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Attention Mechanism
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Abstract ;: The microstructure characteristics of rock casting sheet of reservoir rocks play an important role in studying the reservoir perme-
ability, fluid distribution, oil recovery and water displacement efficiency. The segmentation of rock casting sheet is the premise of
studying the characteristics of rock microstructure. At present, the traditional method is to dye the pore area with dye, and then use
threshold or connected domain methods to segment. This method has low accuracy and high cost. The semantic segmentation network
based on deep learning has made great progress in different segmentation scenarios. We use DeepLabV3 + network as the model
framework. Firstly ,aiming at the problems of large number of parameters in the semantic segmentation network and poor performance in
restoring spatial details,a lightweight feature extraction network is introduced to optimize the parameters of the original model’ s Xception
feature extraction network. Secondly,the residual structure is optimized to reduce the amount of parameter calculation and model training
time. Finally,in order to compensate for the accuracy loss caused by parameter optimization, the attention mechanism CBAM module is
introduced in the high-level feature map extraction part of the model to improve the accuracy of the model. Compared with the original
model , the accuracy of the proposed method is improved by 3.7 percentage points and the recognition frame rate is improved by 106 per-
centage points on the thin section data set of rock casting sheets.

Key words :deep learning ; semantic segmentation ;rock casting sheet ; lightweight network ; attention mechanism

0 3| B M o fEARJZ A AT BTN S5 H R I 2 52 ) i 4R )2 AL 1A
FLBUR MLAMAE T8 A1 B ARG SR 25 ) Wkl (0K BB AR RE D RITT SRl B I 4R
DU e L B A /NG T, ) AR TR S A TR XA A IO R R R B 3 B R S i O IR L Y

W #s HH8.2022-11-05 f& | B #1:2023-03-16

EEHA . FE AR ST ERF RS (41702156) ; BRI MK 5 SAEQH 44 (2020 YDL-04)

YEE BN AL L (1977-) B it BI#Z , CCF £ 5t (51501M) S8 iRAEH  BF5E 5 0] 9 N TR BE HLES 2% > s RAAE (1997 -) , 5 Wi+ 5%
A W T T A HLER A= T



108

AR IS BT L) 0 S A 7 i A i) - 129 -

WoE B85 R A B A A IR 9, A o i
L3 SPHALER B AR TR I L AE Y FL0R L i oY
BT ®RRAED

E AT R R E DR AR RS A fLBUE
A AFEAS AL GE 0 G A3 F1H Ty ik 32 24 B gL £,
F e, AR 4 B 09 ke P Gl T RGB #4773 #, AL
Amankwah Fl Aldrich. C™* fif 4 JE R AR 1L 19 437K 14
S SBLT 2 A7 EIR 53] 5 Siebra Heélio 55 A i A
RIS R (L 0B 1 5 (1S3 T Al 3 43 o3 1 5 3R
T AN e R A9 7 325, I A PR v o) L B 3 3
AT PG bR IC , YT A ERAE B kAT 4
FHREC, EJE B T8 A B IR UG A 4y B
WL R 2 TR B L B AT A 4 0B 5 LR
M LA 0] 2 B ARE 1, 33X A% 8 1 AR A T €5 R 1 4 )
B AN AERfR B A, 7 HL G X 2 A v
B AR IF HANE R 4 R A 43 5134 2 R i 1 1
30 X R 7 SRR A 5 JE R B i s e i
LS AWIE S TR EG T X 2% R KR K
FHAE , LU ANTE Z2FPAS 6] 390 6825 A0 0 ) 43 A B 1 0 T 32
7315y, ARS8 S aY K EEA BRI E SN, N EEHE
M HAR 58 5000, X S804 e 8e L2
M ABATHIR AR T 52PR . BEE TR T R 1 X
S EIT A A A R o B R B B R, 5617
245 N7 38 12k Fully Convolutional Networks ( FCN) 7E
Wr 2 R R S B T LI o ) ke T R A R 5
eSS GURIRTHE S (N e N EIF T W Fa e i
TSR TR S AR A AR N 5 Unet SERL T
XF A 5 AR USRI FLBR PR . FAR TR o BRI 4R
GRS PR R o3 B AR B 35, (H2 BRAT I 2%
FEAERTYSHUE R A R ) [ L, (i A58 1 T4
S8 THRACRARE  0F B T A 55 A ORI
FRPE, St 4 I 25 th 25 ) 2 0 3 43 Ay, AT 3053 1
IR, 25 2% B X IA BIRLAEAE 9 () R, 12 11
— G i A RN B TP 9 5 A IRy
FIRIRY | DLGA BB 4 i b B S0 20 /N B0k 43 1 1)
[P, 4 R FRA R R

1 EA%BEERIEERR

WXy EE R R RGN R, REBH TR X
53 IR R BE 19 45 I T Gt B 45 — fiFf B 245 45 A8 5 1 110
i it v 19X 246 A1) T 26 AR Rt Ak 2 42 IO 2 R HRAE
it s 0 265 0 Y S A BRI I o3 B 100
BT AR ELAR BIKE B2 A R A X 38 e B 1 L4381
15l DeepLabV3 +, DeepLabV3 + & #l i = + [ 4%
Xception $£IXM % S8 e K Hizg K, R T E 5
BB RRCR , ZOCR ERC s B Ty B A R4

PERE M4 92 N 45 MobileNet V2, LAk 25062 5 i
M R AR RO, AT ) 28 B A S B R A 240 1 Ak
43 FIVERBRCAR, e 512 X T8 A 85 R A v i 4t /s
WORE, B TR BE R RS AR BN R S (R, PR A2
SR RE R ER, N BUr BIARMER . ik, i3
TE AR IE BRI B | A A T 2 I FLHI 30 A X R AR
P2 HUR B A R 3O R 42 v A /N UK AT 4 R Bk
FREE , AR i 5 HONDRG FE
1.1 Eflli DeepLabV3+R 2%

G A AR R /INBURL R 2 19 IR R 12 SCR A
TE VOC 28 JF %4l 48 B A4 43 ¥ 68 J) A X 5847 1Y
DeepLabV3+ 4 % DeepLabV3 + & %1’ & i FCN #&
TR0V FRE T K PR 18 S A3 MR B 24 S B FEAR FCN
REHY 8 0 A AE S TR AT T RAE A S RIS
ToRFE D RS REAR A PR R S 2, A AR
PERER G NS ARAT LUIXT G2 0 vt 1) D 3R 5 2245 (1]
Bgfe () O B M X 0 AR BRI T A3 TRl Yy ofE R Pk
DeepLabV1 K % FLUR 7% F 414 BEHL 3% ( CRF) 4331
AR SRR S [0 RS M . DeepLabV2 8 [ atrous 45
] 4535 " (ASPP) 76 2 A ]UBE I e felt b 43 1) X6F
%, ATXZREEBHITHIY, DeepLabV3 #H T
G AR B AN Bl 1 19 ASPP #5Ht , DeepLabV3 +il i ¥
o1 7 BRI AT R ) 7 A 2 A R LAk o3 B 45 AR R
BIRITE N RN, — 5, e ASPP B )Z
WAL ZOREE T 240y, BRI Z28 fem T
BRI BN e, AT 2 ROBE(R BORAE RS B i
ANFEI BARFEAS 3o T BRI A SR O —Jr Al
FHZS WA AT DA B [R) RUBE B R 1, ZE AN 1R 15 B
BTGB IR T RS2 B, JF Re A ) e g AR L
AfE R R F BN E HE S E 24
JHHRET! . DeepLabV3 -+ 545k an &l 1 s .

DeepLabV3+ [/ 2% B SR 73 BIROCR AR X 847 B AT #F
T IR 266 500 e KRS TR A 4115 4 75 38 B0 R A 46 ) it
BEXTEA [0 L, 32 SCAE G B 8 3 R J22 2 S A
VAL DL S A% B A R 4t v 452 Y A
1.2 KRR MLk

B X ABE TR ) 4% 2 5 Dl K I [R) R, oA T A T R
B 22 B R 38— A B P e, B e X B R
3 FIBRLEE Tl SE ) 4 B oK 2% 3C3E FH MobileNet
V2 VMR BURRE R = 4% | LA o Xception 4%
SR I T L ] o e R LR e i /D VA A P 4 2
EEA AR HEE RSO TR R A
FHHN Inverted resblock , 2%~ 45 #4) #B M1 Inverted resblock
AN, MR RIMZEE SR 1x1 BRRBETY 5K, 5 m
FRAE 2 I8 5L, AR5 I 33 R BE AT 43 88 4 U 4>
I A A TRE SR I, O LR 55 s BRI 1



<130 - HEPLH AR &R

5533 &

EIPN
4%

IX1ERL

Dee A LAY

oder
v
% Concat |—>| 3x3%H |—> B e

B 1 DeepLabV3+M %4 #

B RHAT RAE , 0 5 AE R AE W 2R 2 ) X o %
45 I AT PRBICR A Linear 280 RSB 1k 0E— 25 B3R
FE4 5 ARHE , SRS 5T 8 IT I — N5k 2230, i A\
HHECHARE  JRUR Y R 5 S5 A TR 2 iR

y

1*1 Expansion Layer

Batch Normalization

Relu6

A 4

3*3 Depthwise Convolution

Batch Normalization

Relu6

v

1*1 Projection Layer

Batch Normalization

B 2 Bottleneck £ #

Jrf BN S 2 B EE T M 45 1 A Ze v e ) A
R8RS M, SR, YOS 2 B g A R R 22 2 b
— MRS B I AR, A2 I ET AR 2% N 45 15
CaHARRNAELERE T, s i b Bk e . A
S — N BOE JE X T — R 2R S 43 SOR UL LT A 4
s H L MERE 1 B AT, JUH X T IR R 1 R 245 25
FEARUIZRER B . 565 /N 0E )2 A AR R 22 451 T o
—MERUZ 0 Ho A 232 B 5k 2 a5k h i — 1
GIRESEOI R B,

T AT 26 2 BORIASE R B I ZRFE I 12 SCE SR

T faifesk 224540, Horb 1 3 S M Bk 28 — A~ 3006 2 e
5. S1EGLER2ELE /AR LL, X ik 22 S5/ i /D 1 5%
Zor PO 2 R, A T IRt B R AT
S IBIEA T R 254y S BN JE X i A SRR 221
THE AR T BRI ZRFERT . FLrh DeepLabV3 + )55
W2 K N 41, 034, 394, fix & 28 1k 4 A S R
Xception Fil i} £k 5% 22 2 J5 B9 B B = Ho i o 22,
130,628,

A 4

Batch Normalization

Relu6

A
3*3 Depthwise Convolution |

Y
3*3 Depthwise Convolution |

C:)
B 3 2t Bottleneck 4 #

1.3 FEAVEIER

Wl 28 A, AR AR A U (R L 25
M ASE 0 73S A R Af R IR, T DA T RS B A Ak R
RS BEAUR ST B D LR R e 38 s o A o A R
Iy EIRHERG A, TE B HLH] 2 Treisman I Gelade $2
() —Fp {55 b FRALHI D AESEAT 55 v, i AL
Feit B AT EE AR 1 R A, AR A R
(B A RAAE I 53 v 2 BB R 1 R A B R A AE , &
WAAE CV UL 2 R HT, I 4% Bl 3k T IR 5 )
TSR BE 0 e R B B Mtk RE . T B
A TR e b TR S 8, 2 T SO v
BR N R, BT LAS ATE B HLHR B m B A %

Convolutional Block Attention Module (CBAM ) 5%




510 1]

AR IS BT L) 0 S A 7 i A i) - 131 -

T 265 v LA REAE, A 4 RO B AR BN
AR S W TR S B RHE B AR R A
WASKEEZIMER AR S T2 M i
PERE, N T S e B PR F o BRI £ o o 1k, B
e CBAM AT B 25 A5 % Y 437 iE £2 U 2% v . CBAM

PSR SR fu 4 108 1  RASE HR A5 ] T AR i
SRTE R A BRI J5 7 E S U Y A S5 X
B P FASHROAT B HR IR I8, 23 ) R T 2% )
TEFN S (6] Y 2 O LA S A B R 4 v
i 4 B

e "

___________________ 1

o4
Tk

Y

B 4 CBAM A7 2:#)

A TE R AR 53 51 2R T Ave—pooling Fl Max -
pooling > 4 FEAE (5] (1) 25 8] 2 B2 75 3 42 Ja) °F- 15 Ak
SRR RN 4 Jrydue Rt AR AR AIE B Ak I 2% TR B K
JUR, AW HABITER , JF R B R I 2 a0 5 5P
By At A X BN B e R B BE, DA B
Z M EMGE 55 8, R A AT 25 3t Ak 9 2 72 4n 1]
5 PR EIEEEZR RN FL, MF, o K5, X
ARFIEAR B — A =2 R g e DL AR e E T R T B
M, WL —> 2 2R (MLP) 45, Hrp
H—1EE)Z RSO E, B2 0TS K/
WA R/C =rxIx1 i R R TFRER, Fh Rk
) A PR AT 5 00 R A (1) Bos, H o
2R sigmoid FREL,

Max-pooling

10
8 10 I
Ave-pooling
2 4
—_—> 6

BS5 mRal FHki

M(F) =a(W (W,(F,,)) + W (W,(F_F.)))
(1)

3 [ R T A T S A 2 X 3 U R T b
Fo., EEIME TOES R EE R TS
() 7, o B R P 3 T A9 B Y e R R A S
I A T I I 4 BE 53 00 SR P 2 Ak A i
e, KRR L RF o SRR R X A 5 R AT
e, BLEF ARAT T 80 A RRIE 2 B — D FRAE 28 B LT
0 ~ LZIFAUE . TERAF XA BUE G , 53X A AUE T
I ARRIEZE B AT S B AN A (2) R

M(F)=a(f"([F,,:F,.])) (2)
Hrp, F, fF, RN IxH xW, o R
sigmoid PREL, f77 FR—MUEWE AR KN TxT IEF
BH,

A3 Y I A1 5 AR BRI i IO P A G B 2 119
TRIZFEEPE G 43, B o I 2832 AL RE T, i AL Rk 1T
TE AL A5 R AR AR 2 I, H s 2 i 1Y) ) 28 A A
Kl 6 i,

EEPNE]
%

IX 1R

¢ ’—>’ 3x 3% ’—» MR L it

B6 B HRE N > H 4R



©132 - HEPLH AR &R 533 %

2 XWHERESWH
2.1 HUE&E

Bl AL A R SR EUR , AR B 40Kk B
ARACATI R 27 R 7RI I 9% B 19 A A B R R B
T, K T PG 2 v S B T OREE M AR il T
AR R UG o HE S i A B (T 5 A ik
o AR SR F MR 43 B S5 3 AR OR B AT T 5 i, i oot
Gy POl —ak KA A AR KR 4 B 256 + 256
R /INEICHE TRTAR RE A 26 A RO 2% | SR 5 X 445 S R AT 9 43
I HE AR R B0 42 2K H PRI e LA 5 51t il ik
Tt TR PHEYIE STk SRR, A AR
[l i IR B B2 e 72 AL RE . B 245 31 3 400 5K R 5L
i, SR I 30 1 PG A B AR o 85 1A R MG Bl Ak, i
BEALF AT EUG  — Lo 4797 5 8 DA Sl 2045 B0 25
EAR 0 1A 0 30 % 6 B DGR 42 BBORRFAE 5 38 5
Labelme #FATARTE RAF bR 25 BRI A Hh — 25 0
PR RN 2R 08 5 A, A& 7 JE 7, 43590 4 i e A

&

2.45jpg 2 46199 2.47jpg 2. 48jpg

2 51jpg 2 52jpg 2 53jpg 2 54jpg

H

2 59jpg 2 60199

S

’A,
!
E

'
S

-

2 57jpg

5
\J 5

2 65jpg 2 66.pg

v

2.45.png 2.46.png 2 47.png

2.51.png 2.52.png 2.53.png 2.54.png

"3 Ko

2.57.png 2.58.png 2.59.png 2.60.png

2 63jpg

i
S

1
IE

-

.
S

l'
*

~

2_63.png 2_64.png 2.65.png 2.66.png

A7 HAESEMELR

2.2 SLIGINER
Y FE Windows B T 34T, HAKED & A1 2R 36
BENE 1 iR,
A1 FEEFRHEEE

£k gL
BIERG Windows 10
VR EE 2 3] HE Tensorflow
GPU GTX1030

HkE Python

WAT 8 GB

2.3 iEMMERR
H TV 4558 25 R B9 4 R, R T PA ( Pixel

Accuracy ) . IOU ( Intersection over Union ) #l FPS
(Frames Per Second ) /E A iZ B A () PF M 845 .

FPS &/ UG B R0 A% i (4 i %, S8 1 FPS $& 55k
B RR AR . PA S 23 B T AR 2 50 70 2K TE
H5 2R % 2K BME R BB L, TOU FoR &8It
Pl , H8 AU X0 e — 2 Sl T 235 2R M L S (E  3 B 5 T F
LR LL(E, S e R BE S T I AR R IR R
o], S 1 73S Y B NS Al PRI R R ) IE fRE
A R 1) Dice PREICK 50 TEASE AL (4 R M | BB
B T G I Xk — 53 IS TN (1) 85T, dlice BRI I B 32 1
A lRPeE, A (3) ~ (6) FiR:

Lpn»[-isi(m = TP + FP v
TP
L = TP + FN -
TP
10U = Fp + iy * 1007 ”
PA = TP + TN x 100% (6)

TP + TN + FP + FN
Horpr TP KRB IE 732 R 5 A OB R R 8 FP 3%
IR R IR A BN A IR RGN R a0
PR R PR R RN R R R R, B4
Dice #1 DiceLoss 2557 AT ;

. 2TP
dice = b+ FP + FN (7)
p -1 2Lpre(:isi(m # L 8

diceLoss — - L + L : ( )

2.4 KBS

KU R B IEE R 28 9+ 1, FREERHT
downsample_factor (B N 8, #EFF =R FREE, T H
SrEE A AT 5, B num_classes % & 4 2, Batchsize
WEN 4, BB TN Sx10-4, 25 3] RE RNy
0.1, momentum #Z%0 N 0. 9, #1 2% s 4} DiceLoss,
iy A B IS AT U, #4780 IR epoch AR
Y, R PR BN BRI X I 2 Bl 25 0 R B30 bt



108

AR IS BT L) 0 S A 7 i A i) - 133 -

AR 2R BT A T RA R, 30 2k e B & A/
8, Kl 8 iR

A Loss Curve

= train loss

- val loss

1.0 1 T T == smooth train loss
- = smooth val loss

e s
0 10 20 30 40 50 60 70 80
Epoch

B8 W% Loss B

X L S B0 PPN A5 R o i Y OB R R, O T AR
B B BRI B A 5 VR ik P15 o A B
SCUNZRBET rh | 3 55 1% 55 (% 13 53 %1 77 12: . PSPNet
25 AN 25 R 45 AR A Unet 1K B DeepLabV3 +4% A
AT, S1EG T M, IR A TR Ky 42
L AR TE T R B W E AW X B S A H bR &
RIS 3 o AR B TR BE 2 2] 43 80 5 A 1L, I
BERVE P e & T A A4 a5, &6
SRR A RR M ZOTETE 2 A 7 A T HA ALY | 7R 4
e B AR 1 R Bt e T s R R e, BT AR
BEA RUFAUHE 1 PEREAR S R AN 2 Fios

A2 FRABEE MR

WAk DIRES PA/% I0U/% FPS
L5 B 535 84.2 67.8 42.2
PSPNet 86.2 79.8 24.2
Unet 89.4 81.4 26.4
DeepLabV3+ 92.1 86.5 17.5
Ours 93.2 90.2 36.2

FlE R =1 A9 DeepLabV3 +4& 5 Xt T4
B R FUR R A BV RE R T Bk, 5% 5y
FIRRAR e, KR A TOU Al PA Y945 B4R T, A4 T
KIERY DeepLabV3 +45 K IOU $2 7+ 1 3.7 H 43 A5,
GERWERS T 1.1 @5, i TEIA T RaEH
Y AR AR R B MR 5 T 106 A 438

&1 9 3R J5L i G AN TR RS 2R 1y 4338 5 AR, DA il
PR ALY () R o3 45 2R

AL X AN [ 5 i A% e 1Y) 14 43 31 5 TR TE
A3 BIRCR Ty T e 2, He v e 3 B I PR R S
XoF T €, ) A M R, UL AE 1 P B 25 5 2 1Y
F OB R BUGrE  FLBRRCA A g B A, S
343 EI%0F 2% ; PSPNet , Unet W44 FI{5 45 DeepLabV3 +

DR 28 157 1 B /N5 A B AS o2 25 L B o [ R
X207 Ab g A BRARC R A A 22 SR IR 26 7 fig e A
£ A R I RO T SRR 265 i A AR ol R o A
B RE B

(N . .{1 :.-

(d)Unet (e) AR itk DeepLabV3+
B9 REMEA G E R
2.5 RELZES R
T B ESCH SRR AT AT M R VOC2007 A TF
B RS UERIRZ ALRE Ty . WA 10 s, R 1 AR A
LS S B R A 5 U N attention f5 A R0 X
P, FTLAE TR fal A Aicdls 45 | X5 450 B 4 IR e ) 9 9F
AR BLAERT EHR A R RE ) b TEARRIA 5t
T2 OCHE T B ARE N B AE, an RAL R 3 A 4 AR
2 BAR st T W EEFE 4272 Bl 5% 1) AR A 5, AR R 156
BRI 3 FUBCR

(T M4

PS l"ne(. - -

Unct.--
V3+ .--

Ours . - -

B 10 RREAEAAE VOC MTF#HEE LHHREET




- 134 - HHRPLEAR S &R $33 %
3 4KE 155
B XA S8 IR 5 40 E R AR HRAR 5 5345 ) (8] MifwtE, K F , ALA L, SF BT U-Net 40 W (9 FLER
B T TRAT A i S AMRIAR  HfbR st {4 BEROREL AR RIRARE R, 202,40 (2)
ORI % 280k 2 3617 HE 18 9 EL7E R 52 25 [ A0 15 1Al
. " T T —— ; [9] CHEN L C,ZHU Y,PAPANDREOU G, et al. Encoderde-
ﬁﬁ’fﬁ AR AL ] » N JH o3 SR PR hE 11 coder with atrous separable convolution for semantic image
DeepLabV3 + BT Ay B AR oy R AR HE S ° AT iR segmentation| C |//Proceedings of the European conference
LAY E"JJEE%WEE%$ , gIA Tﬁi'fjﬁ AR HUM 2% ’ it on computer vision (ECCV ). Munich: Springer,2018.801 -
IR 24 SRRl 5 AT PLE] , DA 818.
PRI MERG R TRAb R D S 80m S B RE BE T B a] &, [10] LONG J,SHELHAMER E,DARRELL T. Fully convolution-
S E SRR , T TR B W 2% | S BRI b , BT al networks for semantic segmentation[ C ]//Proceedings of
fob 3 35k ’ I HL 54585 40 595 15 F1 R 28 48 [ A o the IEEE conference on computer vision and pattern recogni-
V9 S 0 O 4 i B X WA 1 tion. Boston:IEEE, 20133431 ~3440.
[11] CHEN L C,PAPANDREOU G, KOKKINOS I, et al. Deep-
Iy IR SR T —Fh L L . :
Lab: semantic image segmentation with deep convolutional
nets, atrous convolution,and fully connected CRFs[ J]. IEEE
SE K. Transactions on Pattern Analysis and Machine Intelligence,
[1] LI Xizhe,GUO Zhenhua, WAN Yujin, et al. Geological char- 2018,40(4) ;834-848.
acteristics and development strategies for Cambrian Long- [12] XIScuk, AE2eds F/Neg. 2T 22 R BEAR 25 45 My 2 k5
wangmiao Formation gas reservoir in Anyue gas field, Si- B CT BUREME[T]. TEIRTE b4 ,2020,41(10) .61 -
chuan Basin, SW China[ J]. Petroleum Exploration and De- 68.
velopment,2017,44(3) :428-436. [13] MNIH V ,HEESS N,GRAVES A. Recurrent models of visual
[2] LIN W,LI X, YANG Z, et al. A new improved threshold attention [ J ]. Advances in Neural Information Processing
segmentation method for scanning images of reservoir rocks Systems, 2014 ,27(3) :2204-2212.
considering pore fractal characteristics[ J ]. Fractals,2018,26 [14] FU J,LIU J,TIAN H,et al. Dual attention network for scene
(2) :1840003. segmentation [ C ]//Proceedings of the IEEE/CVF confer-
[3] & BH BRESE, M 1B % AA%RER LSS RME ence on computer vision and pattern recognition. Seoul:
R BRI [T]. VEEB4™ TR ,2009,21(3) 66— IEEE 2019 :3146-3154.
68. [15] PANG Y,XIE J,KHAN M H, et al. Mask—guided attention
[4] AMANKWAH A, ALDRICH C. Rock image segmentation network for occluded pedestrian detection[ C]//Proceedings
using watershed with shape markers[ C]//2010 IEEE 39th of the IEEE/CVF international conference on computer vi-
applied imagery pattern recognition workshop ( AIPR). sion. Seoul ;: IEEE,2019 ;4967 -4975.
Washington : IEEE ,2010:1-7. [16] HUANG L,WANG W ,CHEN 1J,et al. Attention on attention
[5] SIEBRA H,CARVALHO B M,GARDUNO E. Fuzzy cluste- for image captioning [ C ]//Proceedings of the IEEE/CVF
ring of color textures using skew divergence and compact international conference on computer vision. Seoul: IEEE,
histograms ; segmenting thin rock sections [ J]. Journal of 2019 .4634-4643.
Physics : Conference Series,2015,574(1) :012116. [17] KRR, R #,67 B BREUh 2 M4 b i 2 Lk 2:
(6] B WM. BEBHER S OSTU By A IR 535 J7 12 W] AHAHLT AR S R, 2021,57(20) :64-72.
WEFE[I]. BURE BRHL,2022,6(16) :1-5. (18] F [, a5 &, 4% =i il 20 B & BUNIE =L

[7] #0880 H,BHR, % T 2R LNz
FHHEE A ALBR A HI[ ] Al TAE24,2019,35(2) 1128

SRS XA HILT]. P EE R EIE % ,2022,27(4) .
1216-1225.



	
	页 1
	页 2

	
	页 1
	页 2


