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Abstract: To address the limited interpretability and reliability caused by the unknown internal
decision-making and inference processes of one-dimensional convolutional neural networks
(CNNs) in mechanical fault diagnosis, a similarity connection between signal analysis and neural
networks is established from the perspective of feature extraction. By extracting the weights of
the convolutional layers in the neural network and observing the variations in time/frequency
domain features as the network layers change, this study reveals the intrinsic feature extraction
behavior of neural networks. Experimental test data and publicly available bearing data from Case
Western Reserve University are used for validation. The results indicate that the convolutional

kernel can be equivalent to a finite impulse filter, and the max pooling layer can meet the non-linear
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requirements of neural networks for simple binary classification tasks. therefore not requiring an

activation function in the convolutional layer; the neural network is capable of incrementally

increasing frequency resolution layer by layer to identify frequency components close to theoretical fault

characteristic frequencies, exhibiting similarities to Fourier transforms. When the spectral range is

ultimately decomposed to 1 to 3 times the fault characteristic frequency. the identification task is

better accomplished. This study can provide new ideas and methods for revealing the “black box”

mechanisms and interpretability of convolutional neural networks.

Keywords: interpretability; one-dimensional convolutional neural networks; Fourier transform;

fault diagnosis; frequency domain
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Fig. 1 Classical architecture of convolutional neural network
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Fig. 2 Schematic diagram of the convolution process




L]

& BUR I ) 48 )52 15 4 A b 476 B, o i I
BRSOy
L, — K+2L,.
S

Kb Lo, HEBUS KB L, 5 BUZ 0
ANsK WK L. WANEHFEKE ;S 85
$K,

— i PR 25 R 2% 1) 4 TR A R

0, = %i“hm,
K mon S0 A iSSR0, 10, 41
IR B 0 A B TRLAD K A B A s Ry, SR BB m S BT
H KB M I ERKE,

TETANERE T BBUER LA 25K 0
N5 L — K+ 1B . A28
& B AE iy A BN LV 2 B () A B i h O 1A 56
DX B IR s E T AT Sy A B K o o 0 3 g
3R A 5 I A 1 v o o Rz R AT RS B S B
T U A B VR A R R ARL L R O TR X — R A
00 20k B 1= 7 A BR bk b o 17 % I 2% . A SR R A
BRUZ R ko, D055 204 BRIk ol e 7 38 0 25 19
P BN,

UK YI 2R 56 A REAS B A B4R it 45 01 kL 31
TR A8 RE W R BOR B R f BUR 5 R I 2R

(O YIREE R S U — 2 5 B2 RE , 15 5
B 5536 B A B AR [R] 1 AR 1) 42w,

(OH w, EEAZ BN R BN R ES R w,, ¥
B — BB 2% 2 AR AR i AR AR B

(O X wi HEAT 18 T B A8 4o, 75 1) 38 D i)
WA W,

W, = 20lg | DFT{w}} | € R"/x

0< k<K
. DFT om 8 i Bk A8 4 5 £y, RR {55 14
B STE

) BEATE W, v S5 R R X o 431 36 4 O i
AL £

(6) TG #8H 9E B 5 T 2% 45 W7 AR AR B LU A FR
K,

(DRGEHOIA foRAT 9 B, 8 %5 80F 2L
ik o o) 7 908 U 4

Ry T b s AU D A I ST R L 22 o
MEEME 3 R,

Lo = +1 @)

n:O’1,29”°9Lm_K (2)

3

zkxb. xjtu. edu. cn

EIFE L — 2 RO 2 0 44 A WL bR 5 O 45 B 19 T B T 5T 27
( 08159 24 1 445 5 o AL )
y z
y e
r P2 A B BT BRI KA B, T
r _ ______ L s
| MR T S SIS I S

|
|

| o
I ' 5!
[ XA BB AR A B g B B, ) e |

|
B2 ERONIL]] |'|’.><‘J‘)ﬁ/}"/')'ii’i11f ERCIEWAS LIRS, | »
- i
(A RACE I B B BAG T 2R 28 ik A R ok A B UL K 4&
I ﬁ
A LR S A S B A SO I )
3 B BRUZ S OE I A i i) 72
Fig. 3 Construction process of the convolutional layer

equivalent to a filter
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