Journal of Computer Applications ISSN 1001-9081 2021-09-10

SEAULE A, 2021, 41(9): 2720 - 2725 CODEN JYIIDU http://www. joca. cn
SCE G 1001-9081(2021)09-2720-06 DOT: 10. 11772/;. issn. 1001-9081. 2020111815

Ha Bl ZERNZ=IRA 7T E

B AR, TR KRR
(1. TR RS B 515 B RSB, VLR 7R 215009,
2. TN B HRML AR 22 B {5 BB 2B, L5 Z5 M 215009)

(= BIEMEH HFIRA fuyuanhu@mail. usts. edu. cn)

E: B ARAED % (ObjectNet) F23% 12 5] W 2548 45 69 7 3% P , & T ObjectNet 32 389 B ARH AL A% % W
BRI Y AT ARG Y A RO — 3, BB AR AR AR R 3 FI T 6 TR B, RO IR A 69 R A R AR
AFAFIXAN AR, 32 B — AP B0 45 A B AR 69 E N IR A ik . B 28, 7 ObjectNet P 51N K 234 (CCM) , #
ObjectNet 4y H 4 B ARG AE T AT 2540 AL FF B ARSF AL 09 2 5 15 ) R 45 AR 0 25 3 A8 — 30, VA SRR ) 45 AR 4 B R — B &
8915 B E KRB R A LT XIT42(CO) B 3T AL 69 TTAZ 347404 , A R R A8 £ 42 BT, -5 T B AR
AL AR P9 AE R o % 77 % 42 MIT Indoor67 #4045 45 L6 12 3| 2 4 534 2] 90. 28% , 55 4 47 = 18] A By g 3 53 3L
HAE(SOSF) 7 ik AR R A EAM FER ZH T 0. 7748 25 ; /2 SUN39T S4B 5 LR A a7 Rk 3 81. 15%, 5 X &+ K
BRZEM (HoAS) F ik AW RAEARFER ST 19N B L L, EREREAN IR FTERSZTEANZ T HA A
E

KB R EF D AR ENS ;TR FTRA; AR £, LT L4

FESES . TP391.4  XEKERERD:A

Indoor scene recognition method combined with ?&t detection
y

XU Jianglang', LI Linyan®’, WAN Xinjun', uan'"
(1. School of Electronic and Information Engineering, Suzhou University ofScie::’e Mnology, Suzhou Jiangsu 215009, China;

2. School of Information Technology, Suzhou Institute of Trade and Co ce, Suzhou Jiangsu 215009, China)
[ ]

Abstract: In the method of combining Object detection ObjectNet) and scene recognition network, the object
features extracted by the ObjectNet and the scene feature ex{ra d by the scene network are inconsistent in dimensionality

recognition accuracy of scenes. To solve thi em, an improved indoor scene recognition method combined with object

and property, and there is redundant informati Nobject features that affects the scene judgment, resulting in low
p
detection was proposed. First, the Cle nveE‘ion Matrix (CCM) was introduced into the ObjectNet to convert the object
features output by ObjectNet, so that 1mension of the object features was consistent with that of the scene features, as a
result, the information loss caused by inconsistency of the feature dimensions was reduced. Then, the Context Gating (CG)
mechanism was used to suppress the redundant information in the features, reducing the weight of irrelevant information, and
increasing the contribution of object features in scene recognition. The recognition accuracy of the proposed method on MIT
Indoor67 dataset reaches 90. 28%, which is 0. 77 percentage points higher than that of Spatial-layout-maintained Object
Semantics Features (SOSF) method; and the recognition accuracy of the proposed method on SUN397 dataset is 81. 15%,
which is 1. 49 percentage points higher than that of Hierarchy of Alternating Specialists (HoAS) method. Experimental
results show that the proposed method improves the accuracy of indoor scene recognition.
Key words: deep learning; Convolutional Neural Network (CNN); indoor scene recognition; object detection; Class
Conversion Matrix (CCM); Context Gating (CG)
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8 1 0 4 0 0 0 0 180 2 0 0 1 0 0 0 95.7
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