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Hierarchical decomposition of CNN for resource-constrained
mechanical vibration WSN edge computing

Fu Hao,Deng Lei, Tang Baoping, Li Zihao, Wu Yanling

(State Key Laboratory of Mechanical Transmission, Chongqing University, Chongqing 400030, China)

Abstract; The microcontroller of wireless sensor network ( WSN) nodes used for mechanical vibration monitoring requires intricate edge
computing, yet face limitations in hardware resources. Convolutional neural network (CNN), as a high-performance and commonly used
deep learning algorithm, can enhance the computational capabilities of edge WSN nodes when run on microcontroller units ( MCUs).
This paper proposes a hierarchical decomposition method for CNN models without modification, addressing the challenge of running non-
lightweight CNN on resource-constrained MCU and enhancing the computational capabilities of mechanical vibration WSN nodes. First, a
file structure is designed to decompose and store CNN model parameters. Subsequently, a memory management method is proposed, and
the consumption process of random-access memory is derived. Finally, a parameter localization method is introduced to accurately and
efficiently retrieve model parameters. Experiments demonstrated that with only 1. 76 KB of RAM and 2. 14 KB of Flash, high-precision
edge computing recognition tasks can be accomplished within 3. 15 ms.
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1 16 1 4 2 2 4 4 2 2 4 4 2 2 1.76 2014
2 32 1 20 4 2 20 20 4 2 20 20 4 2 51.70  55.88
3 32 1 20 3 2 20 20 4 2 20 20 4 3 53.97 55.34

550 MHz, A it #8 % HD-CNN 75 A [8) =40 F 193z 17 i)
8] ,KF MCU M STM32F405 £ i, STM32H723 LAY K
KM, 8 PR LK HD-CNN Bisfrita), B
3 H Y 3 4U1E A HD-CNN 25 #2504 7 52 5, 30005
1 50~550 MHz, 25K} 50 MHz, SC5045 5 &l 11~ 12
Fim

WA 1T B, WK 1 32 47 B [ Bt 25 32 490 384 i
M/ . 7E E 5/ T 300 MHz B, 3 550 % 12 47 I ] 5%
Wi 5 K, F A5 KT 300 MHz B, 38 i =5 45 X A% iz 17 st
FIROR AN R, BEANART LLE Y, B 4 MR No. 2 &5
No. 3 AH L T fii S B Y No. 1 BA T K (1935 17 I ]
WE 11 () 5B 12(c) , S ABGRK/N 16x16 B, R
JH#E/IN CNN 2544 No. 1, 7E 404 50 MHz B2 17—
STFT 5 HD-CNN I [E] y 34. 70 ms, iz f7— AN i

9 117.2 ms; F M 7E 550 MHz I, iz 47 0 8] {2 K
3.15 ms 5 85. 65 ms,

WE 11(b) 5 12(b) , Mk A B/ 32x32 B, R
FH#AE Z4 CNN 2548, 76 E45R 50 MHz B2 47—k STFT
5 HD-CNN I} ] 2l 603. 92 ms, i& 17— KB AN
686. 42 ms; EHAE 550 MHz B}, B A7 4K 54. 1 ms .,
54.9 ms 5 137. 4 ms; 76 EJH K 550 MHz B, iz 171}
B4 54.1 ms.54.9 ms 5 137.4 ms, M A KRN
16x16 5 32x32, 43 BITEEERAE 272 5 1 056 44 A5,
JIT T B SRR 6] 23591 K 21, 25 ms 55 82,5 ms, WA 11
f7R , FE TR 550 MHz T, 3277/ 85 & 2% HD-CNN £
RUE), STFT 5 HD-CNN 1% ft FH S B (8] 35 /)8 F R A B[]
21.25 ms 5 82.5 ms, UEAH T 7E 550 MHz I AJ LLX &4k
PEAT S AL B
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Fig. 11  The HD-CNN and STFT runtime at different

clock frequencies
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Fig. 12 The sample timeand running time of HD-CNN and
STFT at different clock frequencies
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Table 4 HD-CNN structures with different complexity levels

No i la o1 ky Py b 0 ky P2 lg3 0s3 ks P3 RAM  Flash
1 16 1 4 2 2 4 4 2 2 4 4 2 2 1.76 2.14
2 16 1 20 3 2 20 20 2 2 20 20 2 2 13.51 14.84
3 32 1 4 2 2 4 4 2 2 4 4 2 2 8.57 5.26
4 32 1 20 4 2 20 20 4 2 20 20 4 2 51.70  55.88

%, B3 3 T 4 FRSECF B T80, i A
KR 16x16 5 32x32, 4 h 50 ~ 550 MHz, 22K K
50 MHz,

M 13 (a) 5 (b) #ATLAUF 76 AH R A BRI
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B ZE D 3 A% X2 B O AR R SRR 3 M Y s
A E 13(c) RRTLLE 1 X T AR/ MEE RS fi
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Fig. 13 The running efficiency under various HD-CNN

parameters and input images size
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¢ DNN #70 h f DNN SR H HD 7 ik if 47908, 16 3¢
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Table 5 The performance comparison of different models

F, R, R, F, I A, on
R

/GHz /KB /MB /MB /KB MCU/%

Study[ Wu ] 1.5 8192 0.35 0.35 16 98. 32
GoogLeNet-v1 1.5 8192 5.60 5. 60 16 96. 08
GooglLeNet-v2 1.5 8192 7.34 7.34 16 88.75
GoogLeNet-v3 1.5 8192 21.02 21.02 16 92. 62
ResNet 1.5 8192 11.17 11.17 16 97.45
MobileNet-v1 1.5 8192 3.25 3.25 16 90. 80
MobileNet-v2 1.5 8192 2.23 2.23 16 95.49
ShuffleNet 1.5 8192 2.49 2.49 16 94. 74
Study [ Huan ] 0.8 409 5.49 5.49 160 98.92
HD-DNN No.1 0.147 192 0.0042 0.0029 0.125 99.62

HD-DNN No.2 0.147 192
HD-DNN No.3 0.147 192
HD-CNN (Max) 0.550 320

0.0163 0.0403 0.5 100
0.064 6 0.1903 2 100
0.0527 0.0540 4 100

Bl 1415 &R T A [A] 455 58 (% 9 A7 48 A 3, A
& 14 (a) Ha] LUR Y, 78 58 BOAH R B0RE 3 2845 55 T, 3C
BR[21] 09 RAM i F fe b, A0 0.35 MB, JLAR i AU 4 7
2.23 MB LI, % ERE/DE MCU 3145 1 MB UL LAY E
RAM, M, HAAS Ao U2 A 776 MCU |, A 14(b)
Al LLE SR HD 1 DNN /)y RAM ffi 154 4. 18 KB,
ARH 64.61 KB, TiE—Hh, 75 5¢ iU [R5 24T 55
T, R HD J7i% i CNN 3217 RAM i & & D h
1.72 KB, H& K} 50.49 KB, %i |-, JCis DNN ifJ& CNN, %
FHHD Fikse e DIE4 K250 MCU _LigfT,

B AT AR R R AR b B A KR TR 4R A, 7E
43 000 P i R B AR BB IR A DA 3R S AHORH S i)
N, HAE A L X (37) Pron, % &%k HD-DNN 5
HD-CNN P Study [ Wu ] () H B A RN GE 42 47 7E MCU
I S SR 20 ] Aol HABAR Y Z 7 /E BCM2711B0
OB SRS N E 4, MK 16 5
&5 AT LA A, 7E Ak B AR A0 R N MCU 819 10 £i%
150 MHz =45 0F ,HD-CNN No. 3 H S T8 Rk s T
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Fig. 14 The RAM memory usage of different models
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