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Flame image recognition of sintering section based on
improved MobileNetV3

Liang Xiuman An Jinming Cao Xiaohua Zeng Kai Wang Fubin
(College of Electrical Engineering, North China University of Science and Technology, Tangshan 063210, China)

Abstract: The flame image of the sintering machine tail section contains many features related to the sintering
endpoint. It is feasible and practical to make full use of the feature information of the sintering flame image to judge the
state of the sintering endpoint online. Aiming at the problems of difficult extraction of flame image feature information
of sintering machine tail section, low recognition accuracy, and difficulty meeting real-time requirements, an improved
MobileNetV3 sintering section flame image recognition algorithm is proposed. MobileNetV3 is taken as the basic model
for feature extraction of {lame state at the sintering endpoint, and the attention mechanism is introduced; it improves
the attention structure of the SE channel to solve the problem of weak resolution of features extracted from the original
model; The introduction of Spatial Attention (SA) mechanism and the design of Two Branch Channel Spatial Attention
(TBCSA) module accurately capture the position and content information of the red fire zone in the flame image of the
sintering section; The data enhancement and cosine annealing learning rate are introduced to improve the generalization
ability of the model, and the freezing training strategy is used to accelerate the model convergence. The experiment on
the sintering flame data set shows that the algorithm can fully use the feature information in the sintering flame image,
and the recognition accuracy reaches 97. 54 %, which is 6. 41 percentage points higher than before.

Keywords: two-branch channel spatial attention module; MobileNetV3;sintered flame image;cosine annealing

MEER SV 2 5 P25 4 UM SRR AE A5 B IR L) 1

0 3 B
| 2 T T K A4 450 A5 T DL B B 2 4 AR,
Pedd b7 i i S e T LR B A Tl A= e, SRR S P B B 245 T2 i R ook 2 B A DR 5 40
BEAS A RURPUE BRE™ i B I TSN R . BRTAOREAT A Robe o B AR E B R IR0, MER L 3 s 25 IF T K A

RAEEERBTATEK HTZEKTEE JZTRE

SEWHRMEW, FEEGERERNER Y. REHHA smTREY.

U5 H 3 :2022-10-19
*» FATE A6 B R B R4 (E2021209037) JAHUA A I8 & F 2R IEAB I & #0500 H (JYG2020004) ¥F B

182 -

CERS SR G 5 NS Fa6 5 14

PG D8 Al e 2 A2 L 48 o 1R 0™ 8 AT 20 0RH BT IR B A



Ak 4 AT Bk MobileNetV3 5 4 b7 & K ks B %47 5

814 3

Wang 251§ 8t 45 8k A 1k 32 1 1) AL 3 300 e 45
LS T, Liv SR b 5 1 AR A AR B T M A
B MBLR AR MO B 45 R PN R G . ZRIE 5D e 45 K HG
R L1 K X RAL X 35 R B G I8 21 K X )R B S5 AR AE A
B A 5 BP 22 4% 3 e 2 R AT be 45 & SR
W 2R 2N 4R A R BP B A AT KO T L E O
FI5E SR 15 BT PR 4 20 . EAmsit % 3L 2 1
P QAL AW s FAR) I e Y S T
BHEAT RIS I be s KRR 5y 25 . ik U vk B AR
FAL LA S FIE R, T B4 A R IR AN TR IR
PEGE L ARG I RRIE S B, 2 BR T R0 R R LA SE B ]
R S R BT R 2 28

AR L AR G R L 2824 50 T B, TR B 24 3] BV 4 10 TE
BT, LHE A KO G 4 MR R 3% T O R A T Ak
KA YU U S VR S e PR 43 2 5 IS T
B & B, AlexNet'® . GoogLeNet™'. VGGNet™' #i
ResNet'"'- 25 22 i CNN S, 4P 205 BE 6 #R 1 Az Ak ik
SHHMRTFHEEEE, T Z N TRE AR, Rk
N A 3 B 2 A BB B A SE B, 42 v I 4% ke K
FRAF B R R R R Em e ), B T
KM 7S TR AR BT UL B S . BB R e AL
VA SR T BE 7 X e 5 ) 45 A8 U AT O I BR IR 48 i
SO BE R TR B R AR B B A T B A RS —
ROV, DL FARME M e KRBT B RS, BT b
R[] 31, A% S H B E 19 MobileNetV3 4% &4k R 4% o s 31
6 225 0 T G R AR . MobileNet V3" [ 45 4 38 8 1 2%
I3 B FH 00 5 40038, 7 0 e — S R B TR RS L E T
el Wi T K ME MG 21 K X g S [ B AR BT TR 4
RARSEB EXRBEEMMEM, WL, 28R G R T
W, 7E MobileNetV3 fZERE 5] A28 M {ER 1. 3F S ek
) SE 3 38 78 5= 1 45 4 42 0053 =3 1 2 (A A S AR e,
it R 245 A 0 B I S 9 40 K X Y B O A A R e DL R B
e 23 RSB 04 D HARRAE A5 8 5 F1) FH R0 18 9 L4 9% 0B ok Bk
FR G5 I e » 32 755 X 445 B0 02 AL M O i R ASE B 81

1 ISR

AHE TR G 19 KO B0 A SR AR 1 B0k U T R
320 m* BEAEHLEG RS AL Wt T KO LR B 4R o 0 28 531
R 4r N IEH BEAs BRI e 3 RO A, Al 1 s L AR
BeATRHZ A BT R A RR B RE AL, M be 45 WL R BT T K e R
AT DUHIE B A BOR A . IE W BRES RS TR R AR AT
THREE > 21K IR BPRHZ I » 7 5 U7 T2 w9 B
T7 s REARGLL KX AL T RHZ W 89 E 77 sl 5 4289 B J7
BB AR 1/2 A 20 K XR J5 R RERBE IR AR bR S
BHZE B KGR A FOR LXK BT AR S R I &
X o SEBRBE S 22 675 SKBE Ak Wl A R B s A A
FR Aol E 1 PR .

(o) EEE K
Bl 1 begsim 3 F kKRS B

(a) EWE® (b) REEER

R1 HEEEENFEBER

s 25 B
0 EHEG 11 338
1 RBEE G 4535
2 i beE 4 6 802

2 BRENEIRRER

58 255 W T K LR A 43 28 SR T 40 Kk X PR AE AR
BRI LZE R Z MK MR, REH W
WP A R AFTE R AR = TR R, A T W 454
RUHERR S KBRS, BRI A5 (8 305 0 Tolk o
BORGADIE A TIRAIKE B I B A THREBNRERM
#% MobileNet V3 L ¥ W 4% . S {2 4K B 30 T B 45 1%
TAL KA BRI 38 R e 45 A RS RS B AR F 90 2
i SE(squeeze and excitation) il 8 1E = f1, 5| A A F &
JIREH S B ) SE 8 E TE R Y AT B X 4 3@ TE A )
4 & J1 BB (two-branch
TBCSA) , %} MobileNetV3 4= 1 it — 25 4 A ek, 38 oK BF
FEE B A7 4 9 TBCSA-MobileNetV3, [ £ 5 % fii [&] 2 fr
TR . PIZEAR B B0 2 BE p O 300 45 #4 (blockneck , bneck) 44
¥R TR 45 H (Last stage) H . bneck 25/ B 2 ZAEF K
KGR BB LK XA REAESR B, i 11 > bneck J2 HE & 1
i, ¥ JF MobileNetV3 &  ff) SE £ 1 & ik TBCSA #F
=71, MobileNetV3 %} Last stage %5 ¥ 4T T 85 47 B2 5%
BHERNBITZER BT EESHE.

2.1 BEFEFENEHR

8 & Sy (channel attention block, CAB) h T
BT ARAE 53 B 2 () B G AR BRI e Y SE BB I
JIHLH L AR 3 iR . MobileNetV3 4 SE & i i & 11U R
JHSE Y57 9t Ak e 45 45 B & 3 Ca) B 7, 32 SCEK 15 TR )8 &
S Ak T LLE S B B AR R AR E A B R AL
A5 2% ] 2 W A 04 20 3] R AE , [R] I 1) T e v £k J2 S
Ak 2 AR 45 G 09 J7 2T DL EE ok vE 0% i i R
WA, SE 8B i 5 J1 R 4 7 B2 )2 R AR AR 4 8 AT R 4
Wt 2 AR E T 11 i B4R K B K, 32 31 ECA-Net™™ 1y ) & »
FIFACE L2 0 1D & Bk 1 B EARE (S B L
RUSEIY e Rt AL 55 57 24t Ak 1S i G 22 5L, AR 3 (b) B
TR B TE 1 T 383 Ak R 3R R b 3k B G A AE B 8 2 [BF
BIEAFAEBLS S 1XIXC ARG R AME 1D H A E L
REERETAEENEERFEEENMEEE. RERH
Hard-sigmoid 2R84 HHAREE . BAKZESRNT -

- 183 -

channel spatial attention,



- N . = N

5546 % BoF o = B R

bneck Last stage
56%56X16 28X 28X24 14 14X 40 %706 | | -
28X28X 24 14X 14X28 HTXTX96 X TX576 underburned
) EX1X576 1X1X 1024 flame
o — . ‘
- A\ !
Conv 3X3 | bneck 3 3tbneck 33 bueck 3X 3 breck 5% 5 bneek 5X5 bnock X5 bneck 5% 5 1Conv 1X1 Pool 77 Conv 1X1

(x2)

overburning

S \\ (x3) (%2)

flame

Depthwise
Convolution Convolution atch Normalization
1X1 k% 1{ Operation
(KF93885)

Hard-Swish ® Element-wise
Function Sum

[ 2 TBCSA-MobileNetV3 [ 4% 45 #) 7 & &

M. = 6(CyD,(AvgPool (F) + MaxPool(F))) (1)
X F RoREARFIERE, ¢ R BIERELC Dy & 1D
B,

! HXYWXC
(b) BUHMISEBEER N

B3 i

(a) SEEEER S

2.2 FEFEHER

23 (B 1 2SI B (spatial attention block,SAB) 5 T #F
FURFAE B 5 23 (6] 22 18] 14 56 %5, SR H GEM'™ (Gather-excite)
RAEMB R = BER PG GE & X T Gather BT & F
Excite BF €., #TF GE fiiE AR S SAERE IR
HLESHNME, A 4 iR, HER T ¥ e g ye gl
REBET e MBARHE B P 4 45 A 25 () <08 48 42 B 4
1IE, SR G o 5 23 8] 3 B P9 B9 19 42 D0 R 1 T 440 R AIE DR 33 2R
IXIXC, WERRT & NEGTARFHE L E T & EME
A, S B R AR B ) B R, 7 A — A R e A A
[F1 4 Ak &, )5 5 5 A RRAE #E 1T 5 R BAR B
FREE HXWXC,
2.3 TBCSA WA XBEZTETEIER

R T TR) B S Y R 45 I TED KA TR AR AT K XY &S TR) SR
IR AR AR AR B B K B L 32 DANet™™ W 4%
BJa & A SCH H TBCSA WX @EEHER . 0
CAB A& Wi Al SAB 25 [A] v & A s, tn & 5 BF
~. TBCSA & ¥ CAB #l SAB B H 47 % 1T R i 42
23 () R 3 4k B (9 2 SR R E AR I OC R L 46 8 — TR B A5 T T

- 184 -

l HXxC
B4z el o R
JIABE G TBCSA AL AE 2 ) 38 18 A7 IE A8 1 0 3L 3 A
S JESEAT B 1R L - 148 RE O T K M 41 K DX 7 i A RP AIE
SR 7B A S B AR R SR KO OCE JE  OF B R A
TE R B iy b A5 AR AR S DL — 25 B AR AR RO A B
TSRS Bl 4 T T KR A 4R A 2

Two-Branch Channel Spatial Attention(TBCSA)

{anuel Attention %’

Spatial Attention Block

P 5 LS ST I 2 ] VR R
3 MR

3.1 HiiEigsE

G5 W T K IR R R BB 2 R T T e AN AR I W B
SRR R BBk TN kA KR 4R E AT 8 B 3 5 (data
augmentation, DA) 38N AEA B Z R R S AL B 72 1k

CxHXW C'><H'<W'



Ak 4 AT Bk MobileNetV3 5 4 b7 & K ks B %47 5

RES AT LG . SO R B2 A Bod a0y 2L 4R AR
LR KT B e 5% L B ML AN RE | S R R L R R
VAKX LR T7 X B REHLAL 5 #8 20 R A 14 55008 48 5 75 1] 4
K6 i .

() RE (b) EEMH (o) K (d) hekt

(e) AN () FEE () XFLLRE

B 6 HdEig sl

3.2 BERFERR

2 ) B AR T T B AR B B R B R 2 W 4 BU(E A TR
BE R RO S B S ME L R T B R R BB AR
WE/METEH .5l AT £ 3% 38 kM7 (cosine annealing, CA)
BT KRR ER T .

N = Qi T+ %(77(}.“ — o) <1 -+ cos (%n) > (2)

ot e 1 g 43R 5 3 S8 e RAH W e /ME
T WFRRKBHHAT T Z 04 epoch, T, Famd 1 A 3
& i epoch %,
3.3 H#ils

YRE5 125 (freeze training, FT) J& Fl| H L 88 5 > JEAR X}
AL B AT RO, BB S RS R R %Y
H—E 55 BB B RBOR G B RS BiEMES . A
T S B0 2 3] B8 07 B 4 AR B BB ARl By F A B AR AT 45 1Y
2], BREET NS S RUE R, W] LUK E 0 IR R R
REE T 40 19 W 28 S 400, (45 I [ AR 2% 050 FH 40 B A B 48k

55 14 19
i,
4 £ I

4.1 ZWEE

AR YR S B BB A A I 25 & 7. 32 G, CPU: Intel (R)
Xeon(R)E7,GPU: 12 G & % NVIDIA-RTX30607Ti; % {4
FE B AE RS Ubuntu20.04, 3 F % 3 1E R
PyTorchl.8.0 & B W 4 # B Il &, i B E T N
Anaconda3. Jf 17 3+ 5 4 #§ CUDALL f1 GPU fi i &
CUDNNS. 2.1 %,
4.2 HEXH

S T R A S o 58 U482 0
— ZR YNGR SR X KN B AR TR I A BE B 52 ), A BT 9 e e
S5 W JOA B EHE 4 B IEAT I ST %, LA MobileNetV3
R FEMERILE AR M 2.1 5 4 43 0 T8 B TR R O, s
[i] 3 7 A e DA B X 4% 33 B 4% 8] R T SR R E R
HLT R K A TR A BE 1 52 W, 7200 A B 43 32 1 T ) W 45 1)
FEls R FH 2.2 A 410 B0 3 SR A TR SRR 21 R
SRAFAl SO 4R A A A R I SRS B (A e . BRI IRy
e B B R KOT B RELBE R | BEOLAE AN R | 58 B AT XS LG
EREL XL M ILA S, RERAEH
pytorch 5 A f) CosineAnnealingWarmRestarts 1, Z £ 1%
BHRHT 0=5, T mut=2., HFLEINGERHIMITRE.DHE
VR4 bneck;2) Bk 4h Last stage;3)benck 1 Last stage %
RS, LA 5 A4 epoch iy — B B, 88 — A epoch Jy bneck
Has . Hill 4k Last stage; 55 2~5 4~ epoch 7 Last stage i
45, RYI%k benck. JH Rl SE 325 RN 2 s, I Zai iy
B A TR B TE AR b A0 25 7 A it 2 R HE A % A Ak it 28 4n
FE 7 Jr 7 » 2 B R 7 RN 2 S e A R U R T
ASCHE R ) TBCSA TERE 1 LRI 5 I ZR IR W i 25 19
PN RN R R A

% 2 TBCSA-MobileNetV3 & &) ot I6 R

Model CAB SAB TBCSA DA CA i Ace/% Paras/M
bneck Last stage
— — — — — — — 91.13 2.54
J — - - — - - 92.15 2. 49
— N — — — — — 91. 96 2.38
— — N4 — — — — 94. 69 2.59
MobileNetV3 — J J — — — 95. 81 2. 59
— — J J J — — 96. 37 2.59
— — N4 Vi N4 N/ — 96. 74 2.59
- - V/ / N - N 96. 85 2.59
- — </ </ N N N 97.54 2.59

TE:CABARK My SE 18 FE R ), SAB UK =5 ) 5 72 77, TBCSA Q3R X3 il 8 45 (8] 1 25 7, DA AR R B 1 5
CAMUEARTKIB K2 R FTAURIR S RN~ — 7 A MobileNet V3 i ANl % SR W . “/ "R /R 7E MobileNetV3 i fff

F%H W .

- 185 -



5546 % BoF o = B R
2000 —&—MobileNet V3 100.00
, Lsor —4—MobileNet V3+TBCSA ~_ 90.00
= 1.60 ? —@—ourS i 80.00
g 1401 g 7000 - 4
7] 3 -
21201 £ 60.00 [,/
a 100F < 5000
K080 ¥ 40.00 % —&— MobileNet V3
% 0.60 - 30.00 [ —&— MobileNet V3+TBCSA
040 - = 2000 [ —z— ourS
020 i 10.00
1 1 1 L 1 1 1 i L 1 1 L 1 1 1 1 Il Il 1 Il Il Il ! 1 1 1 1 Il 11 1 1

5 10 15202530 354045505560 657075 80859095100
AR B Epoch
(a) 4H B 530 SR P AR TR 457 S AL SR AR i £

| 7

SEAT T EE R 2 I T R S 1 R 2 AR R K DG T
KIGEAR A 2 B HER R T RIS H SO P I B I B
B KBS WETHEN 2.49 M, KSR EES
Lo2%, BIAZ R ER B, KIER A MEHERER
0.83% . SRFHARSCHRE M 004 = 8 3 = 1 OB IR G
FEHEE 3.56 MEH A VRESHETH 2.59 M, .5
BiEEE s R IR BEERD
RSN Ak i 4R AR A B A AR

T 3 % b — ZR B I 25 O I A5 B X BOHE T A0, SR L BUER
A ) PR 5T A B R L BRI B E T R T 1. 12,
I T B BT 48 5 A I £ R W T LA S D DI R OHE L 4 s i
ZAGEE J1 5 I Ay %GR KO S 3] 3R, (A R o AR T
0.56% s W LR VISR M 45 5, T A R D AR ME T R 41
B 0.37%, TR BRI ER SR EL R 0. 48% , T DB A
R 11700, T IBTALR VRS 38 Bl 4. %5 1L [
e 1 L A 9% AR KORTR 25 1 S A I G OR e L
TR AER PR B AR BR T T 2. 850,

MIE 7 6 LLE LA TBCSA ¥ ), ERIFE 1
R A AL, METE SRR A B RF TBCSA I RA
B INERRNE , BB B/ O R B, R BT BGH 5 A AR Y
B BIFMZARES . %A Lk, A8 SCH H B B 7R 56 F
£ EMBURMES 5T B, WS R — & -7, UG
T RIFMFRIN, UL T AR MobileNetV3 — Z 51 i 1)
Bk
4.3 AEEZEEHI LS

ST M A R A e L R AlexNet™ |
GoogLeNet™ | VGGNet" | ResNet'"?, MobileNet™",
EfficientNet™" % 4% #1 #1 ) & SE-Inception-ResNet-V2H4 |
GA-ResNet™™ 3= 3 F 45 A5 70 47 XF EL 52 36, B % 3 AT A0
& B R 2% AlexNet,Googl.eNet 1 VGGNet, 25 &
{2 e I 4 A T B B0 4. 24%6.37.05%.1. 87% ., 54
4325 W 28 (% MobileNet il EfficientNet #p Y M 4% ) 41
L s AR S B $2 1A )4 452 A IROAS T AT 0 KR R B T
#,3F 5% B % M 4% MobileNetV2, MobileNetV3
EfficientNet A7 H. k44 P 51K BE 42 55 6.66%., 6. 41% Al
5.49%  REI SR 2.59 M, R s HE B R 0.07 B,

« 186 -

%

510152025 3‘0 3]5 4‘0 4‘5 50 5560 6570 75 80 8590 95100
AR B Epoch
(b) ZHLArEult SEms A AL A Rk AR I 28

1 BICHE HE W AR AL K Xl 2k

FWA SR T 0 41 Y11 95 5 W 2 S 184 ) 28 1B B0 4 e
R B T BTt vl o A A U A S HE AR R, R B X LL R S
1R LA 1) B 4% A5 A, AH 3 T SE-Inception-ResNet-V2U' f1
GA-ResNet™" Jo 4545 B, {75 ok 6 3 43 I #2555, 18%6 Al
6.19% , XA SCHE AR 4 37 3 T8 2 0] 1 7 R 4%
RERDBa 45 KGR AR T B M Ba 45 A0 TR AR, I
|75 B ER S ETE LR R .

F3I BNMEEBEEREXLE

- BAEI SR/ /%'5125;%;% HEFER/
M FLOPs/B %
AlexNet™' 61.1 0.72 87. 56
GoogLeNet™ 6.99 1.58 86. 39
VGGNet™" 138. 36 1.05 80.15
ResNet-18M""- 11. 69 1. 82 89. 06
ResNet-50"" 25.56 4.14 90. 70
ResNet-101M" 44. 55 7.87 91.78
EfficientNet™" 5.29 0.42 92. 05
MobileNetV2 3.50 0. 38 90. 88
MobileNet V3™ 2.54 0. 06 91.13
SE-Inception-
ResNet V2L 20. 38 3.75 92. 36
GA-ResNet 23.57 4.54 91. 35
FiNg'q 2.59 0.07 97.54
5 % it

ARWFFEER B T —Fh 3 F B MobileNetV3 b 45 Wi H
Kot B AR R B B, 7E MobileNetV3 48 1 45 44 b fin A
TBCSA X433 i 18 75 8] 1 3 Jy LB, A (LR 5% 1 K M Y
I PR AE 5 S, 14 BEEE A R AL ok XA BB T i A TR A
BEL . EEERMESRSRIEE., TS EHA
BT 1) B 5 SR FH 00 1 5 L AR 5K R KRR 25 U SR 41 A
NGRS e Y| 25 I 45 BT, 1R TR0 A B 45 A TR R B i
IR BVERR R F) 97. 54 %, ARE T — LE BLA B 1k
Xif K M PG HEAT R TRRE BE IS T & AW B4R



R E 5 A F kit MobileNetV3 % 25 5 @ K ¥ B4 37 5] 514

AHITE T P A PR S A £ 4] BT 0 45 48 A, X DR TN 55 Bl i
B ERRAANEE CHRK T LEEHNESEA
R b R R, 5 A0 IR BE S 3 AR AR Tk 1 52 B
N

5% Uk

(1] Z &I R, F WEEIBARERET
Wy REFILT]. A%k, 2021, 56(9).7

(2]  Efw, X, T8, F REHTXKHBRRZE
Boosting W ZF A MLT ], T8 HLH B) ¥t 5 B JE 2 2%
,2021,33(9) :1466-1474.

[3] WANG D D, YANG K, HE ZH J, et al. Application
research based on GA-FWA in prediction of sintering
burning through point [ C]. Proceedings of 2018
International Conference on Computer,
Communications and  Mechatronics  Engineering
(CCME 2018),2018:394-401.

[4] LIUS,LYUQ, LIUX, etal. A prediction system of
burn through point based on gradient boosting decision
tree and decision rules[ J|. ISIJ International, 2019,
59(12).:2156-2164.

[5] iz, E A2 JET P48 9L 30 (¥ 58 45 4 w0 R ) 07 2k
5211 4 Ashfk,2012,36(6) :10-15.

(6] BEW. RETFT HHREE, S EWEEEFIREEE
BEWRSL B4 Aa3k,2011,35(6):1-6,20

(7] FEfodk, T8, RR ETHGERER LIRS G ER
I32RIT] WOt 506 T2 #E fE . 2022,59(2) : 449-456.

[8] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks [ ] ]. Advances in Neural Information
Processing Systems, 2012, 25: 1097-1105.

[9] SZEGEDY C, LIU W, JIA Y, et al. Going deeper
with convolutions] C]. IEEE Conference on Computer
Vision and Pattern Recognition, IEEE, 2015; 1-9.

[10] SIMONYAN K, ZISSERMAN A. Very deep
convolutional networks for large-scale image
recognition[ J]. Computer Science, 2014, DOI: 10.
48550/arXiv. 1409. 1556,

[11] HE K, ZHANG X, REN S, et al. Deep residual
learning for image recognition [ C]. 2016 IEEE

[12]

[13]

[14]

[15]

L16]

[17]

[18]

[19]

[20]

Conference on Computer Vision and Pattern
Recognition(CVPR). IEEE, 2016.

RAKEL AT EG 25, . BT U i B 2 M 4% 1
ERA A KBE BT W& %R, 2022,
43(2):302-309.

TRAE. BT IR B BUR 2% 1R 2 N T BRI Ja P 1B0R
M ERRID]. Kb ¥ B K, 2019.

HOWARD A, SANDLER M, CHU G, et al
Searching for mobilenetv3 [ CJ. Proceedings of the
IEEE/CVF International Conference on Computer
Vision, 2019; 1314-1324.

WOO S, PARK J, LEE J Y, et al. Cbam:
Convolutional block attention module[C]. Proceedings
of the European Conference on Computer Vision
(ECCV). Munich,Germany,2018:3-19.

WANG Q, WU B, ZHU P, et al. ECANet: Efficient
channel attention for deep convolutional neural
networks[ C]. Proceedings of the IEEE Conlerence on
Computer Vision and Pattern Recognition. Seattle,
WA, USA. IEEE, 2020 11531-11539.

JIE H, LI S, ALBANIE S, et al. Gather-excite:
Exploiting feature context in convolutional neural
networks[ C]. NeurIPS,2018.

FU J, LIU J, TIAN H, et al. Dual attention network
[or scene segmentation[ C]. Proceedings ol the IEEE
Conference on Computer Vision and Pattern
Recognition, Long Beach, CA, USA. IEEE, 2019.
3146-3154.

LOSHCHILOV I, HUTTER F. SGDR: Stochastic
gradient descent with warm restarts [ ] |. ArXiv
Preprint, 2016, ArXiv:1608. 03983.

TAN M, LE Q V. EfficientNet: Rethinking model
scaling for convolutional neural networks[ C]. 36th
International Conference on Machine Learning (ICML
2019). Los Angeles, USA: Proceedings of Machine
Learning Research, 2019 6105-6114.

E&E &I

RFHE BB LT IT, B HR W RS e

FE TN GO T A
E-mail : 13230857556@126. com

- 187 -



