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Abstract

In recent years, people have higher and higher requirements for production safety. With the pop-
ularity of image acquisition equipment in industrial process monitoring, video-based deep learn-
ing fault diagnosis technology has been developed rapidly. However, the deep learning method
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using the traditional activation function can only provide the same nonlinear mapping, which is
not conducive to the learning and classification of input signal features. To solve this problem, this
paper proposes a new activation function APReLU-3D which can adjust parameters adaptively for
video classification model. The activation function is embedded with a subnetwork that can learn
from the input signal and automatically adjust the slope accordingly, so that each input signal can
have its own nonlinear mapping. In this paper, APReLU-3D is applied to video classification model
C3D, and a model of C3D-APReLU is proposed. The method was compared using video data from
PRONTO industrial dataset. The results show that C3D-APReLU achieves better fault diagnosis
performance than C3D using ReLU activation function, with an average accuracy of 0.978.
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BEAE AL AT LB Y m R, T A rhifg & 1 S o R A7 ML AN E AT RS 1R S B 24
PR3 7 HERRBISRAR o W AT FH X SO R ] 2 4 1 ) R G0 2 A M R T RO R AR A R ) ) R, X PR
T FE T HE ISR W BRI R R o T 00008 DX 50 (14 M0 B2 Wi b AR A 75 2 v B [ B
WAL BAAUER SIS AR, DORSE RS v, R £ Ab 38 5 7 77 R 3R M 80 R E S
B RGN, BE IR T DL RS, B 4 Tl B A B o Z N1

PRAECE 2 i W R . —, BREA S EREEE, XEEEN TGS, B T 0 s
WIHEARG R TR R . AT S BB R FH R MR 37 e g AT N AN 4328 . RSy SR L e ) 2
TG F TR, EERIGI L GRS . B, Bk, B35 XIEEEREE TR0 2. T 55
[2]#2 S8 Gabor VEWEIEXSHE TR 40 GF ) BURAES (D . Ty 1a) A1 B = ANITE EAEHURIIE, SR8
PCA/ICA HAXIRFESEAT B4, ffailid s M idbi7 028 S5 348 H 2 RefE s = 7 25,
T SC R ICRATUR) 1251 D BT, PR S BRI 43 B N R X S 5 AN IO R X I3, 2 5 #2347 SRR AIE
5 B RFAE EAT Bl R F AR BN S e A7 02K SR, WA AN 8] AT 25 1 365 1 1) = AR AR AR
N TIPS EATRIMERE . BEE R I HOR IR FE, WA R EEHEN B T8 R R B

FT TSI 4% (2 Dimensional Convolutional Neural Network, 2D CNN)F B4 4 2574 (4] [5]
FIH Z 4543 (2D Convolution) g HURFAE A FH i 3035 1 25 77 NS T B shih G 2 2] — R A1
T ) RE SCRAIE, 4 BB R B AERR EE 4R T 2] T B2 . Andrej [6]7E 2D CNN [ 5EAl 2508 1%
PSS (A RRAE 5 — 4E S RS E R 1 2 (R R AEAE AR AR Z T AT AL &, SCO 7 RRAI A 28 UL I 2% [ 7148
PN BHAL Y 2D CNN 73 ) 4 B2 [ R AE A (R RFALE B ) 72 70 SR E AT Rl S 19 H S A A 7 2R 45 31
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SRITFET 2D CNN AT 23 A TR Sk T R4 2 [ RIS [R5 0 2 BA AR B A, X DA s 52 S0 B 5 A F A
“¥ ¢ iE(Spatiotemporal Features). 4 5C IRTESEEUIT S R-AE BRI S5H, = 4E45F1(3D Convolution)# 4 (8]
5 ZRERAR AT, =4GR RERAZ IR N 25 587 AU 1 22 i 8] 1) 2 (R NN T R AE,  BEE A
WPRHER) S 2] o =4EBRRE S, B2 N T AU AR AT 55 I i SRR B B [9] [10], Hed C3D
(Convolutional 3D)FAY[ 1112 AR 73 F I A R MER TAEZ —, ) 2B H[12] [13]. [12]38H T2
T+ C3D-ConvLSTM )T MUAE R (R W0 24T N 03 205 1%, A AT F T X s AE AN R A KB B AT ik
174528, [1412ET C3D 2 7 — R XIRE R RC3D, iZAEAA] DA AR AT SR iD, A2 B 535 30
(R fige G T TB) DX, el ISR AR AR ER AR Y B0 Z A R R . C3D AEALAI 3 R AL 5 R L B
FERZ W TR 3] R, PUASCEL C3D JydkifE, #F— 78 3 H AR B2 Wy sl Hh 1 2 T

SR, FEELE C3D 7E P IR 28 ML 22 o) 23 A5 0 v 045l FH 11 2 A 458 1) 9005 R £, B4 sigmooid, tanh, ReLU
[16], LReLU (leaky ReLUs) [17], £l PReLU (parametric ReLUs) [18]. X<xifipli—AN i), Hak2xt T4
[ 1 A Nt BT R 2 S AR (R  AE Lt i, SRR T8 2 =) 7 FH (R AR AR AT 28 A = 455 21
7] — X3, K SRIAME 5 B B AN R XA S ks B2 (0 3 26, WA 1(a) s o XX AN [l i, B I8 15]
FEH T —ASHRIBOE R, B &N S HE B IE $ 6 APReLU (adaptively parametric ReLUs). APReLU
T PReLU Buk iR, (555 Z AR 2 e rb (135 B S H0mT A F — A1 I 2800k i N EIH s 3647 2 >3 A LR A
P, T ARV HAR H Y ResNet-APReLU A58 X4 A\ 48 15 AN 188 3 AT B & B JE e PRy, 8 3142
RN R IZ IO BER) B R, W 1(b) PR .
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Figure 1. Neural network nonlinear mapping diagram with different activation func-
tions, where A, B and C represent nonlinear mapping at different stages

B 1. ERTEBERBHEMEIEL M RERE, HEF A, BFMCER
T [EIR B O AE e 14 ARGt

ZE L ATIR, AT T — A APReLU 1 A0S AU C3D-APReLU #4728 . Z 7 1E1R
IF ¥ C3D I APReLU 454 7E 7 —i2, @it APReLU 5| A MK [ & M FELE M ift, $2ECE] 7 Tk ds
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2. FHXIEP
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C3D B 2015 4F F Tran 5[ 11]42 H 10— AN 15T 205047 2000068 FH = 235 A0 WA B B RN 2 5 i 9 432K
(17715, C3D IR IR 2 B, i Conv BEER N =4E5MUZ, Pool Kby = 4 B K ta b, F SRR
2, Fc NAEHE, Softmax NHHIA—{LE . B & M4 Bk s 278 F i —— .
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Figure 2. Structure diagram of C3D
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1) =4E%F(3D Convolution). —4ELARH FISRIE B ATHE h f B 2SR AE, Hof N\ Hh B0 TR
(N » F C, W, H), Horbt N, FORFENZREN S — ANt REAR R ER, F AL C 20 53R — M
FEA R (#5150 (Frames) A1 {538 18 30 (Channels), W A1 H 43 512 7% 45t A% 1) 9% (Width) #1755 (Height) . —
FERM =GR R B EIE 3, HPiEaiaAEi. B 3@, i —ikE it 2 kK
PAT 4B, A — R (2 KB 2B E A R @), XA el AR S
RERFIERIN TG . (BE 30y I=4EE 5 1E& TSI TAI4ERE, SXFERIHLE AT DUE AL B
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Figure 3. Diagram of 2D convolution and 3D convolution
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2) =4 R R RAEJZ(3D max pooling layer). AL )2 ARRARRFIE R RSN B I, 64 N REAEE
1T FRFE . R =4 b 2 4 fos, HAr & 4(a)F i s iE B e s A s 4E i BT TR
SN 2 B kS ORMAY, BB DX A e e R R ORAE i MBI RO i g oA SR R ) — 2 . T 4(b)
HR IR ELE TE A D) R AT TR N 2 B =g Rt Ak, AR B R A 3 0 TR TR 4R B B R OREE, X
FERT AR DA B i, a3k — D SR U T 4 B2 E IR RFAIE
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Figure 4. Diagram of 2D max pooling and 3D max pooling
E 4. —#HEXBUSZHEEXBHREE

3) ReLU WUiE B EL. ReLU A2VR 5 2] ik R AT s s g e —, AT sigmoid BREUAT tanh B
#, ReLU HEA GBI IE T HEEEH K 8. ReLU BIEHRZRZ T
y=rnax(x,0) (1)

Horfr, x Fy 430 A2 A N\ R RRAE o

4) A5 Z (fully connected layer). 4 iEHZ & —HAZ 0, EME— A a5 L —EHTE 4 5
Bz, 18 C3D 1, Convsb fiH LS RS Feo & ER:, 152 al H =4GR IR IN B P RHIE 22 &l
*x.

5) Softmax PRE. )5 M4 E 1R Softmax BRI 4 HE ) S HEAT 10— AL BRAE, 1% R B0 S RFIE %
200, DYEREN, AT LRRA:

@)

o x Ay 3 RZRANREI I, N, RIRIGNEE, jRRE j DI y, RO RAEAR TN
Nelggs
AR, Wik Sy, =1, EERZ A,
i=1

7EC3D 1, PR RIRTERZ 3 x3 %3, BN 1 x1x 1, BREIMEINEESNE
PR b B T Pooll WifbAZ RS 1% 2 x 2, B IEA 1 x 2 x 2, HARFTA =4Eib Ak Z iz 2 x 2 x 2,
SN2 x2 %2, BANEEREH 4096 MPLIG. C3D KN HEIE KA N(N,,,, , 16,3, 112, 112),
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N,oor WA FEHLEE S SEHRE RN E, — MR 2", n NRT 0 EEEL
2.2. ReLUs BYZSi kR 2
ReLU &R &2 3 ik St AT IS R B . —, R RAEHMERE, ©F 25 ReLU ARG 2] T
W HH &, #9140 LReLU Al PReLU. LReLU 54 4if) ReLU AS[F] Z AMTE T LReLU X /N T2 [FRFE N
BT —ANaL JEZRIRE RS, EIYE (slope), TiAZTRFIEATAE . LReLU Fn NCSHE N 0.1 i)
y=max(x,0)+0.1-min(x,0) 3)
PReLU J& LReLUs [{JZ5F. fn Efrid, LReLUs A7 A3 /& — AN T & #. {H7E PReLU " R ¥F{#
FHRRJE S A 4B RN 2R % . PReLU F£onN
y=max(x,0)+a-min(x,0) “)
Horb o ZATIIZRIOIE . FEVEEMSE, PReLU H) o FEIIZRd FE &l B iy, (EAE i A
i 58 A — AN ASBEAR IS B R B AR RS 5 AT
3. IREE
3.1. APReLU-3D

APReLU #EH | — MR BT 7 Ay — MR U, T BRI 5 B E R it
FEARL LA P A I I3 @, XJEH S PReLU HIARIZ AL, 152 APReLU HIGUHTFT/E. a1kl 5 Fow,
AT — S SE B SRR 7R APReLU-3D () T A B .

Figure 5. Schematic diagram of APReLU-3D
5. APReLU-3D RIZREE

APReLU-3D RU4i AN BHE R C3D #81H, & —BIEMR N Naen F, C, W, H)FIARAREE . B A %0 N B8
IR N2, 16, 3, 112, 112) Ch T E R, Bk R —ANEA), HP i 3 AN@EiE S 3 R G B Fos.
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FEIEN APReLU ZHll, Ha R 2 HEEMI (32, 3, 16, 112, 112), RIFTA AL A R 3EE AR B 2
Pl HUBHE — 2 . 2 5 IXFEHESI AR Sl 2 455 N APReLU 1, B #4838 — /> ReLU fl—A =44
JaP R R E(GAP)H, TR — AR IEHUHIE 2 RS B —4Em &, FR, 6N RRIE B AL 7 2
—> min(x, 0)EREURT—A~ GAP ZRiT 85— —4E I B R B AU 2 R G B . ik =484 5 71
AN KA GAP 5 =4 Rtk T RFEIA, S DLRRRRHER 4R N H 1), AR ZAATET 45 Pyl
A SRECI) 2 A DX 3T 35048 o SR 5 4 79 > — 2 ) i R I A% 1% 31— /M L 2 (R FC — BN — ReLU
— FC — BN — sigmoid) 5 11 545 2 & B8R N 3 o, Bfa, #4252 RIS o RO T 20(4) o i
NG SHATIE MG, BB ER . fEZtHERE T, B4 FC BrM&nii% T APReLU Hi\
B9 HEES, Sigmoid PRACKEIE LT R0, 1)VERE P INTR S X208 T B Ik 3 TR E K .
TR T BN 2R3 —1k(Batch Normalization) [19], HAt&H N H TR EME M KHEE, N
] E R AT A — A 2R, DLR/IN S R AR I 2 S, g s s, BN AR RoR i R

1

/u — ziv:hlm‘ch xs (5)
batch

1 2

ol =2 (x — u) ©)
Nbatch
AS _ X, — U (7)
Vo +e

vo=rh + B ®

Horh X, 1Y, 43 A —A batch TER s AMEAR AR o 0 AL REAR IS, o At REA T 22,
€ 2N TBIIE BN 0 TSI BB S y A1 g 7352 S 4 oM w2 I 2252 ST 24 fua, #52]
BIMISE o B T 30(4) P EEAT ARV e, 15 340 2

{EARTERAZ, APReLU [ I& I i i 48 AR 2k 1 AR 4 At DANUA R H P {GUEAE 9 B iy, X RN R
APReLU M bl =25 b, i th A0 R R 30 R AR B2 1 R — NS BT = 4e G DU T A5
Ky XA N ERRLRIEREAR R BORAE, BT L APReLU X AR [R] B RFE bt LA R A AR R L o
3.2. C3D-APReLLU

C3D-APReLU ORI SE IR R 5, anl&] 6 For, W FRTE C3D BALLE M FERt -, K EBRZ G
{1 ReLU e %4 APReLU-3D B A] . K2y APReLU-3D i A\ 5% s 5 3D B4 AR 11
IRFZEAY, [t APReLU 7] LIR 2 5 Huddi N3 ReLU HHBLKALE, 1170 75 AT AR HoAh 1B 2.

)
Convla |3 Conv2a Conv3a || 3|| Conv3b || 5 % Conv4a |5
> T |2 128 256 ||&]l 256 (2SI 512 ||#
WA < < < <
=) ><
Convdb || 2| Z || convsa || 2|| Convsb 21| Fco FC7 (|13 £
si2 (2N &ll sz (& s12 S| 4096 4096 || 2([£ | wm

Figure 6. Structure diagram of C3D-APReLU
& 6. C3D-APReLU AR EE
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C3D-APReLU [fitbitid i /Mt 20 8 At 545 205 OB R SEIL, oy, 52303 i, ¢, 2258
J AR B

N,

class

L==3 tlog(y,) ©)

A

4. ZWEHH

AR FWGASCHEH ) C3D-APReLU 7 T3 Tolk R 50 v Tolk 28 22 AH I & 4 I i s iz e, i 4
1 FH 2 S 401 vh L 22 AH R4 B 428 XSO 4R B A A 0 o 1500t T X l:ti% PAEL %S C3D-APReLU F4ii ] sigmoid
tanh.ReLU.LReLU I PReLU Wi bR 21 (1) C3D 72 1% 54 5 b 1ikmi2 Wik e, DL IESE tH %) APReLU-3D
X H Bl C3D MERER T e . SR XS EE T C3D-APReLU ST 4E KB AAT I M 4% . VIVIT 2541
A5y HATY () M RE

4.1. FiEwnR

AHIFTAE H I 5 /2 PRONTO A S E S HE A2 (20 (AR ATLIE #5040, 2 i 45 02 M e 22 JE /R 1
K% (Cranfield University) ) T2 Z A& F IR . ZR& 2T TN TR ST AMA RN 2
FHRARTE Tk A= P2 (s s ANE i e T 1. %2 AR A B E 7 Bros.
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Figure 7. Flow chart of multiphase flow equipment
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AR5 FH 3 1) 2 AR R h I S e sk T 7 AL AR B X, AL B A — BUAE
8, W] LA PR AR S BT MR AL . TR D RHIRF A, —3Hadsk 7 3 Py m) 2 iR
WBPIRAS AIEAE, X 3 FRalRES R B TR 3 FARIM & HLSLisr s, Hi 2 Mgl
Ho AN ] RT3 26 T 1 e, B T 1) 25 IR (Alr leakage) A1 43It (Diverted flow), 75— ANt 15 2% 1E

BAT 4 l(Normal) . ZEHE S Air leakage Fl Diverted flow P FH S A1 IR AT 43 HE2R S 960 x 544, Normal
AT 73 HEZ R 1280 x 720, T AL I RERD 30 il AR EdE AT %] . fEIZ i, =/ FmcE

FIRRAIES 47 3 Air leakage 121s, Diverted flow 287s, Normal 119s. £ 8 i Diverted flow #2551
T, BB GRS 10 i EHE .

Figure 8. 10 consecutive frames of images in a video under the diverted flow fault category

8. Diverted flow #FE3ERI TR ER AT ZELERT 10 UE 15

AT WIEA B L R XT 7 R, R RO B AT P, A 9 R S
H1 Adobe Premiere X AU &I 45 m IR 7 38 30 20 EAT BUIBOF 4, A B A AU Bty b BN A (35 18
HRI> S XA 480 x 120 K/NEIRLIR, BHE 907 B — D R BUG 22 5 — P A BEAS B R MUIH R 4 i
£ C3D-APReLU AJ A2 5 A\ 8 RF, Bl M SE 3408 112, 40 9(o) s 58 =00 Bule S kAT 44
VA — AR ARER, S TSR R VI ZREE Hh B A A 4 25 JEE A BB ML, R I R i A i it
PRI RN EIE R E MM s o), BGEER I H #5208 T R BRI & Gl 7 36

HIFZ
120
—
1
‘.
(=}
g
| 112 ‘
; .
| i ,7h - L A R
(a) IR A R (b) EEH 5 B (c) BEAMENE  (d) WEGH—1k

Figure 9. Video image preprocessing
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K2 C3D AR AL b P ¥ 4 i 2k 16 il MG I REARUR B, P DAARARS 5 SIS AR A R 6w DAAER B
BRI AIFEARE AN Air leakage 2851 227 4™, Diverted flow 2551 539 >, Normal 2851 224, &FAFE
RIITARN(L6, 3, 112, 112)0 ASOREFTA G TR 7:3 B9 ELBIBENLRI 2 ISR RMRAE, FRBEMLEI 5 5
KT 2 HEE . B, 2SI E B N H5e e, A E BB ELE 1 s,

Table 1. PRONTO video dataset
# 1. PRONTO #55isiR &

25 Normal Air-leakage Diverted-flow
HRAT K 119s 121s 287s
LRI iEd 30 /s
FEA T 16 x3 x 112 x 112
AR 224 227 539
Y G/ A 157/67 159/68 377/162

4.2. IZEE

SERCEIE AL AR > 2 J5 , wr DO B AL AT I R AR o B Se AT BRI 25 . 3847 A SR (A
IR CPU A58 Intel(R) Xeon(R) Gold 5220R, GPU %54 Nvidia RTX3090. 7EIZ A A},
3T FIBEHLES T BR(SGD) FE XS B I S B0 AT BB, TIPSR )1 5, 8 21 T 320 5% (Momentum)
MIGREAR . TEARSIG S, BhE % Deep Learning [21]3CH BTR B BN 0.9, S 7 40 I i F2 o 30
MG IS, RO T BCE R, FOl 5K o B G048 5 0T DA SO B E HE ) 2 AR AR SEE
o, B IR B BN 0.0005. YIZGRES RS/ NMLE TR IIREARANEOR 32 Ao ASZIK I A AR 2 ) R T
W&k, WIEGE2E2%H 0.00001, 2 J5BEAE Gk RB3Enm A2, AR ZEWE 10 s,

EF/1e-5
1.0 1

0.8 1
0.6 1
0.4 1

0.2 1

0.0 1

. : : . . r T T epochs
0 10 20 30 40 50 60 70

Figure 10. Schematic diagram of learning rate changes

10. 2IRTWREE

43. KWERSHH
BRI ZREE ENZRe e Ja, #EAT JAEMNAAR B MEREIC . ASHIF 7E F 301 M B8 B2 B i b EL A K
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J¥ (accuracy) i (precision). 24 (recall)fll F1 /& & (Fl-score). AT 7T B 1S5 - R NEH
AR C3D-APReLU fE PRONTO LMV S B MES R 12 Wiz 5t (KA 2k & APReLU-3D #£ C3D 1%}
Eb AL Sl R E B

4.3.1. APReLU 528 7E R BAIXTEL

AFIXFLE T C3D-APReLU A Al A% SE o s A1 C3D MEARLLE DA ERd4E EITERERIL. ARk
B S HA R A R S X AT S IRE R SLEG, FE 2 BOR T S I REAR bR, HPoini s
FHIAEAR T (Y 5 KB

Table 2. The performance of C3D using different activation functions

F 2. ERAREHUEREE C3D B RERI

PEReTEbR
K iR HE = Fl-score

APReLU 0.978 0.980 0.978 0.979
ReLU 0.953 0.962 0.958 0.956
Sigmoid 0.421 0.435 0.406 0.420
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Figure 11. Test result confusion matrix of C3D using different activation functions
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Figure 12. 2D visualization of output features of the final Fc layer in C3D using different activation functions
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Table 3. The precision and mean of 5 repeated experiments of different methods

3. AEGE S REELHHRBESHE

H5

ATk HMH

1 2 3 4 5
C3D-APReLU 0.994 0.964 0.973 0.982 0.977 0.978
KU 4% 0.988 0.996 0.992 0.987 0.992 0.991
ResNet34-LSTM 0.927 0.936 0.933 0.939 0.940 0.935
13D 0.962 0.982 0.974 0.968 0.974 0.972
R2+1)D 0.958 0.971 0.963 0.966 0.982 0.968
ViViT 0.945 0.956 0.946 0.937 0.926 0.942
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