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Abstract Scene recognition is an important part of pervasive computing. It aims to provide users with accurate persona-
lized service and improve service quality by identifying the location of the smartphone users. In the actual environment,
there are two problems in accurate scene recognition. Firstly,based on single mode sensor data or wireless signal data,
classification effect is not good enough ,and its generalization is not enough. Secondly, scene recognition accuracy de-
pends on a large number of labeled data,resulting in high cost. In view of these problems,a semi-supervised scene recog-
nition method based on multi-mode fusion was proposed. The menthod makes full use of the complementary information
of Wi-Fi,Bluetooth and sensors to improve the accuracy of recognition. Compared with the recognition based on single
mode data,fusion feature can increase the static scene classification accuracy by 10%. In this paper,a semi-supervised
learning method was constructed to solve the problem of high data acquisition cost in dynamic scene,and the classifica-
tion accuracy is over 90% by reducing half of the labeled data. The results show that introducing semi-supervised lear-
ning method based on the complementary advantages of Wi-Fi, Bluetooth and sensors information can reduce data col-
lecting cost and improve scene recognition accuracy to some extent,and thus highly increase its recognition accuracy and
universality.

Keywords Scene recognition, Wi-Fi, Bluetooth , Multi-mode fusion,Semi-supervised learning
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Fig.1 Overall framework diagram
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Fig.4 Comparison of classification algorithm results for Dynamic and

Static Scene in different feature combinations
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Table 2 Classification results of static scenes based on sensor

features
Algorithm Accuracy/ % Modeling Time/s
J48 86.01 1.616
IBK 85.97 5.579
Naive Bayes 68. 66 1. 266
LibSvm 73.92 15.63
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Table 3 Classification results of static scenes based on fusion

features
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Fig. 8 Comparison of classification result under different

data proportions
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Table 4 Classification results of dynamic scenes

Algorithm Accuracy/ % T]’fnrj/lr;s Tii:;lms
SS-ELM 90. 8 53.7 59.9
ELM 87.5 12.3 46. 8
IBK 87.0 35 72
Naive Bayes 85.2 32 64.5
J48 85.6 27 65

YW 4 L AR SCH] AR SS-ELM B3k f ELM & 3%
TEA RO LT HAh 8, B SS-ELM 8L F ELM &
%L A SS-ELM 278 ELM 9 3£ Al 1 55 20 T K 5 2 41
P R AT Y25 BEAR B8 T ELM 43, IR B T R br g
B e Ve . VI 2Rt 8 5 1, SSELM i F 5l A T K dr &
RTINS o B0 I A T T R 7R AR A I 2 A
Joi s FUA B B B B R AR T ELM, %8 b Brik, SS-ELM 7
K b 8 BOHE D — 2 i FE A B BRI R BT 90 % L I
DRI UE B T 51 28 W 432 7 36 B8 0% 35 40 R L R s o B H
P TR G P R

5 WAlS Wi-Fi #IfE A8 R R )G . SSELM 4 R B 1k
GESEOIRVESE MR . VIR VE A M AT LR, SS-ELM S35 X
ONBE HER AR S S A R AR R A B T 90% L E, X
A E R X PN RWER T 82. 7%, UL HEERIEY T A
CHI AW SS-ELM 83k % s & 3 5 4y 28 A 3k .

F5 SSELM kiR vA M
Table 5 Confusion matrix of SS-ELM algorithm

Accuracy/ %

Model
Park Subway Bus Residentail
Park 91.4 0.5 2.4 4.9
Subway 1.0 93.3 3.3 2.5
Bus 0.9 1.9 95 2.1
Residentail 2.7 2.3 12.2 82.7
GEERIE AR SCRR N I T SR B R E 2 A B L o T O v
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