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Abstract: Traditional methods of data fusion in wireless sensor networks (WSNs) are inefficient and not ideal for processing
high-dimensional data. Therefore,a data aggregation algorithm CNNMDA (convolutional neural networks model data ag-
gregation) was proposed, which combined convolutional neural networks (CNN)and WSNs clustering routing protocol. A
feature extraction model (CNNM) is designed by using CNNMDA firstly and then trained in Sink node. After that the cluster
nodes use CNNM to extract data features, which are sent to the Sink node by cluster heads, thereby reducing the quantity of
data transmission and extend the network lifetime. Simulation results show that compared with existing similar algorithms,

the energy consumption of CNNMDA decreases obviously and the accuracy of the data fusion can be effectively improved.
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Fig.1 Structure of convolutional neural network
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Fig.2 Workflow of convolution phase
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Fig.3 Workflow of pooling phase
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Tab.1 Simulation parameters
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Tab. 2 Inaccuracy of feature extraction and classification

of different algorithm
HERER%
R/ d=200, d=600, d=900, d=2500,

c=4 c=6 c=12 c=12

BPNDA (n=4) 7.3 15.6 18.5 27.0
BPNDA (n=5) 7.0 13.1 15.1 24.8
SOFMDA 6.7 12.7 14.9 23.5
CNNMDA 6.5 8.3 9.2 11.6

B AR S R R AR W 3. 43
Hrrl %1 : CNNMDA At BPNDA Al SOFMDA, AT
BRI TRR , RBAS S B () E A, IF HL
T CNN s KIRELERE J) , Bl i A 450t
157, CNNMDA A Lt 55 # R FR 3325 (R R E S BB RS R
KArse , FETHH A0 B A B s (R AR 3.

R 3 TAEEEMSERIS X TR

Tab.3 Average time of feature extraction and classifica-
tion of different algorithm

FERT /ms
Bk d=200, d=600, d=900, d=2500,
c=4 c=6 c=12 c=12
BPNDA (n = 4) 4.60 7.49 9.01 38.26
BPNDA (n=5) 5.38 7.93 9.47 40.85
SOFMDA 4.16 6.82 8.33 32.71
CNNMDA 3.07 3.15 3.60 9.39
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