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“Point-to-Flat” Strategy-Based Image Retrieval
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Abstract; Image retrieval is an important branch of computer vision. Its main purpose is to find the similar semantic images
to the query image from the image database. The traditional image retrieval method is a “point-to-point” retrieval between
the query image and the database. However, a single query image contains fewer category hints, that is, the category infor-
mation is weaker, and the retrieval results are not satisfactory. In this paper, the “point-to-flat” category-based retrieval
strategy is proposed to extend an image (point) to an image category (flat) , which means the semantic extension from the
individual query image to the whole image category. The proposed method mines the category information of the query im-
age. The performance of the proposed method is evaluated on two commonly used databases. The experimental results dem-
onstrate that the proposed method can significantly improve the performance of image retrieval.

Key words: image retrieval ; category information; similarity metric; “point-to-flat” strategy
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Tab.1 VGGNet-D configurations

Convl Conv2 Conv3 Conv4
64x3x3 64x3x3 128x3x3 128x3x3
Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1
Conv5 Conv6b Conv7 Conv8
256x3x%3 256x3x3 256x3x3 512x3x3
Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1
Conv9 Conv10 Convl1 Convl12
512x3x%3 512x3x%3 512x3x%3 512x3x%3
Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1 Stride 1, Pad 1
Convl3 FC14 FC15 FC16
512x3x%3 1x1x4096 1x1x4096 1x1x1000

Stride 1, Pad 1 dropout dropout softmax
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Fig. 1  Flowchart of N-PTF algorithm
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Fig.2 Shows the W-PTF in visualization
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Tab.2 mAP results of three distance metrics on two databases

g S Y R & TR PR B GBS
Caltech256 18.49% 37.15% 38.76%
Paris 34.73% 43.11% 44.35%
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Tab.3 mAP (%) results for N-PTF

WIRES Caltech256 Paris
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Tab.4 mAP (% ) results for W-PTF

Top-r Caltech256 Paris
r=1 94.10 88.52
r=20 78.96 83.47
r=40 76.14 81.59
r=60 75.01 79.26
r=280 74.15 78.61
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