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O AT PR TR A R AR AR B 2 1 S SO AU o B SRR 1 4 PRI R, MR T — R I T A IE S B 48 R 4% ( SC-
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s wa BRI EMEF RS S5 A2V ZR4 (19 SC-CNN BB AT IR 9 4328 | 3T 76 A B0 45 B EAT S0 6 10 3F, 4521
FH TSR L (S R L -4 dB BRRMEE AR R U MERR SR 5351 98. 64% F1 99. 83% , 7EAE THLAME T, B HERE 3R 43 51K
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Abstract : The model recognition accuracy is low due to the scarcity of fault sample data in practical engineering. To address this issue,
a rolling bearing fault diagnosis model based on the self-calibrated convolutional neural network (SC-CNN) is proposed and applied to
fault identification under the condition of small samples. Firstly, the BN algorithm is added after each convolutional layer to reduce the
data distribution difference of different signals. Secondly, the self-calibrated convolution is adopted to learn the multi-scale features of the
signal to improve the ability of the model to obtain useful fault features. Then, the channel self-attention mechanism is introduced to
establish the correlation between channel feature information to highlight the fault features and suppress data overfitting. Further, a small
number of training samples are fed into the model for learning. Finally, the fault signals under various conditions are taken as the input
of the trained SC-CNN model for identification and classification. Evaluation experiments are implemented on two datasets. Results show
that the recognition accuracy values of the proposed model are 98. 64% and 99. 83% under strong noise environment with SNR of -4 dB.
Those two values are 94.37% and 99.64% under variable working conditions. Results show that the SC-CNN model has strong
robustness and generalization performance under small sample condition.

Keywords :fault identification; small samples; self-calibrated convolution; channel self-attention mechanism ;rolling bearing

Wik H 11 .2022-05-05 Received Date: 2022-05-05
« B AT H . [EEK ARPLERES (51465035) Hli4 A RFL# L4 (20JR5RA466) T H ¥ )



9

TR S /MEASTT [ IEAS BRI 265 1) T sl il il e iU Oy i 123

0 3l

T

R b o AR L DLAR Y A% 0 R iR T) it 2
R = R R 2 — o TR SR AR ] e 2 B0
AP A IR IR 3 K B 2 Br R R S B
VR b Al R A RS U, X IR BRI A s AT I AR E
PEFRE G AN 05 B 22 2 R A8 AR B

Bl S R RPN BOR IR AR o T4 i T
H R RERORE U IR e IR S I R R A
BHRFIESRIUAE 1 101 45 52 F Bk . Zhang % R A7 98 4
FUZ BOIR FE 45 T A 22 I’ 2% ( convolutional neural network ,
CNN) BEA VR Byl i SRl i) A o B ey 1 e e i | A
RAR MR . FESF IR R T A TR Q K
2K TE I X0 B AN - 45 R 70 28 T 0 I 1 TR Sl Al R B
P AR B I R A LA AR A W i ) 5k
WA TR R RCR (A S FEREAS B 78 2 A B 4R R AT
SEHRIAE, A SEPR TR AR AL T 15 AR
& WO R A B A0 B R AR AR AL - #E I LAY
BBt DRG0 S /IR A [ R e s TR 31 2 T 9 38 7
JEBE

IAER  /INFEAR IR BAZ 3] 1 2235 1 R T, JF U
T R . AR T S A B 432 A 2R R
PL M 4% ( self-adaptive auxiliary classifier GAN, SA-
ACGAN) , 3 it A= B B a0 1 0 2Ok FEREA B e 2
ARG IE TR A R . Zhang % BT T
— PR L I I 2 Sl TE AR B AR AR LS A R AR A
(72 4R T O J R YU R . BRI AE SR
A4 H 38 AT IE W AR A9 I #£2% 2J (ransfer learning, TL)
I FH TR Sl B 2SS 40U, 1T A RN R A ] T
MIEAHE A 22 57, Shao 5 4RI T —Fp 3L F IR
IER 2 2T WX U N 7 v, R T R - 1 22 S5
SRV R, SE I T B R Sl R R U, IRy
T BARTE/NVREAS [ 1 A B0 i R B (B B B A7 AE
— B[Rl AR O T R 28 11 2R R, 75 5T SRR AR B T
SR IR T A% 2% 20 ik LA A 2 5l RN B AR Bl ) Y S i
I 2ES AFTEIE RIS,

BT BIRAIHT, A SCR T — R B A E B R 2 )
4% ( self-calibrated convolution neural network ,SC-CNN) , Ff
H N T/NEAR S R R R, e TE R B
FUZJEU N BN 389, LAl D AN RS 5 1Y 40 A 26 75 e
U, R AR IE SRS AT () 22 RERRIE S > B 7 5 4%
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Pt G s doe i, 0 AR S PR TR ) M 7 A B AR T2
TR Sl AR R 2 B U SE g IER TR R O A
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1) #BRE

HBRUZIE CNN BYAZ.0, B 28 B R AE 3 A4
BRZMBHR RN Y.

X' =f(W X" +b") (1)
Kb X RN R R W 3R B R h R
PR 5K 50" Fn e [ 200 B I « KRR BRERAE;
F(+) IR ReLU 0 %L

2) Ak Z

Ak )2 Y S AR R XA E A T SRAE (R B 11 2
Pt 5 A R AT R R

Y, =down(x,h)[i] =h(x | x.x) (2)
Krf: h(x) = max(x) ;K Ron i H 50 ;x Fly 535
Fon it Ak B B AR By s down (- ) R T SR AR PR AL
down(x,h) [ 1] Frn down(x,h) W i DITE,

3) &AL =

42 ey P2 A 2 R i fe — A R R R A SR o 1
{8, Bl 2] 8] 41 A I 45 RRAEMR ., Il (3) AR,

=X (1 X no) (3)

ey ey Yo
Kby, (1) FRoRET— R R MALE S A RFAE 25 e A~
PREITCIIE s N PR HT— 250 AR A5G K Rtk
& SEEE
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SR A B AR R A B A — B A T A A R
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A w, F v, 53 5180 BE 0 — B A 3 A B 4R A
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71N [ 32 X B TC R AR 5 & 7 PR AE RS 1Y o B30T
n FREJRFH,
1.2 BRIESR

7 I8 B A\ B N AR 2 R R B RCIE B R
( self-calibrated convolution ,SCConv ) ¥ &4t % FR AU R 1E 55
et BEVEAT T B0k, FEANYG I A S 8O E Ze M G L
T R A S A PR AE L SCCony 18 33 7E BN A ] 1Y
JUBE 23 [R] HE AT 45 BRURF AR e 400 1 Oy =2, DA 3 i R AU 7 /)
FEA ST IR A A B2 JBCRE T, 23] hy D iy IRUBE 2 [l
FEA RN PN ARIE R B2 1], AR IESRE
PALBERT A3 IS 5 25,

AR 1) B AR A2 30 T R S5 AR A R T 4
A X .

R 2) ¥ BB K 3 e BEAR R Y 4 3843, 120
K47 o

AR 3) NG ROBERRIE 23 (8] R 7 Ab B, % g A eIk
X, it K, BGRRRIRE Y,

AR 4) X AR REE 2 [R] AT AL 21, KRR X, H
AB WA I3 BER AN Rl s v, FES AR AR Y 58 B2 D7 116
EEq/N e B LIS IN G BEAR T T 24 A A REAE
X, AT RS N ARG i AR IE 5 70 R0 4
PGS AR HER BN RUE b A ARAE 2
ATFFAE SR D/ AR A B8 R A B T30, 78
FEAC TR /I 0 4 R BB T A P e £ I8 i B B g
JIo SRJE XF 52 BCRY R AR SE AT 45 BUR bR A 1 4T
Sigmoid PRI G Hi i, X+ Sigmoid T35 A% H A K, 45
FURBUS MFRHE A TICIE , e Ja WA IE IS IR RS54 T K,
G B A KOE R B o R AR Y, HERE W
H(9) ~ (12) firR,

T = avgpool (X,) (9)
X, =up(T*K,) (10)
_ . _ X,’K,
Y,=X,’K,-0(X, +X,)= —
I+exp(- (X, +X,))
(11)
Y, :Yz*K4 (12)

W : avgpool(+) TR Al ;r TR T REER ;up(-)
T LoRFE ;o RN Sigmoid T pREL, LA AR (1 9
Ltk

R S) Rl PIAS RUEE 23 [ i IR AE Y, R Y, 153
It RHE Y

SCConv il i A 1 IE#RAE AT XF 22 RUFE 23 [W) {5 2 2k 47
Yty , HA S &A1 23 (R & 5 B M5 8., e 7ok A G
KX A7 B Y, i, SCConv 1 LIA RLHLY KA
JE O IRRAZ Y AE B AR AR /D B R AR AR SO i e
FRIE(S S RE

1.3 BERFEHNSH

CNN P2 HLAT U 3 = 0w 3 B2 1 e e, 40
KT FEAS B FRAE A5 2 22 8] A DG, T B0ME DL se o3 48
B R R B B AR e, AR SCs ] AGEIE [ T L
il ( channel self-attention mechanism, CSAM) , A~ [] 45 1
R B AR E X 428 S STk BE A I B 25 57, CSAM
A5 A AR AT LA F A R I 5 - 8 2 R B R AE i
JO7 DA T A7 3 A 22 (] B AR 06 2R, i BRI 715 5 op
FLAFURRAE (9 155 85 R A BCER, 4 £ 58 A R SRR AE
HEM,

1) K&l mi— 2 RS E REIE X SHEE X' M
FAFRNLERE ]y ROC (IR, T4 Softmax 2715 3]
I A R M

; =—pr(X" %) (13)
2], exp(X, - Xj)
A € HFIRFHE X (38 EHG M, 2R 5 | 4> H %)
55 7 A TE RS 2 8] 0 AE OGP 38 18 AT ] R
FEABL, FEARRAE 2 18] 43 A rh BE B0 AT, U] M, B R ) SX
fEZEH TAHRRIEZ R SC R

2) 45 M AN X R R AR B A AR

3) CSAM Ry#ir it @ Shidil A & 0 e 5 I i i
FEIEAR R IBCRT , =X (14) Fios

Q=B X exp(m; - X)) +X, (14)

A B T T M A AR AR, iR (e
0, SR B > B R AIALE

2 SC-CNN #=E MM 5 FEIR A A&

AR T — T F R A U 22 I 2 B T T/ VR
AN B TR Sh R SRR, a5 s 1 FrR R —4E
PR i e gad Vi i BURLHL 1) 55 P8 5% TP %t
TP FIFRROE RS2 5 BS54 1 A AT 2 2] 22 RUBE 25 [H) Ay
TR A A IEAS B s A A X HF 5 22 RUBE R AR 1Y
STRETT SR I5 Goack 75 PB4 SR A AR JBAH S PE Y3 18 B T
IR 38 5 XA ARUARR AR T3 B R AR A =™ i
BEARFAIE 5 P30 2ot TR 2 45 B B 4k S 3R B 5 IR )= h 4
SIE B i 40 4 R 8 AL 2 T Dropout 2 S0 X 4 6
TN 2 Hrp B A — N BUS BN T BN A T8
MESTEARTR T0L R BBEE 10 25 5

K SC-CNN AR Bl AR s e 1R 31 7 12 i FEAS i 78
QR A N LRI B, R O AT RE 2SR A I 2R A
A BRI AT W0 25, 5T Softmax 43 2R A TIR 219
S A4 ] Adam 38 R A0 £k 745 58T X 245 240, (4
IR PREI(EIR B 5/ N, 58 USRS 4 11 25 ; 70 A5 80 1 i e 11
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Fig. 1 Structure diagram of the self-calibrated convolution

neural networks

3 SRIEHIESNE

ARSI E AR 1 R £ A R S S0 B
A SR RS 6205-2RS, il 7R i R AT 4y
N SRR sh RS, 3 UK 56 75 K 3l v i R 7E
AN 1~3 hp(1 hp=735 W) 3 Ff T F TAERERER
IR B 15 5, (5 5 R AEM R Ny 12 kHz, SR BB E]
10 s, 5B ELAR 43 314 0. 18.,0. 36 A1 0. 54 mm, 75 FMfE
EH RS 10 Rl B2 R SORa R BE 244 0. 28 mm,
R AR AT 434 F1LUF2 FF3 X 3 R e .

R 2 S AR S50 A R AL S 56 15 R 4R 1 B dE
MFS S25G 5 a0 2 R, ikl R 85 ER-16K 193
TERE R, W 3 R, R L B A R R | A1 R
e B AR Sh A e s, BCH 4 2 SR T il R e 43 R
12001 300 F11 400 r/min =FA[E T F RIS S,
{55 REEWR A 15. 3 kHz, RAEMFE] N 8 s, 216 B A4l
RN A B B T R RN TR Sl A bR L AR 4 i Dk 1.2
1. 8 mm, FCPEIREE Y 0. 25 mm, 2231 6 Bl g s R
PR AR P HIVE F4 F5 R F6 i 3 Fhiiuia &, ¥4
REIRENES LA 2 048 A RAE AT, R E & R A 7 X
REALER I B R R A

2 MFS RS lRE RIS R &
Fig.2 MFS rolling bearing fault simulation experiment test rig
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(b) FeEl
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(c) Ball failure

(a) PO Bl

(a) Inner race failure (b) Outer race failure

K3 IRl L

Fig.3 Failure location of rolling bearing

4 SRRWIFS S

W E SC-CNN BB (1) [ 28 284 Batch Size =8, epoch =
30, WA 2 o 1x 107, [ A% IE B B B p TR FE
RHy 4, B EFZE R ReLU 0K pR %k, 45 12 50i%
BEANER 1 R, 40096, 1,64 | KR TG TR BB KR
INR 961, i AR IER K 642 048% 128 Fernii I K
2 048 H i EEHCH 128, K s BERUZ A KR
Ix1, i SCE0 2 R4 H 10 YRSEE M

&1 SC-CNN REENSH
Table 1 The structural parameters of SC-CNN

o] 2 2% e OE S R
Conv-1 [96,1,64] 2 048x64
MaxP-1 [2,1,64] 1 024x64
[5,1,32]
[5,1,32]
SCConv 4 096x32
[5,1,32]
[5,1,32]
Conv-2 [5,1,128] 4 096x128
MaxP-2 [2,1,128] 2 048x128
GlobalAvgP units = 128 , activation = ReLU
Dropout rate=0.5
Output units = 10/6 , activation = Softmax

4.1 #REVIGHE

1) Y ZBE At XA 1 B 14 52 1 4347

FESEBR T8 T i HILAR I 43 Bof i) 354k 7 1E % 1
VEIRZS , W B0 38 7 A PR, AR SO Bl e
FEA B 43 50 816,24 40 F1 80, i 45 FEAS 2 4 Hy
100, DL I IEA i £ L B R A o A ST Fir 42 07 v 1
B TFONBCR 52, S 06 7R e 48 F1 FVEHE 4R F4
HEAT B335 2 IR,
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Table 2 The effect of training sample sizes

onrecognition accuracy

BIG/EES HARdE k1 Hbndk Fa

FEAE  PUBIMERER/% bR BUIMERRR % bR
8 99. 89 0. 14 99.97 0.08
16 99.93 0.10 100 0
24 100 0 100 0
40 100 0 100 0
80 100 0 100 0

MF 2 AT LAE H EAEAE F1 7ENIZREEAS T 8 B, 17
SIAERA R IR E] 99. 89% , Wil & VI Zif A 1 i34 i, 5780 1Y
TUBIMERG R AL BE S 1 N2 Wik , MREA R 24 B, 10
TERRRITIA R 100% ; BIEEE F4 EIIZREA RN 8 B Y
TR R 35 99. 97% |, I ZRREAEJy 16 I, IR 50 HE
HIRF] 100% , HAb FRE R, TR/ MEARN LT,
SC-CNN U 7E P A K 4 1 35 BE 18 i b 18051+ il s 28
R, BOTE SRS B | I SRREA B 24 Bida4E 2
YIRPEAS I 16, MAEEREA SN 100,

2) BRI A RPE RS IE

Sk B IEAR ST B AR R A /IR AR 5 R U v 1
Y5 4 P RS RRE 4 ) R RS AR R £ 7 X6 E AT, R
A FRIRA 8 SC-CNN #i#; B 3878 MBDS-CNN #%
L0 o S 43 Sl P 2 R £ A AR R A ) R T
Oy BT R T AL SRR AE O 2 TR BE 1 s B 51 g i
AR ) 8L, FE R A 2 70 L I 3RAS T AP IR s ¢ 3%
78 ACNN AR I —Fhp T PeAs R | B R 1 B
HLEI ST A BNESASFRAEBEIUZ | HEAE VI ZREE b 78 i s 307
P M P Sl 348 A fr g e | [RIE HLAT R iz fh
D #/8 WDCNN BRI S i 58 1 AN BUZ T,
GO A BRI IR MR 75 | 76 5 M 7S PR P R B R A AR
TG M E FR—FP i i LeNet-5 B 0
ISR 45 AR 2 5 IR BN 2 3k /b g A 43 A 25
S TESES R AR T BUS T Rz Ak e, DL B
ARG E SO B, SRR F1 M F4
AT, G5 3 iR,

MFE 3 TR I FE A BAESE A SO ik 35 5E
SN R Sl R B 2 A HAR R AR E . Hofh o R
FIEAR dof- b 305 7 530 o A 24 AR e o 2 B 1) A8 Ak, ZE AR 1 I
WAFAE R, SR C ZERR4E F1 i R B0 T A Y
B (HAEEHEAE F4 LHIAGIRIAY B, 1] SC-CNN AL 7E PR
AEIAEAE TR RO ERR SR A ] T 100%

itk —2 % 5% SC-CNN A5 Y {5 1) i B 28 70 1 4 ik
V£, SIATRIE R B Bl 58 F4 (3R 59 25 SR k1 4k 4y
Mr, Wik 4 Fos

R3 TRRBEEEREIRSERE

Table 3 Fault identification accuracy of differentmodels

FIGIIES BAusE F1 Blusk F4
BEL PUIMERIR % bR PUIMERR/ % pRiE%
A 100. 00 0 100 0
B 98.62 0.40 99.53 0.28
C 99.35 0.09 98.43 0.74
D 94.92 0.76 77.87 1.16
E 92.31 0.72 89.00 0.58

100 100

80 80

ﬁ 60 ﬁ 0 60
! PEE 40
1 o o ‘
20 20
0 o
0 0 1 2 3 4 0
FIRAE
(a) BLBA (b) #AB
(a) Model A (b) Model B

100

100 1 9

0 0
o 80 1M 2 13 15| §%0
ﬁz 0 0 60 60
ﬁs 10 Lo Reo
40 1 |
20 20
50 0
o 1 2 3 4 5 0 0
ERLE v
(o) BEAIC (d) BEHID
(¢) Model C (d) Model D

100
0—ME1.2 mm
1—4ME 1.2 mm

80

60

g 2—&F1.2 mm
fuf 40 3—HE1.8 mm
20 4—4ME 1.8 mm
0 5—#F1.8mm

(e) BIAE

(e) Model E

B4 AR R 2 T TR VA AR
Fig.4 Confusion matrixes of fault classification results

of different model

HI & 4 m] 0, A AR SCHr e A I RE A% 58 42 IX 73 Hh il
B AR, At A 78 B4 A ) 2 R i ), JE SR AR DA
E X 2RO A T BRI 5 2y, B RE RS LA
Wb SE SRR 4y AT 55 . L BV T SC-CNN AL 7E /)N
REA AT X b A A [ 286 28 g i I LA i R 4 U1
FKAES .
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4.2 MRS

TG RERN S S S 2 B (15 G, 5
HE TSR B, g s AR T TR RE
(]SS A A, AR SORE 8 o AE DI 2R rh a3 5 e L
—4~4 dB 11 5 T MR R BN S R S T 0 TAR IR
FEXT 5 PR 2 2] B R BB T R4 T % FL A3 BT, SE B AE S
s F1 A F4 LA T00E , S645 SR 5.6 Fios

o« i=3
=] =]

RAHERE /%
3

40
20
4 =2 0 2 4
mA| 9864 99.01 99.81 99.94 99.95

EB| 76.13 90.34 93.04 95.75 97.38
mC| 8870 95.59 97.10 97.22 98.54
mD| 4579 54.07 68.41 79.90 81.19

E| 4746 53.15 61.04 71.10 79.88

5 AFIBEITERER R T A TRRCR (Bl F1)

Fig. 5 Recognition effect of different models

in noisy environment( dataset F1)

—_
=
f=1

3
vy

RSB R /%

wn
U

.
<

4 2 0 2 4

mA| 99383 99.95 10000 | 100.00 | 100.00
mB| 8798 9523 97.55 98.55 98.67
mC| 8350 87.08 90.95 92.48 97.18
=D| 6477 66.10 67.65 69.92 74.50
E| 6395 68.27 72.60 74.83 77.70

K6 AN[FIBEEITE R A PRI T A PUIACR (B4R F4)
Fig. 6 Recognition effect of different models in noisy

environment ( dataset F4)

M1 5 AT TE(EME L -4~ 4 dB MR IREE T, A
SCARAL A R TR SR S R et LR A R L
—4 dB [ 5RIE R PR EE AR SC T SC-CNN 5% 70 1 g i
TUNAER IR F] 98. 64% , FHiAfth 4 Fig BTG T 51 1
RIMET 90% ; Bl 5 L 388 i, S5 A58 Ay e s34 51 il
FIFEZ N AR S 4 dB B MR BREE T A B
I C IR BIAERR R LR 97% L b, Heh A S bt T4
PEIREY C AR BIAER R Ny 98. 54% | EAHIR HEAS SCPr R
FERUIE 1. 41% , & 6 FI A0, FE(R M Ll -4 dB (1) 5% Mgt
FIAREE T, A AR SO A BB SR AE 90% LA L, L)

1K 99. 83% ; M {EME L _FFFoh 0 dB I B B A C ik )
90% LA _I-, 1fij SC-CNN #5717 51 v o 6 T 35 51 100%
Ay IR B 1 C i 2. 45% F19. 05% ; 45 15 M L 4%
SEMENN, {5 N 4 dB B AR B AT C AT R
Wik 97% LA b (BAT SR LU A 1% 1. 33% Fil 2. 82% 5
MAAL D FE B0 200 R TG 5, (H B B AR an Ak
SCHTRARRL

T A M AR SRR R A 52 3] 560 M B P s ) R
SPERE , SR AR 15 PR A D B A R S g A B e, 2R
FEAR M L Ry —4dB 7S R85 T 3R AT, S5 R & 7 iR,
AR SCITHE Y SC-CNN AR 7R M s BR 5T T HA 441
PUIACR I B 2280/, B TR C Y U0 HE i R %
PR /Ny 22 HARAE R 7R U ROR A AN S A e R
TEERAE FA TPl SRR L, 28 LR 7E/ MV
ARGAET RSO 4R Y SC-CNN 5 1 G 1 35 45 1o 455 251
T 52 WP ¥ Yl i e TR BE T 1 A 1, ELTE S TRl
RIS I R TR e 2 A e ) 3

100 [ o
—_—
£ 80
o =
g
£ 60
oR
% —
10 —_—
A B Cc D E
R AR R
(a) BHELEI
(a) Dataset /1
100 ——
90
£ = =
by
= 80
g
R 70
=
B =
60 .
A B C D E
TR R S AR
(b) BraE R 4
(b) Dataset /4

B 7 ORI (S L k-4 dB FREE T A TR si R AR 7
Fig.7 Boxplots diagram of recognition effect of different
models in the environment of SNR=-4 dB

4.3 ZHIEEES

UM & BIE AT 0L 28 278 AR5 5 i RRAE A7
TEW 25 5 M B6AIE SC-CNN K1 75 7% T 4444 TR 5]
MR EE ST, B T IZ AL PERR S50, /00l 5 4
i FH A B TR AR AR R AT X5 B A BT, I A PN B 4E
SAHATRAIE, SR A R SR 4 5 Fos, Hi F1—-F2 %
NEEAE F1H T RIS, Bl F2 TR,
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x4 AEHEBEBAH TR THRIIR (HIEE1L)
Table 4 Identification effect of different models

undercross-load conditions ( dataset1)

el A B C D E
ST PUNHERG /%
F1—F2 99. 88 98. 51 99.33 88.82 90. 94

F1—F3 97.98 89. 60 92.57 87.03 77.02
F2—F1 93.32 88.92 93.17 89. 66 82.03
F2—F3 99.75 86. 68 99. 14 87.54 78.44
F3—F1 85.17 79. 43 84.01 74. 14 77.48
F3—F2 90. 09 79. 65 83.20 79. 04 76.43

TFHE 94,37 87.13 91.90 84.37 80. 39

x5 FAEEBAEDTHEETR THIRBINE(HiEE2)
Table 5 Identification effect of different models under

variable speed conditions ( dataset2)

LAY A B o D E
ST PUBIHERG 2/ %
F4—F5 100 99.90  95.50  74.42 88.22
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Identification effect of different models under

variable working conditions
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