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ÅTraditional ways of inferring depth

ïBinocular disparity

ïStructure from motion

ïDefocus

ÅGiven a single monocular image, how to infer 
absolute depth?

ïLearn the relationship between image features 
and absolute depth
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ÅGoal: estimate absolute meandepth of a 
scene based on scene structure

ÅThis paper inspired the invention of GIST 
feature 



ÅScenes at different depths have 
different spatial structures

ïPanoramic views: 
Uniform texture zones along 
horizontal layers

ïMid-range urban environments:
Dominant long horizontal and 
vertical contours and square patterns

ïClose-up views of objects:
Large flat surfaces with no dominant 
orientation



ÅGlobal spectral signature

ïDefined as the amplitude spectrum of the entire 
image

ïMan-made and natural scenes have disparate 
global spectral signatures



Man-made Natural

Specific examples:

On average:



ÅLocal spectral signature

ïDefined as the magnitude of the output of Gabor 
wavelet filters

ïNot only differs between man-made and natural 
scenes, but is spatially non-stationary as well





ÅHow do the global and local spectral 
signatures change with the mean depth of 
images?

ïThe answer to this question determines if it is 
feasible to estimate mean depth using those 
spectral signatures



Man-made



Natural



ÅTypical behavior of spectral signatures

ïAn increase of global roughness w.r.t. depth for 
man-made structures

ïA decrease of global roughness w.r.t. depth for 
natural structures

ïLocal spectral signature becomes increasingly non-
stationary as depth gets large

ïMore biased towards horizontal and vertical 
orientations as depth increases



ÅGlobal spectral signature

ïAmplitude spectrum is defined on a continuous 2-D 
frequency space

ïDiscretizeit by sampling at specific frequency 
magnitudes and orientations

ïApproximated by summing the energy of wavelet 
coefficients over the entire image at specific scales 
and orientations

ïTermed as global energy, which encodes dominant 
orientations and scales in the image



ÅGlobal spectral signature (another variant)

ïWavelet coefficients at different scales and 
orientations are correlated

ïDefine the magnitude correlation

ïMagnitude correlations encode degree of clutter 
of edges and shapes



ÅLocal spectral signature

ïThe original local spectral signature has the same 
spatial resolution as the image

ïDownsample it to contain only        pixels 

ïTermed as local energy, which encodes local scales 
and orientations



ÅDimension of global energy:

ÅDimension of magnitude correlations:

ÅDimension of local energy:

ÅPerform PCA to reduce the feature dimension 
to   



ÅRegress the mean depth     on feature vector

ÅNeed to approximate the regression function

ÅTake a generative approach:

ïGiven a feature vector    , use Gaussian Bayes 
classifier to determine if the image belongs to 
man-made scene group or natural scene group



ïGiven each scene group, model the joint distribution 
of      and    as a two-level hierarchical mixture of 
Gaussians

where



ÅNote that the mean of     given     and cluster is 
a linear function of    , suggesting that the ML 
estimation of     and     is equivalent to LS 
linear regression



ÅUse EM algorithm to learn the mixture model

ïE-step

ïM-step



ÅHaving learned the model,

ïThe estimate of      is given by a mixture of linear 
regressions 

ïThe confidence of the estimate is given by



ÅGround truth generation

ïDivide the entire training data set into man-made 
scene group and natural scene group

ïSort the images in each group according to their 
mean depths

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

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



Using global energy features



Using local energy features



Comparison



ÅScene category recognition



ÅScale selection
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ÅGoal: Estimate the geometric typeof the 
global scene in an image



ÅInstead of directly regressing absolute depth, 
it may be helpful to classify the image into 
relatively few 3D scene geometries (stages) 
first

ïThis type of scene information narrows down 
possible locations, scale, and identities of 
individual objects





ÅImage gradient has different distributions as 
depth increases

ïMakes it possible to use image gradient features 
to perform stage classification 





ÅDataset

ïKeyframesof the 2006 TRECVID video benchmark 
dataset

ïAnnotate 1241 TRECVID keyframesinto one of the 
15 stage categories

ïFor each category, half for training and half for 
testing



ÅEvaluation

ïCorrect rate = 

ïFor a class that occupies p% of the dataset, the 
correct rate of random guess is 

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

where K is the total number of classes

ïWhen p is small, this measure is overly optimistic

true positives + true negatives
total number of images
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TN

FP

FN

TP + TN

TP + TN + FP + FN

is pretty large!



ÅLower level of hierarchy ς12 classes
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ÅMy experiments

ïStanford Range Image Dataset

ïClassify 271 images into 8 stage categories

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





ÅConfusion matrix
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Overall accuracy: 24.71%

Chance: 12.50%

# all TP

# all images 
Overall accuracy = 
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