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Index generation for image retrieval
by integrating multiple layers of DCNNs

Hiroaki TANIT Toshikazu WADAT

Abstract: Deep Convolutional Neural Networks (DCNNs) have been successfully applied to image classification tasks. Features
captured by DCNN tuned for classification can be used as indices for image retrieval. In many cases, indices are extracted from
the feature map preceding the last output layer of DCNN. However, this feature map has semantic (categorical) information of
object without color and texture information. Image retrieval using such feature is not suitable for specific object retrieval, such as
product image retrieval, because color and texture information plays important role in such retrieval task. For solving this problem,
we propose a method to create image retrieval indices from feature maps extracted from multiple layers of DCNNs. Since multiple
features have imbalance information, we integrate them into an index tuned for image retrieval by using other DNN. We call this
method Feature Turning. Through some specific object retrieval experiments, we demonstrate the effectiveness of our method.
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# 2 softmax & FW =528 K 2 FEBRAE R

Feature Tuning Feature Tuning

softmax addition normalized addition
(3 J& 9> DNN) (6 J& 9> DNN)
UKBench
3.73 3.78 3.84 3.84 3.91
(NS-Score)
Holidays
0.855 0.881 0.900 0.906 0.977
(mAP)
Oxford5k
0.485 0.456 0.448 0.435 0.0167
(mAP)
% 3 CosFace & W =581 X D oG R
. . . Feature Tuning Feature Tuning
cosface addition normalized addition
(3 J& DNN) (6 J& ™ DNN)
UKBench
3.93 3.94 3.93 4.00 4.00
(NS-Score)
Holidays
0.955 0.960 0.963 0.998 0.998
(mAP)
Oxford5k
0.658 0.585 0.573 0.617 0.576
(mAP)
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