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Enhanced fiber optic bending senor based on
convolutional neural network

TAN Zhong-wei” , YANG Jing-ya, LIU Yan, LU Shun, ZHANG Li-wei, NIU Hui

(Beijing Jiaotong University , Beijing 100044, China)
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Abstract: To improve the sensitivity and cost-efficiency of a fiber bending sensor and to increase its
linear range, a method based on a deep neural network was proposed to classify different bending
angles and directions of plastic fiber. Plastic fiber with side throw sensitization processing was used to
collect speckle images of different bending angles at the output end of the fiber. Data set one was made
with five types of bending angle and data set two contained seven types of bending angle. After the
pretreatment of image data, a multilayer convolution neural network was used to analyze the speckle
image. The convolution and pooling provided speckle image features. A softmax classification was
used for classification accuracy. Finally, the effect of two different convolutions on the classification
of the neural network model was compared. The results show that the classification accuracy reaches
96 % when the angle interval of fiber bending in the data set one is 5°. The theoretical and practical
analysis results show that the scheme has a high recognition rate. Moreover, the realization of this method is
expected to provide a new type of simple and efficient fiber bending sensor.

Key words: fiber bending sensor; convolutional netural network; speckle figure; plastic optical fiber;

sensitzed fiber
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Tab. 1  Configuration information and data of three layers

convolutional neural network

Conv Convl Conv2 Conv3
Data_Size 32X32X3  16X16X32  8X8X64
Conv: Num_Filter 32 64 128
Conv: padding 2 2 2
Conv: Filter_Size IXHX3 SXHX32 X5 X64
Conv: stride 1 1 1

Data_Size after convolution 32X32X32 16X16X64 8X8X128
Activation Relu Relu Relu

Data_Size after activation ~ 32X32X32 16X16X64 8X8X128
Pooling: Kernel_Size 2%2 252 9%2

Pooling: stride 2 2 2

Data_Size after pooling 16X16X32  8X8X64  4X4X128

R2 MESRMEREEER GGG EMNHTE
Tab. 2 Configuration information and data of four layers

convolutional neural network

Conv Convl Conv2 Conv3 Conv4

Data_Size 64 X64X3 32X32X1616X16X32 8§X8X64
Conv: Num_Filter 16 32 64 128
Conv: padding 2 2 2 2
Conv: Filter_Size 5X5X3 5X5X16  5X5X32  5X5X64
Cony: stride 1 1 1 1
Data_Size after convolution 64X 64 X 16 32X 32X 3216 X 16X 64 8X8X128
Activation Relu Relu Relu Relu
Data_Size after activation 64 X 64X 1632X32X3216X16X64 §X8X128
Pooling: Kernel_Size 2X2 2X2 2X2 2X2
Pooling: stride 2 2 2 2

Data_Size after pooling 32X32X1616X16X32 8X8X64 4X4X128

x3 MEENEERESMEE

Tab. 3 Configuration information and data of network

structure
FC FC1 FC2
Data 12X12X128 1024
Data after FC 1024 1024
Activation Relu Relu
Data after activation 1024 1024
Dropout Kept_prob 0.5 0.5
Data after dropout fitting 1024 512
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Fig. 6  Optical system of enhanced fiber optic bending sensor

4.2 ZINEEAE

Bl A — A G T A Al 1) B A ) Ry 7
41, f B 1) B 43 51 Ry 307,207, 15°,10°,5°, 3%, 2%
11 B ) B AN ] 9 B3 20 43 5 /e, DU i L 4
Wk 120°,80°,60°,40°,20°,12°,8°, $rimdE — 4R
Pt L7 #f B 5 i 6] B AN [R) h 7 4L, 1 JE T B 43
K 30°,20°,15°,10°,5°,3°, 2% #A B [] B& A [a) 4
BRAL 432 7 /N I Sk B 43 5 R 1807, 120°,
607,307, 18°F1 12°, B/ R AE 200 MR & F, Mok
425 S0OMR &l Ji . /N BEHLAHHL 10 5K A g il 3
TR R R IR ek g, Forp g 4 —
354 6001 HUBE & L Kidis 5 — 7% 5 800 IR Bt
BB B R BRI 320 X240, R AR UESE 5K
R iR e I el W N T D
A8 FH 05 2B bR 10 I I 52 2R B AN (] £ B8 O 2T i
MIECBEE . B 7 o T OB R IRl ff E CCD
AR HICBE 5]

(a) 0° (b) 10° (c) 30° (d) 60° (e) 90°
(f) 0° (@-10°  (h)=30°  ()-60°  (j)-90°

7 AN TR] 25 i A A R Y R

Fig. 7 Speckle patterns captured at different bending angles

K 8(a)~8(c) AILEF & il 307,60, 90° i) Hf
22 28 Fiy B RRAE TR P 8 (d) ~ 8 (D) M L £F 25 il
—30°,—60°, — 90 #ft 22 % £ % th (9 AR 1R

(2)30° ()60° (¢)90°
I' I““““|||||||
©
(d)-30° (e)-60° (H-90°

PR 8 i o0 4 A HH AT ]

Output feature graph of neural network

Fig. 8

4.3 HRHW

ST R 2 7E B NVIDIA GeForce RTX
2070 K JE 4b ¥ B o B TensorFlow 3. 7
Python FESZERAY . &1 9 BT 7 J& A% IR S 56 2R FH 1)
R R 2 W 4% OB — ) 5 48 DY )22 45 BRURf 8
W 2 (BB —) 254 om 52 53 %L

== 2x(cov5x5,Relu)+maxpool2x2
== Full connected

== Softmax
m—m—
4x4x128 =

8x8x64

N3
el
N

16x16x32

32x32x3
2048

(a) = JZ B ARBR 22 P 25

(a) Three layers convolutional neural network
= 2%(cov5x5,Relu)+maxpool2x2

= Full connected
== Softmax

1
i
i |

4x4x128
8x8x64

16x16%32

64x64x3
32x32x16
2048

(b) 4 )z 45 BB 28 ) 4%
(b)Four layers convolutional neural network
B9 b %4 254

Fig.9 Structure of neural network



5507

AL A BT AR T 4 0 45 1) 3 SR T 4 i A R

10 R 4 — AR S R RS U2 8
) ot 5 D) 45 A TR0 S B 5 SR R X e B A — 1 =
J2 DU 2 4 B 4 T 4% B AR B 20 AR U B 14 T
PR A S AR B AN 10 Ca) AT 10(b) BT
B A U =2 R 2 A R 25 N 4 S i A ik
ARV B A 1 U o B e 1 A AR 1 B an 1B 10 (o)
10D s,

100

80

\

Accuracy/%
D
(=)

40 — 3()° E
—20°
15°
L —10°
20 50
— ()
0 A A A .20
0 20 40 60 80 100

Iteration times
(D BIEE—, = ZEB M %

(a)Data set 1, three layers convolutional neural network

100 T T 2
80F
S 60f
>
3
g
S 40k —30°
< —_—1()°
15°
—_—10°
20F — 50
30
1
0 i i i i
0 20 40 60 80 100

Iteration times
(b) B P4 — . DU 2 4 R 28 ) 4%
(b)Data set 1, four layers convolutional neural network
100

j—

= 60
>~
2
2
Q 40-
= —30°
—20°
15°
20 —10° -
.—.50
— 30
0 A A e -20
0 20 40 60 80 100

Iteration times
OFIEZ, Z 2B E W %

(c)Data set 2, three layers convolutional neural network

1459
100 T T v
ol /
Se60}
2
I~
5
< 40 B
i —10°
20 50
e 30
—1
0 A A s 2
0 20 40 60 80 100

Iteration times
(DB —, U= B M 4 W 4%
(d)Data set 2, four layers convolutional neural network
Bl 10 sk —Mgdn g R BRI T 2 Rt LR
VS
Recognition rate comparison of two models for
different iteration times

Fig. 10

B 2 3 A UK B 3 T, = )2 0D 2 B B 22
D) 4% 5 U P ME B SRR T B v . 480 100 IREEAR Y
YRI5 ) B A R A8 R IS AR TR — S 780 — g L 1 o
TR R, B RE T 98. 5% A 100%, A
Vi) B 35 ZINBSE T 4 — o B TR) B oy 50 e AR AR —
BIPRNERR SRR B T 92 %% L A5 IR A H 50 o A R
REN T 96% . BRI R 5OHE A —
FVETRY — (1 {5 51 o A i 8 T 88.5%,91%.
H I 2 BH 7R SO Bk ARG A1 A i 4 2SR
LA i R 0 . AR e R M AR
o TR AR — | R] B T B A I SR ), A R
T B > 2B 3 5310 o A 3 A 1K mT R 2 PR A B B 45
HWARREAN R,

%4 B AR 100 RS [A 25 il £ =
J2 TP )23 4 FR o 2 T 0% A R ) TR o At 2% D B )
Rt B X H

x4 BEE—AEBEHHHEW &GRSR AR ETE
Tab.4 Training performance and time comparison of neural

network with different layers in data set 1

Fiber bending Neural network of three layers  Neural network of four layers

angle/ (*)

Accuracy/ %  Time/s Accuracy/ % Time/s
2 52 53 56 309
3 76 53 82 309
5 92 53 96 309
10 92 53 98 309
15 94 53 98 309
20 98 53 100 309
30 98 53 100 309
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Tab.5 Training performance and time comparison of neural

network with different layers in data set 2

Fiber bending Neural network of three layers  Neural network of four layers

angle/ ) Accuracy/%  Time/s Accuracy/ % Time/s
2 42 56 54 330
3 61 56 70.8 330
5 88.5 56 91 330
10 90 56 95 330
15 92.8 56 97 330
20 97 56 100 330
30 98.5 56 100 330
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