, 7], ["compound:prt", 8, 9],
["case", 12, 10], ["det", 12, 11], ["'nmod", 8, 12],["case", 14, 13],
["nmod", 12, 14], ["acl", 14, 15], ["case", 18, 16], ["det", 18, 17],
["nmod", 15,18], ["punct”, 8, 19]

P8 AR R AR AT D ik B AR

Fig. 8 Similar image and dependency syntactic template
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b B = R OR

e R

2021 4

SCRTERCE | L A7 BTGB 2 0
B man” (R det” s 55 3 A7 3k B E
(R BRI b TG 2 19 33 man” 1y 2
Br 8 LA 80 standing” 1 4 7 35 “nsubj”
P8 T A0 447 P 1R

NIC+ATT:

A little boy in a yellow shirt is playing
with a yellow ball.

NIC+DSSA:

A manina % een pant is sitting on the
ground in a busy street .

%Ik

Two people are dancing with drums on
the right and a crowd behind them .

TR FE G 5 1 3 SCAS A B, HOH T8 0 XK )

LR AR G XA IRAT R R DL O T
AR CHEAL NIC + DSSA 78 Flicks8K #5458 43 K
B ER SR AR, MR B T A )k A A Y A R ]
A 1R SCAS A 1 A

NIC+ATT:
A man is rock climbing .
NIC+DSSA:

A person is climbing up a rock next to
arope .

BAYA:

A young white man is climbing a
mountain with a rope as a guide.

PRAF AR

[["/ROOT". 0, 8] ['det", 2, 1], ["nsubj", 8, 2], ["case”. 6, 3]["det". 6, 4],

"det", Il
,15,14],

["amod", 6, 5][ nmod", 2 6] ["aux", 8, 7] ["case", 11, 9]
101, [" nmod” L8 11, [ case” S 15,12],[ det" 15, ]3],[ amo
["nmod", 8, 15], ["punct", 8, 16]]

MRAF ARG

[["ROOT", 0, 4], ["det", 2, 1], ["nsubj", 4, 2], ["aux", 4, 3], [compound:
prt", 4, 5], ["det" 7, 6], ["dob| 4,7], [amod 7, 8], [case 11, 9],
[det 11, 101, [nmod 8, II][ punct", 4, 12]]

NIC+ATT:
A man is skiing down a snowy hill.
NIC+DSSA:

A man is sitting down a snowy hill with
ared helmet in the background.

= PN

A man in a green jacket stands in deep
snow at the base of a mountain .

Mw--J/MMM

[["ROOT", 0, 4], ["det", 2, 1], ["nsubj", 4, 2], ["aux", 4, 3], ["compound:
prt", 4, 51, T"det" 8, 6], ["amod", 8, 7] ["dobj", 4, 8], ["case" 12, 9],
[“det“ 12,101, [amod“ 12, 1]] [“nmod' 4, 12] ["case", 15, ]3]
["det". 15, 14T, ["nmod". 12, 15T, ["punct", 4. 16]]

K 9

NIC+ATT:

A woman in a white dress is walking
down a sidewalk .

NIC+DSSA:

A young girl on a swing near to
playground equipment in a fenced yard.

B A

A young girl jumps off a playground
swing.

IRAF A TERSAR:
[['"ROOT", 0, 3], [det' 3, 1], ["amod", 3, 2], [case 6, 4], [det 6, 5],
[ nmod' 3 6] " case 10 71, [amod ]0 8], [" compound 10, 9]

mod". 6. 10], ["case" ]4 ]l][ det", 14, 12], ["amod", 14, 13],
[nmod" 10, ]4] ["punct" 15]]

e T RRAT ) 125 1) P A il ik SCAR A s 1)

Fig.9 Examples of image captioning based on dependency syntax
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Table 5 Statistics of conjunction numbers in captions
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Image captioning based on dependency syntax
BI Jiangi'?, LIU Maofu"* ", HU Huijun"?, DAI Jianhua’

(1. School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China;
2. Hubei Provincial Key Laboratory of Intelligent Information Processing and Real-time Industrial System,
Wuhan University of Science and Technology, Wuhan 430081, China;
3. Hunan Provincial Key Laboratory of Intelligent Computing and Language Information Processing,

Hunan Normal University, Changsha 410081, China)

Abstract: Current image captioning model can automatically apply the part-of-speech sequences and syn-
tactic trees to make the generated text in line with grammar. However, the above-mentioned models generally
generate the simple sentences. There is no groundbreaking work in language models promoting the interpret-
ability of deep learning models. The dependency syntax is integrated into the deep learning model to supervise
the image captioning, which can make deep learning models more interpretable. An image structure attention
mechanism, which recognizes the relationship between image regions based on the dependency syntax,is ap-
plied to compute the visual relations and obtain the features. The fusion of image region relation features and
image region features, and the word embedding are employed into Long Short-Term Memory ( LSTM) to gener-
ate the image captions. In testing, the content keywords of the testing and training image datasets are produced
due to the content overlap of two images, and the dependency syntax template corresponding to the test image
can be indirectly extracted. According to the dependency syntax template, the diverse descriptions can be gen-
erated. Experiment resultsverify the capacity of the proposed model to improve the diversity of generated cap-
tions and syntax complexity and indicate that the dependency syntax can enhance the interpretability of deep
learning model.

Keywords: image captioning; dependency syntax; image structure attention; content overlap; interpret-

ability of deep learning model
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Table 1

Comparison of sports videos under various

summarization algorithms
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oV 0.58 0.08 0.42 0.88 0.58 0.7
VSUMM  0.42 0.08 0.58 0.83 0.42 0.56
STIMO 0.67 0.08 0.33 0.89 0.67 0.76

SD 0.33 0.25 0.67 0.57 0.33 0.42
KBKS 0.5 0.08 0.5 0.86 0.5 0.63
FiNg'q 0.92 0 0.08 0.92 0.92 0.92
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Video summary generation based on multi-feature
image and visual saliency
JIN Haiyan'?, CAO Tian', XIAO Cong', XIAO Zhaolin"* "

(1. College of Computer Science and Engineering, Xi’ an University of Technology, Xi’ an 710048, China;
2. Shaanxi Key Laboratory for Network Computing and Security Technology, Xi’ an 710048, China)

Abstract; How to exiract video content efficiently, that is, video summarization, is a research hotspot in
the field of computer vision. Video summary cannot be obtained effectively and completely by simply detecting
the image color, texture and other features. Based on the visual attention pyramid model, this paper proposes
an improved center-surround video summarization method with variable ratio and double contrast calculation.
First, the video image sequence is divided into pixel blocks by superpixel method to speed up image calcula-
tion. Then, the contrast feature difference under different color backgrounds is detected and fused. Finally,
combined with the optical flow motion information, the static and dynamic saliency results are merged to ex-
tract the key frames of the video. When extracting the key frames, the perceived Hash function is used to per-
form similarity judgment to complete the video summary generation. Simulation experiments are carried out on
Segtrack V2, ViSal and OVP datasets. The experimental results show that the proposed method can be used to
effectively extract the area of interest, and finally obtain the video summary expressed by the sequence of key
frame images.

Keywords: video summarization; visual attention pyramid; visual saliency; key frame extraction; simi-

larity judgment
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Table 1 Change detection results on Bastrop

complex fire dataset

OA/ %
ik
L5T1 vs. L5T2 L5T1 vs. ALIT2 L5T1 vs. L8T2
MAD + CVA 87.233 79.991 77.075
KCCA + CVA 92.614 90.175 91.671
DCCA + CVA 95.556 94.676 93.943
DCCAE + CVA 96.598 95.713 94.308
EF 97.358 97.115 94.314
PS 98.382 98.136 94.526
HCNN 99.286 98.764 95.581

1.0

08F —
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Kappa 2 4§

04}

02}

L5T1 vs. L5T2 L5T1 vs. ALIT2 L5T1 vs. L8T2
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B 23 Hr (Kappa 2 %0)
Fig.7 Change detection result data analysis of

Bastrop complex fire dataset (Kappa coefficient)
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Fig.8 Results of change detection in L5T1 vs. L5T2 experiment
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(e) DCCAE+CVA  (f) EF (g) PS

(h) HCNN
K19 L5T1 vs. ALIT2 S28Grb i 28 {0 ko i 25 2R
Fig.9 Results of change detection in L5T1 vs. ALIT2

experiment
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Fig. 10 Results of change detection in L5TI vs. L8T2

experiment
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Table 2 Quantitative results of change detection
obtained by different algorithms on Hong Kong

image pairs

ks 0A/% AA/% Kappa 23
S 96.542 68.511 0.424
PS 97.900 76.090 0.631
EF 97.134 74.943 0.598
HCNN 97.617 81.200 0.656

®3 ERZEGHNLEERATREEREHNTL
WNEESER
Table 3 Quantitative results of change detection
obtained by different algorithms on Mumbai

image pairs

ik OA/% AA/% Kappa Z %k
S 95.928 69.293 0.457
PS 96.325 80.217 0.635
EF 95.449 80.599 0.628
97.293 82.583 0.673

(a)S (b) PS (¢) EF
B 1T 76 s EARO LA FH A [R) 5300k 3R A5 174 722 Ak A ) 285 21
Fig. 11

(d) HCNN

Change detection results on Hong Kong image pair

obtained by different algorithms

(a)S (b) PS (¢) EF (d) HCNN

P12 7 SO b FTTAR ) B3 A B0 A A T 45 2R

Fig. 12 Change detection results on Mumbai image pair

obtained by different algorithms
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Table 4 Effect of EF and HCNN networks with 2D
convolution and 3D convolution on detection

accuracy in L5T1 vs. L8T2 experiment

Ak 0A/% Kappa £ %t
EF(2D £ 94.314 0.711
EF(3D % 94.938 0.723
HCNN(2D %71 95.258 0.731
HCNN (3D # 1 95.581 0.759
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Table 5 Effect of PS and HCNN networks with and

without contrast loss function on detection accuracy in

L5T1 vs. ALIT2 experiment

Hik 0A/% Kappa Z 34
PS (R B o He 52K B %50) 98. 136 0.903
HCNN (SR V8 03 LAt < o6 50 98.66 0.932
PS (U Imx o451 2% ol 450 98.356 0.917
HCNN (78 0% He 45 2% BR %K) 98. 764 0.943
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Binary cross entropy loss curves of PS and HCNN

Fig. 13
networks with and without contrast loss function

binary in network training
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Heterogeneous remote sensing image change detection
based on hybrid network

ZHOU Yuan" ", LI Xiangrui®, YANG Jing'

(1. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China;
2. Tianjin International Engineering Institute, Tianjin University, Tianjin 300072, China)

Abstract: In order to more quickly and accurately perform the change detection task of heterogeneous re-
mote sensing images, this paper presents a heterogeneous remote sensing image change detection algorithm
based on a hybrid network. The algorithm uses a pseudo-siamese network to extract change features between
the heterogeneous image blocks in spatial dimension, and uses an early fusion network to extract change fea-
tures between the heterogeneous image blocks in spectral dimension. The features extracted from the two net-
works are fused and the fused features are input to the sigmoid layer for binary classification to determine
whether the feature has changed. In addition, the contrast loss function is added to the pseudo-siamese net-
work , so that in the features space, the spatial features of the unchanged image pair are closer, and the spatial
features of the changed image pair are farther away, which is conducive to improving the network’ s distinction
ability and convergence speed.

Keywords: change detection; heterogeneous; pseudo-siamese network; early fusion network; contrast

loss function
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Table 1 Classification experimental results of

shockproof hammer intersection

WES HiZEES A [al F1 5%
i 0.8037 0.7632 0.8056
IEY) 0.8878 0.8071 0.8846
T3 0.9299 0.8947 0.8914

R2 MEELTRSLIRBER
Table 2 Classification experimental results of

shockproof hammer deformation

& HiRTES PEN S F1 43 %k
ER! 0.8088 0.3889 0.5185
E ¥ 0.8603 0.4722 0.6415
VR 0.9118 0.6667 0.8001

*3 BREBEAFHOIEIRER
Table 3 Classification experimental results of

shielding ring corrosion

I % i Al # Pl
ES! 0.8395 0.8611 0.8267
TTE?2 0.8827 0.8472 0.8652
FE3 0.9567 0.9027 0.9489

®4 HERBEFEIEER
Table 4 Classification experimental results of

grading ring damage

WS HiZTES 1 [l F1 5%
iE 0.8425 0.8342 0.8433
E ) 0.9144 0.8876 0.9145
3 0.9669 0.9565 0.9723
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Fig.5 Distribution of the number of fitting’ s normal and

defect samples after expansion
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Table 5 Experimental results by proposed method

before and after sample expansion

G BBk i} ¥ 3T £/ WS I A W)

eS| HFUES H Jo] A MR R
PisgdEMIZE  0.9067  0.5556  0.9299  0.8947
BigdR7sfE  0.9015 0.3334  0.9118  0.6667
BRWcH s 0.9275  0.8334  0.9567  0.9027
PIERBIIR 0.9330  0.6471 0.9669  0.9565
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Table 6 Experimental results of different classifiers

S iR PENGI S F1 40 %k

ED 0.5525 0.5150 0.5719

VE 0.7025 0.7250 0.7005

HE3 0.7625 0.7111 0.7804
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Causal classification method of transmission lines fitting
defect combined with deep features
ZHAO Zhenbing"* |, ZHANG Wei', QI Yincheng', ZHAI Yongjie’, ZHAO Wenqing’

(1. School of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China;
2. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract; Aimed at the insufficient transmission lines fitting defect samples and diverse defect target
shapes, a causal classification method combining deep network and logistic regression model is proposed to
solve low defect classification accuracy when only using deep learning models. Firstly, rich and diverse data-
sets are obtained through the sample expansion method. Secondly, deep features are extracted based on the
fine-tuned VGG16 model, and processed to construct an input feature set that conforms to causality learning.
Finally, the causal relationship between fitting defect feature and label is learned through the global balance,
and a causal logistic regression model is constructed to complete the classification of the fitting defects. Four
types of fitting defect images collected by UAV are used respectively in the experiments to prove the effective-
ness of the proposed method. The number of training and testing samples used is about 5 times higher than the
original dataset. The experimental results show the proposed method can realize the accurate classification of
the fitting defects, the classification accuracy of the shockproof hammer intersection and deformation reach
0.929 9 and 0.911 8 respectively, and the classification accuracy of the shielding ring corrosion and the grad-
ing ring damage reach 0.956 7 and 0. 966 9 respectively.

Keywords : transmission line fitting defect; causality learning; deep features; logistic regression model;
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Table 4 Experimental results of image-text microblog

sentiment classification
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Multimodal social sentiment analysis based on semantic correlation

HU Huijun"*> ", FENG Mengyuan'?, CAO Mengli"*, LIU Maofu'"

(1. School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China;

2. Hubei Provincial Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan 430081, China)

Abstract: Social platforms allow users to express opinions in a variety of information modalities, and
multi-modal semantic information fusion can more effectively predict the emotional tendencies expressed by us-
ers. Therefore, multimodal sentiment analysis has received extensive attention in recent years. However, in
multi-modal sentiment analysis, there is a problem of unrelated semantics between vision and text, resulting in
poor sentiment analysis. In order to solve this problem, this paper proposes the Multimodal Social Sentiment
Analysis based on Semantic Correlation (MSSA-SC) method. The MSSA-SC firstly adopts the semantic rele-
vance classification model of image and text to identify the semantic relevance of the image-text social media.
If the image and text are semantically related, the image and text semantic alignment multimodal model is used
for the image-text feature fusion for the image-text social media sentiment analysis. When the image and text
semantics are irrelevant, only the sentiment analysis is performed on the text modality. The experimental re-
sults on real social media datasets show that the MSSA-SC method can effectively reduce the influence of unre-
lated image and text semantics on multimodal social sentiment analysis. Moreover, the Accuracy and Macro-F1
of the MSSA-SC method are 75.23% and 70. 18% , respectively, and outperform those of the benchmark
model.

Keywords : multimodal; social media; sentiment analysis; semantic correlation; image-text feature fu-

sion
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Fig.1 Micro-video classification network based on deep multimodal feature fusion
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Table 1 Performance comparison of micro-video

classification in different networks
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Fig.2 Influence of different values of parameters «, B,

Micro-F1

v on micro-video classification task
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Table 2 Performance comparison of micro-video

feature classification in different networks
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Deep multimodal feature fusion for micro-video classification

ZHANG Lijuan, CUI Tianshu, JING Peiguang” , SU Yuting

(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract; Nowadays, micro-video has become one of the most representative products in the new media
era. It has the characteristics of short time and strong editing, which makes the traditional video classification
models no longer suitable for micro-video classification task. Based on the characteristics of the micro-video
classification problem, the micro-video classification algorithm based on deep multimodal feature fusion is
proposed. The proposed algorithm inputs the visual modal information and acoustic modal information into the
domain separation network, and divides the entire feature space into a shared domain part shared by all modal-
ities and the private domain part unique to the acoustic and visual modalities respectively. By optimizing the
domain separation network, the differences and similarities among different modal features are preserved to the
greatest extent. The experiments on the public micro-video classification dataset prove that the proposed algo-
rithm can effectively reduce the redundancy of feature fusion and improve the average classification accuracy to
0.813.
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Table 1 Comparison of different hardware-software co-design solutions
T 474 % 9 VES EY
B3 17 FFT % FFT + CPS + %] IFFT 47 IFFT 31/ % FEIGHSREL 47 FFT %1 FET + CPS + %) IFFT 47 IFFT ¥ 2483 831/ %
BRAM_18K/4~ 12 18 6 34 0 12 18 6 0 49
FF/4~ 14 849 23 559 7 439 10 1 766 14 718 23 559 7 240 2 431 11
LUT/ 4> 16 811 27 088 8 366 23 2 932 16 452 27 088 8 125 4 745 27
it A /s 8.1 6.4
x2 AEECHRURMTLL
Table 2 Comparison of different instruction optimization strategies
T 5% I VES YEY TTE3
eS| 128 128 B BT/ % 128 x 128 B[l 64 x64 B 32 x32 B H Bt/ % 128 x128 #1164 x64 B 32 x32 W H  Hit/%
BRAM/Mb 207.5 66.51 20 20 11 70.19 101 38 11 67.31
FE/4~ 66 047 14.33 38 858 34 804 31 608 39.03 25 955 22 477 19 319 20.41
LUT/4~ 47 847 20.77 27 963 24 889 23 630 57.73 21 104 18 371 17 098 31.38
IS} [A] /s 77.95 19.05 12.85 14.67 47.77 6.75 7.02 8.25 23.1
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494 b B = R OR

2021 4

66.51% ) BRAM (4 £7 ) i {1 B¢ 5, H 2 o ik
FEREE 2 EMMERER, EHENIFETEL
PERE 22 19 322 PR 2 < oK 78 0 F AN [R) ek 50 2 ]
R H50HRR AORSE OC R AT 4R A ik . T % 2 Ay
RIBARBMMN LA T =2 W2 K5 =4 &
A B T 55 2 R R A (] pR BB B 22 (8] 1Y A A
BE R AT, T B R BT RO A

PR, A SO Bl R T % 3 | If AT 46 4
oA W, A0 L T HAd 5 vk, Tl A BT R />
A R R, B B R AR RE
3.3 SRGEBAETENGEAELER
3.3.1 &% K®

WA SO e 5 Ho 7 R Se i gk (5 ik [27] .
Tk [28]  E[29] . 5 #:[30] | Agisoft stereoscan
R B A 77 3 Chttp: / www. agisoft. com) ,CPU J7
WK GPU ik ) AT HOBEBE g . Horh WI AR
ZHRBCE T 2R TR [ 2728 ] i 1] 32 x 32
FIUG BT R AG TR 22 5 05 vk [29-30 ] fif ) 32 x 32
& 2 7 1AL 25 5 5T Agisoft stereoscan fj )l
BPEDT ¥, 8 BRI R 1R 2 8 CPU Ty ik
GPU J7 ¥ FilAR SC 7 ¥ W 1) 6 7 11 900 4 SR A Il
B W) 4 3z Sl R 000 b 2 8003 S0l 150 Dl 128
128 2% (16 (R R M 0, LAk, 7E MATLAB -5 |
MEK T CPU J5 7 3 T2 W 7 i (27, 29-
307,17 Visual Studio MEE P HLEL T Jr i [ 28 ] Al
GPU J7 3" o Mk, % Bk 07 ik HoA B A3 10

IR A AFFI RS . (E AR R 2, AR A SO Y
P22 3D A% AU A 2 L OE 9 07 i AR AR 2 ( Dig-
ital Elevation Model, DEM ) ,{H3iX A5 i £ 4t 'E g
BT A EL . AR =4 d A5 R W8l 8 i,
JHE rh RIS A 152 43 ) A o 2 2R v g L X A
WA X, SEI A R AR, k28] i [29]
Ko J5 130 ] i1ty JE T8 DX 4l 1 A (53] X Jo o 0 5 2R
HRE, BISZ s o XA ) 28 X5 e AR K, T
¥:[27] 5 Agisoft stereoscan iy MV 84 1 %6 T X Ja
BT L v L TR R AE  (H g 78 A 3 X s 40 e
AW X R, A CPU S
0 GPU Jy i AR I i IR AR A L X
B DR Y 37 R A

PRt , A< 307 155 CPU ik (GPU Jy k™
10 5 A A5 BN OF R R T A O [ 27-30] K
Agisoft stereoscan R LA FAY B 4551, LI H AR
SRIVERENE . BRICZ AN, N T S8 uE WA SCO7 v
A BRE , i — D B T 2 41 TS A HL R 0 D
iR oo e 9 ME 10 s, K9 i, R
A I3 3 o) A 2 T A 48 2R b g gt DX A R L X
B, SER AR, vk 28 [ Ak (30 ] i E
AR 16 DX J T A 45 2 A2 g 1L DX R T O X R e
eI W CPU J7 ik (GPU Jr ™ B AR 3007 3 T
o R Rl ik /0 v o R0 G B R ) Ah, 7R
Pl 1O A [ Q3R 3 A 29 R v L kot X, S S 4
REHT, J5 1128 JFIT7 14 [30 ] A A [l IX 2 o At 45

20

200 400 600
KGR
(b) Jri[27]

% 200N\ \

800 T000 €, =700 400 600 800 1000
INICES

(c) Jik[28]

KIMEZ
(d) k29

KGR
(e) Jrik[30]

& REREL. | 100 : e
3 S N £.200 ) S i
% 0 200 400570 800 1000 ﬁﬁx» 300 =500 800 1000 300 400 600 800 1000
kﬂ%ﬁ KAs% _ K{@%
(g) CPUJSEEM! (h) GPU & () A3CHH.

K8 SieHt Iy hE R R ILE

Fig.8 Comparison with reconstruction results of state-of-the-art methods
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Table 3 Quantitative evaluation of 3D reconstruction

results based on CPU, GPU and FPGA methods
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Fast, low-power and high-precision 3D reconstruction of
UAV images based on FPGA

LI Jie" , LI Yixuan, WU Tiansheng, WANG Haorong, LIANG Min

( College of Information, Shanxi University of Finance and Economics, Taiyuan 030006, China)

Abstract: The existing 3D reconstruction methods based on Unmanned Aerial Vehicle (UAV) images
cannot meet the mobile terminal’ s demand for low power consumption and high time efficiency. To tackle this
issue,, we propose a fast, low-power and high-precision 3D reconstruction method based on resource-constrain-
ed FPGA platforms, which combines instruction optimization strategy and hardware-software co-design method.
First, we construct a multi-scale depth map fusion algorithm architecture to enhance the robustness of tradi-
tional FPGA phase correlation algorithms to untrustworthy areas, such as low-texture area and rivers. Second-
ly, based on the high parallel instruction optimization hardware acceleration function strategy, a high-perform-
ance hardware-software co-design scheme is proposed to realize the efficient operation of the multi-scale deep
map fusion algorithm architecture on the FPGA platform with limited resources. Finally, we comprehensively
compare the state-of-the-art CPU and GPU methods with our method. The experimental results show that our
method is close to the GPU method in reconstruction time consumption, nearly 20 times faster than the CPU
method, but the power consumption is only 2.23% of the GPU method.
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Many-to-many voice conversion with sentence
embedding based on VAACGAN

LI Yanping"*, CAO Pan', SHI Yang', ZHANG Yan’

(1. College of Telecommunications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China;

2. School of Software Engineering, Jinling Institute of Technology, Nanjing 211169, China)

Abstract . To solve the problems of poor speech quality and unsatisfactory speaker similarity for converted
speech in existing non-parallel VC methods, this paper presents a novel voice conversion model based on Vari-
ational Autoencoding Auxiliary Classifier Generative Adversarial Network ( VAACGAN) with sentence embed-
ding, which achieves high-quality many-to-many voice conversion for non-parallel corpora. First, in the AC-
GAN, the discriminator contains an auxiliary decoder network that predicts the true or false of the spectral fea-
ture meanwhile the speaker category to which the training data belongs, thus achieving a more stable training
process and a faster iterative convergence. Furthermore, sentence embedding is obtained by training the text
encoder, which is introduced into the model as semantic content constraint, can enhance the ability of latent
variables to characterize the speech content, effectively solve the over-regularization effect of latent variables
and improve the quality of converted speech significantly. Experimental results show that the average value of
MCD of the converted speech is decreased by 6.67% , MOS is increased by 8.33% , and ABX is increased by
11.56% compared with baseline method, which demonstrate that the proposed method significantly outper-
forms the baseline method in both speech quality and speaker similarity and achieves high-quality voice con-
version.
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Overall architecture of the proposed spatio-temporal features aggregation neural network
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Fig.2 The proposed visual feature aggregation module and
temporal feature aggregation module
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Fig.3 Non-maximum suppression and the proposed temporal post-processing
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Table 2 Different fusion methods and their performance
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Table 3 Network performance under different

parameters when three-frame images are input
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Table 4 Network performance under different

parameters when five-frame images are input
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An underwater coral reef fish detection approach based on
aggregation of spatio-temporal features

CHEN Zhineng' , SHI Cuncun®, LI Xuanya®" , JIA Caiyan’, HUANG Lei'

(1. Research Centre for Digital Content Technology and Services, Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China;
2. School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China;
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Abstract . It is challenging to detect coral reef fish from underwater surveillance videos, due to issues like
poor video imaging quality, complex underwater environment, high visual diversity of coral reef fish, etc. Ex-
tracting discriminative features to characterize the fishes has become a crucial issue that dominates the detec-
tion accuracy. This paper proposes an underwater coral reef fish detection method based on aggregation of spa-
tio-temporal features. It is achieved by designing two modules for visual and temporal feature aggregation and
fusing multi-dimensional features. The former designs a top-down partition and a bottom-up merging, which
achieve effective aggregation of feature maps of different convolutional layers with varying resolutions. The lat-
ter devises a temporal feature fusion scheme based on the pixel difference between adjacent frames. It en-
hances the feature representation of moving objects and their surrounding area through the fusion of feature
maps coming from adjacent frames. Experiments on a public dataset show that, by employing the spatio-tempo-
ral aggregation network built on top of the two proposed modules, we can effectively detect coral reef fishes in
the challenging underwater environment. Higher detection accuracy are obtained compared with the existing
methods and popular detection models.

Keywords: coral reef fish; convolutional neural network ; spatio-temporal feature; object detection; fea-

ture fusion
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Multi-granularity hazard detection method for electrical power system
XU Xiaohua', QIAN Ping’, WANG Yida" ", ZHOU Xinyue', XU Hanlin' , XU Libing'

(1. State Grid Zhejiang Electric Power Company Hangzhou Power Supply Company, Hangzhou 310020, China;
2. State Grid Zhejiang Electric Power Company, Hangzhou 310007, China)

Abstract: As the security hazard of the electrical power system can lead to serious economic damage and
social impacts,the potential hazard detection has become an indispensable part for electrical power system.
With the advances of artificial intelligence, intelligent deep learning based hazard detection methods for elec-
trical power system have emerged. Although the existing methods have made promising progress, most of them
only consider the global or local features of the image, which cannot thoroughly characterize the imageand ac-
curately conduct the hazard detection in the context of the electrical power system especially for the complex
outdoor background. In the light of this, in this paper, we present a multi-granularity hazard detection network
MGNet for the electrical power system. To be specific, we explore the multi-granularity representation of ima-
ges with both the global and local representation learning networks. Based on that, we conduct the hazard de-
tection at different granularity levels and finally collaboratively fuse the detection results to fulfill the precise
hazard detection. Extensive experiments on two real-world datasets of hazard (i. e. , tower connection fitting
hazard dataset and transmission line channel mechanical hazard dataset) demonstrate the superiority of the de-
tection performance of the proposed model. In particular, the mean average precision is improved by 2.74%
and 2. 77% on two datasets, respectively, compared with the existing optimal hazard detection benchmark
method.

Keywords: hazard detection; multi-granularity; collaborative fusion; deep learning; electrical power

system
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before and after segmentation
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Table 3 Mean average precision of object detection

before and after segmentation
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Table 4 Comparison of topological relation detection

results before and after segmentation

Ay IS Precision/ % Recall/ % F1-score/%
an N 81.27 74.09 77.41
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Table 5 Comparison of topological relation detection

results before and after preprocessing
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Topological relation detection technology of substation wiring
diagram in electric power system
LI Hao"'*, GUAN Ti’, WANG Shan', SHI Wei', LIU Zixin®, LIU Xiaochuan®

(1. Electric Power Dispatching & Control Center, State Grid Qingdao Power Supply Company, Qingdao 266002, China;
2. Electric Power Dispatching & Control Center, State Grid Shandong Electric Power Company, Jinan 250001, China;
3. School of Computer Science and Technology, Shandong University ( Qingdao) , Qingdao 266237, China)

Abstract . Topological relation of electrical components is the core-data required by substation wiring dia-
gram automatic generation technology. At present, known technologies still rely much on artificial access to to-
pological relations. By the combination of deep learning based object detection technology and traditional com-
puter image processing technology, topological relation can be detected automatically. Firstly, to segment the
electrical components and connection lines, deep learning based object detection technology was used to iden-
tify the electrical components, and the image processing technology was used to preprocess the scalar-format
wiring diagram of power plants. Secondly, a contour tracking algorithm was adopted to detect and mark the
connected area of the connection lines. Finally, the topological relation of the drawing was acquired according
to the obtained information of electrical components and connection lines. Comparative experiments based on a
dataset released by the State Grid Corporation of China indicate the effectiveness of the proposed method.

Keywords: substation wiring diagram; topological relation; deep learning; object detection; contour

tracking
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Table 3 Test results of topological relation recognition
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Wiring diagram detection and check based on
deep learning and graph matching
LI Hao"*, WANG Shan', GENG Yujie’, WANG Li', SUN Wenchang’, MIAO Chunyuan’

(1. Electric Power Dispatching & Control Center, State Grid Qingdao Power Supply Company, Qingdao 266002, China;
2. Electric Power Dispatching & Control Center, State Grid Shandong Electric Power Company, Jinan 250001, China;
3. School of Computer Science and Technology, Shandong University ( Qingdao) , Qingdao 266237, China)

Abstract; The drawing and management of the traditional primary wiring diagram of plant and station
mainly depend on the operators of power grid, which wastes time and labor and lacks scientific and verifiable
reference standards. Towards this problem, based on the deep neural networks and digital image processing,
we propose an algorithm for automatic detection, recognition and verification. Specifically, Faster R-CNN is
first adopted to detect the electrical components of wiring diagram with 92% detection accuracy. In the mean-
time, an end-to-end text detection and recognition model is used to recognize the text with 94.2% detection
accuracy and 92% character recognition accuracy. Then we take advantage of digital image processing tech-
nique to identify the connection of wiring diagram and topological relation. Finally, improved graph matching
algorithm VF2 is used to check the difference between the electronic and manually maintained diagrams. The
topological data is abstracted into an undirected graph, and the relative position information of components is
obtained through the outline number. Based on the improved VF2 algorithm, we can compute the matching
rate of two graphs to help the verification. Compared with the matching method of node traversal, the verifica-
tion accuracy can be improved by 37.5% . Based on the first wiring diagram of some substations provided by a
power supply company, this paper marks the electrical components of wiring diagram and contributes a small
wiring diagram dataset.

Keywords: primary wiring diagram of plant and station; topological relation matching; automatic genera-

tion; automatic check; deep learning; digital image processing
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classification method based on memory association learning
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Table 5 Classifier layer
Ex [ E=bI i I PR
fe 128 ReLU
logits c Softmax
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Fig.2 Representative band image and ground truth

(¢) Salinas %§{f4E

classification map of three HSI classification datasets

2.2 WMHAERIRIEE

T B UEAR 3L R A A R R TR B e 48 )
27 THG X /0B I 0 540 I 7 2 1 4 i R o
T 6 Bl [ 943 2605 15, 4 9o KNN 7 ikt

SVM J5 3" BT UREE 2 S i — 4 AR A (1D-

CNN) il = 4 5 BUS R (3D-CNN) 19 77 3%, LA K2
W B 4 B 22 W 4% 3 25 05 15 (SS-CNN) 2 g
2K A AR R 205 4 2 7 1A e Dl PR G /INRE AR 732 T i
(ISSR-HIC) "™ 7% SCH Y 10 2 F 042 2 1 2 )
() 1o e T G 43 2 T % 1) AR E 2 JRORR e rp 2 AR
W 2% 1 B R 25 B 3 4 TR s FoR S N B
BRI T 4E 1 2 JE  valid R A8 AT R AE 5
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Table 4 Convolution network
BRZ B BREK i fiE £R #hF
convl (3,1,8) (1,1,3) 64 valid
conv2 (1,1,3) (1,1,2) 64 valid
conv3 (1,3,3) (1,1,2) 128 valid
convé (1,1,3) (1,1,2) 128 valid
convs (1,1,3) (1,1,2) 256 valid
convé (1,1,s) (1,1,1) 128 valid

S rh, BURESREAS R/ O 3 RBIAY 1R
R UG5 batch size B E N 180, Horp 41 1§ Jo AR
BEREAR 90, A AR5 FEAS 90, fii il Af7 Bl 5 Ay B B A6
JET RSB, S i R/NE N 0.9, 11
2RI R 2 T F R 0,001, % T2 5 R A R
e Fos i ny O AT SR, RNy 0. 95, T
AR5 000, X TS H Y B R R AL 0, AL AR
AR BEBOE , L B G5 0 Indian Pines B 33
BN 0.8, 5250 845 & & Pavia University #11 Salinas
W& 0.5,
2.3 EMIER

N T BB AR 7 ik W oy 28 ML 6E , 72 L 5
RT3 B[R] 9 & AL IEAN 8 4, 23 301 D SR
Ay KNS BE (Overall Accuracy, OA) ™' 28 BISE 143
KK BE (Average Accuracy, AA)'™* fil Kappa %
BN X 3 AR B TE E Y N [0,1], T
B MIFN AR, 1570 B 2R 7 e 4 Rl
2.4 ZIHHER

X T ETA BB AR BEHLRBE S UK, R
B BEYLREE 10 MAPREREA, LI —3E 10 x € 4>
TehRBEAEA TN 25, Hoam AIAE Dl JF 45 K
SR AE G5 R P B A Sy X 107 ¥ 00 s AV REDE Y
500 AR IS 3 A KR 4R 1 o> 2B 2
FACBFIFR 6 ~ 3£ 8 A (R A IRL B 378 i i
4553) o B MORBE, 7E Indian Pines B4 46 |, 2%k
P i B I AT E R SRSy RS FE AR TR 1S-
SR-HIC Jj % LA 8 (4 FLAth X Fb 7 5, X 1 KNN
SVM ,1D-CNN ,3D-CNN ,SS-CNN Jy ¥k , A S5 3 43
ARETET 11.95% 3. 14% 4.34% 2. 68% .1.50% ,
% He ISSR-HIC J7 3 51K 3. 69% . #£ Pavia Uni-
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Table 6 Classification results of different methods on

Indian Pines datasets %

£ 8 AEFHIETE Salinas FWE LW HEER
Table 8 Classification results of different methods on

Salinas datasets %

%5 KNN SVM ID-CNN 3D-CNN SS-CNN ISSR-HIC

3
J¥%5 KNN SVM 1D-CNN 3D-CNN SS-CNN ISSR-HIC

1 86.11 82.50 79.44 79.44 76.09 90.76

2 44.63 41.70 31.71 29.28 18.00  55.25
3 36.05 47.74 47.63 44.15 6.86 52.56 11.59

4 48.02 57.31 49.16 42.29 70.04 64.98 46.26
5 69.98 76.77 74.97 77.59 17.18 76.09 64.38
6 64.39 81.19 89.44 87.72 80.41 85.82 92.36
7 92.22 92.22 83.33 98.89 92.86 92.86 91.67
8 66.03 82.46 76.03 77.82 78.87 78.09 97.44
9 68.00 98.00 94.00 100 100 95.00 90.00

10 39.33 49.95 49.29 54.51 55.33 55.14 17.05
11 29.87 39.75 38.45 46.74 68.73 47.82 89.65
12 26.83 42.04 38.46 36.50 31.20 48.06 23.50
13 90.15 93.23 92.00 96.62 93.17 95.61 92.56
14 61.96 66.22 70.17 70.80 96.05 74.35 84.22
15 14.31 36.91 46.65 38.24 38.95 41.97 28.99
16 86.02 91.57 88.43 98.07 100 93.55 96.99

AA 57.74 67.47 65.57 67.42 63.98 71.74 62.57

OA 44.99 53.80 52.60 54.26 55.44  60.63 56.94

Kappa 38.69 48.46 47.16 48.71 48.96  55.87 49.28

®7 ZFEFHETE Pavia University ${iE&E FHIHEER
Table 7 Classification results of different methods on

Pavia University datasets %

J¥%5 KNN SVM ID-CNN 3D-CNN SS-CNN ISSR-HIC

Ji ik
1 58.07 68.75 68.15 68.84 75.19 69.44 96.55
66.60 68.17 62.95 74.63 86.05 65.22 91.94

48.22 66.40 66.18 68.43 61.99 66.33 62.83
85.38 82.27 86.64 90.22 93.81 85.13 83.72
92.27 99.28 99.43 98.97 99.18 99.57 99.91
29.25 67.02 71.30 50.37 32.85 67.21 39.74
89.97 87.83 86.50 87.88 74.06 91.24 90.71
56.00 81.55 71.14 73.40 72.41 80.75 92.46
99.89 99.91 99.96 99.59 97.99  98.76 100

Nl R = R e VN S

AA 70.07 80.13 79.14 79.15 77.06 80.41 84.21

OA 62.83 72.47 69.98 73.30 76.47 71.56 84.94

Kappa 53.02 65.14 70.32 65.79 68.95 64.38 79.65

(d) ID-CNN

Indian Pines ${#4i5 £ [ 1) 5325 45 1

Fig.3 Classification results of different methods on Indian Pines datasets

(a) GT (b) KNN (c) SVM

& 3

98.27 94.92 95.55 91.23 99.29 97.55 99.28

2 81.15 97.47 99.77 97.34 98.09 97.82 99.60
3 74.38 87.60 92.33 89.70 69.38 86.29 98.19
4 94.45 99.29 98.71 95.55 97.99 98.05 99.47
5 88.54 92.83 90.41 93.64 99.18 95.44 94.61
6 96.58 98.34 99.21 96.28  99.09  99.25 99.26
7 98.55 98.83 99.00 96.02 99.80 99.46 99.46
8 62.39 53.00 68.02 58.28 25.30 58.08 79.12
9 91.36 96.03 95.60 92.80 99.00 96.02 99.03
10 58.92 83.71 83.48 76.08 81.96 82.82 74.96
11 78.11 86.60 93.72 87.75 86.48 95.13 96.96
12 91.46 99.74 99.45 99.46 99.90 98.62 99.96
13 98.72 98.10 95.74  95.81 99.56  96.97 99.58
14 88.17 90.91 94.11 92.87 94.53 95.35 94.83
15 52.84 70.70 54.26 69.76 93.09 67.23 56.91
16 43.17 90.04 79.67 90.16 77.30 92.17 98.25
AA  81.32 89.88 89.94 88.92 88.75 91.02 92.74

OA 76.20 82.61 83.57 82.31 79.73  83.72 87.31

Kappa 73.56 80.76 81.74  80.41 77.69  81.97 85.84

ARSI 25 B, AR SO I R B A AU R
T IR BE AR 28 28 10 53 2 T IR A AUA /0 1 Il 2Rk
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2 B 4y R A5 T BRI B AIE T R 4518 .
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A5 X b A 37 B 55 3D-CNN | ISSR-HIC J7
EAEGRRE AR AR B 1 43 28R B . 5255 vh 43 S
BB AR GFEAR R SRS 1.5.10 .50 100 Al
200, HoA AR . 3 4S54 4 b i B0 fE 45 21 dn
%9 ~ & 11 PR (P SUE £om B ir a8 .
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(e) 3D-CNN (f) SS-CNN  (g) ISSR-HIC (h) A3C
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Fig.4 Classification results of different methods on Pavia University datasets
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Fig.5 Classification results of different methods on Salinas datasets

% 9 Indian Pines Iz & FRAEHEINEHEERTH
DRER
Table 9 Classification results of different methods with

changed numbers of training samples on

% 10 Pavia University HI#E & F AEHE I Z&EAR
THARER
Table 10 Classification results of different

methods with changed numbers of training

Indian Pines datasets %
A Wb A%
ik .
LD 1 5 10 50 100 200

AA  32.96 54.23 67.42 87.42 91.09 92.64
3D-CNN OA  22.70 43.42 54.26 77.01 85.54 87.71
Kappa 15.33 36.90 48.71 72.32 83.47 85.68

samples on Pavia University datasets %
- WHr FEA KL
e 1 5 10 50 100 200

AA  40.93 66.35 71.74 84.31 88.73 91.01
ISSR-HIC  OA  30.55 55.05 60.63 79.09 81.14 84.22
Kappa 23.31 49.64 55.87 75.79 78.80 82.22

AA  55.03 68.27 79.15 92.70 95.74 96.04
3D-CNN OA  49.97 63.81 73.30 92.15 94.84 96.43
Kappa 37.48 53.36 65.79 89.65 93.18 95.22

AA  33.77 48.18 62.57 89.45 92.49 95.80
AR HP OA 39.60 49.94 56.94 83.92 86.27 92.46
Kappa 29.67 41.64 49.28 81.54 84.16 91.14

AA  65.94 76.94 80.41 86.10 89.89 92.51
ISSR-HIC  OA 53.46 62.72 71.56 81.55 86.84 90.52
Kappa 43.11 54.70 64.38 76.26 82.93 87.63

J5 9% S 3D-CNN [ ISSR-HIC J5 % /) 7 K M1 32 1y
AR o A bR AR TE R I (B2 R A
A4 200) , % H 3D-CNN #1 ISSR-HIC J5 ¥, AR ¢
J7EAE Indian Pines %8 5 B 9 SR 73 S B2 42
Tt 4.75% 8.24% ,7F Pavia University 254 I 42
F}2. 88% . 8. 79% , #F Salinas % & &£ [ & J}
3.79% \1.68% . FEA bR B AEA A L B (52K AR
BEREARKN 5) X H 3D-CNN Al ISSR-HIC J5 3%,
ARSI IEAE Pavia University %044 F Y SR 326
A5 B 3T 10.08% 11.17% , 7E Salinas 2 #
£ FH#TF8.52% 5.56% ,7F Indian Pines %% 4
b AR SO 3D-CNN 5 35 S A 3 0K B 2 T
6.52% , [t ISSR-HIC 5 FRE5.11% .

AA  55.80 72.21 84.21 95.83 97.87 98.80
AP OA 55.81 73.89 84.94 97.32 98.42 99.31
Kappa 41.88 65.14 79.65 96.41 97.89 99.07

F 11 Salinas HIEE LFAFAHENEHEETTHSLERR
Table 11 Classification results of different

methods with changed numbers of training

samples on Salinas datasets %
ity AR
J5 ik e
fibr 1 5 10 50 100 200

AA 62.02 85.24 88.92 94.08 94.76 95.82
3D-CNN OA 57.24 76.97 82.31 87.25 88.13 89.86
Kappa 53.04 74.61 80.41 85.83 86.79 88.68

AA 77.67 87.39 91.02 94.47 96.01 96.63
ISSR-HIC  OA  70.65 79.93 83.72 90.21 91.52 91.97
Kappa 67.44 77.67 81.97 89.13 90.56 91.08

AA 78.30 90.99 92.74 94.56 96.76 97.27
AR Hk OA 78.30 85.49 87.31 89.01 92.78 93.65
Kappa 74.39 83.83 85.84 87.73 91.94 92.89
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FExbre, 16 3 Bl 4 LRBUES R IR 12 fros
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T WA 3. 3% , L BR A 0 AR X A 58 2K, 6 1
OrRUER R T 16.26% o L RIUEH] T L WE
55 bR R A R, T A2 R R X TE AR 4 4 1Y 15
T A A0k /0 WS R 5 1A o G R A R

R12 FERIEHETABEELHSEER

Table 12 Classification results of the proposed

methods with different loss function on

three datasets %

fihr Lo+l Lo+ lu L..
AA 62.57 55.58 61.20
Indian Pines 0OA 56.94 52.26 48.33
Kappa 49.28 45.28 42.28
AA 84.21 83.08 77.42
Pavia University 0A 84.94 81.64 68. 68
Kappa 79.65 75.38 60. 88
AA 92.74 90.78 90.08
Salinas 0A 87.31 85.49 83.29
Kappa 85.84 83.78 81.46
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Small sample hyperspectral image classification method
based on memory association learning
WANG Cong'?, ZHAGN Jinyang’, ZHANG Lei’, WEI Wei"'>* | ZHANG Yanning’

(1. Research & Development Institute of Northwestern Polytechnical University in Shenzhen, Shenzhen 518057, China;

2. School of Computer Science, Northwestern Polytechnical University, Xi’an 710129, China)

Abstract: Hyperspectral Image ( HSI) classification is one of the fundamental applications in remote

sensing domain. Due to the expensive cost of manual labeling in HSIs, in real applications, only small labeled

samples can be obtained. However, limited samples cannot accurately describe the data distribution and often

cause the training of classifiers to be overfitting. To address this problem, we present a small sample hyper-

spectral image classification method based on memory association learning. First, considering that the unla-

beled samples also contain a lot of information related to the data distribution, we construct a memory module

based on the labeled samples. Then, according to the feature association among labeled and unlabeled sam-

ples, we learn the label distribution of the unlabeled sample with the continuously updated memory module.

Finally, we build an unsupervised classifier model and a supervised classifier model, and jointly learn these

two models. Extensive experimental results on multiple hyperspectral image classification datasets demonstrate

that the proposed method can effectively improve the accuracy of small sample HSI classification.

Keywords: memory association learning;

(HSI) ; classification

semi-supervised; small sample; Hyperspectral Image
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Fig. 6 Encoding block reference structure for refreshed and unrefreshed regions
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Table 1 Rate control accuracy comparison of
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HM16. 19 Cik[51] Xik[52]

Fe 4l

F/% Seq/% F¥/% Seq/% F/%  Seq/%

Mobisode 2.55 0.010 1.98 0.010 1.01 0.003
RaceHorses 1.53 0.008 1.43 0.007 0.66 0.004
PartyScene 2.33 0.009 2.11 0.008 0.29 0.003
Chromakey 2.55 0.010 2.32 0.009 0.33 0.003

Wave 2.22 0.009 2.01 0.008 0.28 0.002
Parkrun 2.73 0.011 2.38 0.009 0.41 0.003
Kimono 1.22 0.007 1.34 0.008 0.67 0.004
Tennis 2.76  0.011 2.41 0.009 0.44 0.004
Average 2.24 0.009 2.00 0.009 0.51 0.003
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W)y %&, 4y il %t SVT-HEVC | TPCast , JPEG-XS
WHDI 1% 2 fith 52 3L 75 AT o0 A o

SVT-HEVC % % % i 3 45 /K T 2018 4 J A
FEFPEAL XS, % $5 HEVC Main Al MainlO pro-
file 3C1F, I S+ 5 15 8K@ 60 fps.4:2: 0.8 {if Fl
10 o7 i P03 g A =X, R 223K 13 > T (MO ~
MI12) BYRS IR, 7 26 3 ot 5 20080 % 2 22 ) R A7 AL
B SR T R A AR, AR T L & 1 LA
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TPCast -y VR ( Virtual Reality) . AR ( Augmen-
ted Reality ) #l MR ( Mixed Reality ) 42 L JG 2k fi# o
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WHDI £ A J2& DL 8.5] Amimon 2 7] i 7 &
Y — b G LR 3 4 R R & 1T o WA 1
THIC L I g 9 0 5 52, SRR 1080p@ 60 fps 43
FTR 46 15 i, 20 T R B2 IR 45 5 BoR
WA IEHE

22 %1 T H.265(SVT-HEVC) (H. 264 ( TP-
Cast) JPEG-XS WHDI 4 F{I% 42 38 % i1 75 58 1 i
B o BT IR P A A 4 R 45 R T ) Y 6 37 55t
ANTR], £ FEARUE I T 28 FNRE 3R 22 S 80K, ML H. 265
F| WHDI [y ZE R AR FEAR, A 5 1 1 ~ 1 000 ms [
FERFE L, an 7 B R, AT S A I ), AN (7] S
T8 7 G2 0% i B EE 3R R 45 2 1) AN A ) BE AN TR S
T 90 IR R /)N 3% 7 G Bt 3 3B R, P 448 3 K R
St i i () P BE AR AT | AS 1 0 3 Hh LR AR oE B A0
105 AT RN B 50 Hr .
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Table 2 Configuration of different encoding schemes

Iy % SVT-HEVC ~ TPCast  JPEG-XS WHDI

y i [F2] /57 P F5 00 v v X X
it AR g v v v v
ﬁ Hfk v v v v

90 G 1 v v R a7 X
L BERRMA v v X X
ﬁ T 17 Jonn 5ok v v v X
% W R X v x x
7S AT v X v X

108

PAS
]OZ L
s O
aa}
10'} O WHDI
A /\ JPEG-XS
[] TPCast
Y¢ SVT-HEVC
1 10 107 0° 104
JRhS IEIR /ms

BT 4y %nt b
Fig.7 Comparison of different encoding schemes
4.1 H.265 RERAR
HHr,H.265 © &4 A T 5 XA F T & /52
B2, 3T CPU iy x265 . SVT-HEVC , NETINT
HEF L B B9 Codensity %i 5 28 ', LA K

NVIDA £:F GPU #% ity NVENC % fith %5 %5 . 7E
T4 4w 55 %% 1, Codensity Fl NVENC #f 7& H. 265
Y i bR o ) LA AR AR T R IR Y G B SE R, R
Codensity i) 4 2L R 24 5 ms, NVENC /9 25 15 %
BLH 3 ~ 10 ms, 765K MF 40 5% 45 H , SVT-HEVC
A0 EE T x265 LA B &, SVT-HEVC () M11 #i{
WA 5 x265 [ very slow £4 K I 36 5 it AR L,
JnE B 4 176 4%, SVT-HEVC 1) M9 #L 5 45 =X
55 x265 (1) medium A4 Y {1 W5 5 A, i A
TR 15 %, W SVT-HEVC #) fifi I BLA B AK , 5
A 4 2 1 i A B AT SR T AT

SVT-HEVC 3% T 7] {tf 45 #4451 7 R ( Scalable
Video Technology ,SVT) ZE JF LMK, SVT j&—
ol 5 T 0P 1 A 00 o 0 B AR, e i o ) 25 A 1T e
A AL B2 E ST BLE g | HE R FNRLGE R 22 ) Y A
™, SVT-HEVC J& H. 265 i iff I [ {I§ i
RS 12 N 0] W RRAR , S5 B R YR AE SR 7E
HZRH N, R4 e 300: 1 247, e A A1 7
R ARFLLE] 100 ms H F L+ Z RG] .

SVT R4 %5 o 235 , HoKe S A7 A0 03 4 5 37 7
Prfiee Ry 0 DR R B R B4 AT is B Al A SR A
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IKER 3.2 TR, SVT 93 7K 28 4% Jhy i % 1
TP 4 15 8 2% B (Super Block, SB) 2%, 2 i
R 7K 2 R i R A e/ AT 55 O s 38 2 o X
A SB i /K £ Ry ], — Fif 5 2R« G B A e T
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AMEFFARVEM o 55 — Bl 7 30A « 4 A5 58 R F I B
A HERR S TE L5 2 10 SBOBUHE f A Jr il 1k AT 4%
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FIPEP S SB ) 43 X, SEEL T 4 A B R AR
Joz i P BA L A
4.2 H.264 RIERHFE

H. 264 Frifi C 29k Tolk 5 3z D nl FR H
HAER H.265 (1 b —ACFRHE, A B 1) 4 1% 52 2% 2
FAXFBEAG , F VR B A 4 1 2 <264 B AR N F S
P AR X 5 4 R00R 14 38 5K T 304 S JE 3R 1 =
A R AE 3R 7 58 AR 3 T 88 4R 1% 11, L TPCast J7
&R 1) 3 3 SR FE T P i S A0 Ak, BT LA 3k $1050: 1
[ R 45 LA 10 ms 2% 3] 1 4E 3R

TPCast {fi | CAST /> ] [y H264-E-BPF 1P #%
sfiBel) - H 3 H. 264 Baseline Profile, [A ifij
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Low-latency video coding techniques
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(1. Institute of Image Communication and Network Engineering, Shanghai Jiao Tong University, Shanghai 200240, China;

2. Cooperative Medianet Innovation Center, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: With the widespread usage of video coding and transmission techniques, demands for video
have increased dramatically. Real-time video communication has become the research focus of the video indus-
try. Its core goal is to provide a better user experience and lower latency. Low-latency video coding is a key
component for real-time video communication applications. The overall system latency can be effectively re-
duced by reducing the coding latency. First, this paper analyzes sources of latency in the video transmission
system. Focusing on the general video coding framework, this paper introduces the generation mechanism of
the coding latency. Then, mainstream video coding standards at home and abroad are outlined. The detailed
description of the principle and models of rate-distortion optimization techniques provides a theoretical basis for
the design of low-latency video encoders. Additionally, this paper summarizes how to optimize the coding la-
tency in terms of the reference structures, pipeline design, encoding modes search, rate control, and hardware
acceleration and generalizes industrial representative low-latency video coding schemes. Finally, this paper
summarizes the limitations of the existing low-latency video coding techniques and presents future research di-
rections.
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Table 1 Detection accuracies published from DARK

FACE dataset ( with image enhancement)
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Table 3 Benchmark accuracies published from CVPR

2019 UG2 + competition ( with image enhancement)

LoRIIKERTS i3
DSFD + MF 0.414
DSFD + MSRCR 0.413
DSFD + LIME 0.403
DSFD + BIMEF 0.402
DSFD + Dehazing 0.365
DSFD + RetinexNet 0.332
DSFD + JED 0.179
PyramidBox + MF 0.263
PyramidBox + Dehazing 0.249
PyramidBox + LIME 0.248
PyramidBox + MSRCR 0.246
PyramidBox + BIMEF 0.245
PyramidBox + RetinexNet 0.207
PyramidBox + JED 0. 146
%2 DARK FACE MR % % H0 U

(KRERAEGIEEER)

Table 2 Detection accuracies published from DARK

FACE dataset ( without image enhancement)

oRTIKERE i3
DSFD 0.153
Faster R-CNN 0.017
PyramidBox 0.132
SSH 0.076

6 I 4 72 W
DSFD + MF 0.393
DSFD + MSRCR 0.393
DSFD + BIMEF 0.383
DSFD + LIME 0.383
DSFD + Dehazing 0.348
DSFD + RetinexNet 0.316
DSFD + JED 0.170
PyramidBox + MF 0.251
PyramidBox + Dehazing 0.237
PyramidBox + LIME 0.237
PyramidBox + MSRCR 0.235
PyramidBox + BIMEF 0.234
PyramidBox + RetinexNet 0.199
PyramidBox + JED 0.138
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Table 4 Benchmark accuracies published from CVPR

2019 UG2 + competition ( without image enhancement)

LRI K R7S e
DSFD 0.136
Faster R-CNN 0.125
PyramidBox 0.069
SSH 0.017

RS AXLBEEBONEE
Table 5 Detection accuracy of experimental

models from this paper
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DARK FACE Ji [l £ . 3 €] U il 3 31 5 0.560
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Saliency guided low-light face detection
LI Kefu', ZHONG Huicai®®, GAO Xingyu” ", WENG Chaoqun®, CHEN Zhenyu®"*,

LI Yongzhou®, WANG Shizheng’"’

(1. School of Microelectronics, University of Chinese Academy of Sciences, Beijing 100049, China;
2. Institute of Microelectronics of Chinese Academy of Sciences, Beijing 100029, China;
3. Chinese Academy of Sciences R & D Center for Internet of Things, Wuxi 214000, China;
4. Big Data Center of State Grid Corporation of China, Beijing 100031, China)

Abstract: To deal with the problem that it is hard for convolution neural network to do face detection in
low light environment, we propose a method combining image saliency and deep learning and apply it to low-
light face detection, which integrates saliency and the original RGB channels of the image into neural network
training. Sufficient experiments are implemented on DARK FACE, a low-light face dataset, and the results
show that the proposed low-light face detection method achieves better detection accuracy than the existing ma-
instream face detection algorithms on DARK FACE, thus confirming the validity of the proposed method.
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Fig.1 Model framework for handling imbalance between

classes in meteorological satellites
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Fig.2  Schematic diagram of data percentage proportion of data distribution corresponding to different methods



588 b B = R OR

2021 4F

B3 GAN M0 B A8
Fig.3 Core idea of GAN

StyleGAN2 1, )& 78 i SR 3 B2 1 1 el it v]
LA J8CEE e T 0 B o BB R AR S i Y
LSCIDWS-S %4 £, Jii A st & & it i) LA =
P, BT A SO #E T StyleGAN2 {5 GAN i
17 1 Ak RS B v i B it B9 4% . StyleGAN2 2 BLAE
THBRE PR bR AT T — 20 e, 1B 1 Bl
1o 2 2B S R v G S 2R K 1
R, % B St 09 J5 1) 2 AL 8] T AdaiN 138
b S R AT 43 i H — Ak 3 B A R AE B
P SME RN T 25 ELORAME et 1 an )« i ekt i
A K AR AIE P11 REE AR 5 9 1) A B AR 24T AH 1
AR, X (2) s w w43 53] Sk T G AN FE A
PRI 55, N5 L A5 ARE BB 1 E 55
k2 BN FRAE R AE BN 25 8 F s, R(3)H
SE FCRE L 8 i 45 FR R 22 05 A s ACEE (R AL
) MtrEz, X(4) RRX(2) P o) FELHNE
BALE &, e AR/INREE , &y 1 W DR Bl R 2L
ANH 0,

w,i,/'k = S Wi (2)
o; = Z(WZ,'A-)Z (3)
ik
w'.
w’;‘k = : (4)

/z;, (wj)* +e
3.2 ERSEEDR
T8 58 B 24 5 Ak Ak B 22 )5 9F A4 2001 2k
PR, AR Al 4 BTOR o e AR R R an N A Y
AR Sl VR O i B S 7 N 3 B T R |
SRR R AT B % 2T, R4 R I 2545 2]
%) 5 U AT B 0] s A B 85 A 12 4 A A 1 s 4R Y
M | REGXAE T BN ghy H Y, EE
TR S AR S 00 B S A B I 2 S R AR AR
SEREZ R TIEEAR R B Z I EE B
PR 5T 8 7 G A A A e 3 22 S 0 1) 43 S N
FERIHTEE T, 4 Fh HoAt 25 A 28 00 00 23 K sg . W)
B B B I 25 g Ak B 3 O A A S 4 A
B 53 A1 RS Ak 3L % A B4 A 1 BSCHE A 2 )
SEARR YOG IR . 2 AR R ) Y A O EK, {15
A AL BN Z 05 W B R o R BRI B — 1~ A
R o A5 4 25 0 1 B 8 B AH DL ) A RN T o
X I R 20 R AN R s

BiE1 HRARREREE.

BN IR N SRR X, B0 10 A0 B B I 25
B X BEELYIN R R B m o

B A X AR

L BENLT IR AT il R~ ST M 2 S8 M,

2. Repeat

fori=1 to m do

AR 19 4 00 45 R 5 S 0 A 4% HE AT 4R
i

S AL R ST 2 i S5 W,

3 ARAFIT RS I LY M,

4. FIEER M, I or B M, 125

5. Repeat

fori=1 to m do

AR A 0 2% 00 45 2R 5 3 5
R

S A R BT A IS H W,

6. 58 I 2 o KR M, (9 )I Zk

7.8 B O A A A M, 3R A B 2y 2

R SURFE IS S

45

A SCHE PR R 73 Je s B p R T ResNet101 45y
W GRad A Y FE AR TR o 3 3 SR RO A S AL
I G LG i G, A B AT AT IR JZ U 0 2% RS
BAFRITERE , (H R BT SR W], B ) 2% TR JEE 14 3

EH

Bl
Bt |

(RAPHEE LS
i ST

T N VI L
b T8 e

JEZ

B4 3 R el 2 mo i 72 1

Fig.4 Flowchart of classification module training



5 3 3

FRA G BT XA R ST YR E R

T, 2> HVBUAR BE R A, 3 EUC IR SOX — [, il
B 22 AL 42 AT DL A5 I % 1 E S i I
28 DR L 1 38 i i B Ak, A SCRE #F ResNet101
By o3 B e v Y SR AR 2

PAE2 MR E & M T RKERIDES
B r JEHEDRL S 58002 18 1 Kt P AN A TR

3 EWERKSN

3.1 HEE

H A A TF A F Y = B 4, AR 18 30
SCHHE AR R T A i B 4, Bk 2 O LSCID-
MR-S ( Large-scale Satellite Cloud Image Database
for Meteorological Research System ), LSCIDMR-S
JELISEAE-8 5 AR T N B R P S i — R
REEEIE G = B S S 5 4 o B 5 1)
KRR SR I 1B 5 B O 1A A5 T Al O L AT
AR BT PR RS K s ROK & R
VOB BRI AD 3G 11 425183 104 390 5K 4]
F R AR IR R/ 1000 x 1000 {25 . fEA
SO TR 2 SR AR TR R AR A U oK
K MK VDB RO A5 I R R
FRALMN, B S Bl m o = B R,
VBRSOl o TR R
Ja W 8RS S ff e 2R ( Imbalanced Ratio, IR) W
137.25, IR Oy 8 030 5 A 39 40 2% 12 19 — >4
b, HEEARTH A0 0(5) s, 2 Bl i e 2 1 2k
1) 8 5 RS AR R e /b ) 28 O3 A SRS EE ), — i
N

£2 525
= ST

s
(O WU (o) flkz

(h) H#%
K5 LSCIDMR-S 4 4 i1 38 73 7 B
Fig.5 Partial schematic of LSCIDMR-S dataset
%1 LSCIDMR-S R EZ EHHEFELHIERF
Table 1 Data distribution of LSCIDMR-S

()

(1) @ik

after processing

Z 5 B L il / %

i 4 985 4.78
Pl e 3 305 3.17
K 8522 8.16
BT 634 0.61
PRI 628 0.60
g E RS 86 315 82.69
Jesan 104 390 100

BB %k 589
550 AN RN R ) 28 R
R_maxiHCiH (5)
~ min, {| C, 1}

3.2 EEAHE

ARSI S VA 7 85 SR T 43 2 vl
4 S A B2 (Overall Accuracy ) F1454> 38 il () 73 26
5 (Category Accuracy) AT WAl o SRS 22
i I T 1) b 25 R R A TIOR8 B 1)
O], 3 —F6 bn BB T8 48 14 PP 45 B Y B AR PE e
XF TR R B AR Y 0 A, B — B SRS B AN
PAFE i )R B 3k — 455 80 5 552 o ) 880 1 D0 5 R E
B — 1 SV AORS B B RE R O AN BEAR G Ml R R A A Y
PEREAR 4 ARAT AT AE 2 Xy B 4 b S e 46 R 2
BB BRSO PR REAF o He A SCrR AR K
FRALM X —RA, &S B E R 82.69% ,
WRRKS R3] T 80% , HAR AT ] fiE H 28 —(1)
B FERAEMNEAN KA E R E . e
P B 1< R o0 A B 4 2 v, o BodE D Y 28 i AL
TR I IZ ST AR R o B 5 A AU B Y
T AU B AUNE PG RS0 B T AR, AT
BRSS9 43 N BT T S s ) R BIF 5 B N A
TS T AR ST SR 45 A 2R 1 B8 70 SN

SRS B RS 01 O RS B2 RE A ECEL | 130
— AR R AR RE . T IR B AR SCIE SR T
ROC H AR R PEAE AR, 1% i 22 o] WAk T 1F
7328 B B PR REAS 55 I M R A Z 1) B 56 &R T
ROC 1 £ 7 17 5 A5 B0 75 A 289 4 H5 40 46 b 1k e 10
—EZE AR, ROC i 2 % M T =43 K 0y wf
G, AR AR BE R e 53 B2 ), A0 A A O B0 BH
(R o RO HY R Z 50 M -, B
S H AT B A SRS A I BEAT AN R 4RAE D
XA 2 T — SRR ROC il £k ; @ Mi-
cro-average it 1 {8 2 73 2 (0] JBUe A6 Oy — o0 B ok
21 ROC 12k ; @Macro-average [T £ 43 25 B9 1F
i 07 25 02 W BEAS BR 2 25 T A W) B A EE, S B W
9P 2, d5e e H [R] — > 2 1 A B s 0 s R 1 5k
ROC £k £o ROC iy £~ Jr 5 A2 b il FBL i A9 1T
Tk & A AUC( Area Under Curve) , 2275 T A
T AR A HETE G049 A A i T A ABE 32, 33 A T AR Y
B AT 0.5 ~ 1 ZJa), B (i Bk, W2 2%
T3 T RE B
3.3 SHIEE

AR AL — DB T 32 GB N AE A
3.6-GHz Inter (R) Core i9-9900K CPU 4b ¥ 2% M
GeForce RTX 2080Ti i iy T Eul F#EAT,

XF TR0 AR A N 2R A AT AR 42 IR 9 1 A L



590 b B = R OR

2021 4F

BIBEAT R 73 o X T K40 2 IR AR 1 B 4, 5 R
36 P 405 1) O T A R L BCE T SR NV =3 826, 1% 4
(ELAR AR I 25 4R op 25 45 17 28 031 v B0 1Y i R A
F/ME IR o SR 5 0 A i X A BOE Y
50 04 B 2 AT BE P 2% 3 2 B0H B ik 2
3826, Xf TR RAETR ), & 4k T HdE KR AE
AR At ok K dh P AT 1 — 2D B A B X 28 ) %k
A0 B T AN PE KU S kAR BRIACH 1, A
RO B 43 0 D 571 #1766, X T S8, IR0, 5
P KB E AT TR B SRS

{ifi I StyleGAN2 A= i i B | K /N Sk 256 x 256
BR. R PR S ADBESE00 B E N
learning rate =0. 001, momentum = 0. 9, batch_size =
64, [8] )14t — 2 256 15K x256 183K . A EIRLERI
2520 YR, DR B SORS BE Frc i IR A TR AR T AT
3.4 XWHERKRIWH

FEXSASCHT §& GAN + TL HEZR, B3 X b 52
6 UE B BT 4R R R D5 VA A R o o R R 4l
AR A 4k 2 0 I 4 BB EAT I 5 5 20 2R B Base J5
T 3 X0 I 0 2 B Ao 19 (R B9 00 R AT Bl AL
RRAEAL )5 1Y Base_under J7 35 ; 7F Base_under
A X Base 471 %2 2% 2 1) Base_under_t
75 1% ; Base_under_over Ji X J5UG K4l 5 E AT i 1Y
EBENL R RAE Z I 1 Bl |, 15 60 D 46 $icdis S op
FEAS B 5 /0 19 26 0l gk A7 AL B A2 T 1 o R R
¥ ; Base_under_over_t 42 7£ Base_under_over Jy ¥
Ot b X Base HEAT I 7 ) W45 R Z A 1Y
Base_under_gan A ¥, F Base_under_over J& F 4= A,
XL P00 255 e AR A% Gt 1 52 1 % B R AT 3 R AE
AT A5 75 50488 53 A1 38 3 — A B B AR R3S B
J5 1Y Base_under_gan_t 1, A LT 2 A9 GAN +

TL fEZE , B 7E Base_under_gan ) 048 40 #F Ko i |
Xf Base Yl 2k th (R U AT IE RS 2 ) o 4T R
SE AT A, R 3 B I S A A A B I
Oy RGN R TF o Hr

o M B AL, 2 2 O AN [ T 3 P X i
8 B30 3 A I D0 FAR I Y R AN Pl R R AT
R e A SR 1 R AN X AR R0k ) 137,25,
T 28 1o A SC T 8 0040 149 1 A0 Ak 3R 2 ), BdiE A
W R B R) 1 335, &1 2 Ry AN TR U5 i % L Y
o A B SR T o3 e R R 18T 2 (a) D9 B
14 B o A s T L B 2 () O K 2 B 9 R dls
BRAE ) 32 8 o3 A T, P2 () AL 2 () 2 J30) 0
TR B 3 A A b B S AR IR 6 T
GAN HY B 4 SR B B 38 20 45 SR s B8 I, PAVE KU 2
TR, 6 (a) Jh Js s K dle £ Hh o XS 0 A o0
AN B 6(b) kT GAN Az iy B s A 41, A
PR rp R DU 51 StyleGAN2, mJ DL 4 3 2 )
FIEMR AR BT SO B IR . BAREREE —
E R MR (HE SR 3 B SR 25 SR v m] LA 2]
StyleGAN2 £ J8¢ 1 P& 11 5 B BE 08 B 4 M 2 ~J it 4]
B HFAL

R2 BAENENEESIHREERATFERY
Table 2 Data distribution and data imbalance degree

corresponding to each method

J5 i B B 43 A (RS RLIE 2) IR
Base 1 137.25
Base_under 2 6.759
Base_under_t 2 6.759
Base_under_over 3 3.35
Base_under_over_t 3 3.35
Base_under_gan 3 3.35
Base_under_gan_t 3 3.35
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Classification of satellite cloud images of disaster weather
based on adversarial and transfer learning

ZHANG Minjing' , BAI Cong'>** | ZHANG Jinglin®, ZHENG Jianwei'"

(1. College of Computer Science and Technology, Zhejiang University of Technology, Hangzhou 310023, China;
2. Key Laboratory of Visual Media Intelligent Processing Technology of Zhejiang Province, Hangzhou 310023, China;

3. School of Atmospheric Science, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract; Weather can be forecasted based on clouds. However, how to use deep learning technology to
achieve automatic weather forecasting, especially the automatic recognition of disaster weather, is still an un-
explored field. Hence, it is necessary to carry out research on the basic problem in the field of automatic iden-
tification ; the classification of satellite cloud images. Satellite cloud images have serious data imbalance prob-
lems. That is, cloud image data related to severe weather accounts for a very small proportion of all cloud im-
age data. Therefore, this paper proposes a framework combining Generative Adversarial Network ( GAN) and
Transfer Learning ( TL) based Convolutional Neural Network (CNN) to solve the problem of low accuracy of
disaster weather classification based on satellite cloud images. The framework is mainly divided into a data bal-
ancing module based on GAN and a CNN classification module based on transfer learning. The above two mod-
ules solve the data imbalance problem from the data and algorithm level respectively, and obtain a relatively
balanced dataset and a classification model that can extract relatively balanced features on different types of da-
ta. Eventually, the classification of satellite cloud images is achieved and the accuracy of the classification of
satellite cloud images in disaster weather is improved. The method proposed in this paper has been tested on
self-built large-scale satellite cloud image data. The ablative properties and comprehensive experimental results
prove that the proposed data balancing method and transfer learning method are effective, and the proposed
framework model has significantly improved the classification accuracy of various disaster weather categories.

Keywords: disaster weather; satellite image ; image classification; generative adversarial networks; data

imbalance
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b 128,

MECL13) Fra] LB R A Y, 4015 eR B0 26 T
KoL 2 25 2R rp s SORARURE A X AR AL RE 44 AEE 1Y) e
Bro TN TE SCRARL G RE A XoF (9 F B RE 76 BT A3 RE AR
XA AR BLBE T HE 24 SE AT, B4 L - ) B4 — /N
S E I AR, A SR mEGE K AR
T, 20 S8 SRR R A A XoF (%) A+ 0L B2 HEAE 5 ) i 7
BLLC )R — DRI Z M AE SR, X i
LB SO RE A X 19 AL BE 1 HE 44 FE T o
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ARSCAE 2 A e MERCHE B B AT T 9050 . Mi-
crosoft Research Video to Text ( MSR-VTT) """ #j¥
4 F Microsoft Video Description Dataset (MSVD) 122
Bl tE  LAVEAG P SR HEZRPEBE

MSR-VTT Jz&— > 1 () 90451 41 ik K dle 4, 60
10 000 RS BTHE . BdE Aoy 6 513 ISk
FLA 2 990 A~ 12 A A AT 497 A>T ik HE AL A, i
ASPARAT 20 /)5 A0 o ) 1 8 KR A
W, X2 R R PR —

MSVD $(#E 4618 1 970 4 Youtube BJ 48 | £F
AIIRHRA K2y 40 D) TERE . AT
BN IA , AT 1 200 ASYITZRALAT, 100 456 iE A1
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AR S 2k T A AR 2R AR ((Video-
to-Text Retrieval ) M fifi FJ 3C 24 £ 2 #0481 ( Text-to-
Video Retrieval ) 2 ™1 55 ok i 5 45 80 A oE g
SEIG K F A A7 30 ( Median Rank, MedR) LA &
top K 73 [1] % ( Recall rate at top K, R@ K) {E Jy i
SRR TN R VAS A E =0 S A o O VA b}
PR RIAEARTER R ER by B0y b 7 £k, HfE
AL, AR AT 14 Affy 5 B 5 5 top KA (16, 43 41
PG R SCAAT 55 Y top S 3 191 5, 45 i A4
K6 R SCACIN: AT IO 14 SCAS Y A A R 45 R
5 LAY HE A, AR B ey, AR AT M A AR
3.3 FHRILK

ARSCHEFE T UTAE RS Y 3 T 25 AR S AL AR A
AR Oy B S, 5 AR SCER Bk
FTUER R LB, 81, R 1 HE W AR SCHE S A 46 2%
BRI KA R INAASC(VSE +4)

1) VSE ++ " JEBS BB R P, 31 8 ke
IR T . Horb, FH ResNet-152 £ BURL A3 R
fiE, F V- 35 1t Ak 1) 5 12 26 7R AN B RRAIE

2) W2VV s 7 [a] 45 25 040 40 e 55 310 60 5
AR Tk

3) Fusion'™" . | FH WL AT B 265 4 AiF 5 35 5 7 1iF
73 PR 27 AR AIE , R R 7 508 48 MSVD H
PRATZ I B Y, T DA ASCAR BRI AR 0 B0 5 R ALE , T
FE MSR-VTT 6 4 sz i I T 5 SIURHE

4)ARIC(VSE ++ ) AEA ORI St |,
3 (12) Wy % R AT Y2
3.3.1 BRI X

HI 2% 1 ORISR 2 m] 0, A SCRERY 1) o B R 72 R
Wl (AT 55 A TR) Y 5080 4 T 38 B 3 A T 3
WEE s, Hid  #E MSVD %4 4E I, Recall Sum 4
P H AR B R T 3. 7% K R SO
B R Rt B E R E T 5.0% , 78
MSR-VTT %44 I, Recall Sum #f v F H 1 5
B IR T 4.0% ILAAS R SCAE 45 b A ]
FAH S A2 & T 11, 1% , 1 3 3 Fusion
TE ARG 2R SCAAT 55 b 26 BRUAS A SCHR | 0 3
HAF AT AR R R A MSR-VTT S04 4 1 A e &
BB, 4512 SR BRI T A AN A IE AR . AR
2 A8 % R RO A T RE 6 RE AR 45 0 B O Tk AR
MSVD #dii 4 b B H B RE T T 2. 0% , £ MSR-
VTT $2F+ T 2. 4% o 3 Fi B i 53030 76 BRI SC A
YRS B 1 35 KRB 38 4 42 48 B RRAE 1 AR 3C
B A3 3k 2218 W2k 3R 1 = 4 B R e
KRB S T R A R R

®1 ZEMSR-VITHIEEELHWER
Table 1 Results on MSR-VTT dataset

SCA K R AT ARG 2 SCAF
"k Recall Sum
R@1 R@5 R@ 10 MedR R@1 R@5 R@ 10 MedR
VSE ++ 5.0 16.4 24.6 47 7.7 20.3 31.2 28 105.2
wW2vVVv 5.5 17.6 25.9 51 9.1 24.6 36.0 23 118.7
Fusion 7.0 20.9 29.7 38 12.5 31.3 42.4 14 143.8
AR (VSE ++) 7.6 21.7 31.2 31 12.2 29.4 42.4 18 144.5
ViNg'Q 7.8 23.0 33.1 29 13.1 30.7 43.1 15 150.8
x2 ZEMSVDHEELHER
Table 2 Results on MSVD dataset
SCAS K 2R AR MR A 2% SCA
R Recall Sum
R@1 R@5 R@ 10 MedR R@1 R@5 R@ 10 MedR
VSE ++ 15.4 39.6 53.3 9 21.2 43.4 52.2 9 225.1
\PARY 15.4 39.2 51.4 10 16.3 33.4 44.8 14 200.5
Fusion 18.9 46.1 60.9 6 30.6 49.1 61.5 6 267.1
ARIL(VSE ++) 19.7 48.2 61.0 6 31.7 50.7 61.8 6 272.5
iNg'd 20.9 49.0 62.6 5 32.2 51.1 62.2 5 278.0
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3 /R MCCR 19 45 A4~ 4 15 & 43 ( Level-1 |
Level-2 Level-3) St H.4H 45 76 MSR-VTT % 4fs 4 I
X R A R B RE A i 45 AT LA R AR B v % A
WM E SRR, K 2 S MSR-VTT %4l 4 19 6
AP AGE ZR SCAS 1) IR f51] , W0 4 B8 75 1 4%
T84y B LA A ke B A8CR, o GT 3RoR Bl AL
I EFEAR, & RGN ECTE RR 2R R R
A OE 51 0 e A HE 44

A LLE B, Bl ] — A o B 3 0 4 A7 1 25
W7 3 A AR, il Level-3 i 47 Y11 2545 3 11
YT R i e, XS B T ) S AR G A 1) B

[ B 3¢, U8 B T S TR 7 B A o T 2 R
Bt B, B G B 2 3 2, BB 1 R O T 4R
T B2 B UER T UL B4
3.3.3 HMEBESMN

TEAS SC 2 H ) MCCR 558 J 45 2 65 D0 1)
Level-1 JZ2 il i 5 A8 S 80 k ¥ 8E E ) R
PIANEC, BRI B IR RS R, AT
PRITAS SCHR A MCCR X T 19 25 g A6 10 A4S 35 1
TRURRAR B2 b i IUE R € 7E 0,1,2,3,4,5 ,7E MSR-
VTT 4l 4L 347 50 56, K R 45 R an i 3 Fi &l 4 9
N, B3 ROR DO R R R I, K] 4 FRoR DA
PAT G 2R SCAS [ 81

#3 ZEMSR-VITHIEE EHHEBMOTER
Table 3 Ablation analysis results on MSR-VTT dataset

P& S E]

LI R SCA

5k Recall Sum
R@1 R@5 R@ 10 MedR R@1 R@5 R@ 10 MedR
Level-1 6.4 18.9 27.1 46 11.9 28.3 39.2 22 131.8
Level-2 6.3 19.7 28.8 38 10.0 26.2 38.3 20 128.8
Level-3 7.3 21.5 31.2 32 10.6 27.3 38.5 20 136.4
Level-(1 +2) 7.2 21.3 29.6 37 12.1 30.5 40.9 17 141.6
Level-(1 +3) 7.4 21.2 32.3 30 12.4 29.9 42.5 16 147.1
Level-(2 +3) 7.6 22.4 32.2 31 11.9 30.6 42.4 16 147.2
Level-(1 +2 +3) 7.8 23.0 33.1 29 13.1 30.7 43.1 15 150.8

| *GT: A man adds juice and soda to a mixture
* Level-1(23) man mixes drinks

man pours juice into a pitcher
man is mixing drinks

A man pours citrus beverage
pineapple and lemon lime 7up unto a jar

| - Level-(1+43) (7) : A man pours juice into a pitcher

 Lovel-(2+3) (8) : Man is preparing a drink
| - Level-(142+3) (2): The man added juice and soda

guitar

* Level-1(31): A boy is playing a guitar

* Level-2(23): A kid is playing a guitar

* Level-3(19): A boy is playing guitar

* Level-(142) (13) : The boy is playing the guitar
* Level-(143) (8) : The boy played his guitar

*GT: A young man seated on the floor is playing a

*GT: a man pouring water on a pilot’s head
+ Level-1(26): A guy wets Pilot's head in aerodum |
* Level-2(31): A man is having liquid pourd on him
*Level-3(21): A man is mixing drinks

* Level-(1+2) (16) : An airoplain try to flying

+ Level-(143) (10): The man poured a liquid over |

| another’ s head

* Level-(2+3) (8) : one man is puring water on other I

| man’ s head |

*GT: A man gets sprayed with polluted water

* Level-1(43): This man watering the jogger

* Level-2(37): A man spraying a jogger with a hose
* Level-3(22): A man taking both from dirty water
* Level-(1+#2) (17) : Man is watered with a hose

+ Level~(143) (11): This man watering the jogger |
+ Level-(2+3) (13): A man gets sprayed with |

polluted water

*GT: A sleepy baby is sitting on the floor
* Level-1(28): snoozing baby, almost dropping

* Level-(1+2) (10): A baby is falling over
* Level~(1+43) (7): the baby is playing

|
|
| * Level-2(34): A baby is sleeping while sitting
|
|

« Level-(2+3) (7): featuring a baby
* Level-(1+2+3) (6) : A baby is falling asleep

|
|
* Level-3(24) : a baby is sleeping '
|
|

*GT: A dog drinks its bath water |
* Level-1(26): the dog is playing water
+ Level-2(21): A dog is bathing in a bath tub |

+ Level-(1+2) (12): A puppy plays in its bath twb |
« Level-(143) (13): A puppy is playing in the water

Level-(2+3) (9): A dog sits and plays in a tub of |

| - Level-(2¢3) (9): the boy is playing guitar

2 MSR-VTT B4 4E 9 6 LSS 2 SCA B9 IAAE 6], DL K MCCR #4545 1 58 43 (Level-1 Level 2 | Level-3) [z J

| - Level-(1+2+3) (10): This man is watering the | Nt

HA MK RES

|
|
| * Level-3(20): The dog is sitting in the tub
|
|

N EEBACHNINOLOCITR, L

Fig.2 Test samples of 6 video retrieval words in MSR-VTT dataset, as well as the retrieval results of each coding part

(Level-1, Level-2, level-3) of MCCR and its combination.
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Fig.3 Text to video retrieval
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Fig.4 Video to text retrieval
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Cross-modal video retrieval algorithm based on multi-semantic clues
DING Luo', LI Yifan', YU Chenglong®, LIU Yang', WANG Xuan'"’, QI Shuhan'’"*

(1. School of Computer Science and Technology, Harbin Institute of Technology( Shenzhen) , Shenzhen 518055, China;
2. School of Digital Media, Shenzhen Institute of Information Technology, Shenzhen 518172, China;
3. Peng Cheng Laboratory, Shenzhen 518055, China)

Abstract: Most of the existing cross-modal video retrieval algorithms map heterogeneous data to a space,
so that semantically similar data are close to each other and semantically dissimilar data are far from each oth-
er, that is, the global similarity relationship of different modal data is established. However, these methods ig-
nore the rich semantic clues in the data, which makes the performance of feature generation poor. To solve this
problem, we propose a cross-modal retrieval model based on multi-semantic clues. This model captures the
data frames that play an important role in semantics within video model through multi-head self-attention mech-
anism, and pays attention to the important information of video data to obtain the global characteristics of the
data. Bidirectional Gate Recurrent Unit (GRU) is used to capture the interaction characteristics between con-
texts within multimodal data. Our method can also mine the local information in video and text data through
the joint coding of the slight differences between the local data. Through the global features, context interac-
tion features and local features of the data, the multi-semantic clues of the multi-modal data are formed to bet-
ter mine the semantic information in the data and improve the retrieval effect. Besides this, an improved triplet
distance measurement loss function is proposed, which adopts the difficult negative sample mining method
based on similarity sorting and improves the learning effect of cross-modal characteristics. Experiments on
MSR-VTT dataset show that the proposed method improves the text retrieval video task by 11.1% compared
with the state-of-the-art methods. Experiments on MSVD dataset show that the proposed method improves the
text retrieval video task by 5.0% compared with the state-of-the-art methods.

Keywords: cross-modal video retrieval; multi-semantic clues; multi-leader attention mechanism; dis-

tance measurement loss function; multi-modal
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Fig. 1  Cross-resolution pedestrian image
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Fig.2  Framework of attention network
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Fig.3 Subjective performance comparison of various models
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Table 1 Performance comparison of multi-scale joint learning method and other methods %
CUHKO03
Market1501 DukeMTMC-RelD
ik Labeled Detected

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP
IDE['] 22.0 21.0 21.3 19.7 72.5 46.0 67.7 47.1
MGN#] 68.0 67.4 66.8 66.0 95.7 86.9 88.7 78.4
BT PCB!?) 61.9 56.8 60.6 54.4 92.3 77.4 81.7 66. 1
Pyramid‘®’ 78.9 76.9 78.9 74.8 95.7 88.2 89.0 79.0
GFLF-S!3*] 76.6 73.5 74.4 69.6 94.8 88.0 89.3 77.1
CASNI*] 73.7 68.0 71.5 64.4 94.4 82.8 87.7 73.7
HFEEH M1 L3¢ 70.1 66.5 66.6 64.2 94.7 84.5 85.8 72.9
B Mancs!7] 69.0 63.9 65.5 60.5 93.1 82.3 84.9 71.8
HACNN[2] 44.4 41.0 41.7 38.6 91.2 75.7 80.5 63.9
DPFLI 43.0 40.5 40.7 37.0 88.9 73.1 79.2 60.0
HoAth BDB!¥! 73.6 71.7 72.8 69.3 94.2 84.3 86.8 72.1
SVDNet ! 40.9 37.8 41.5 37.3 82.3 62.1 76.7 56.8
F s ZRPEBEA 80.7 77.0 78.0 73.4 95.9 89.1 90.0 80.4

Rank-1 Rank-2 Rank-3 Rank-4 Rank-5 Rank-6 Rank-8 Rank-9 Rank-10

Rank-7

4 Market1501 i 52 56 43 5 25 i) 45

Fig.4 Partial image query results on Market1501 dataset
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L5 X B RLPE RE B9 52 0, BB AT T 46 18 m 1 20
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i T 1.3% Rank-1 f11.3% mAP, 4§
P nl LR B Y R REN 2 i, 7E Mar-
ket1501 . DukeMTMC-RelID #l CUHKO3 Labeled %
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Table 2 Ablation experiment of multi-scale joint learning method %
CUHKO03
Market1501 DukeMTMC-RelD
yiRiS Labeled Detected

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

Fk 59.1 54.2 55.1 50.2 93.5 82.4 85.3 72.0
M2k + CG 69.8 66. 1 66.9 62.6 94.8 86.9 87.9 76.7
FLLk + FG 70.9 67.1 68.2 63.3 95.1 87.3 88.2 77.9
Itk + CG + FG 76.4 72.1 73.0 68.4 95.3 88.7 88.7 79.1
ek + CG + FP1 78.4 75.1 76.0 72.2 95.6 88.7 89.1 78.5
Fk + CG + FP2 78.7 75.2 75.5 71.5 95.6 89.0 89.2 79.6
FLk + FG + FP1 77.3 73.1 76.4 71.8 95.6 88.5 89.5 78.9
Hk + FG + FP2 77.6 74.2 75.0 71.4 95.7 88.8 89.5 79.8
He2k + CG + FG + FP1 80.7 77.0 78.0 73.4 95.9 88.8 89.6 79.2
Fk + CG + FG + FP2 80.8 76.7 76.0 71.8 95.9 89.1 90.0 80.4
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Multi-scale joint learning for person re-identification

XIE Pengyu', XU Xin'??*

(1. School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China;
2. Hubei Province Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan University of
Science and Technology, Wuhan 430065, China;

3. School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: The existing person re-identification approaches mainly focus on learning person’ s local fea-
tures to match a specific pedestrian across different cameras. However, in the presence of incomplete condi-
tions of pedestrian data such as motion or occlusion of human body parts, background interference, etc. , it
leads to an increase in the probability of partial loss of pedestrian recognition information. This paper presents
a multi-scale joint learning method to extract the fine-grained person feature. This method consists of three
subnets, i. e. coarse-grained global feature extraction subnet, fine-grained global feature extraction subnet,
and fine-grained local feature extraction subnet. The coarse-grained global feature extraction subnet enhances
the diversity of the global feature by fusing semantic information at different levels. The fine-grained global
branching unites all local features to learn the correlation among local components of a pedestrian while descri-
bing the global features at a fine-grained level. The fine-grained local feature extraction subnet enhances ro-
bustness by traversing local features and finding out pedestrian non-significant information. Comparative exper-
iments have been conducted to evaluate the performance of the proposed method against state-of-the-art meth-
ods on Market1501, DukeMTMC-ReID, and CUHKO3 person re-identification datasets. The experimental re-
sults show that the proposed method has the best performance.

Keywords: person re-identification ; multi-scale; joint learning; multi-branch network ; deep learning
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Table 2 Highest classification accuracy of each method on different datasets %
. BANCA AR YaleB
ik 4 train 5 train 6 train 5 train 10 train 15 train 20 train 30 train 40 train
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BDPR 75.80 79.88 84.38 93.01 97.38 98.60 94.33 97.37 98.48
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Fig.2 Function convergence curves of BDPR

method on different datasets
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Abstract; Most feature representation algorithms are susceptible to noise when mining the internal struc-
ture of the high-dimensional data. Meanwhile, their feature learning and classifier design are separated, resul-
ting in the limited classification performance in practice. Aimed at this issue, a new feature representation
method, Block-Diagonal Projective Representation (BDPR) , is proposed in this paper. First, a weighted ma-
trix is imposed on the coding coefficients of samples over each class. By using such local constraints to en-
hance the similarity between the coefficients and reduce the impact of noise on coefficient learning, the pro-
posed BDPR can well maintain the internal data structure. Second, to closely correlate the data with their cod-
ing coefficients and reduce the difficulty of learning the representation coefficients, we construct a block-diago-
nal constraint to learn a discriminative projection. In this way, the sample representation coefficients can be
obtained in the low-dimensional projected subspace, which contains more global structure information between
samples and enjoys lower computational complexity. Finally, the representation learning and classifier learning
are integrated into the same framework. By increasing the "label distance" between samples of different clas-
ses, BDPR updates the discriminative projection and classifier in an iterative manner. In this way, the most
suitable classifier can be found for the current optimal feature representation, making the proposed algorithm
automatically realize the classification task. The results of experiments on multiple benchmark face datasets
show that BDPR has achieved better recognition performance, compared to traditional collaborative representa-
tion based classification and several mainstream subspace learning algorithms.
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Fig. 1 Illustration of the model for social image tag refinement and annotation based on noise Cauchy distribution
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CDNL £ B (% 55 ¥ Ji #2, CDNL B 5 % £ 4 4
MIRFlickr % [ 4 JZ R 25 454 , %F NUS-WIDE £
3 2 ML H XA AT A E5 2R

&1 CDNL &,

BN HRZ IS RAE X DLW AR 2 B F o

TIZs 4 X 1 F g A CNN (2%, 3% % Sig-
moid PR R BTG BRIEL, =0 28 58 SUNH pR £K ( Binary
Cross Entropy) i 5k BRI, 24 > %}y 0.000 1,45
B (0.9, 0.999) , sl 2k CNN,

A AT ZE CNNBEHLIES W BR1E Y, |
Y, Z Z,,

|4 :repeat :
7 =0.0001,p=1.1

PG (8) ~(10) HH Y. Y, MY,
Z =Z +n(Y-Y))
Z,=Z,+n(Y-Y,)
n=mnp

CNN BRI B F W, (X) (Z8H )

Until #5 BRI 8¢

B BANAR B Y, BB S WO
Kt o

e T AN 25 ) BB, O T AR T I 2R 4 OF
Xof AR PR I R AT AR T o

3 % I

ARG STE A 284 3007 1 SE g T R, O
HX S50 45 R 34T 534 o

S FEEET 2 AT RS W 4 B R E
££ . MIRFlickr F1 NUS-WIDE, 3 2 4~ ¥k 9% 4 # 1
FEAZ 0 2% [T AR 3 i ARG AT 55 B AR BTz 19 0
. MIRFlickr ™' #4445 25 000 g & 1% 386 4~
ke, Xl + 50 kb %, 1453
457 DLBGAREE , 53 AN 18 A H A AR TE T
FEMPERE . NUS-WIDE"" ¥ 4R 4£ 45 269 648 i [&]
BN 5 018 A~ P bR 48, Bk ik 8 30000 26 fie & 1
1 000 >R 2 AF 2 S 56 F5 25, 160 000 I [F12AE Sy
SRR . T AN 81 A H A MR TE T
Hro g P AR S 0 E Bk 1 R,

T BRI ) AR, DI 4 B AL dh
HEMBAE U 2R Ak O TR i R AR S il il 4k
JFHEE S 5 K. X T MIRFlickr £ 4 5 1k
FlTHC 12 500 g ERAE AU 254 )R 12 500 1 5]

% 1 MIRFlickr 1 NUS-WIDE 323§ #11F
Table 1 Experimental data of MIRFlickr and NUS-WIDE

ES MIRFlickr NUS-WIDE
[ A B 25 000 269 627
T 28 B 457 1 000
BSR4 R 18 81
BRI 4 B R B 12 500 160 000

BAE MR . X F NUS-WIDE %4 48 &5 K il
B 160 000 g FL R AE Sy U1 25 48, 3R 4 R AR S
JEN S

1 4% 4t J7 i Hfe B2 UL I 2 9 58 (5
Boo TSR EAR RS N 2, LR
Resnet50 5% 2 [0 25 o $2 0L 2 048 4k i KR FRAIE
SRy T I A 2 B A T AR AR 25, IR T 4 A
SRR RRAE X DL SO B 25 R B F i A
CNN ST 5E I 25 W 2% . 33X FF e 4% BT A 20 b Il 25
CDNL BERY 1T, AN W O 10 B ARUbR 48 4E B Y, 0
W28 AT 80 W e i R 2 2 B 1 A 7R O
FRR YNGR, I i 3 A T S

AN T B AR BB B S5, A, DL
Xy, A 10.001,0.01,0.05,0.1,0.5,1,5,10,100,
1.000 | Hfr 4§ Yk BE B 52 50, % Lk S 25 . Hop
MIRFlickr 3044 A, M 0. 1.4, 0.2 LA KA, Hy
0.000 1,NUS-WIDE %45 % A, 5 0.7 4,25 0.5
LA, 0.000 1 i ff

A3 K ] MicroAUC , MacroAUC L) Jt 5 ¥ 4
BEXIE (mAP) X 3 45 bR ok 0 BE R HEA T PEA

H CDNL 81 Fp A0 TAEEAT X b, 0 45
LSCCA") | CCA-CNN"" | TCCA™'  DMF™'
MPMF"™*) DNMF"* WDMF"' WDNL"' DCE"™’
ARSI Horp LSCCA 1 TCCA J& FA% 45 Jr ik, CCA-
CNN J& TR VR BE 24 2] J7 i 2 I R -FR 28 R R
DMF ,MPMF Ll } DNMF J& F 45 B§ 53 ff 75 i, i
WDMF WDNL F1 DCE #J 7£ ¥ 25 55 [ 7 i 79 3% il
2 2] T MG ARG A [ AR S 18 LA TR R &R o

A SCHE ) CDNL 5504 A G F A 7 BT
EUR BRI 2 A7 ST 9 o N 2 AT DLE
CDNL i BU7E MIRFlickr %48 % b &R 835, it &
F 247 E W k. MWIE 3 AT LA H, CDNL 45 7Y
7E NUS-WIDE %48 5 b 2O A 48 T, AUURS 22
T DCE, M\ 2 Fi3k 3 7] DL B, A SCHR R Y
CDNL #5870 ¢ b5 28 5 b3 8RB R b i 1 73
MicroAUC F1 MacroAUC 32 I} 1 &, A0 %8 T HoAth
75 B 1E MIRFlickrovt 3038 4E A B E L3, 7E NUS-
WIDE ¥4 48 E A i, HhHE T LSCCA |
TCCA % {5 58 J7 ¥, J6 B 43 fif (1 DMF  MPMF |
DNMF ) 45 8 s $2 T+ T h5 2 i 6 (Rt FIh
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Fig.2 Experimental results(mAP) on the MIRFlickr for image tag refinement
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Fig.3 Experimental results(mAP) on the NUS-WIDE for image tag refinement
&R 2 7& MIRFlickr #1 NUS-WIDE #E&EH#H TS ERTHEE L R ( F 19 MicroAUC/MacroAUC = iR ZEHE)
Table 2 Experimental results( mean microauc/macroauc * standard deviation) on the MIRFlickr and

NUS-WIDE for image tag refinement

MIRFlickr NUS-WIDE
J5 %
MicroAUC MacroAUC MicroAUC MacroAUC

Baseline 0.558 0.587 0.623 0.754

LSCCA 0.594 £0.006 0.586 £0.004 0.732 £0.002 0.632 £0.003
CCA-CNN 0.644 +0.006 0.631 £0.003 0.675 +0.005 0.743 £0.007
TCCA 0.643 +0.006 0.632 +0.004 0.768 +0.007 0.675 £0.008
DMF 0.639 £0.002 0.628 £0.002 0.751 £0.005 0.739 £0.004
MPMF 0.634 £0.004 0.607 £0.002 0.782 +0.002 0.681 £0.005
DNMF 0.624 +0.005 0.621 £0.006 0.759 +0.009 0.665 +0.003
WDMF 0.704 £0.005 0.678 £0.006 0.805 +0.004 0.775 £0.006
WDNL 0.685 +0.003 0.671 £0.003 0.789 =0.006 0.762 +0.006
DCE 0.732 £0.003 0.718 £0.004 0.825 +0.004 0.797 £0.003
AR 3 0.745 £0.004 0.775 £0.006 0.774 +0.009 0.831 £0.005

#& 3 1£ MIRFlickr 1 NUS-WIDE ##F & #ITHBEGITZIRER LI 4 R ( £ MicroAUC/MacroAUC + ir#ERZEH)
Table 3 Experimental results( mean microauc/macroauc * standard deviation) on the MIRFlickr and

NUS-WIDE for image tag assignment

MIRFlickr NUS-WIDE
ik
MicroAUC MacroAUC MicroAUC MacroAUC
LSCCA 0.585 £0.006 0.562 +0.004 0.681 +0.002 0.599 £0.003
CCA-CNN 0.642 £0.005 0.627 £0.002 0.617 £0.004 0.641 £0.003
TCCA 0.610 £0.005 0.597 £0.006 0.727 £0.009 0.625 £0.006
DMF 0.635 £0.002 0.623 £0.003 0.737 £0.004 0.632 £0.004
MPMF 0.617 £0.004 0.596 £0.002 0.742 £0.002 0.635 £0.005
DNMF 0.619 £0.005 0.601 £0.006 0.699 +0.009 0.618 £0.003
WDMF 0.661 £0.007 0.646 £0.004 0.768 +£0.005 0.675 £0.007
WDNL 0.665 +0.004 0.652 £0.005 0.758 +0.004 0.671 £0.007
DCE 0.693 £0.005 0.667 £0.004 0.787 £0.006 0.746 £0.004
'S 0.715 £0.006 0.735 £0.005 0.761 +0.008 0.794 £0.007
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LA ] 75 23 A1 0F e 7 [ 4805 ResnetS0 X 14144
W28 NS I BULA J CNN i1 1 25 88 i 5 A
FRA K L CDNL 4780 % b H Al 2 0 7 3 45 AR K 10
£

T %f 8 7 A 74 A ) B AT 50, A S
TSRS b A R PY A, RIEZS B b
R T A e KA — 2 Ab 1 S8, IR AU R R
PO A RS 3l 2 JR A b [E 3 B KO 4 v I
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B EMA S RZ S50 2 0.6 BIRTPY 53 A o

M 4 152 56 50 T LA 3R A R R A
MIRFlickr $fls £ 1 A3CR w47 T8/ A 09 AR, 9 H
1E b 9 0.8 MR i A5, Ui B MIRFlickr %4
S I M P AR R AT AT Y A, LR T IR RS R Y
A B R 2 ) BT R A+ o A 20 . T AE NUS-
WIDE #ffi 46 b, A SCHE R 45 R A ik T DCE J5
5 AHR A BT R T, IFTE b O 0.6 A5 3 B b 2%
R, UL NUS-WIDE Mg 5 73 A A 2 -+ 23 4045 o 7
AT AEL R E AT P A X R 22 M0 A A
3 SRAR Gy o B T 1 BT 14 8 R 1

R4 FERESH b HHIEE mAP M N2
Table 4 Experimental results( mAP) on the
MIRFlickr and NUS-WIDE for different

scale parameter b

mAP
b
MIRFlickr NUS-WIDE
0.2 0.417 0.401
0.4 0.423 0.415
0.6 0.425 0.423
0.8 0.452 0.403
A
£
4 % R iE

ARSCHR T — o 5 T I AT DY 3 A 11 55 Ak B
A5 1) 2% TR 8 b 28 46 1E AR 1 O 125, O ) R B
W 265 =7 > B SEFFAE AR 251 SCZ IR R o AR
P (A HE ZEORASC AT LR SR UG 0 P bR 2 A T
T IE, R} I fi i 1) T B = > 58 B 3 ] LA R X i

FIRBEAT IR B R o 78 2 DR IT RS IS5
LERIUE T A ST A I A B I HLA RS [ Y
RIESBOR O AT 5, W15 T 2 8K
P B W 75 I3 A i Ol o MUEE R ok 3, CDNL
B MIRFlickr 4 48 1 75 #0L & 4R 47, R BL4r
FTEWIrE, X NUS-WIDE %4 48 W 5 40 45 72
BER 25 T MIRFlickr , {H-AL BORH AR 5 A 55 O ROCR o
TEJa S0 AR b, Al LR T B 2 1 2 A A58 7
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Social image tag refinement and annotation based on
noise Cauchy distribution

LIAN Lianrong, XIANG Xinguang

(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract; With the rapid development of social networks, images with social tags have increased explo-
sively. However, these tags are usually inaccurate and irrelevant which will make it harder for the relevant
multimedia tasks. Although label noise is chaotic and disordered, it still conforms to a certain probability dis-
tribution. Most of the current methods use Gaussian distribution to fit the noise, but Gaussian distribution is
very sensitive to large noise. Thus we use the Cauchy distribution to fit the noise, which is robust to various
noises. In this paper, we propose a weakly-supervised Non-negative Low-rank deep learning model based on
Cauchy Distribution (CDNL) , which builds the noise model by Cauchy distribution to obtain the ideal label
and uses deep neural network to reveal the intrinsic connection between the visual features of the image and the
ideal labels. The proposed method can not only correct wrong labels and add missing labels, but also tag new
images. Experiments are conducted on two public social network image datasets. Compared with some of the
latest related work, the results show the effectiveness of the proposed method.

Keywords: social tag; Cauchy distribution; deep neural network ; image annotation; matrix factorization
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Ethnic identification by combining features of skull
morphology with neural network
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2. School of Computer Science and Technology, Xinjiang Normal University, Urumqi 830054, China;
3. Virtual Reality Research Center of Ministry of Education, Beijing 100875, China)

Abstract: China is a multi-ethnic country. It is of great significance for the skull identification to realize
the skull ethnic identification through computers, which can promote the development of forensic anthropology
and exploration of national development. Firstly, according to the skull morphology studies, 36 Uighur and
Han geometric features of the skull data are extracted, and the Back-Propagation Neural Network ( BPNN) of
feature vectors is used for ethnic identification. In order to optimize the network, Adam algorithm is adopted to
avoid falling into local minimum, and to ensure the stability of the algorithm with regularization terms. Two
network structures are used for comparative experiments. The number of neurons in the input layer, hidden
layer and output layer are 36, 6, 2 and 36, 12, 2, respectively, and different initial learning rates are set for
comparative experiments. The results show that, when the number of hidden-layer neurons is 12 and the learn-
ing rate is 0.000 1, the classification accuracy is the highest and the highest accuracy rate in the test stage is
97.5% . In order to verify the universality of the method in this paper, 116 foreign skull data are generated for
experiments, and the accuracy rate of the test stage is 90. 96% . Compared with machine learning methods
such as Support Vector Machine (SVM) , decision-making tree, KNN, and Fisher, the proposed method has
stronger learning ability and significantly improved classification accuracy.

Keywords ; features of skull morphology; Back-Propagation Neural Network ( BPNN) ; skull ethnic iden-

tification ; machine learning; Adam algorithm

Received ;: 2020-08-24 ; Accepted: 2020-09-05 ; Published online: 2020-10-10 17 .47

URL: kns. enki. net/kems/detail/11.2625. V.20201010. 1540. 002. html

Foundation items: National Natural Science Foundation of China (61702293 ) ; National Statistical Science Research Project (2020355) ; the
Open Research Fund of the Ministry of Education for Engineering Research Center of Virtual Reality Application ( MEOB-
NUEVRA201601 ) ; China Postdoctoral Science Foundation (2017M622137) ; Key Research and Development Plan-Major
Scientific and Technological Innovation Projects of ShanDong Province (2019JZZY020101)

# Corresponding author. E-mail: zhaojl@ yeah. net



2021 4 3 A
FATH H3 5]

tEMEMRKAEFER

Journal of Beijing University of Aeronautics and Astronautics

March 2021
Vol.47 No.3

http : // bhxb. buaa. edu. cn
DOI. 10.13700/j. bh. 1001-5965.2020. 0447

jbuaa@ buaa. edu. cn

A 1EXIE R/

S, s = N
HE, 0K
(bRt BT R 2 AL BE, dbat 100081)

P 59 478 B2 A B
LHXK

i E WA ECS B LA RFENNMA R RERTEMANEENE, 4
HAFFTERZ G EX FGERENEA RET ARG EXN AN AMFELEREAR, F
I EE R 2 FEWIEXER,H RN A& &R R AN AN E A UK
o mEA SN 3 AN SR B A B A -1E RN B AR A AR A R Bk
WA BmAEREGER WG 258 E LRI R E 55000 % 78 Uk N F g Al
TORAE G X ARSFAE W ST B B — = 18], DA 2 Fh A AE A B 30 0 SUAR B R 4 AR SR I /D AL A
MBENERBERE XA EREZANES, WERFTHEXGENAABE, WK, &
FRECAL IR 1 0 1R B, AL R AR B R B UK B R B R, T DU B AT E B W 2R AR AR
MAN A, £ SumMe fo TVSum ${# & L LR XA . ZHEA B IR EGFXELE, WAF LT
FHRETEFNER,EX2 ANKIFEE L Fscore 8R4 A #EE T 0.5% F1 1.6% ,

X 8 WA MAWE; WE-BFXHRANTE; WMURHFR; WM @0, KEHIEIL

(LSTM) # A
hE 4 KS . TP391
NHEAFRRRD: A

Wt A 5% A7 f BRI 4 A B ) R
%R LMK b AR SR R R
HY T AR T T 2Ok R, AR A A LA
BRI BERT, A2 5 1K Z i E WA
SRR, WLAR B 300 B T LAl o R0 o S5 5
X RRAI PN 28 7 A R B T A o PR AT 55 I
A AR IR AT X 3 I 0 22 A M 1 1 A
EE & A WE C BB O T, POk 57

LR kT R T R M
1, 8 3 2 S0 W B0z 2l 4 AL 2 R JE L BE A B A
RIT7 LA P BI 2o ITAFR IR 2 M
4 R T BT S H B T
2 H RN e B AL o X 26 07 3 K LA A
FAT 55 i B g MR 45 K 1 R A Pk 3l o R

NEHS: 1001-5965(2021)03-0650-08

W30 12 (Long Short-Term Memory, LSTM ) g
oK S BAN B4 B 04 2R

BEE TR ML 5 B R TE S AL B RS Kk
Je& , AT SCAS 48 3R 25 VF 22 15 B S AT 55 51 T WF S
NGB Z 50 B P B 2R TSR 1B AR 32 3 5 75 Jon
SCAS A BRI A AT 55, BTG SCAE B A
o AT 55 AT M DA T R O A3 A5 2, R 4 o 400
g8 A G I A R I UM
SCHRLO 1t AT T AL 3 80 g HR 430 s 780 2 A 0L
B SUFE R DR UG MU Y R S
Boo SCERL10-11 ] 455 7 B R 5 A0 P4
FH B — 26 J7 %, B 1 AR S I 2 AL 2 b
{HLIX 26 T AR B M A HE 20 A0 X 5 B, 0 0 i AR
ST M .

AR SCHR Y — iRl 1 SCAS R A0 AL 2 AR A

Wi B . 2020-08-24; F A BH: 2020-09-27; M4 H AR E ;. 2020-10-15 1032
W 4& H R bk kns. cnki. net/kems/detail /11.2625. V.20201015. 1011.002. html

ES&TE: ERHARFAESE (61673062,62072041)
= BIE1EE. E-mail; wuxinxiao@ bit. edu. cn

SIAH: BE, RO, AXK BEEXGERORABHELERI] LFMEAMKXAFEH, 2021, 47 (3 ) : 650- 657.
HUA R, WU X X, ZHAO W T. Video summarization by learning semantic information [J ]. Journal of Beijing University of Aeronau-

tics and Astronautics , 2021 , 47 (3 ) : 650- 657 (in Chinese ).


qwqw
新建图章

https://kns.cnki.net/kcms/detail/detail.aspx?dbcode=CJFD&filename=BJHK202103023&dbname=CJFDAUTO&uid=WEEvREcwSlJHSldSdmVqMDh6a1dpb1d3N3k1SGpab2dicVVNTU16clhEcz0%3D%249A4hF_YAuvQ5obgVAqNKPCYcEjKensW4IQMovwHtwkF4VYPoHbKxJw!!

5 3 3

D45 Tl A T SUGE B A DLATT I 22 A2 A

651

PR, 5 B LA 25 5 AN TR I AR I
I, 3800 SCAS AR S DD 0T 45 Sk Bk 32 1
HAWE BBk 656, M & BN 4 32
AUAT R AE I 3 A Ak WS 7 1 o 2 T 0 0 B G
UC, I SCAS B A5 B o >0 B -1 SR A 25 1]
K LB AR5 IR A SO R AE B8 82 B A 23 (8] o i
VIO SR 22 () ) A R O 4 L5 S, AT ol
PLBE R AE AT LA ) B 2 1R AE B o A SGE S ]
MLHI SCAS 18 38 AR BRAE B Az 8L 30 368 ) SCAS ik
2L, Il 1 5 SO AR T EAR R AT R A Ak A
P it £ A 0 B A B AE I 4TS R T
LA A A0 930 A SO IO B SCAS A B2 o A K
BUAT B LI 205 7k FURE AR A AL 4 22, T AR ST
BERIAEARAT H A 1 SCIE B 00 000 45 22 10 [R] 1k, a8
AT LA AR L A SCAS 478 22, T LR 0t S

ARSI TR TTERAT T

1) $H T — A i SCAE B i A
JICAR Y k2 2] WS -1 A 2 ] S B L R
TR ) SCAE ., DA DR 0001 47k 22 e R B B b R 18
JE e AR 118 A o

2) AR SO Y R [R) B AR R A AT B 5 AR
B, BT H TR R LA Y R A S R
A ARSR A LS 7 L,

3) TE 2 A JF R 4 A AR 42 SumMe il
TVSum |, 4 H BUAG S8 i 5 5, AR SCHEAY F-score
AR e & T 0.5% fl 1.6%

1 tHxXIE

1.1 PRHE

T 7 2 T LAY Sy SR B 4 5 5 v
WO TR I 2 20 J5 v o AL 5807 T — I R HL 2 2
5 ARIBUR JZ WL SE RS AF , 1) 138 2 7 1 4R OO A3
TR L 3 7 DU o 26 IR 44 3R A O 4
f) AL B iE LA 46 5 LS 2 A . Zhao 2510 %
LSTM o 26 305 4T T Bk, A1) FH 43 J2 205 # B 11 3 o
LSTM [ £ 42 I 0845 44 %2, Sharghi 25" I 76 I
el g5 & 47 %) 5 5 of 2 ( Determinantal Point
Process, DPP) {f b T 0451 5 3k - 4 119 6 $5 [v) 4
e X 338 U ol 22 ) % 155 D DL G R 2 R TR
£ b BEK 9 45 ) BT, Rochan 48170 ] 4 % A1
TP 3 0]l 22 X %, L3 o 5 AR IR0 24% f R 45
WSTHE AT DT Ak 3 Al TT LA A 0 O R 0 A9

ML AR, VR BE 2 5 6 W B A A A
R AR TR, 5L T BT B
SCHRT 14-16 ] H3A A B (9 0951474 22 b 28 4t s 1 P

B, R A KT BT W 4% ( Generative Adversarial
Networks, GAN ) 45 5 #0450 47 & 19 A= 1, 2E AL A%
T A LB AR, ) S5 e B A A A J PR
W2 B A ARLEE , LA AL I 2% o 7E SCRR[17-18 ]
w2 BN T 0 B A A i T
A7) 118 2 Jly R 50 S BTG B R 2 (HL i 2 7
A 75 AR 25 118 SUE B G o 6 I8y
EJC A R R w1 S S LR 2, AR M Bl
B NATTX VR Affy sz IR AU AT 1A 25 1 MR A 47 2 ) 5 5K
1.2 303 A H ik

MASCAA 34 (Video Captioning) & 1£ 4 5
A BRI B SCAS AR | B i T A A5 B Ay 2 ) 4% -
5 2% (encoder-decoder) , 1% 15 KU {7 F 45 FR #t 25
2% ( Convolutional Neural Network, CNN) 8% 7§ ¥ #if
25 W 2% ( Recurrent Neural Network, RNN) X} ## 45
HEAT Gt B AR A A 58 5 AIE , SR 5 1 3 R AL H
PEAT il 0 3R A% SCA M A . A SR encoder-de-
coder LAY I ZR i d5c K AR A= BN AR T 1 A A8 4
S T SAE S Y AL AR AR R, I 3
PRI A B IV Y SCAS 97 2

2 EAEIEXE BRIV E & iR

SR T — R A I A L B LA A
SRR A L FTR AL A] 4 3 AR B i
543 BOMAURE He 058 -5 S AKE B F P41 S A
R 2R BB B

TEAS TS b, 8 S A A R 4% 5 Lk
A 48 0 4 BN S5 B 5 ) s T IR i AR o
Qi i) st A R 4 SO
2.1 BN
2.1.1 LR 5 F e AR 3k

TR B AU e f P 2 7R, R B v
X IS R HE AT RAE AR RS kA
ST, 3 T U 5 100 2% o i3k e G B IR A T b B
PEICH G2 R AE, 3CHE £, = 1f Lo,
Pl b g RBEI S BT B WG 43 B AL A
BEA 2 AN TR, — AR UM B B,
33 BRRAE f,, 8 3 — > 4 7 1 2 ok A R
B R, (e (1,2, k) FER 2 ok g i
T % K BE , 3 5 2% I D) i % R S B
T T A A MR T T i R P L e A LR
PR 10 2055, WL BT i A 3 S5 WL I 2 )
S S 2 T P A e R P B
BRI . 55— AU R K WL R AE R —
A BB R R KRR f, 5 O R A T Gk



652 G S [ NI S NI I 2021 4
e Sur . \
JE AT ST L BT SCAHi TR A A
e A
5 Fildes | — fASER ql‘cnplion
A
MR AT EL | ... =3
e | L PR
1 15 SR AR
A wierc, | ReLU [yaepc | o
Children are playing _, A7 __ ! d L
on the water slide. G & v || sre, ReLU HXFC, S enbeding

Wi
PR

ESi-1U

B 1 A U
Fig. 1
WAL B 50 /.
- : i
-
A3 ﬂE ——> ———*—%F——» /?
i .
— > —>($)—> ka—l
_,(? - £
e — —>®—> f\'/k

P2 it g o3 B AR B AR 2

Fig.2  Framework of frame-level score weighting module

RN R, IR E S FUMAL R f = 1 f
Foo Sl R

fy=sf. (1)
2.1.2 A -ESLHNEER

AN Bt S R A AR PRI T 3 ~ 6 4
7 WY A SCAARTE o A a7 SCAS Hh i B
B, 2 AT LSTM [ 265 4k B i) fi 5 A T 2K 45
Al AR AR Sy R o ARAT LA R P BT 4
T A SCAS R AE 2 75 Je , K B0 5 i Ak 0 SCAS 5 ik 45
555 B — A2 LR i A A 8] R 5 SCA R AR
PLGE FFAE AR BRI, 35 ML SRR AL PP 1938 AR R
REHICA 2 A W45 53 3, 70 9 B0 5T R AL BE AR
5 SCARRFAEREAT AL BE, by TR AL fy 5 SO K
ik fr 4EJEIF A, @it 2 A~ RAIERMEER
2 JZ BB fy 5 fy BEAT WG B R R
IBEUA R LERE o K B> 04 A5 A SC PR R
NS RN 1 I L DA A LY SN D 4
JH A5 il J3E S s v O A 45 R A9 AL RSO AR 2

iR T /
iy
R
AR ﬁ%@ﬁ

B
b f i

0000000000 XXX ]

SCAHE

Children are playing
on the water slide.

SR B A B

Flowchart of video summarization by learning semantic information

[B] A AR AL o AN SCH O T 2 R A 45 0t FE Ol
o P35 7 1% 22 45 BR R

s o _p
L(‘mbcdding :?Z(fv_fT)z
ici

2.1.3 AR ARG E A R AL R

A ] encoder-decoder A5 7Y Az i 4451 S A
il 38 A URE B, AT SCAS il 3k A AR R AT DL B
WLl JEE 7 0 2% 2 T 0 A B B B F e TR R R
45 Sk DA OO AT 22 O BE T o DA I A A O B
b 4R B B LB AR AE S, R 2 0 B R A A )
Wi 2 L e 3 AR AT SCAS il 38 2B R B, i R A
PR 28 5 R 3 RO ASURR R A 3] 45 T 1 1Y
B, N Bkt 23 80w = BT N WL RS L ) AR
BEARALE , F I R HES Je LS

R R4 A 0 A AT 2D PR Sy Jt des 430 I 471
WK, BB ZEREE B BEZHICRER, &
He AL B iy ARSI SCAS A 38 A A R 5
Tt 25 X HRL 5 9 25 B) 4 T BE ) 2 R R BRAIR o B R
AT L 2o ot 2 o o B B s AR PERY
P58 AL [ It n] 3 3 453 2 A 2 5t 9 R ot 4
L B, AT A W 2 435 B G 18 G B it ] T 3
AR, et o A o

AP Z 1) LSTM W 2% 4 Sy 2 B 4% , I
67 ] i B 25 X Rl 15 1080 R AU R A7 4 i LA AR A5 B R
SHBIURE RS TR & . i
s [F) AR 2 B Y LSTM [ 2%, 763 o g B4 4 17
G T AR A 0] 5z S5, A D R HC A 45 Sy B AR I 47
S=Hw w,, 0, B w KR —A K0
) B R o AR SCAS il A R A i) AR
O R P(S]z) o N T AR Y SCAR A F

(2)



5 3 3

D45 Tl A T SUGE B A DLATT I 22 A2 A

653

25 FE M N T SCA AR i, AR SCH ) Hp i) 11 B0kt
BAUSR Z FOAE R 40K BREL L0 » 7E LK
Leyion = = log P(S|2) (3)
2.2 ML

A SCAF T Adam A Ak 25 I ZRASEAY S 2ot T
Adam 2 8 FEARIR 2R 500, DL A5 58 M 45 1 S 80
2.2.1 9 %

i F TVSum FI SumMe "4 5 (1) 2 i & 1R
D AN S I S /N AR KRR TG 125 3K B SOAS A= Y
S H Y, B A A 1 R TR S A i A 5
8 SR XTI SCAS 5 38 A B e 1047 T 25 . MSR-
VTT $cdfi 4" 8 7 10 000 4> RLAT A B, 44~ 0L
BARFR T 20 2% 5 S0, A B e K 250
10's, WA P9 25 R 55 B 4% 40 8 & Fh 2B A 8
2% SCURERA 8 3 F] MSR-VTT X 55 78 34 17 15
YIRS T LIAT R0 il B REARAS 2 5 R Ay ] R
2.2.2 HHRAR

T 74y FIH SumMe Fl TVSum 45 48 42 it
{18 Wit 2 B B 2 BB T, AR SO O 4% i T A
BRI o B 20 A R R R A DI R B B G A
WL B3 AR A5 1) ot % T B A 5K s, S BOR AE P iR
10 FE P 1 o 2 7B 4 B s, 14T A8 SO
P

l < - .
L, = ?Z (sdogs, + (1 —s)log(l —5,)) (4)

U A 29 RIS Y125 0 2% 1) G35 2% R K
L = olppeating + Blepion + YL, (5)
Ko, By WARENLTHTESE, A
i AR B2 AR,y 0,
2.3 S EENSXIARBELEN

D3RI, AR AN A7 P SCA A T ) 20 B
U I GRS A5 21 1 AT SCAS 138 A R ok A=
JSCAIL AT A N SCAS R L

X TR 43 1, A< SCHE AT Potapov 45 42 i
1) KTS AR E B ARSI HE K, X THkE
SRS B A ) A R B Sk b A A DG
T P ot 2 o S O BOR A3 B0 o Sy 1 AR R
ARG S, AN S A e KA B Sk B ok e R K (W)
B PR AL A1 478 S A AN R e A B Y 15% , 55
P b, e 2 2R A A B K X — R AR 7 0/1
A3 [0 85, 7R 5 NP [& #E ( Non-deterministic Ployno-
mial Hard) [0 {35 .

TEARAF AT 25, A SCHE WA 2 o 10 ot
o S S BUHE A H N B AL E R AL 3% I 8]0
AN Gt 7 v SR AT 0 WA SCAS il iR AR U
K ARATAH N A SCA A 2

3 XRERSHW

3.1 XWiEE
3011 # o %&

A CHE SumMe ™" Fll TVSum ™ ¥ 4 F1EAG
BAL . SumMe (1 25 A WU, 0TS T A
il 0, ) R A o SumMe H ) B 4> 40 A5
WHSAE T~ 6 min Z ], I fy 15 ~ 18 > N $2 it 4
o TVSumfd & 50 ASHA, H b 40 45 58 | 28 5%
FAETE, MBI 2 ~10 min A4, 5
SumMe &), TVSum () 45 > WA AR AT 20 4> H5
PGS ISR/ I/ G i L oy O
3.1.2 KA E

IR 2 A B AR A R AR A A it % A Sy
B, JoHE X R S AT R, Dyt D s
££ TVSum F SumMe $& 4 7 SCAFR I, 2 2 4L
B B AL B A AR BBl S Y 3 ~ 6 AR S )
5 DAl IR AN
3.1.3 MR

fdt I SCHR [ 23 ] /Y J7 v 0 A0 45040 22 9E 47 3
M, BV g 3 A R Al ) A A B 5 ON Lk R
) PR AL 475 2 1] ) — B0 >F PEAk B A A 22 1Y
PERE . R A Ryl 4 M 28, B g N Lk $%
MR, D, S A W FREERT ], Dy g B B+ 22 I
] ,D,, 9 AB 3 538 o3 0 355 22 I 8], UG B2 P A1

A 1 F R 4350 % L
D/IB

p - o (6)
DAB

R - > (7)
FAFVEA5 WU B A F-score 5 XK

F-score = 2PR x 100% (8)

+ R

SO 10 i R 55 Hh B FI ARG 3 4645
Kk 473 Hr, 4> % & BLEUL , ROUGE-L #1 CIDEr,
BLEUT F] 7 I W7 4] ¥ £E )8 A9 #fE i 14, ROUGE-L
T8 A A iy A 813 CIDE: D) 44 B Y J2
AR 5 KT ARG DRI B2, DL b 46 A B IR
B A) - A SRR
3.1.4 Z=¥kmy

i FI7E ImageNet F ¥l 2517 GoogLeNet /E Ky
BRI AR R ALE 1Y) 1 28 455 3R, g S AT LA 2 fps (fps
ML/ s ) 8T 08 5 B TR AT R A o T AR
TEZERE A1 024, 7] FRAAEZERE S 512, TEAL 5815 X
WA R A 25 8] g 3 ] e 5 o 256 4 #Y 1)
AR AR R Y 1) G B s AR B O B2 LSTM. )
% WEHT 2L RV B N 512, 78 KRR SCA il iR



654 Jb 5B AL R K ¥ ¥

Ean

2021 4F

Kol MSR-VTT | S35 00 A3 SCAS 41 34k A= g A
B X G rp RS DLAR 1 2 SRAF: 40 it BT AHEZR o
FERFESEN Wi E 40, TR G UIZRd, T
SEEAE B GRAE T - AR , 2 ~) SR8 D 0.000 1
K 2 A Bds e 70 A BEAT N il i, HE b B B a4k
H 80% ML U 25 , LA At
3.1.5 sfregik

PR T 6 Pl i MU AR L 5 AR SRR 7Y
F7H % vsLSTM™ [ dppLSTM™* |SUM-GAN_ ' DR-
DSN_, """ (SASUM,, """ [ CSNet, '**', vsLSTM f& —
ol A LSTM f) A0 050 47 28 A B Y, o 2 5 Oy
fiy By — R ALY dppLSTM [F] # & — F A i LSTM
R LA A A RO R, e A T DPP Ok e A
HZ AL K BT, SUM-GAN, J& — Fh A H]
VAE il GAN 0L 3/ R . DR-DSN,, J2
— TP JC AR 25 1) 8 A o > P A7 B A AT . SA-
SUM,, & — > [R] BE il 5 1 L2 55 P00 4l B
CSNet, it 73— F A i VAE 1 GAN {1 B0 fil %2
AR Y o b R LA AR R X O A A
3.2 EBERESW

B BT IE R 2 PO Rl i

ASCT7 I (TE B ) « A SCHE i Rl 1 SCAS
SN PRSI B A R AT AR AT A B 2 R

ARSCTTHE CA W)+l N AR i i R4 47 22
L., Wi B (R R 5 T8 SCAS B 0 A3 A B A SO B

W3R 1 PR, 5 ek i 07 A L, AR SR T
HA G HPERE . AN SO0 W J7 ik AU 3R 11 19
AR TE I SCAS 3, 45 R 5 HAb s A AN T
PR IE A BT 2209 A W D7 A S o AR SO I
TIEAE P A R s B b i R BUIL T BT A 51 i J7
1% , F-score 841 ¢ H Fi O 5 4 7Y CSNet,, J7 ik
FE 2 AN EAE SR Bl $E e T 0.5% 1. 6% ik
AT Rl T S5 B 10 OB A 0 52 RE 8 A B o S
AU 22

x1 56 A R#FAEZEM F-score L&
Table 1 Performance comparison ( F-score)
between our frameworks and six state-of-

the-art methods
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Table 2 Evaluation of text summaries generated by

different datasets

Bl 4 BLEU-1/% ROUGE-L/% CIDEr/ %
SumMe 28.3 27.6 9.6
TVSum 32.8 29.9 12.7
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Hiar 4 T AT il S 50, A 43 5 MRS Y v HEBR R
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Table 3 Results of ablation experiment on TVSum

S G rAEE [ i3 A F-score/ %
1 X X 50.4
2 Vv x 51.5
3 x VvV 58.3
4 Vv 4 60. 1
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Fig.3 Examples of video summarization in TVSum
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Fig.4 Examples of text summarization in TVSum
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Video summarization by learning semantic information
HUA Rui, WU Xinxiao® , ZHAO Wentian

(School of Computer Science & Technology, Beijing Institute of Technology, Beijing 100081, China)

Abstract: Video summarization aims to generate short and compact summary to represent original video.
However, the existing methods focus more on representativeness and diversity of representation, but less on se-
mantic information. In order to fully exploit semantic information of video content, we propose a novel video
summarization model that learns a visual-semantic embedding space, so that the video features contain rich se-
mantic information. It can generate video summaries and text summaries that describe the original video simul-
taneously. The model is mainly divided into three modules: frame-level score weighting module that combines
convolutional layers and fully connected layers; visual-semantic embedding module that embeds the video and
text in a common embedding space and make them lose to each other to achieve the purpose of mutual promo-
tion of two features; video caption generation module that generates video summary with semantic information
by minimizing the distance between the generated description of the video summary and the manually annotated
text of the original video. During the test, while obtaining the video summary, we obtain a short text summary
as a by-product, which can help people understand the video content more intuitively. Experiments on SumMe
and TVSum datasets show that the proposed model achieves better performance than the existing advanced
methods by fusing semantic information, and improves F-score by 0.5% and 1.6% , respectively.

Keywords: video summarization; visual-semantic embedding space; video captioning; video key frame;

Long Short-Term Memory (LSTM) model
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Table 2 CT-MRI registration results

5k RMSE
29.932(0.819)

affined

Table 1 MRI T1-MRI T2 RMSE registration results VoxelMorph 28.196(4.374)
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Table 3 CT-CT registration results
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0.812(0.004)
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Multimodal deformable registration based on unsupervised learning

MA Tengyu, LI Zi, LIU Risheng” , FAN Xin, LUO Zhongxuan

( International School of Information Science & Engineering, Dalian University of Technology, Dalian 116000, China)

Abstract; Multimodal deformable registration is designed to solve dense spatial transformations and is
used to align images of two different modalities. It is a key issue in many medical image analysis applications.
Multimodal image registration based on traditional methods aims to solve the optimization problem of each pair
of images, and usually achieves excellent registration performance, but the calculation cost is high and the
running time is long. The deep learning method greatly reduces the running time by learning the network used
to perform registration. These learning-based methods are very effective for single-modality registration. How-
ever, the intensity distribution of different modal images is unknown and complex. Most existing methods rely
heavily on label data. Faced with these challenges, this paper proposes a deep multimodal registration frame-
work based on unsupervised learning. Specifically, the framework consists of feature learning based on matc-
hing amount and deformation field learning based on maximum posterior probability, and realizes unsupervised
training by means of spatial conversion function and differentiable mutual information loss function. In the 3D
image registration tasks of MRI T1, MRI T2 and CT, the proposed method is compared with the existing ad-
vanced multi-modal registration methods. In addition, the registration performance of the proposed method is
demonstrated on the latest COVID-19 CT data. A large number of results show that the proposed method has a
competitive advantage in registration accuracy compared with other methods, and greatly reduces the calcula-
tion time.

Keywords: deep learning; unsupervised; medical image registration; multimodal; computer vision
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Table 2 Comparative experimental results ( mIoU) of
proposed method and existing methods under 1-shot

setting using different backbone networks %
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ET M ik T E
FO Fl F2 F3
OSLSM!*)  33.6 55.3 40.9 33.5 40.8
Co-FCN'?!  36.7 50.6 44.9 32.4 41.2
SG-One''!  40.2 58.4 48.4 38.4 46.4
VGG16 ,
PANet!®]  42.3 58.0 51.1 41.2 48.2
FWB!®! 47.0 59.6 52.6 48.3 51.9
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LTM 54.6 65.6 56.6 51.3 57.0
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FWB'®] 51.3 64.5 56.7 52.2 56.2
ResNetl01
A3 57.5 68.7 58.7 54.5 59.9
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Table 3 Comparative experimental results ( mIoU) of
proposed method and existing methods under 5-shot

setting using different backbone networks %
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FO F1 F2 F3
oSLSM™!  35.9 58.1 42.7 39.1 44.0
Co-FCNI?1 37.5 50.0 44.1 33.9 41.4
SG-Onel'!  41.9 58.6 48.6 39.4 47.1
VGG16
PANet!s]  51.8 64.6 59.8 46.5 55.7
FWB!® 50.9 62.9 56.5 50.1 55.1
A3 50.3 66.3 54.7 55.3 56.7
CANet!?)  55.5 67.8 51.9 53.2 57.1
LTM! 56.4 66.6 56.9 56.8 59.2
ResNet50
CRNet!3 58.8
AL 54.8 68.1 59.9 56.2 59.8
FWB#! 54.9 67.4 62.2 55.3 60.0
ResNet101
AL 58.1 69.8 60.8 58.9 61.9
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Table 4 Comparative experimental results ( FB-IoU) of
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Table 5 Comparative experimental results ( FB-IoU) of
proposed method and existing methods under 5-shot

setting using different backbone networks %
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R AR LIRS (SG-One' ' f R ) FLIH 38 2 J5E 9 4
973 (CANet * R i) o I H oW T B R85
S X ST AR (Y 5 AR Y S8 0 A PR B 4 R
FRRIPE B, BUACAR B T 42 )R 51 S f o A9 )

ResNet50 ff: 0 £ [ 45, %F 3 Fift 2 Jey AR U4k 2 4
5 AT TR EE, mloU S5 R 415K 6 Fos , &b etk
KA ATLAFE 3R 6 Brs SE e 45 SRk
TARSCHR Y 4 SR AR L B T 2 A R

x6 =FBMUEEEAXMXLLRE mloU £R

Table 6 Comparative experimental results (mIoU) of

global similarity metric %
mloU
4 Jy B 5 5
1-shot 5-shot
RALIEE 51.3 53.2
T 2 P 46.5 47.2
BT 4 42 SR AR AL A 2 53.8 55.7

3.4.3  k-shot % & F 89 3 bt 52 36
RS UE AR SC k-shot 15 5E J7 WA AL E
5-shot B i 1, Xty i LTM"™ pop 34 4k 1 35 138 Y
J7 AT 2 k-shot J5 ZZ2H#EA7XF L, XT b SE B mIo U2
BT PR, RP RS RN, &7 PR
I EERAUE T T k-shot J7 2 HA RN
7 5-shotigEH R LW mloU %5 R

Table 7 Comparative experimental results ( mIoU)

under 5-shot setting %
e I mloU
BRI A= wIb 59.1
JIT 4% k-shot J7 & 59.7

3.5 HEXR
3.5.1 AR FEAAFINFEOHEELRE
ARSI T 2 ANFER B 4 R 5] S g
JATR G S . A T IR UEX 2 RPN A R 1
1-shot F1 5-shot % & F , f# J§ ResNet50 /E - £+
ROZ% , EAT 1O 2558 5. LB I 4% mloU 25 2R 4
8 PR, R RS A R R
M 8 WT LU Y, 24 Bl fdi ] 42 )R 51 5 4% I
B YR B 22, 3 S PR A AU ] 42 Jm 51 S e 1,
AT R TR AR TR 2w, B R BRG] AR
Y PR RE W AT £ T, JHG Rt DR S Je) A 40 T Y 22 1 B
MEE  ARZEE TR 2REEMI S, 4
[Fi] B {5l FH 42 JRy 5 | e 05 R J) 30 5 | 3 4 I, 5 7R g
RERCF , IR C 2 R 455 1 4 R A AL 1 A
JRr R ARAE
x8 £/5ISHMEME SHMFHELE mloU R

Table 8 Ablation experimental results ( mIoU) of

global guider and local guider %
mloU
EOEIE = Ja RG] A
1-shot 5-shot
4 53.8 55.7
v 56.8 59.0
vV vV 58.0 59.7
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3.5.2 MEk SRBHIHLER

Fr 4y A By e iR g LA 3 Wi L, .
L, ML, L. 8B 40 s B 0, T W
B AT g5 F A . B, S I rh i AR R
L, WP 2 kAT LS89 ff ] ResNet50
fER E T ML, 7 1-shot F 5-shot &~ , #1748
AT S8, LI 1Y mloU Z5 AN 9 fion, %
rh e A S 45 SR IR

R, AR S[R3 304 2% ok B iy 42
RERLE BEHCAT .

F9 REFBHHHEERE mloU FF

Table 9 Ablation experimental result ( mIoU) of

loss function %
mloU

L g L, Lsug()

1-shot 5-shot
Vv 55.4 57.7
Vv Vv 56.6 58.6
vV Vv 55.9 57.9
vV Vv Vv 58.0 59.7

3.6 AMULER
3.6.1 S EHRBIFHTRHER

Bt BT R A o E AR
Bl 6frR. Al i T4a T 2RAREE R, A
SCT7 X 5 A 20 1 A5 R K A o

HEG alEl EREIE
BGER  HIARE

B 6 a3 a0 E1 RCR B i AT AR Ak 45 23
Fig. 6 Some visualized high-quality segmentation results
3.6.2 I ARBEEZNTMAER
P EIROR B 2 E 7, gt — 2B R T
T S RLACE I ELX 80 2R WO R R AT 20 #r o
I3 o3 B SCR A2 W AT AL A RN T B
XFFAE L AT Al AR AR, i T A R H
PRAFTEMERS , HL A5 i) B RS SRy R AT 2 22 S

R, B 2 77 12 % A REAR G s e AT 0o X T2
2 3l AL E R A E GRS A 2 kA
P EH T30 88 ) 2K ) 2 S5 50, T 4R I 45 4 LA
N HIR AT o0 o X /R AS 23 B HE A
MR R IE— P ITE RL

b

SCFFEHE Q}fﬂé‘ﬂ%ﬁ

AL S

BT a3 o BRI B 22 1 ] AL 2

Fig.7 Some visualized low-quality segmentation results

4 £ R iF

ARSCHE T — PR 19 /N AS o) BB 7 A
TR R TE A R A5 A 2 R AL R E A
WAVE o 3T R0 3 AR A A 2 S GBR  R
2RI FaEMRTG S 2R51ISaEH TR
FEALE [ 9 42 R AR BL Y, Jma 3 51 S % 7 el B R AR
8] (9 Jm PR AR E o LR UL, TE A2 R 51 S d i, 3
Tl 8 SR AL B R X i 1A 5 R Ak
FISE 5 BB 4 J5 7 B B0 R AT 56 R A, oA A
M iy T SR L R S 0 A IR AE .
— B G TR O AR A R A 5] e
JIt 5 D ¥ % AR PG R Ak R £ i) TR ) B AR ALE =2
(] (8 AL PR A7 A, i 7 31 5 26 001 T 56 Y 1
Bt Pascal-5" R4 1 S IR B0 E T BT 2 7
4 A5 B o
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A few shot segmentation method combining global and local similarity

LIU Yuxuan, MENG Fanman® , LI Hongliang, YANG Jiaying, WU Qingbo, XU Linfeng

(School of Information and Communication Engineering, University of Electronic Science and Technology of China, Chengdu 610000, China)

Abstract: Few shot segmentation aims at segmenting objects of novel classes with few annotated images,
whose key is to extract the general information between support and query images. The existing methods utilize
global features or local features to obtain the general information and validate their effectiveness. However,
these two kinds of features’ similarity are considered separately in the existing methods, while their mutual
effect is ignored. This paper proposes a novel few shot segmentation model using both global and local similari-
ty to achieve more generalizable few shot segmentation. Specifically, an attention generator is proposed to
build the attention map of query images based on the relationship between support and query images. The pro-
posed attention generator consists of two cascaded modules: global guider and local guider. In global guider, a
novel exponential function based global similarity metric is proposed to model the relationship between query
images and support images with respect to global feature, and output foreground-enhanced query image fea-
tures. As for local guider, a local relationship matrix is introduced to model the local similarity between sup-
port and query image features, and obtain the class-agnostic attention map. Comprehensive experiments are
performed on Pascal-5' idataset. The proposed method achieves a mean IoU value of 59.9% under 1-shot set-
ting, and a mean IoU of 61.9% under 5-shot setting, which outperforms many state-of-the-art methods.

Keywords: few shot semantic segmentation; global similarity measure; local similarity measure; knowl-

edge transferring; metric learning
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