e e —
————————

Introduction

The capacity of humans to perform a number of complex
visual tasks such as scene categorization in as little as 100ms
has been attributed to their ability to rapidly extract the “gist” of

a scene [1 -3]. Following a brief presentation of a photograph, an

observer is able to summarize the quintessential characteristics
of an image, a process previously expected to require much
analysis [4-5].

Various gist models, which utilize different types of low level
features have recently been presented.

In this work we report a comparison study with a scene
categorization task in 3 large scale and visually challenging
outdoor environments, with multiple lighting conditions.

Models
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The model computes magnitude
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Transform, here we use 4 by 4
equally-sized, non-overlapping

regions. We then reduce the feature dimension with Principal
Component Analysis (PCA) before classifying the scenes.

Renninger & Malik 2004
The model applies Gabor
e 7| filters to an input image and
then extracts 100 universal
textons, selected from
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training using K-means clustering. The gist vector is a histogram

of universal textons. Classification is using KNN based on
Chi-square distance.
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The model uses biologically plausible
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— grid (16 values) for a total of 544 raw gist
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¥ca Feurs v values. These values are then reduced
e T using PCA/ICA to 80 features. These
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neural networks.
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The model uses wavelet

image decomposition (we

use equivalent Gabor filters)

tuned to 6 orientations and 4

scales. The gist vector is
computed by averaging each filter output over a 4x4 grid. These
384-dimensional vectors are then reduced to 80 dimensions
using PCA. Classification is done by finding the minimum
Euclidean distance between the gist vectors of the input
images and those of the training set.

Testing Design

e 3 visually contrasting
outdoor sites under
various lighting
conditions.

® O - 11 training runs for
each site.

® 4 testing runs taken on
separate days.

e Each site is divided into 9

segments to be classified.

e Site 1: ACB
Building complex.

e Site 2: AnF
Park full of trees.

® Site 3:FDF
Open space.
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1 17.62% 14.47% | 18.11% 18.55%| 10.02% 38.08% 1 28.18% 22.06% | 41.00% 36.34% | 22.57% 23.63%
2 16.20% 19.27% | 29.46% 17.50% | 14.33% 15.08% 2 28.34% 4.56% | 56.06% 22.97%| 19.51% 28.75%
3 13.54% 6.89%| 13.22% 3.45%| 23.01% 10.70% 3 3.88% 1.64%| 36.87% 58.15%| 14.60% 14.85%
4 5.04% 6.81%| 9.70% 9.85%| 1.81% 5.84% 4 53.63% 0.16%| 0.54% 7.69%| 17.81% 9.71%
5 10.68% 15.97%| 17.93% 9.19%| 3.43% 3.81% 5 6.30% 2.65%| 36.38% 21.78%| 0.00% 15.96%
6 7.94% 10.01% | 20.75% 16.29% | 12.20% 14.89% 6 5.62% 4.26%| 33.87% 39.49%| 3.48% 13.71%
7 21.42% 32.78%| 17.74% 29.20%| 8.34% 8.52% 7 24.77% 38.01%| 53.35% 18.39%| 6.62% 9.89%
8 8.64% 20.11% | 22.27% 10.75%| 6.21% 9.48% 8 20.17% 12.10%| 3.11% 4.94%| 4.30% 43.05%
9 10.18% 22.68%| 8.25% 12.52%| 15.87% 5.80% 9 10.78% 4.91% | 17.93% 27.85%| 2.23% 9.48%
Overall 12.71% 16.28% | 17.29% 13.32%| 10.84% 12.63% Overall 22.30% 10.21%| 32.89% 29.02% | 9.85% 19.44%
Error Rate 13.55% EnorRate 21.09%

Discussions and Conclusions

e |n terms of accuracy, all the models perform roughly the
same (> 80%) on the one-shot scene classification task.

e All the models train about the same with maximum training

durations in the range of two hours.

e Gist computation speed is less than Tms/frame for all models,
except for the Renninger-Malik model, which takes about 7
sec/frame because it needs to compute textons for each pixel.

® The specific features (wavelets, FFT, Gabor) or training

algorithms (neural network, KNN) are not critical in

implementing a successful gist classifier.

e The coarseness and low computation costs of extracting gist
features facilitates effective usage in applications such as
content-based image retrieval and robot vision localization.
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