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Using pictures of objects captured under ideal imaging conditions (in vitro) For every product, two different recordings are available: in vitro images
to recognize objects in natural environments (in situ) is an emerging area extracted from the web, and in situ images extracted from camcorder
of interest in computer vision and pattern recognition. We propose a new video collected inside a grocery store. We present the results of three

multimedia database of 120 grocery products, GroZi-120.
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Videos Colleceted in Store
e 29 Divx 5.2.1 files, 30 fps, 2kbps

e Multiple instances of same object
per frame, partially occluded

e Rotated,different illumination, angle

of view,affine and projective distortion

-

e Cluttered background, different products per frame
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total| 11194
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e Product location saved every 5 frames

Results - Localize

14 frames per product with highest
number of keypoints as True Positives

100 frames with none of the dataset
products as True Negatives

16 bins, ab components David Lowe’s approach
from Lab colorspace

commonly used object recognition/detection algorithms on the dataset.
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e Web : Froogle, Shopwiki,
Amazon Groceries, Yahoo
Images

e General + specialized (UPC
code) queries

recise and elaborate
ognition algorithms

e Include a variety of sizes,
poses and illuminations (coming
ease the dataset from different online vendors
rmation about physical and stock photo suppliers) —" p

to improve localization e Easy to analyze
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Results - Recogni

10 in situ images per product with highest n. of keypoints as Positives.

110 samples of the remaining products as Negatives
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CHM %Rec %Pre %TP %FP
Mean 15 17 18 65
Std Dev| 28 16 35 32
Best 71 82 100 4
Worst | 0.7 0.2 0 100
Mean 72 18 22 62
Std Dev| 20 17 26 28
Best 14 83 93 25
Worst 26 0.9 0 64
BHaar %Rec %Pre %ITP %FP
Mean 15 17 18 65
Std Dev| 13 13 19 24
Best 35 74 50 38
Worst | 0.5 0.2 0 92
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