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Image Basics

• The digital image
• Image formation
• Pixel Description (grayscale and colour)



Introduction and Motivation



Obtaining Images

1670 1860 2000

Camera Obscura −→ Camera Phone

It’s becoming easier !



Digital Imagery Pervades Society

Even only considering

Personal Digital Cameras 98 million digital cameras were sold world-wide in
2006. Over 2 billion photos have been uploaded onto Flickr.

Camera Phones 85% of mobile phones have in-built cameras.

Surveillance Cameras Everywhere An estimated 4 million CCTV cameras in UK.

That’s a huge amount of data.

Today almost all of the analysis, interpretation or cataloging
based on semantic content has to be done manually.



Digital Images & Computers

Recently computer vision has developed successful techniques for

computer graphics/image processing

geometric measurement



Digital Images & Computers

Modifying the initial image(s): Mosaic generation

(a) Matier data set (7 images)

(b) Matier final stitch

(c) Abbey data set (20 images)

(d) Abbey final stitch

Figure 9. The stitched images used for the matching results found in this paper. We have successfully
tested our multi-image matching scheme on a database containing hundreds of panoramic images. See
http://www.research.microsoft.com/∼szeliski/StitchingEvaluation for more examples.



Image Editing

Object Removal by Exemplar-Based Inpainting
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Abstract

A new algorithm is proposed for removing large objects

from digital images. The challenge is to fill in the hole that

is left behind in a visually plausible way.

In the past, this problem has been addressed by two

classes of algorithms: (i) “texture synthesis” algorithms

for generating large image regions from sample textures,

and (ii) “inpainting” techniques for filling in small image

gaps. The former work well for “textures” – repeating two-

dimensional patterns with some stochasticity; the latter fo-

cus on linear “structures” which can be thought of as one-

dimensional patterns, such as lines and object contours.

This paper presents a novel and efficient algorithm that

combines the advantages of these two approaches. We

first note that exemplar-based texture synthesis contains

the essential process required to replicate both texture and

structure; the success of structure propagation, however, is

highly dependent on the order in which the filling proceeds.

We propose a best-first algorithm in which the confidence

in the synthesized pixel values is propagated in a manner

similar to the propagation of information in inpainting. The

actual colour values are computed using exemplar-based

synthesis. Computational efficiency is achieved by a block-

based sampling process.

A number of examples on real and synthetic images

demonstrate the effectiveness of our algorithm in remov-

ing large occluding objects as well as thin scratches. Ro-

bustness with respect to the shape of the manually selected

target region is also demonstrated. Our results compare fa-

vorably to those obtained by existing techniques.

1. Introduction

This paper presents a novel algorithm for removing objects

from digital photographs and replacing them with visually

plausible backgrounds. Figure 1 shows an example of this

task, where the foreground person (manually selected as the

target region) is replaced by textures sampled from the re-

mainder of the image. The algorithm effectively halluci-

nates new colour values for the target region in a way that

looks “reasonable” to the human eye.

In previous work, several researchers have considered

texture synthesis as a way to fill large image regions with

a b

Figure 1: Removing large objects from images. (a) Original image. (b)
The region corresponding to the foreground person (covering about 19%
of the image) has been manually selected and then automatically removed.

Notice that the horizontal structures of the fountain have been synthesized

in the occluded area together with the water, grass and rock textures.

“pure” textures – repetitive two-dimensional textural pat-

terns with moderate stochasticity. This is based on a large

body of texture-synthesis research, which seeks to replicate

texture ad infinitum, given a small source sample of pure

texture [1, 8, 9, 10, 11, 12, 14, 15, 16, 19, 22]. Of particular

interest are exemplar-based techniques which cheaply and

effectively generate new texture by sampling and copying

colour values from the source [1, 9, 10, 11, 15].

As effective as these techniques are in replicating consis-

tent texture, they have difficulty filling holes in photographs

of real-world scenes, which often consist of linear struc-

tures and composite textures – multiple textures interacting

spatially [23]. The main problem is that boundaries be-

tween image regions are a complex product of mutual in-

fluences between different textures. In constrast to the two-

dimensional nature of pure textures, these boundaries form

what might be considered more one-dimensional, or linear,

image structures.

A number of algorithms specifically address this issue

for the task of image restoration, where speckles, scratches,

and overlaid text are removed [2, 3, 4, 7, 20]. These image

inpainting techniques fill holes in images by propagating

linear structures (called isophotes in the inpainting litera-

ture) into the target region via diffusion. They are inspired

by the partial differential equations of physical heat flow,

1

Remove unwanted objects from a scene



Digital Images & Computers

Visualization, building 3D models of real world objects from
imagesComplete 3D reconstruction

!Planar measurements
!Height measurements
!Automatic vanishing point/ line 

computation
!I nteractive segmentation
!Occlusion filling
!Object placement in 3D model

Single
image

3D
model

Single
View

algorithms



Inserting artificial objects to real images

Breaking out of 2D
…now we are ready to break out of 2D

And enter the real world!



Digital Images & Computers

However, the more exciting and perhaps necessary goal of computer

vision is the:

Automatic description and recognition of the world,

via visual images, in terms humans care about.

Journey from

Measurement and Manipulation
to

Perception



What & Where

Given an image what do humans see or notice ?



Query Task

Does the image contain a car ?



Detection

Where are the people ?



Object Categorization

What type of objects present and where ?



Scene Understanding

It is a very sunny day at a
ski resort. Three friends
are unpacking (packing)
their car. They are either
about to embark on a
skiing trip or have just
returned from one.

A picture is worth a thousand words !



Potential Application Domains



Home Robots



Cataloging and Searching Photo and Video
Collections



Surveillance

Surveillance



Presently, computers cannot replicate
human image analysis

Why Not ??

Let’s focus on the task of object
recognition.



Challenges:

View Point Variation

Illumination Variation

576 M. Shimano et al.

(a) (b) (c) (d)

Fig. 2. Example of synthesized images with our method: (a) training image of a face
illuminated from right, (b) synthesized image taken under frontal illumination with our
method incorporating correlation between surface pixels, (c) synthesized image taken
under frontal illumination without correlation , (d) real image taken under frontal
illumination.

component and highlights are correctly synthesized even at surface points in
shadows, e.g., the shadow cast by the nose and the attached shadow on the
cheek. In contrast, it can be clearly seen that the image synthesized by using
Sim and Kanade’s method in Figure 2 (c) has problems for dealing with surface
points in shadows.

4.2 Face Recognition

Two databases of face images taken under different illumination were used for
our tests: our own database which contains frontal face images of 12 individuals
illuminated from 11 different lighting directions and CMU-PIE database [19]
which contains frontal images of 68 individuals illuminated from 21 different
lighting directions.

All of the tests were conducted as follows. First, one image for each individual
was used as a training image, and 40 images under different illumination (5
images only in the first experiment) were synthesized by using the training image
and the statistical model learned from the Yale database B. Those 41 images
were then used to generate the subspace for each individual. The rest of the
images in the database were used as a test image and classified by searching for
the subspace with the closest Euclidean distance to the test image.

In the first experiment, we compared the performance of our method with the
most closely related method by Sim and Kanade [18] by using our own database.
An image taken under frontal lighting was used as the single training image for
each person for generating the person’s subspace by Sim and Kanade’s method
and our proposed method. Table 1 shows recognition rates achieved by these
two methods, and it shows significant improvement in recognition accuracy by
incorporating correlations between surface points in MAP estimation as in our
method.

In the second experiment, we used the CMU-PIE database, and the image of
each person illuminated from the side was used as a training image. The result
is shown in Table 2. As in the first experiment, recognition accuracy was signifi-
cantly improved from 68% to 86% by incorporating correlations between surface
points. Our method works well because both the diffuse reflection component

Occlusion

Deformation

Figure 5: Exemplars for ballet dataset. These 96 exemplar frames were automatically
extracted from the input video sequence. Human body joint locations were manually
marked on these exemplar frames, and then used to automatically detect joint locations
in the rest of the video sequence.

We perform this morphing in the 2d image plane. The model we use is a “cardboard
person” model (Figure 7) consisting of a torso region and eight half-limbs (upper and
lower arms and legs). Each half-limb has 2 degrees of freedom. Joints are allowed to
rotate in 2d, and each half-limb may be scaled in length. Joint angles for elbows and
knees are measured with respect to the adjacent hands/feet and shoulders/hips. Joint
angles for shoulders and hips are measured with respect to the adjacent elbow/knee, and
the shoulder/hip on the same side of the body. Note that there are singularities in this
representation, for example when a standing human is viewed from above, however,
they do not appear in the sequences we are interested in.

8

Intra-class variation



Current State-of-the-Art

• Detection of specific objects in stereo-typical poses

faces, cars, pedestrians

• Classification of the scene environment

indoor, urban/city, forest, building



What has been achieved



Handwritten Digit Recognition

Typical: 98-99% correct classification



Finding Frontal Faces



Finding People



Finding skeletal joints: Kinect
9.12 Applications 209

Figure 9.24 Identifying human parts. a) The goal of the system is to take a
depth image x and assign a discrete label w to each pixel indicating which
of 31 possible body parts is present. These depth labels are used to form
proposals about the position of 3D joints. b) The classification is based on
decision trees. At each point in the tree the data is divided according to
the relative depth at two points (red circles) offset relative to the current
pixel (yellow crosses). In this example this difference is large in both cases,
whereas in c) this difference is small - hence these differences provide infor-
mation about the pose. d,e) Two more examples of depth image, labeling
and hypothesized pose. Adapted from Shotton et al. (2011) c�2011 IEEE

.

based on the difference in measured depths at two points, each of which is spatially
offset from the current pixel. The offsets are inversely scaled by the distance to
the pixel itself which ensures that they address the same relative positions on the
body when the person moves closer or further away to the depth camera.

The system was trained from a very large dataset of 900,000 depth images which
were synthesized based on motion capture data and consisted of 3 trees of depth
20. Remarkably, the system is capable of assigning the correct label 59% of the
time and this provides a very solid basis for the subsequent joint proposals.

Copyright c�2011 by Simon Prince; to be published by Cambridge University Press 2012.
For personal use only, not for distribution.



Recovery of Scene Layout208 9 Classification models

Figure 9.23 Recovering surface layout. The goal is to take an image and
return a label indicating whether the pixel is part of a support surface (green
pixels) vertical surface (red pixels) or the sky (blue pixels). Vertical surfaces
were sub-classified into planar objects at different orientations (left arrows,
upward arrows and right arrows denote left-facing, frontoparrallel and right-
facing surfaces) and non-planar objects which can be porous (marked as
‘o’) or non-porous (marked as ‘x’. The final classification was based on (i)
location cues (which include position in the image and position relative to
the horizon) (ii) colour cues (iii) texture cues and (iv) perspective cues which
were based on the statistics of line segments in the region. The figure shows
example classifications for each of these cues alone and when combined.
Adapted from Hoiem et al. (2007) c�2007 ACM.

surface. This algorithm was the basis of a remarkable system for creating a 3D
model from a single 2D photograph (Hoiem et al. 2005).

9.12.5 Identifying human parts

Shotton et al. (2011) describe a system which assigns a discrete label w ∈ {1, . . . 31}
indicating which of 31 body parts is present at each pixel based on a depth image
x. The resulting distribution of labels is an intermediate representation in a system
that proposes a possible configuration of the 3D joint positions in the Microsoft
Kinect gaming system (figure 9.24).

The classification was based on a forest of decision trees: the final probability
Pr(w|x) is an average (i.e., a mixture) of the predictions from a number of different
classification trees. The goal is to mitigate against biases introduced by the greedy
method with which a single tree is trained.

Within each tree the decision about which branch a datapoint travels down is

Copyright c�2011 by Simon Prince; to be published by Cambridge University Press 2012.
For personal use only, not for distribution.

• For each pixel return label of Sky, Support surface, Vertical surface.

• Vertical surfaces are then sub-classified

– into planar objects at different orientations (shown by arrows) and
– non-planar objects which are either porous (’o’) or non-porous (’x’).



Semantic Labelling of an image9.12 Applications 207

Figure 9.22 Semantic image labeling using “TextonBoost”. a) Original im-
age. b) Image converted to textons – a discrete value at each pixel indicating
the type of texture that is present. c) The system was based on weak classi-
fiers which count the number of textons of a certain type within a rectangle
that is offset from the current position (yellow cross). d) This provides both
information about the object itself (contains sheep-like textons) and nearby
objects (near to grass-like textons). e,f) Another example of a weak clas-
sifier. g) Test image. h) Per-pixel classification is not very precise at the
edges of objects and so i) a conditional random field is used to improve the
result. j) Examples of results and ground truth. Adapted from Shotton
et al. (2009) c�2009 Springer.

principle. Each of the 3 binary classifiers was based on logitboosted classification
trees; different classification trees are treated as weak classifiers and the results are
weighted together to compute the final probability.

Hoiem et al. (2007) worked with the intermediate representation of superpixels
– an over-segmentation of the scene into small homogeneous regions which are
assumed to belong to the same object. Each superpixel was assigned a label w
using the classifier based on a data vector x which contained location, appearance,
texture and perspective information associated with the superpixel.

To mitigate against the possibility that the original superpixel segmentation was
wrong, multiple segmentations were computed and the results merged to provide
a final per-pixel classification (figure 9.23). In the full system, regions which were
classified as vertical were sub-classified into left-facing planar surfaces, frontopar-
allel planar surfaces or right-facing planar surfaces or non-planar surfaces which
may be porous (e.g., trees) or solid. The system was trained and tested on a
dataset consisting of images collected from the web including diverse environments
(forests, cities, roads etc.) and conditions (snowy, sunny, cloudy etc.). The dataset
was pruned to remove photos where the horizon was not within the image.

The system correctly labeled 88.1% of pixels correctly with respect to the main
three classes and 61.5% correctly with respect to the subclasses of the vertical

Copyright c�2011 by Simon Prince; to be published by Cambridge University Press 2012.
For personal use only, not for distribution.



The Common Denominator

These applications do not rely on traditional vision methods

Physics-Based Methods - Understanding and exploiting the physics of imaging
i.e., how the light from different sources reflects from different surfaces of
differing shapes and materials.

Geometry-Based Methods - Recovery of 3D structure from 2D images.

They exploit in some form

Learning-Based Methods - Solve problem by reference to training data (e.g.,
have a face image if it looks like an image which I know is a face.)

Trend fueled by the rapid growth of computational power, memory
and the abundance of visual images and video and the web.



Why must computers learn ?
Unclear how to model object categories, so we must learn what

distinguishes them rather than manually specify the difference.

How do computers learn ? . . .



The Main Issues

Representation

How to represent an object and/or object category

Classification Design

How to form the classifier, given the training data

Recognition

How the classifier is used on novel data



Representation I

An image is an array of numbers



Representation II

Feature Extraction - Summarize the pattern of the number array
by applying measurements i.e., oriented edge filters

⇒ f = (f1, f2, · · · )



Representation III

Feature Vector

f



Learning from examples

Many feature vectors from a category



Learning from examples

Want different categories to occupy different parts of the space.



Is it a bike or a face ?

?



Discriminative Categorization

Decision Boundary



Generative Categorization

In this case consider:

• an object class forms a volume in the high dimensional feature space.

• Model the shape of this volume and construct the likelihood p(f |object).

• This problem involves the combination of empirical data analysis, mathematical
and statistical modeling in high dimensional spaces.



Generative Categorization

p(f | motorbike) > ∊

p(f | face) > ∊

Decision boundary:
p(f |face)p(face) = p(f |motorbike)p(motorbike).



Final Word

When will performance be equivalent to human vision ??

year2005 2010 2025 20302015 2020 2035 2040

-typed characters
-handwritten characters

-face recognition
-generic 3D objects

          and elementary actions
-semantic description

of dynamic scenes 


