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Abstract

With the explosive growth of multimedia objects such as Web images over the Internet, online
semantic scene image retrieval has been receiving increasing research interest. Conventional stu-
dies focus on single-concept-based image retrieval and cannot effectively retrieve semantic scene
images including multiple concepts that describe characteristic semantic scene. To tackle this is-
sue, i.e.,, semantic scene Web image retrieval, we propose a novel approach called multi-modal
deep learning based Semantic Scene Image Retrieval (SSIR) in this paper. In particular, we first
train a multi-modal Convolutional Neural Network (CNN) as a concept classifier for images and
texts. Second, semantic interdependencies of the sub-concepts included in the images are utilized
to refine the predicted semantic scores in order to enhance holistic scene recognition. Finally, to
improve the performance of retrieving rare scene concepts, a gradient descent algorithm is used
for compensating the varying frequencies of concepts derived from imbalanced image datasets.
The results of our experiments on MIR Flickr 2011 have shown that our proposed approach per-
forms favorably compared with several traditional methods.
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Figure 1. The graphical illustration of semantic scene image retrieval
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Figure 2. The SSIR system framework
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Table 1. Performance comparisons of semantic scene image retrieval
= 1 BENIAREGE R

KR IT ik A RURE =M VUK
GResNets [11] 0.23 0.25 0.18 0.17
DANE [12] 0.22 0.24 0.16 0.18
AlexNet I HIK[13] 0.18 0.21 0.15 0.15
VGGNet-Dropout [14] 0.18 0.20 0.15 0.14
VGGNet + KNN [15] 0.18 0.21 0.15 0.14
VGGNet + SVM [15] 0.18 0.21 0.14 0.13
MKL [16] 0.16 0.19 0.13 0.12
Autoencoder [17] 0.19 0.23 0.16 0.15
DBM [17] 0.20 0.23 0.16 0.16
SSIR (Ours) 0.26 0.28 0.24 0.23
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