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Aggregation enhanced coal-gangue video recognition model based on long and short-term storage

YANG Jun
(Zaoquan Colliery, CHN Energy Ningxia Coal Industry Co., Ltd., Yinchuan 750001, China)

Abstract: Some key targets will be missed when using coal-gangue image recognition technology to
recognize coal-gangue. Compared with the image target recognition model, the video target recognition model is
closer to the requirements of the coal-gangue recognition and separation scene. The coal-gangue features in the
video data can be extracted more widely and deeply. However, the influence of frame repetition, frame similarity
and contingency of key frame on the model performance is not considered in the current coal-gangue video target
recognition technology. In order to solve the above problems, this paper proposes an aggregation enhanced coal-
gangue video recognition model based on long and short-term storage (LSS) model. Firstly, the key frames and
non-key frames are used to screen the massive information. Multi-frame aggregation is carried out on the video
frame sequence of the coal-gangue. The feature information of the key frame and the adjacent frame is aggregated
through temporal relation networks (TRN), and a long-term video frame and a short-term video frame are

established. The calculation amount of the model is reduced while the key feature information is not lost.
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Secondly, the feature weights among the long-term video frames, the short-term video frames and the keyframes
are reallocated by using an attention mechanism that integrates semantic similarity weights, learnable weights and
region of interest (ROI) similarity weights. Finally, the LSS module is designed to store the effective features of
long-term video frames and short-term video frames. The module fuses them in the key frame recognition to
enhance the characterization capability of the key frame features, so as to realize coal-gangue recognition. The
model is tested based on the coal-gangue video data set in Zaoquan Coal Preparation Plant. The results show that
in comparison with the memory enhanced global-local aggregation (MEGA) network, the flow-guided feature
aggregation for video object detection (FGFA), the relation distillation networks (RDN) and deep feature flow for
video recognition (DFF) model for video recognition, the mean average precision of the aggregation enhanced
coal-gangue video recognition model based on LSS is 77.12 % and better than that of other models. The
recognition precision of the modes is negatively correlated with the moving speed of the target in the video. The

recognition precision of the model in this paper is 83.82% for the slow-moving target detection, and the

performance is the best.

Key words: video recognition of coal-gangue; multi-frame aggregation of video frames; key frame; non-key

frame; attention mechanism; temporal relation networks; long and short-term storage

0 35

eI ¢ TF 2R b B v, O AT 3B o b 45 TR K o 3R
{EAIG . Erifk AR AT A, S ma e i i . H AT
IR A 43 38 D7 R L3S F sk it . S Bk vk 40k .
A0 0053 3 R E BEPE IR 45 o 3K S 7 VR AR AR RORAR
P PRI ME . T 208 2 SRR R — R AR
JE L U RE A AT AR B O ik

Bl 5 T AL SE B AR 1) &, B AR R AR TE
4 BT A U AT . TS S 1) B AR
YU AR 5 R R B BRSBTS B AR . e
B PR AR 31 v, STk 31 R FH itk 4 36 B f 22
28 SRL X AT A ST U R, RS A TR
5 2] T R A BUR EAT AR B, 48 T TR AL )
K BE s SOk [4] 5 T 2R Y tiny YOLO V3 vk G BEAT
A AR, i@ 1 SPPNet, SE #iHe F 5K 45 FL A0 21
A BT T BRI A BRI . R A
PG AR 3 2 AR X B A 0 R BI0RG JE e va, (HL 3 2 R4
BUG AT AT AR50 00 7 U i o — 2L 55 H AR 1Y
PO, 2R 4R 3 9 1% 0t (RIAZ D 23 52 ) 3R e R A4 11 3R
IR BE o A AR TR LL BG B AR s A T
W 3T BT A PR 43 1B B s T SR, 6 A BB AR v ) A
TF AR AE T DAEAT B )92 L AT TR B A AR . A I
fff A B AR TR T, SCHR (S48 s 3 TR i e
TG 7k, Wik T 4 AR iE 2 n B8 s, 42 T
U7 Ak, XHEER A 0 SRS BE K 73.4%; SCilk [6]
P — P I A4k B R A O T 3, X A AR
i SRR R R AT 4 25, FE 22 T 00 TR 2 56 v UL
TR B PR RO s SRk [7] 2R FH ekl i s iR A A

i

RS IR A R, O PR SR 0 e T TR
AR SR T O S BB, X R A A I o
RIK 95.83%. L IRWFFTIE i T Wb A BRI SR BT
RAG T R oE 45 5, (E R 25 R A i e 42 1 | i
AR o G SHEMITAE SR P o ASE AU R A 5 e

BEXF R AR, A SCHE MR T — i TR I A
fi# (Long and Short-term Storage, LSS) 1) 3 & 1 53 7l
PRERF A TR AR 2R LSS B A
HAARAT TR AR 2E AT A7, LA B i OC B i BB IE FEAE RE
01, 8546 ZMRE L RV TTRE R, 3
BRI BRI PERE

1 Kk EL

AR H AR5 SR B B RO AR L, 55 2%
RET L2 TE A PUEIEh K R EE S
SR B B 5 B HAR B R TR APk
PRI, 74 SR FH G Bt 55 3 DG e it 0 g 15 B AT
W1 -

1.1 X4EMS5 Ak x4m

B ) e A A i B () U 28 i 7E —
A, 33X HF A T AR A A R o B REAE O o 52 R A
— AN, 5 R REAE (B AF X N F T B Sy O B o,
A M AR S 1213 S ot 14 3 ERORI b B X I
Bl BATE A 2 dE AR T o 3R DG B it i Ry O Bt
W %) A T (Al B A5 R AT A AT ) DG B T
FESCHEWTR BN 1 B,

1.2 XAEWBAER

AR T TR AR A A5 53 6 B e T T DG STk

HBUCHEZR, Q& 2 Bos o B A U) e AR A G B T AE 22



2023 5% 3 #

W E AT KA Ak 0 R A R BT B AL IR A AR A « 41

> AR

Bl

L RS

T REAT A AA H  R BET J SC o
Fig. 1 Key frames and non-key frames in coal-gangue video
FR AT, 38 A BRUZ X R A AT TR R R A B B
THRRE Y S5 AT R A AT 0 L B v, AR AR A4 20 R R
F1%) i 45 SRR WA R v A S B

@ il Max
® fiiith Stochastic

2 RHEMEIELL
Fig. 2 Key frame selection frame
AR A 2 6] =2 R B R AR, dl i Sigmoid
P PR 15 ) — 4570 P

WD)

S={s) k=12, Kin=12,--.N (1
P s, N I AR AESE kAP ) A B o 1 5
KR R S EG N2 B
SR B T 5 ESCHE 2 AR 405 A5 0 R 2 1) i) o7 2E 47 o
BT, DA 64 1 g 17 R A5 28] 5 S B ot 1) A 2R
_ [Max(s.,) n+Y
P = {Stochastic (5.0)
A s, N nA 43 SRR AE BT A BT R A # e
Y AR 558 Stochastic A Bifi L% B PR ER

2 HERNGT

BRSO S WAL AR LY | SCEE MU SR
S I) B, AR SCHRE A T LSS 1Y 2R G 1 s R EAT A
PSRRI NP 3 o o IR 32 B A 45 22 iR
A EEJIHUHIAN LSS Bibk 3 AR5y B e, XPHEAT

hoy 2

AR 1 HEAT Z2 WK S, Tl A I 28 OC R R 4%
( Temporal Relation Networks, TRN) "2 5 4 i 5 4
QW MIUERIE A5 B AR R A, 8 SRR it e 30 1R A
Wi SR, SR SOMLPEA R | ] 2 2] AU R
R [X 3 (Region of Interest, ROD 'S ARBLMEAY 5 Fil & 11
TE R T AILT SR T | AR AT 5 OC i ot
(] A4 R AEEA T AU #0085 i, BT T AE Al 5
F9 LSS bk, x4 S A0 431 ot -5 e 303 R A3 o i 47 A7 %
REAEAE A, I8 S WTTRUR o LR 5, 39 560 5 B o
FRAE A RAERE 11, LS BRERT A1 AL

Wi
527

ZWERE

D ResNet50/101 !

= jo " Lss itk

FHER B B B .

1x1conv
3x3conv ‘
[ Proposal |
1xIconv

ROI|Align
RPN
ESUE =
pub s HmiE] softmax
At eSSl Output

B3 BT LSS MR AR RAMERT A MR )
Fig.3 Aggregation enhanced coal-gangue video recognition model
based on LSS

21 ZMRAE

2 W A B VR T LA B T A WURRAE, [R)IRh
TRAT TR A T A5 AS TR RO R INA R A o TR A AR
TR /N B AR Z | Wt (AR ARLEE 5 I T TU AR B 3 e
SRR, WO AR HAGEA S . L, SR
22 WU A X BT A AT A T 00 20 A 3, DAl D S
B B A s B S BHRME B R R . %0 it
P S BN Z2 A D) BB RRAE AT R A TEAS
TR A WURRAE AR B0 (R B, a4 A5E 78 7y 153 47 40
AALFE T A

TRN J5 ¥ fill B4 2L, v] LAFE R4S R AP R A il
R 1 [ B el 2D 31030 8, P A A 78 1) PR DR S R
B, R A TRN #4722 ROBE W0 T 2R &, il ok
TR 4 FER o 1456, TRN B AR 15 il gsi i



.« 42 . Iy A3k

% 49 %

FEIA, Lt B Z R85 15 sKERAE E; ok, vEHL
B 3 i, HrE) S i AE 7 WX 3 A4 ROBE 8 #0055 i 3
1 2 3 4 5 6 7

~ CNN

BIHEATRRE R G5 B, B LA 3 A RO A RHE R 5
SERARINAT 2 fe 2RI

Vi

el ek R el v
CNN

\/

e i) 3 MR
e 1] 5 RS
IERA LS &

Kl 4 TRN FHiERLA

Fig. 4 The TRN feature fusion process

22 EZEAMH

5T LSS MR A5 1 5 AR A 40 AT R 1) A A SR
J& T B B R A Y, 2 3 ik X 4 13 ) 2% (Region
Proposal Network, RPN) "7 i 4y A AT A7 #0450 i 7
G RRFAE, JF A iU e AE , PR T UM B bR 2026
WIH ., FEAR R PREE | A Rl 4148 A ] 0 45 £ 2
KA [l A% 264 B AP R T, B R AR A 2 B s 4
HFTAFARL P 8 8« A 80 A T AR i 2658 /0 B R
1M, SR T LA R A SR WAL | e S0 0L 93T g
FEAE 55 DG B TR AE 422 REE SCAHARLBE AL ER | A 27 2 AL
A ROT!S AR L3 A F 647 59 il &, BG4
AFARL 2 A v DX Il P o SCAR AV AL, 398 fim A 24 R ik
DI A R, DL il i A PR A

HEE ORI A RN 5 BroR . B, R
22 Sk TR I WL BT AT R AE | R S03 R0 A5 Mo
HE AN DG B WUREAE [R] I AT 78 B 0tk . SRR, FFiX
3 ZHVE R A i i DR EAE S, S8 At e] A )
MR PR AT AR 4, LhARAS B A Rl G FRAE . B
J& W X SO VR IE AT A, 78 IS S OCHE Ak B
I ARG, AT A RO s OCHE MR AERE T .

PR

R N 2ip ) eiEn
IBLTSE || SEBI F AU AE

K5 L

Fig. 5 The tational principle of attention mechanism

T ML 8 o 2 500 1 T A AR Tk ¢
ST AR, JE B — A N R PR AL

b= f(WOq,WOe, W) € R” &)

b by N ARk FNTERE LR EG W g,

W€, WA 51 g 53] g B e 1 v ¥R 1AL 2

B Py I (E v YERE
2.3 LSS #3k

FEAS AR FH0I0 3 o v, S B I XoF i) 235 2R 1 5 e
BOR, AH MRS BA 8 K P, 7T BB 2 35t e o 81 22
R AE DA TR MR PR B U R, AR SO T LSS A
b A 5wt v R BT | R DA R AR 2 AT
FEAE, E TIUI B 3 8 G SRR AR, B8 TH AR 7R A A 1) 37
SRS EE o

it LSS BHUR AT A AT 22 A8 A g | 3 £
IR 0T, ASORA T I Wt PGS R A T Ak, 7 G B ot
Tov o 5 ER R AR Rl G . LSS BERTE R I %2
K4 #1312 (Long Short-Term Memory, LSTM )21 120!
I VR R A, TERRE RO S A | B R R T
FERL IR, LSS A He T v Hi ER 40 (0 7 A

T o (7] I SR AR 2 BB e 0 PR o, 284 2
YR ST 36 55 E AT 2R, > I A i 3 BB O B T T A
18~20 Mt 14, A0 30 40 30 ot 32 BB O S o =2 17 3~ 5 ot
PRGNS R R Fre I o il DG B ot f) ol I, <
PR TR 0 R A 2R

LSS Bt gk . A, fth 3 N8R4, anlEl 6
Ji7s o Ak B b — B 20 0 B s R R AT R
Fe, VB 20 I 200 4 A BCHE S s A7 At = R i A Y
B AT A PR A AR, 3 TORCE R R AR
FEEUE S b — I 2] B g A BN R AT R 5 A B, A 3
S5 TR 21 s 22 R O

D gk, SR> LSS ook A, ¥ F—mf )
=1 [ H RS AR AR ok, VR R S HTE 21 ¢ iR A .

gt:U(wg[ctfl’utflv-xt]-}_bg) (4)

K g Hak &R A5 B oo Sigmoid PR w,
MR AR € R b —B 2R AR (S B u R
b — i 2 A AR R s xR X B A B R
by k4 i s 220 A 1 i

2) fifit . SR A tanh BEBOW Co 5 xS BL
5 0GR, PRI Sigmoid REEERIFEAE(E B .



M E. AT RERGAEGRESIEEAIETF o MIMR N ER . 43 .

2023 4% 3
Il
IRl ST A ]
S BB
KR
Wit Lss Hidk FEAEE

EENEAN
T T

i
K6 LSS #itkiitEm
Fig. 6 The LSS module design principle

C, = tanh(w, [u,_;, x,] +b,) (5)
I, = o(w (U1, x,] + by) (6)
A w A RS B A B ; be A RUE B
B NI B s 0 AR A R s by S A A
5 2 A ) g
3) Fith o a2 TR Y RN 2 S R C S
— I 2 A B AT RE S

ry= O-(wr[ct—]’ut—hxr] +br) (7)
C,=g,+C +i,xC, (8
u, =r,+tanhC, €))

Ao r N M AT 2 A B o NS Borh i
AVIRLUEE s b, N HEAAw B A B B 5wk 24 A
ZN % AR s C o X R 2] B 4k A L.

3 KBERRSW

3.1 EBERBEAKAELGF
7 5847 M 32 GiB ) NVIDIA GeForce RTX 2080
Ti B PR AT SE g T SC IR g S B 43T
S T A B A £ (VID R 4R A
DET 0454 5% A = K 66 I8 4 A 7 Bl A BR 54T
N EVARURERE)T ZBE AE RR T L SRR A 4y i
Yise, s T AFRION RSB R %
Bdls 3L 3 028 UL Fr, A0S BAR 190 840 5K,
Horp 80% 1R A I ZRAE FERIEEE, 20% FHFEMR4E
R0 2 D11 257 A 0 03000 A 7R 0 A 7 0 A5 500 1%
K . AR H br iz g R A AS [RDRE LAy e,
1 3 ARG, S A DA
32 LZR5H
K H - ¥ K B 4 {H (mean Average Precision,

mAP) I JAA 2 A48 55 K PPAL B T LSS 1Y A 1
5o TR RRERT AR TR S A TR 1 R

i A2 3 5 4 )Ry —JR) #F 5R & (Memory Enhanced
Global-local Aggregation, MEGA) W 4% 15 B 2 2 T 4>
Jy T SCREAE R Ry &8 A7 R O S I O S ot H A R
S, LASRAS SN A i A RRAES B o JE TS IR
fIESR A B Frk5ll ( Flow-Guided Feature Aggregation
for video object detection, FGFA) £ 7 = AR g i 5+
T, K 6 T 1 B REAE A G T SR G 1 R A ot e
fEFE . 5= F 2518 M 4% (Relation Distillation Networks,
RDN) PR3 55t R A HFREFAE, (546 H AR 5 LAY
s HARRFAE o A0 TE 1) A% TR B AR 3 ( Deep Feature
Flow for video recognition, DFF) 245 7Y 5= B 5% H] O
T, A R H AR EE R S 4 B A T, G
FH w7 EE . 7RO E AR U T MEGA,
FGFA, RDN, DFF #8 (1 U514 REAH X 35

T 5 IR A SCRE T A PR P, AR SRR 5
MEGA, FGFA, RDN, DFF 5 84 i EAT £ AT R 3l 42
L HEAT X E, 5 R LA 1, Horp 1017 ROR T4
7 ResNet-101 #1584, “50” /5B T M4 4 ResNet-
50 BEA WA AR SCRE T ) mAP fL T H Al AR A
R T7.12% A SCHEEARILE NS iz 3 1) B Ana il o)
K B, 3K 83.82%, 1S KN T4 A7 it b niR A e
= 8z 3 H AR UK . A BRI EUE 3 B
PR SIS FEAR T b il iz 3l B AR IR BIRG BE L Hhidtiz 3l
H AR PRI B2 AR 718 3z 3h H AR TR IR 2, 150 B A
AU H bRz 8 2 5 1R 56 B2 2 A OG .

# 1 AICEAE MEGA, FGFA, RDN, DFF B mAP X7 [t

Table I The mAP comparison of the proposed model
and MEGA, FGFA, RDN, DFF models %

o YUK
A mAP
Pz s hliazh s 1@diEs) Bin

ARG 55.12 76.02 83.82 77.12
MEGA-101 55.63 76.24 82.39 76.65
MEGA-50 49.53 70.58 79.83 72.63

RDN-101 51.65 71.95 82.10 74.68

RDN-50 4527 67.46 80.22 70.40
FGFA-101 4397 69.86 81.07 71.91

FGFA-50 40.75 66.57 78.90 68.68

DFF-101 37.47 66.87 79.32 68.42

DFF-50 35.65 62.19 74.14 63.50

A I SRt 15 B I 2Rk AR R BCH 120 000, LR
SEoh 64, KW R R 18~ 20 T, % 3 WA A 3~
5007, A SCREEGIIZE TP ET 80 000 Yk 1%k 4L HE 22 il 4



. 44 .

5 8k

% 49 %

ReRBOMZE, A 7 Fros . A ARG R, 45
FRAEAEVIZRTIT 46 J5 W12 B, JFAE 30 000 Wk AUS
TR B A ST 0.23, BB T AR SO B AT
R & HR AL

1.8 ¢
\
\
1.4 F
\
o \
K10} \
S \
\
0.6 | \
0.2 — : ;
0 20 000 40 000 60 000 80 000
HARUEL
7 ekt £
Fig. 7 Loss function curve
4 Zig

1) X A0 A0 T TC A% B8 v A [ 8, SR R 4 40
ARG I 22 3R A A Ak B REL 36, o 22 A AT i R AL
HEHATRG, INRE AR AR A U B . SRR
FIHLH N PG bR AL 5 v DX 3R o SCARAR A
FEARC, B A RCRRAE X B A BG n, DAER & il 5 J5
TIE T A 000 o o Al S B ot v R SR A3 o | 65 0 PR
TR AR AT A7, 2 T A D B ot Ft i) Fsf o LA 3 5
HARRAE, BT AL AR R BIR B

2) #H% T MEGA, FGFA, RDN, DFF %I, 3T
LSS B R A 1 s RURAT A LU B R i mAP LT
HCAMRERL, Ry 77.12%; Fr A A B0 H briz sl
PRI 2 fM G, H 3T LSS I3 A 1 o AL A
A WATR A A 12 0z 3l 1Y H bR il b R I
B, ik 83.82%.

2% 3k (References):

[1] SHARMA V, GUPTA M, KUMAR A, et al. Video
processing using deep learning techniques: a systematic

review[J]. IEEE  Access, 2021, 9:
139489-139507.

[2] AICH A, ZHENG M, KAEANAM S, et al. Spatio-

temporal representation factorization for video-based

literature

person re-identification [C]. International Conference on
Computer Vision, Montreal, 2021: 152-162.

[3] Fharr. £T R4 W 2 iR AT A 150 7 LB 5
[D]. HE¥E: iy b TRE R, 2020.
SUN Lixin. Research on coal gangue recognition method
based on convolutional neural network[D]. Handan:
Hebei University of Engineering, 2020.

[4] PAN Hongguang, SHI Yuhong, LEI Xinyu, et al. Fast
identification model for coal and gangue based on the
improved tiny YOLO V3[J]. Journal of Real-Time

[5]

(6]

(8]

[10]

(11]

[12]

[13]

(14]

(15]

Image Processing, 2022, 19(3):687-701.

ZHU Xizhou, WANG Yujie, DAI Jifeng, et al. Flow-
guided aggregation  for
detection[C]. IEEE Conference on
Computer Vision, Venice, 2017, 408-417.

5 5. B TR ATAL B (AT A R T AT (DL AR o
Bl K5, 2018,

ZHANG Yong. Research on gangue identification based

feature video  object

International

on video processing[D]. Xuzhou: China University of
Mining and Technology, 2018.

FEAd, EARME, B, & —Fh ook i m iR a8y
SRRT A AT T 75 3 (3] o R K 2 2 4 CH SR R 2
hi), 2018, 49C1): 118-123.

CHENG Jian, WANG Dongwei, YANG Lingkai, et al.
An improved Gaussian mixture model for coal gangue
video detection[J]. Journal of Central South University
(Science and Technology), 2018, 49(1): 118-123.

LEI Xinyu, PAN Hongguang, HUANG Xiangdong. A
dilated CNN model for image classification[J]. IEEE
Access, 2019, 7: 124087-124095.

PAN Hongguang, WEN Fan, HUANG Xiangdong, et al.
The enhanced deep plug-and-play super-resolution
algorithm with residual channel attention networks[J].
Journal of Intelligent & Fuzzy Systems: Applicationgs in
Engineering and Technology, 2021, 41(2): 4069-4078.
ZHU Xizhou, DAI Jifeng, YUAN Lu, et al. Towards
high performance video object detection[C]. The IEEE
Conference on Computer Vision and Pattern
Recognition, Salt Lake City, 2018: 7210-7218.

WANG Shiyao, ZHOU Yucong, YAN Junjie, et al.
Fully motion-aware network for video object
detection[C]. Proceedings of the European Conference
on Computer Vision, Munich, 2018: 542-557.

WU Haiping, CHEN Yuntao, WANG Naiyan, et al.
Sequence level semantics aggregation for video object
detection[C]. The IEEE/CVF International Conference
on Computer Vision, Seoul, 2019: 9217-9225.
FEICHTENHOFER C, PINZ A, ZISSERMAN A.
Detect to track and track to detect[C]. The IEEE
International Conference on Computer Vision, Venice,
2017:3038-3046.

ZHOU Bolei, ANDONIAN A, TORRALBA A.
Temporal relational reasoning in videos[C]. European
Conference on Computer Vision, Munich, 2018:
803-818.

LIN T Y, DOLLAR P, GIRSHICK R, et al. Feature
IEEE

and Pattern

pyramid networks for object detection[C].
Vision
Recognition, Honolulu, 2017: 936-944.

(F#% 62 70

Conference on Computer


https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1109/ACCESS.2021.3118541
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1007/s11554-022-01215-1
https://doi.org/10.1109/ACCESS.2019.2927169
https://doi.org/10.1109/ACCESS.2019.2927169

. 62 .

5 8k

% 49 %

hierarchical adaptive k-means clustering[J]. Journal of
Intelligent Information Systems, 2015, 44(1): 133-158.

15 [D]. W R M5 /R Tl K 2%, 2021.

HU Huan. Efficient algorithms for approximate

[10] PALMER C R, FALOUTSOS C. Density biased aggregation and nearest neighbor queries over multi-
sampling: an improved method for data mining and dimensional data[D]. Harbin: Harbin Institute of
clustering[J]. ACM SIGMOD Record, 2000, 29(2) : Technology, 2021.

82-92. (17) 2= i T 1) 4 5 [P0 24 PO e A1 A 00 2% 4 F)

[11] HUANG Jianbin, SUN Heli, KANG Jianmei, et al. AESLID]. P82 752 i RHE RS, 2019.

ESC: an efficient synchronization-based clustering LI Jianzhong. Researches and implementation of
algorithm[J]. Knowledge-Based Systems, 2013, 40: technology event detection in social networks[D].
111-122. Xi'an: Xidian University, 2019.

[12] MINAEI-BIDGOLI B, PARVIN H, ALINEJAD- (18] JHI . BT 2 R FE RG2S W E B R [D].
ROKNY H, et al. Effects of resampling method and FE PR H PR B K2, 2019,
adaptation on clustering ensemble efficacy[J]. Artificial ZHOU Meng. Multi-grained cascade forest based
Intelligence Review, 2014, 41(1):27-48. hashing for image retrieval[D]. Chongqing: Chongging

[13] AGGARWAL A, DESHPANDE A, KANNAN R. University of Posts and Telecommunications, 2019.
Adaptive sampling for K-means clustering[C]. 12th [19] NELSON K P, THISTLETON W J. Comments on
International Workshop on Approximation Algorithms "Generalized Box-Miiller method for generating q-
for  Combinatorial ~ Optimization  Problems/13th Gaussian random deviates"[J]. TEEE Transactions on
International Workshop on Randomization and Information Theory, 2021, 67(10): 6785-6789.
Computation, Berkeley, 2009: 15-28. [20] AWEbL, sk ik, — MR T FPGAN & W AL AL AE s

[14] KUMAR K M, REDDY A R M. An efficient K-means HIR TS RELLIT. THENLER, 2011, 34(1): 165-173.
clustering filtering algorithm using density based initial GU Xiaochen, ZHANG Minxuan. Design and
cluster centers[J]. Information Sciences, 2017, implementation of a FPGA based Gaussian random
418/419:286-301. number generator[J]. Chinese Journal of Computers,

[15] SAEZJ A, KRAWCZYK B, WOZNIAK M. Analyzing 2011, 34(1): 165-173.
the oversampling of different classes and types of [21] ARNAIZ-GONZALEZ A, DIEZ-PASTOR J-F,
examples in multi-class imbalanced datasets[J]. Pattern RODRIGUEZ J J, et al. Instance selection of linear
Recognition, 2016, 57: 164-178. complexity for big data[J]. Knowledge-Based Systems,

(16]  WAXK. 2 4E a1 30 003 S A fe 30 40 40 74 ) o R0 5 2016, 107: 83-95.

© - w N < U el ultutulululululut ol ueue e et el e et

(B35 44 T0) 10346.

[16] HE Kaiming, GKIOXARI G, DOLLAR P, et al. Mask [19] GIRSHICK R. Fast R-CNN[C]. IEEE International
R-CNN[C]. International Conference on Computer Conference on Computer Vision, Santiago, 2015,
Vision, Venice, 2017:2961-2969. 1440-1448.

) . [20] HOCHREITER S, SCHMIDHUBER J. Long short-term

[17] REN Shaoqing, HE Kaiming, GIRSHICK R, et al. .

) ) ) _ memory [J]. Neural Computation, 1997, 9(8):1735-1780.

Faster R-CNN: towards real-time object detection with [21] DENG Jiajun, PAN Yingwei, YAO Ting, et al. Relation

region proposal networks(J]. IEEE Transactions on distillation networks for video object detection[C]. The

Pattern Analysis and Machine Intelligence, 2017, IEEE/CVF International Conference on Computer
39(6): 1137-1149. Vision, Seoul, 2019: 7023-7032.

(18] CHEN Yihong, CAO Yue, HU Han, et al. Memory  [22] ZHU Xizhou, XIONG Yuwen, DAI Jifeng, et al. Deep

enhanced global-local aggregation for video object
detection[C]. IEEE/CVF Conference on Computer
Vision and Pattern Recognition, Seattle, 2020: 10337-

feature flow for video recognition[C]. The IEEE

Conference on Vision and Pattern

Recognition, Honolulu, 2017: 2349-2358.

Computer


https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1145/335191.335384
https://doi.org/10.1016/j.knosys.2012.11.015
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1016/j.ins.2017.07.036
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.1016/j.knosys.2016.05.056
https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1145/335191.335384
https://doi.org/10.1016/j.knosys.2012.11.015
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1016/j.ins.2017.07.036
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.1016/j.knosys.2016.05.056
https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1007/s10844-014-0332-5
https://doi.org/10.1145/335191.335384
https://doi.org/10.1016/j.knosys.2012.11.015
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1007/s10462-011-9295-x
https://doi.org/10.1016/j.ins.2017.07.036
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1016/j.patcog.2016.03.012
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.1109/TIT.2021.3071489
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.3724/SP.J.1016.2011.00165
https://doi.org/10.1016/j.knosys.2016.05.056
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735

