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Multi-scale Contextual Image Labeling

ZHOU Quan' WANG Lei'»2 ZHOU Liang! ZHENG Bao-Yu!

Abstract This paper provides a novel method for image la-
beling by combining the local features and contextual cues in
a multiple segmentation framework. Our main insight is that
identifying a larger image region provides strong evidence for
classifying the contained smaller ones. The proposed method
weights the classification results of each image region at differ-
ent levels using the Bayesian rules, which are obtained by a series
of learned discriminative models based on bag of features. Mul-
tiple segmentation framework provides a robust representation,
allowing a wide variety of cues to contribute to the confidence
in each semantic label. Compared with previous methods, the
algorithm achieves the state-of-the-art results and fastest imple-
mental speed on the benchmark dataset.
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Fig.1 Motivation of using multi-scale contextual information
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{a) Original image (b) Super-pixels
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{¢) Multi-layer segmentation and labeling results
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(d) Final labeling result
using multi-scale context

K2 TR B2 UL BRSO G bR AR

Fig.2 Illumination of our layered segmentation framework
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(a) Original image

(b) Texton image
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Fig.3 Illumination of original image and corresponding texton

image
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(a) Our results on LHI 15-class dataset
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(b) Our results on MSRC 21-class dataset

4 ASCSWAE LHI 15 EE M MSRC 21 8l 4 EIRITATFE 0 B SEgt: (FPI iR 2200k 79.4 % 1 82.08 %)
Fig.4 The confusion matrices over LHI 15-class dataset and MSRC 21-class dataset (The average recognition accuracies are
79.4 % and 82.08 % over two datasets, respectively.)
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Illumination of some labeling results on LHI 15-class dataset (up panel) and MSRC 21-class dataset (bottom panel) (For

Fig. 5

clarity, textual labels have also been superimposed on the resulting segmentations and different gray level denotes different

category.)
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Fig.6 Effect of inducing multi-scale contextual information (The first column gives the original image and corresponding ground
truth. The second column is the labeling result only using image features of superpixels. The rest images show the object

recognizable maps by gradually increasing the number of segmentation layers. Example comes from MSRC dataset.)
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Fig.7 Effects on the performance with different parameters
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