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Problem

A Traditional ways of inferring depth
I Binocular disparity
I Structure from motion
I Defocus

A Given a single monocular image, how to infer
absolute depth?

I Learn the relationship between image features
and absolute depth
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Mean depth
(Paper #1)

Geometric stage
(Paper #2)

Dense depth map
(Paper #3)



Paper #1
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A Goal: estimate absoluteieandepth of a
scene based on scene structure

A This paper inspired the invention of GIST
feature



Intuition

A Scenes at different depths have
different spatial structures

I Panoramic views:
Uniform texture zones along
horizontal layers

I Mid-range urban environments:
Dominant long horizontal and
vertical contours and square patternSymmms

I Closeup views of objects:
Large flat surfaces with no dominant
orientation




Image Structure Representation

A Global spectral signature
I Defined as the amplitude spectrum of the entire

Image
N-1N-1 1
I(f) = Z Z i(x) h(x) e 27<tx>  A(f) = |I(f)|
r=l) y=(

I Man-made and natural scenes have disparate
global spectral signatures



Specific examples:
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On average:
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Image Structure Representation

A Local spectral signature

I Defined as the magnitude of the output of Gabor
wavelet filters

I(x,k) = Y i(¥) he(x = X) A(x k) = |I(x, k)|

-i'_.r

I Not only differs between mamade and natural
scenes, but is spatially nestationary as well
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Spectral Signature vs. Mean Depth

A How do the global and local spectral
signatures change with the mean depth of
Images”?

I The answer to this question determines If it IS

feasible to estimate mean depth using those
spectral signatures



Man-made
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Natural
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Spectral Signature vs. Mean Depth

A Typical behavior of spectral signatures

I An increase of global roughnesg.t. depth for
manmade structures

I A decrease of global roughness.t. depth for
natural structures

I Local spectral signature becomes increasingly-nor
stationary as depth gets large

I More biased towards horizontal and vertical
orientations as depth increases



Low-Dimensional Representation of

Spectral Signature

A Global spectral signature

Amplitude spectrum is defined on a continuouf?2
frequency space

Discretizat by sampling at specific frequency
magnitudes and orientations

Approximated by summing the energy of wavelet

coefficients over the entire image at specific scale:
and orientations 5
A=) (k)

Termed agyjlobal energywhich encodes dominant
orientations and scales in the image



Low-Dimensional Representation of
Spectral Signature

A Global spectral signature (another variant)

I Wavelet coefficients at different scales and
orientations are correlated

I Define themagnitude correlation

AT = I(x,4)[[ (%, )]

I Magnitude correlations encode degree of clutter
of edges and shapes



Low-Dimensional Representation of
Spectral Signature

A Local spectral signature

I The original local spectral signature has the same
spatial resolution as the image

I Downsample it to contain onlps2  pixels
A2, (x,k) = {|I|[}:_._ k)2 LM}

I Termed asocal energywhich encodes local scales
and orientations



Low-Dimensional Representation of
Spectral Signature

A Dimension of global energxk:
A Dimension of magnitude correlatiork?
A Dimension of local energa2i

A Perform PCA to reduce the feature dimension
to L



Learning to Estimate Mean Depth
from Feature Vector

A Regress the mean depth  on feature vevtor
A Need to approximate the regression function

ED|vI = [ Dy (D]v)dD

A Take a generative approach:

I Given a feature vectcv , use Gaussian Bayes
classifier to determine if the image belongs to
manmade scene group or natural scene group



Learning to Estimate Mean Depth
from Feature Vector

I Given each scene group, model the joint distributic
of D ancv as a twlevel hierarchical mixture of

Gaussians
N,

f(D,v]art) =}  g(D[v,c:) g(v|c:)p(c:)
where -
exp [— 3 (v — ,:,rq-)TX!._l{v = M)}

{2?1_)[-;'!|X!_|l;'2

g{V | 'Tz') -

exXp {_ (D —aj — VTE') _/ilf:r'f]
V 2mo;




Learning to Estimate Mean Depth
from Feature Vector

A Note that the mean cb givew  and cluster i
a linear function ov , suggesting that the ML
estimation ofe; ane: is equivalent to LS
linear regression



Learning to Estimate Mean Depth
from Feature Vector

A Use EM algorithm to learn the mixture model

T “(ci | Dy, ve) = f}fk(Di’-|vi‘-=ﬂé)9k(‘ff|fls)Pk(f%)
= Step Pl Deve) SN g4 (Dy | viyei) g5 (v | ) pR(ci)
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Learning to Estimate Mean Depth
from Feature Vector

A Having learned the model,

I The estimate oD Is given by a mixture of linear
regressions

B = >y (ai + v g(v| ) ple:)

E:El g{v | Ea’)p{ci)

I The confidence of the estimate is given by

N. o N
o5, = E[(D — D)’|v] = >0 gvie)pla)

S g(v|e) ple:)




Experimental Results

A Ground truth generation

Divide the entire training data set into manade
scene group and natural scene group

Sort the images in each group according to their
mean depths

Humans estimate the mean depths of a portion of
the images in each group

Use a polynomial to fit the estimated mean depth
as a function of the sorted rank



Using global energy features
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Using local energy features
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Performance (3.2 Dpag) > D > Dpeg)/3.2)
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Application

A Scene category recognition
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Application

A Scale selection
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Paper #2
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A Goal: Estimate thgeometric typeof the
global scene in an image



Intuition

A Instead of directly regressing absolute depth,
It may be helpful to classify the image Into
relatively few 3D scene geometriéstages
first
I This type of scene information narrows down

possible locations, scale, and identities of
iIndividual objects
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Intuition

A Image gradient has different distributions as
depth increases

I Makes it possible to use image gradient features
to perform stage classification



Classification

input image
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Experimental Results

A Dataset

I Keyframesf the 2006 TRECVID video benchmark
dataset

I Annotate 1241 TRECWByframesanto one of the
15 stage categories

I For each category, half for training and half for
testing



Experimental Results

A Evaluation

i Correct rate = true positives + true negatives

total number of images

I For a class that occupie8o of the dataset, the
correct rate of random guess Is

p/ K+ (Ip)(K-1)/K

whereKis the total number of classes
I Whenp is small, this measure is overly optimistic



Experimental Results

TP+ TN
TP+ TN+ FP +FN

IS pretty large!




Experimental Results

A Lower level of hierarchyg 12 classes

class name % 1n dataset % correct

1 sky+bkg+gnd 6.3% 16.7%
2 gnd+bkg 7.1% 8.2%

3 sky+gnd 8.7% 60.7%
4 end 7.4% 44.7%

5 egnd+diagBkg 10.75% 26.9%

6 diagBkg 6.4% 14.3%

7 box 5.5% 8.1%

8 1 side-wall 9% 13.6%
9 corner 10.75% 34.3%
10 tab+pers+bkg 7.4% 48%
11 pers+bkg 13.1% 42 5%
12 no depth 7.4% 22.4%

AVG: 28.4%

chance
86.42%
85.75%

84.42%
85.50%
82.71%
86.33%

87.08%
84.17%
82.71%
85.50%

80.75%
85.50%
84.74%



Experimental Results

A My experiments
| Stanford Range Image Dataset

I Classify 271 images into 8 stage categories

I For each stage, 2/3 used for training and 1/3 for
testing






Experimental Results

Overall accuracy = #all TP

A Confusion matrix # all images

Overall accuracy: 24.71% Recall

28.57%

40.00%
33.33%
18.18%

0.00%
26.32%

12.50%
0.00%

1 2 3 4 5 6 7 8

Chance: 12.50%






