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Scene Recognition Based on Improved SIFT Features and Neural Network
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Abstract:As an important direction of computer vision,scene recognition based on deep learning still has some

problems,such as only extracting the high-level semantic features and missing the bottom features of an image.To solve this

problem,the paper proposes an indoor RGB-D image recognition method based on improved SIFT features and deep learning

neural network.Firstly,the SIFT features of images are extracted,the SIFT features are filtered according to the importance

degree by means of the Random Forest Algorithm,and then the depth loss function based on the depth histogram and the

depth mean histogram is proposed to accelerate the convergence of the model by combining the ResNet-based deep neural

network.The experimental results show that the algorithm can achieve 71.52% recognition rate on NYUD V2 data set,and

effectively improve the accuracy of indoor scene recognition.
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MUK 2 4 AU K . Lowe ' 1999442 1, JF 72004
FEMPASEE T RN RiEAS #(Scale—Invariant Feature
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2 ETFEREFEMREFIAIFERIRF (Scene
recognition based on traditional features and
deep learning)
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G(x,y,a):

D(x,y,O')=L(x,y,k0')—L(x,y,0') (3)
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R A FRAEL, 54> ] (2, » )6 HE i im (x, v )R 7 10 (x, )]
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M, 155 g Canny 14 H TC(x, ),
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0(x,y) = arctan
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2.2 E-TFResNeth] R EH#Z ML
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R BT UGESIFTRF AR 2 M 48 45 5 iy 3757 R 7
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ma, A TAME, HRA BRSNS E AL,
HAREERZ0, BV HRF B AR WY 1 m B E AR, &5
UKL, SO SEARZEXT B 4 AR ABO, #51% BR AU N
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loss = loss1 + loss2 (10)
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Fig.1 The proposed algorithm: model
3 FHHERS ST (Experimental results and
analysis)
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Tab.l Recognition rates of different algorithmic models
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4 Z5i8(Conclusion)
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