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The Current State and Future Directions on
Generic Object Recognition

KELII YANATt

“Generic object recognition” aims at enabling a computer to recognize objects in images
with their category names, which is one of the ultimate goals of computer vision research.
The categories which are treated with in generic object recognition have broad variability
regarding their appearance, which makes the problem very tough. Although human can rec-
ognize ten thousands of kinds of objects, it is extremely difficult for a computer to recognize
even one kind of objects. For these several years, due to proposal of novel representation of
visual models, progress of machine learning methods, and speeding-up of computers, research
on generic object recognition has progressed greatly. According to the best result, the 66.23%
precision for 101-class generic image recognition has been obtained so far. In this paper,
we survey the current state of generic object recognition research in terms of datasets and
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evaluation benchmarks as well as methods, and discuss its future directions.
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Fig.1 History of research on generic object recognition.
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Fig.2 (a) An example of Corel images and their associated keywords. (b) An ex-

ample result of image annotation by the translation model. The figure of

the annotation result is cited from Ref. 40).
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Fig.3 (a) Results of keypoint detection by Kadir-Brady detector °%) for “bike” im-

ages. The size of a circle corresponds to scale of the keypoint. (b) Trained

spatial relation model. In this example, the “bike” model consists of six

local parts. (c) Local patterns that are extracted from five “bike” images

automatically. (d) Recognition results. The above figures are cited from

Ref. 55).
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The histogram is regarded as a feature vector of the image.
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