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Introduction

❑ Perception: How we connect the the agent to the raw, unwashed world? 
❑ Perception provides agents with information about the world they inhabit by interpreting the 

response of sensors. 
❑ A sensor measures some aspect of the environment that is input to the agent.
❑ Sensory modalities: vision, hearing, and touch (shared with humans) as well as radio, infrared, 

GPS, and wireless signals (only for machines)
❑ Vision: How the agent sees and understands the visual world? 

❑ Sensor models for vision P(𝐄𝑡 | 𝐗𝑡): two components of an object model and a rendering model
❑ Object model: 3D geometric model of objects, such as people, buildings, trees, cars, …
❑ Rendering model: Physical, geometric, statistical processes that produce the stimulus from the 

world, such as the effect of light, shading, and reflection.
❑ Approaches to Visual Perception

❑ Feature extraction approach: Simple computations to the sensor observations
❑ Recognition approach: Labels each image with a yes or no (“food”, “Grandma’s face”)
❑ Reconstruction approach: Builds a geometric model of the world from images
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Motivating Examples: Visual Perception

• Self-driving cars 

• Machine inspection

• Optical character recognition (OCR)

• 3D model building 

(photogrammetry)

• Retail (e.g. automated checkouts)

• Medical imaging

• Automotive safety

• Match move (e.g. merging CGI 

with live actors in movies)

• Motion capture (mocap)

• Surveillance

• Fingerprint recognition and 

biometrics

https://int.search.myway.com/search/AJimage.jhtml?&enc=0&n=78674121&p2=%5
EBSB%5Echr999%5ETTAB02%5E&pg=AJimage&pn=1&ptb=37D82E3B-48C7-
47BB-A51A-
347A9F03E0D2&qs=&searchfor=scene+understanding&si=&ss=sub&st=tab&tpr=sbt
&trs=wtt&imgs=1p&filter=on&imgDetail=true

https://int.search.myway.com/search/AJimage.jhtml?&enc=0&n=78674121&p2=%5EBSB%5E
chr999%5ETTAB02%5E&pg=AJimage&pn=1&ptb=37D82E3B-48C7-47BB-A51A-
347A9F03E0D2&qs=&searchfor=scene+understanding&si=&ss=sub&st=tab&tpr=sbt&trs=wtt
&imgs=1p&filter=on&imgDetail=true

https://int.search.myway.com/search/AJimage.jhtml?&n=78674121&p2=%5EBSB%5Ec
hr999%5ETTAB02%5E&pg=AJimage&pn=2&ptb=37D82E3B-48C7-47BB-A51A-
347A9F03E0D2&qs=&searchfor=optical+character+recognition&si=&ss=sub&st=tab&tp
r=sbt&trs=wtt&ots=1590294714543&imgs=1p&filter=on&imgDetail=true
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21.1 Early Image-Processing Operations (1/8)

1) Light, shading, and visual perception
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21.1 Early Image-Processing Operations (2/8)

2) Edge detection
Edges are straight lines or curves in 

the image plane across which there 

is a “significant” change in image 

brightness. 

Kinds of edges
(1) depth discontinuities

(2) surface orientation discontinuities

(3) reflectance discontinuities

(4) illumination discontinuities  

(shadows) 
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21.1 Early Image-Processing Operations (3/8)

3) Edge detection by Gaussian filters
Gaussian filter: a weighted average that weights the nearest pixels the most, 

then gradually decreases the weight for more distant pixels.

𝑁𝜎 𝑥 =
1

2𝜋𝜎2
𝑒−𝑥

2/2𝜎2 in 1D, or  𝑁𝜎 𝑥, 𝑦 =
1

2𝜋𝜎2
𝑒−(𝑥

2+𝑦2)/2𝜎2 in 2D

The application of the Gaussian filter replaces the intensity 𝐼(𝑥0, 𝑦0) with the sum, 

over all (𝑥, 𝑦) pixels, of 𝐼 𝑥, 𝑦 𝑁𝜎(𝑑), where 𝑑 is the distance from (𝑥0, 𝑦0) to (𝑥, 𝑦). 

We say that the function ℎ is the convolution of two functions 𝑓 and 𝑔 (denoted 

𝑓 ∗ 𝑔) if we have 

ℎ 𝑥 = 𝑓 ∗ 𝑔 𝑥 = σ𝑢=−∞
+∞ 𝑓 𝑢 𝑔(𝑥 − 𝑢) in one dimension, or

ℎ 𝑥, 𝑦 = 𝑓 ∗ 𝑔 𝑥, 𝑦 = σ𝑢=−∞
+∞ 𝑓 𝑢, 𝑣 𝑔(𝑥 − 𝑢, 𝑦 − 𝑢) in two dimensions

So the smoothing function is achieved by convolving the image with the 

Gaussian, 𝐼 ∗ 𝑁𝜎. 
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21.1 Early Image-Processing Operations (4/8)

3) Edge detection by Gaussian filters (cont.)
Generalization to 2D images. In two dimensions edges may be at any angle 𝜃.

Considering the image brightness as a scalar function of the variables 𝑥, 𝑦, its 

gradient is a vector  𝛻𝐼 =
𝜕𝐼

𝜕𝑥
𝜕𝐼

𝜕𝑦

=
𝐼𝑥

𝐼𝑦

Edges correspond to locations in images where the brightness undergoes a 

sharp change, and so the magnitude of the gradient, ∥ 𝛻𝐼 ∥, should be large at an 

edge point. 

Of independent interest is the direction of the gradient  
𝛻𝐼

∥𝛻𝐼∥
=

cos 𝜃

sin 𝜃

This gives us a 𝜃 = 𝜃(𝑥, 𝑦) at every pixel, which defines the edge orientation at 

that pixel. 
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21.1 Early Image-Processing Operations (5/8)

4) Texture
In everyday language, texture is the visual feel of a surface—what you see 

evokes what the surface might feel like if you touched it.
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21.1 Early Image-Processing Operations (6/8)

5) Optical flow
When an object in the video is moving, or when the camera is moving relative to 

an object, the resulting apparent motion in the image is called optical flow. 
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21.1 Early Image-Processing Operations (7/8)

5) Optical flow (cont.)
The optical flow vector field can be represented at any point (𝑥, 𝑦) by its 

components 𝑣𝑥(𝑥, 𝑦) in the 𝑥 direction and 𝑣𝑦(𝑥, 𝑦) in the 𝑦 direction. 

Consider a block of pixels centered at pixel 𝑝, (𝑥0, 𝑦0), at time 𝑡0 . This block of 

pixels is to be compared with pixel blocks centered at various candidate pixels at 

(𝑥0 + 𝐷𝑥 , 𝑦0 + 𝐷𝑦) at time 𝑡0 + 𝐷𝑡. One possible measure of similarity is the sum of 

squared differences (SSD): 

𝑆𝑆𝐷 𝐷𝑥 , 𝐷𝑦 = 

(𝑥,𝑦)

𝐼 𝑥, 𝑦, 𝑡 − 𝐼(𝑥 + 𝐷𝑥 , 𝑦 + 𝐷𝑦 , 𝑡 + 𝐷𝑡)
2

We find the (𝐷𝑥 , 𝐷𝑦) that minimizes the SSD. The optical flow at (𝑥0, 𝑦0) is then 

(𝑣𝑥 , 𝑣𝑦) = (𝐷𝑥/𝐷𝑡 , 𝐷𝑦/𝐷𝑡). 
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21.1 Early Image-Processing Operations (8/8)

6) Segmentation of images
Segmentation is the process of breaking an image into regions of similar pixels. 
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21.2 Feature Extraction (1/3)

1) Complex appearance 

and pattern elements
Foreshortening, which causes a 

pattern viewed at a slant to be 

significantly distorted.

Aspect, which causes objects to look 

different when seen from different 

directions. 

Occlusion, where some parts are 

hidden from some viewing directions. 

Deformation, where internal degrees 

of freedom of the object change its 

appearance. 



14 / 39

21.2 Feature Extraction (2/3)

2) HOG features
Local orientation histograms are a powerful feature for recognizing even quite 

complex objects. 

HOG features (for histogram of gradient orientations)

𝑤𝐱,𝒞 =
𝛻𝐼𝐱

σ𝐮∈𝒞 𝛻𝐼𝐮

𝛻𝐼𝐱 : the gradient magnitude at point 𝐱

in the image

𝒞 : the cell whose histogram we wish to compute

𝑤𝐱,𝒞 : the weight that we will use for the orientation at 𝐱 for this cell
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21.2 Feature Extraction (3/3)

3) SIFT features
Another example of object recognition, this one using the SIFT feature (Scale 

Invariant Feature Transform), an earlier version of the HOG feature. 



16 / 39

21.3 Object Classification (1/3)

1) ImageNet Large-Scale Visual 
Recognition Challenge (LSVRC)

Image Classification/Localization

1.2M labeled images, 1000 classes

Deep learning methods won since 
2012:

▪ 2012 non-CNN: 26.2% (top-5 error)

▪ 2012: (Hinton, AlexNet)15.3%

▪ 2013: (Clarifai) 11.2%

▪ 2014: (Google, GoogLeNet) 6.7%

▪ (pre-2015): (Google) 4.9% 
➢ Beyond human-level performance
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21.3 Object Classification (2/3)

2) Deep convolutional networks
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21.3 Object Classification (3/3)

3) Depth vs. performance
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21.4 Object Detection and Tracking (1/8)

1) Detecting faces and cars
Making the bounding boxes of objects

https://int.search.myway.com/search/AJimage.jhtml?&n=78674121&p2=%5EBSB%5Echr999%5ETTAB02%5E&ptb=37D82E3B-48C7-47BB-A51A-
347A9F03E0D2&qs=&si=&ss=sub&st=tab&trs=wtt&tpr=sbt&enc=2&searchfor=fSOrccErETqNBTaUBd9A8w99viweJWdZ2j_cF0xVQ8mf9yQNM4-5WtDD42-
PRPE8ZN7z0zWqv_pYJBiS19egEEIEHKdBZrZWN_R6m9RflvbETdL6GWC7j0OnNZUiA-GoQyZCb_M2_JC4d2UEoZMiPaCqo1zHjdldaeMtLjygu7R0-nrV7i0-
qOPGyWq3Kn0kMph69BAXLj3glCfbKkcHZl0lzE6t-IXvOLMBuyGCvpBNtYrWumcrDOrMCs9IJ8JrpNOlvd57zWUnzGQOerjrnb3G54QkKVT-
fwQoS4GEGTHgc90CCTsUUa1okqy1got-rPVbeYrXYjHqzIJRNqxC9Q&ts=1590286927954&imgs=1p&filter=on&imgDetail=true

https://int.search.myway.com/search/AJimage.jhtml?&n=78674121&p2=%5EBSB%5Echr999%5ETTAB02%5E&pg
=AJimage&pn=6&ptb=37D82E3B-48C7-47BB-A51A-
347A9F03E0D2&qs=&searchfor=car+detection&si=&ss=sub&st=tab&tpr=sbt&trs=wtt&ots=1590287197619&imgs
=1p&filter=on&imgDetail=true
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21.4 Object Detection and Tracking (2/8)

2) Face finding systems
Face finding system architecture: (top) We go from images to responses, then apply non-

maximum suppression to find the strongest local response. (bottom) The responses are 

obtained by the process. 
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21.4 Object Detection and Tracking (3/8)

Section 24.5. Object Recognition from Structural Information 959

Figure 24.23 A pictorial structure model evaluates a match between a set of image rect-

angles and a cardboard person (shown on the left) by scoring the similarity in appearance

between body segments and image segments and the spatial relations between the image seg-

ments. Generally, a match is better if the image segments have about the right appearance and

are in about the right place with respect to one another. The appearance model uses average

colors for hair, head, torso, and upper and lower arms and legs. The relevant relations are

shown as arrows. On the right, the best match for a particular image, obtained using dynamic

programming. The match is a fair estimate of the configuration of the body. Figure from

Felzenszwalb and Huttenlocher (2000) c IEEE.

patterns are strong enough to disrupt the true texture of the cloth. In current work, ψ typically

reflects the need for the ends of the segments to be reasonably close together, but there are

usually no constraints on the angles. Generally, we don’t know what a person looks like,

and must build a model of segment appearances. We call the description of what a person

looks like the appearance model. If we must report the configuration of a person in a singleAPPEARANCE
MODEL

image, we can start with a poorly tuned appearance model, estimate configuration with this,

then re-estimate appearance, and so on. In video, we have many frames of the same person,

and this will reveal their appearance.

24.5.2 Coherent appearance: Tracking people in video

Tracking people in video is an important practical problem. If we could reliably report the

location of arms, legs, torso, and head in video sequences, we could build much improved

game interfaces and surveillance systems. Filtering methods have not had much success

with this problem, because people can produce large accelerations and move quite fast. This

means that for 30 Hz video, the configuration of the body in frame i doesn’t constrain the

configuration of the body in frame i+ 1all that strongly. Currently, the most effective methods

exploit the fact that appearance changes very slowly from frame to frame. If we can infer an

appearance model of an individual from the video, then we can use this information in a

pictorial structure model to detect that person in each frame of the video. We can then link

these locations across time to make a track.

3) Finding arms and legs
A pictorial structure model evaluates a match between a set 
of image rectangles and a cardboard person (shown on the 
left) by scoring the similarity in appearance between body 
segments and image segments and the spatial relations 
between the image segments. 

The cost of match that allocates image rectangle 𝑚𝑖 to body 
segment 𝑖 is then 



𝑖∈segments

𝜙𝑖 𝑚𝑖 + 

𝑖∈segments

𝜓𝑖 , pa(𝑖) 𝑚𝑖 ,𝑚pa 𝑖

𝜙𝑖 : scores how well an image rectangle matches a body segment. 

𝜓 : scores how well relations between a pair of image rectangles 
match those to be expected from the body segments. 

𝜓𝑖 , pa(𝑖) : The dependencies between segments form a tree 
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21.4 Object Detection and Tracking (4/8)

4) Detecting texts
Making the bounding boxes for texts

https://int.search.myway.com/search/AJimage.jhtml?&n=78674121&p2=%5EBSB%5Echr999%5ETTAB02%5E&ptb=37D8
2E3B-48C7-47BB-A51A-347A9F03E0D2&qs=&si=&ss=sub&st=tab&trs=wtt&tpr=sbt&enc=2&searchfor=GQ-
q5vqUZqcezsxAnHsHZkqrUXrQsilV66BvHuOHZJlOn9CC8OfoTrrnEaFSJylrvkL6aiVY-
YMF8N0r1bgxBqiXyqwMAcBo3yZRRna2zDvK9ddbD8zGRv_vyvXEzOP4FGHhLwGf_3Ru-1La9Lm35znG3sQ94WS715Q4H-
EkEQl_kGiglSpk7HU9wOt973tMeM10wVsYLy73tcgcqAEfBXFl5-dNpz9-eJscNr1pFLoQ_73lJv5ps3Zpt2ibEI-
qCH0GvPNUyUXFuF2CWyI0QK_jdRnF0sMagnXVMrzonncvgBAMxQTdFg4AzHktzzM_iIBd2zHarJFdGfvluQVXYg&ts=1590286
982804&imgs=1p&filter=on&imgDetail=true

https://int.search.myway.com/search/AJimage.jhtml?&n=78674121&p2=%5EBSB%5Echr999%5ETTAB02%5E&pg=AJimage&pn=2&ptb
=37D82E3B-48C7-47BB-A51A-
347A9F03E0D2&qs=&searchfor=optical+character+recognition&si=&ss=sub&st=tab&tpr=sbt&trs=wtt&ots=1590294714543&imgs=1p
&filter=on&imgDetail=true
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21.4 Object Detection and Tracking (5/8)

5) Coherent appearance: Tracking people in video
Some complex human actions produce consistent patterns of appearance and 

motion. For example, drinking involves movements of the hand in front of the 

face. The first three images are correct detections of drinking; the fourth is a 

false-positive (the cook is looking into the coffee pot, but not drinking from it). 
Section 24.6. Using Vision 961

Figure 24.25 Some complex human actions produce consistent patterns of appearance

and motion. For example, drinking involves movements of the hand in front of the face. The

first three images are correct detections of drinking; the fourth is a false-positive (the cook is

looking into the coffee pot, but not drinking from it). Figure from Laptev and Perez (2007)

c IEEE.

reliable in practice, is to apply a detector for a fixed body configuration to all of the frames. A

good choice of configuration is one that is easy to detect reliably, and where there is a strong

chance the person will appear in that configuration even in a short sequence (lateral walking

is a good choice). We tune the detector to have a low false positive rate, so we know when it

responds that we have found a real person; and because we have localized their torso, arms,

legs, and head, we know what these segments look like.

24.6 USING VISION

If vision systems could analyze video and understood what people are doing, we would be

able to: design buildings and public places better by collecting and using data about what

people do in public; build more accurate, more secure, and less intrusive surveillance systems;

build computer sports commentators; and build human-computer interfaces that watch people

and react to their behavior. Applications for reactive interfaces range from computer games

that make a player get up and move around to systems that save energy by managing heat and

light in a building to match where the occupants are and what they are doing.

Some problems are well understood. If people are relatively small in the video frame,

and the background is stable, it is easy to detect the people by subtracting a background image

from the current frame. If the absolute value of the difference is large, this background

subtraction declares the pixel to be a foreground pixel; by linking foreground blobs overBACKGROUND
SUBTRACTION

time, we obtain a track.

Structured behaviors like ballet, gymnastics, or tai chi have specific vocabularies of ac-

tions. When performed against a simple background, videos of these actions are easy to deal

with. Background subtraction identifies the major moving regions, and we can build HOG

features (keeping track of flow rather than orientation) to present to a classifier. We can detect

consistent patterns of action with a variant of our pedestrian detector, where the orientation

features are collected into histogram buckets over time as well as space (Figure 24.25).

More general problems remain open. The big research question is to link observations

of the body and the objects nearby to the goals and intentions of the moving people. One

source of difficulty is that we lack a simple vocabulary of human behavior. Behavior is a lot
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21.4 Object Detection and Tracking (6/8)

6) Tracking moving people in video
We can track moving people with a pictorial structure model by first obtaining an 

appearance model, then applying it. To obtain the appearance model, we scan 

the image to find a lateral walking pose. The detector does not need to be very 

accurate, but should produce few false positives. 
960 Chapter 24. Perception

Lateral walking 

detector

Appearance
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Body part 
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& interlacing

Figure 24.24 We can track moving people with a pictorial structure model by first ob-

taining an appearance model, then applying it. To obtain the appearance model, we scan the

image to find a lateral walking pose. The detector does not need to be very accurate, but

should produce few false positives. From the detector response, we can read off pixels that

lie on each body segment, and others that do not lie on that segment. This makes it possible to

build a discriminative model of the appearance of each body part, and these are tied together

into a pictorial structure model of the person being tracked. Finally, we can reliably track by

detecting this model in each frame. As the frames in the lower part of the image suggest, this

procedure can track complicated, fast-changing body configurations, despite degradation of

the video signal due to motion blur. Figure from Ramanan et al. (2007) c IEEE.

There are several ways to infer a good appearance model. We regard the video as a

large stack of pictures of the person we wish to track. We can exploit this stack by looking

for appearance models that explain many of the pictures. This would work by detecting

body segments in each frame, using the fact that segments have roughly parallel edges. Such

detectors are not particularly reliable, but the segments we want to find are special. They

will appear at least once in most of the frames of video; such segments can be found by

clustering the detector responses. It is best to start with the torso, because it is big and

because torso detectors tend to be reliable. Once we have a torso appearance model, upper

leg segments should appear near the torso, and so on. This reasoning yields an appearance

model, but it can be unreliable if people appear against a near-fixed background where the

segment detector generates lots of false positives. An alternative is to estimate appearance

for many of the frames of video by repeatedly reestimating configuration and appearance; we

then see if one appearance model explains many frames. Another alternative, which is quite

960 Chapter 24. Perception

Lateral walking 

detector

Appearance

model

Body part 

maps

Detected figure

torso

arm

motion blur

& interlacing

Figure 24.24 We can track moving people with a pictorial structure model by first ob-

taining an appearance model, then applying it. To obtain the appearance model, we scan the

image to find a lateral walking pose. The detector does not need to be very accurate, but

should produce few false positives. From the detector response, we can read off pixels that

lie on each body segment, and others that do not lie on that segment. This makes it possible to

build a discriminative model of the appearance of each body part, and these are tied together

into a pictorial structure model of the person being tracked. Finally, we can reliably track by

detecting this model in each frame. As the frames in the lower part of the image suggest, this

procedure can track complicated, fast-changing body configurations, despite degradation of

the video signal due to motion blur. Figure from Ramanan et al. (2007) c IEEE.

There are several ways to infer a good appearance model. We regard the video as a

large stack of pictures of the person we wish to track. We can exploit this stack by looking

for appearance models that explain many of the pictures. This would work by detecting

body segments in each frame, using the fact that segments have roughly parallel edges. Such

detectors are not particularly reliable, but the segments we want to find are special. They

will appear at least once in most of the frames of video; such segments can be found by

clustering the detector responses. It is best to start with the torso, because it is big and

because torso detectors tend to be reliable. Once we have a torso appearance model, upper

leg segments should appear near the torso, and so on. This reasoning yields an appearance

model, but it can be unreliable if people appear against a near-fixed background where the

segment detector generates lots of false positives. An alternative is to estimate appearance

for many of the frames of video by repeatedly reestimating configuration and appearance; we

then see if one appearance model explains many frames. Another alternative, which is quite
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21.4 Object Detection and Tracking (7/8)

7) People tracking

https://www.youtube.com/watch?v=tq0BgncuMhs

https://www.youtube.com/watch?v=tq0BgncuMhs
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21.4 Object Detection and Tracking (8/8)

8) Detecting, classifying and tracking objects and people

https://www.youtube.com/watch?v=4eIBisqx9_g

https://www.youtube.com/watch?v=4eIBisqx9_g
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21.5 Scene Understanding (1/2)

1) High-level description of images
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21.5 Scene Understanding (2/2)

2) Scene description from videos
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21.6 Reconstructing the 3D World (1/4)

1) 3D world reconstruction from images

https://www.youtube.com/watch?v=PrUVo3potl4

https://www.youtube.com/watch?v=PrUVo3potl4
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21.6 Reconstructing the 3D World (2/4)

2) Multiple views
Correspondence problem

Identifying features in the different 
images that are projections of the 
same feature in the three-
dimensional world. 

Relative orientation problem
Determining the transformation 
(rotation and translation) between 
the coordinate systems fixed to the 
different cameras. 

Depth estimation problem
Determining the depths of various 
points in the world for which image 
plane projections were available in 
at least two views 

Section 24.4. Reconstructing the 3D World 951

Figure 24.18 (a) Four frames from a video sequence in which the camera is moved and

rotated relative to the object. (b) The first frame of the sequence, annotated with small boxes

highlighting the features found by the feature detector. (Courtesy of Carlo Tomasi.)

24.4.3 Multiple views

Shape from optical flow or binocular disparity are two instances of a more general framework,

that of exploiting multiple views for recovering depth. In computer vision, there is no reason

for us to be restricted to differential motion or to only use two cameras converging at a fixation

point. Therefore, techniques have been developed that exploit the information available in

multiple views, even from hundreds or thousands of cameras. Algorithmically, there are

three subproblems that need to be solved:

• The correspondence problem, i.e., identifying features in the different images that are

projections of the same feature in the three-dimensional world.

• The relative orientation problem, i.e., determining the transformation (rotation and

translation) between the coordinate systems fixed to the different cameras.

• The depth estimation problem, i.e., determining the depths of various points in the world

for which image plane projections were available in at least two views

The development of robust matching procedures for the correspondence problem, accompa-

nied by numerically stable algorithms for solving for relative orientations and scene depth, is

one of the success stories of computer vision. Results from one such approach due to Tomasi

and Kanade (1992) are shown in Figures 24.18 and 24.19.

24.4.4 Texture

Earlier we saw how texture was used for segmenting objects. It can also be used to estimate

distances. In Figure 24.20 we see that a homogeneous texture in the scene results in varying

texture elements, or texels, in the image. All the paving tiles in (a) are identical in the scene.TEXEL

They appear different in the image for two reasons:
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(a) (b)

Figure 24.19 (a) Three-dimensional reconstruction of the locations of the image features

in Figure 24.18, shown from above. (b) The real house, taken from the same position.

1. Differences in the distances of the texels from the camera. Distant objects appear smaller

by a scaling factor of 1/Z .

2. Differences in the foreshortening of the texels. If all the texels are in the ground plane

then distance ones are viewed at an angle that is farther off the perpendicular, and so

are more foreshortened. The magnitude of the foreshortening effect is proportional to

cosσ, where σ is the slant, the angle between the Z -axis and n, the surface normal to

the texel.

Researchers have developed various algorithms that try to exploit the variation in the

appearance of the projected texels as a basis for determining surface normals. However, the

accuracy and applicability of these algorithms is not anywhere as general as those based on

using multiple views.

24.4.5 Shading

Shading—variation in the intensity of light received from different portions of a surface in a

scene—is determined by the geometry of the scene and by the reflectance properties of the

surfaces. In computer graphics, the objective is to compute the image brightness I (x,y),
given the scene geometry and reflectance properties of the objects in the scene. Computer

vision aims to invert the process—that is, to recover the geometry and reflectance properties,

given the image brightness I (x,y). This has proved to be difficult to do in anything but the

simplest cases.

From the physical model of section 24.1.4, we know that if a surface normal points

toward the light source, the surface is brighter, and if it points away, the surface is darker.

We cannot conclude that a dark patch has its normal pointing away from the light; instead,

it could have low albedo. Generally, albedo changes quite quickly in images, and shading
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3) Texture
Differences in the distances of the texels 

from the camera. Foreshortening.

4) Shading
Variation in the intensity of light received 

from different portions of a surface in a 

scene (geometry and reflectance).

5) Contour
Combination of recognition of familiar 

objects in the scene and the application of 

generic constraints. Figure-ground problem.
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(a) (b)

Figure 24.20 (a) A textured scene. Assuming that the real texture is uniform allows recov-

ery of the surface orientation. The computed surface orientation is indicated by overlaying a

black circle and pointer, transformed as if the circle were painted on the surface at that point.

(b) Recovery of shape from texture for a curved surface (white circle and pointer this time).

Images courtesy of Jitendra Malik and Ruth Rosenholtz (1994).

changes rather slowly, and humans seem to be quite good at using this observation to tell

whether low illumination, surface orientation, or albedo caused a surface patch to be dark.

To simplify the problem, let us assume that the albedo is known at every surface point. It

is still difficult to recover the normal, because the image brightness is one measurement but

the normal has two unknown parameters, so we cannot simply solve for the normal. The key

to this situation seems to be that nearby normals will be similar, because most surfaces are

smooth—they do not have sharp changes.

The real difficulty comes in dealing with interreflections. If we consider a typical indoor

scene, such as the objects inside an office, surfaces are illuminated not only by the light

sources, but also by the light reflected from other surfaces in the scene that effectively serve

as secondary light sources. These mutual illumination effects are quite significant and make

it quite difficult to predict the relationship between the normal and the image brightness. Two

surface patches with the same normal might have quite different brightnesses, because one

receives light reflected from a large white wall and the other faces only a dark bookcase.

Despite these difficulties, the problem is important. Humans seem to be able to ignore the

effects of interreflections and get a useful perception of shape from shading, but we know

frustratingly little about algorithms to do this.

24.4.6 Contour

When we look at a line drawing, such as Figure 24.21, we get a vivid perception of three-

dimensional shape and layout. How? It is a combination of recognition of familiar objects in

the scene and the application of generic constraints such as the following:

• Occluding contours, such as the outlines of the hills. One side of the contour is nearer

to the viewer, the other side is farther away. Features such as local convexity and sym-
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Figure 24.21 An evocative line drawing. (Courtesy of Isha Malik.)

metry provide cues to solving the figure-ground problem—assigning which side of theFIGURE-GROUND

contour is figure (nearer), and which is ground (farther). At an occluding contour, the

line of sight is tangential to the surface in the scene.

• T-junctions. When one object occludes another, the contour of the farther object is

interrupted, assuming that the nearer object is opaque. A T-junction results in the image.

• Position on the ground plane. Humans, like many other terrestrial animals, are very

often in a scene that contains a ground plane, with various objects at different locationsGROUNDPLANE

on this plane. Because of gravity, typical objects don’t float in air but are supported by

this ground plane, and we can exploit the very special geometry of this viewing scenario.

Let us work out the projection of objects of different heights and at different loca-

tions on the ground plane. Suppose that the eye, or camera, is at a height hc above

the ground plane. Consider an object of height δY resting on the ground plane, whose

bottom is at (X ,−hc,Z ) and top is at (X ,δY − hc,Z ). The bottom projects to the

image point (f X /Z,−f hc/Z) and the top to (f X /Z,f (δY −hc)/Z). The bottoms of

nearer objects (small Z ) project to points lower in the image plane; farther objects have

bottoms closer to the horizon.

24.4.7 Objects and the geometric structure of scenes

A typical adult human head is about 9 inches long. This means that for someone who is 43

feet away, the angle subtended by the head at the camera is 1 degree. If we see a person whose

head appears to subtend just half a degree, Bayesian inference suggests we are looking at a

normal person who is 86 feet away, rather than someone with a half-size head. This line of

reasoning supplies us with a method to check the results of a pedestrian detector, as well as a

method to estimate the distance to an object. For example, all pedestrians are about the same

height, and they tend to stand on a ground plane. If we know where the horizon is in an image,

we can rank pedestrians by distance to the camera. This works because we know where their
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6) Objects and geometric 
structure of scenes

The object is represented by 𝑀 features or 

distinguished points 𝑚1, 𝑚2, … ,𝑚𝑀 in 3D 

space. 

The points are then subjected to an unknown 

3D rotation𝐑, followed by translation by an 

unknown amount 𝐭 and then projection to 

give rise to image feature points 𝑝1, 𝑝2, . . . , 𝑝𝑁
on the image plane. We can express this as 

𝑝𝑖 = ς 𝐑𝑚𝑖 + 𝐭 = 𝑄(𝑚𝑖)

The net result is a transformation 𝑄 that will 

bring the model point 𝑚𝑖 into alignment with 

the image point 𝑝𝑖 . 
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Ground plane
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Figure 24.22 In an image of people standing on a ground plane, the people whose feet

are closer to the horizon in the image must be farther away (top drawing). This means they

must look smaller in the image (left lower drawing). This means that the size and location of

real pedestrians in an image depend upon one another and on the location of the horizon. To

exploit this, we need to identify the ground plane, which is done using shape-from-texture

methods. From this information, and from some likely pedestrians, we can recover a horizon

as shown in the center image. On the right, acceptable pedestrian boxes given this geometric

context. Notice that pedestrians who are higher in the scene must be smaller. If they are not,

then they are false positives. Images from Hoiem et al. (2008) c IEEE.

feet are, and pedestrians whose feet are closer to the horizon in the image are farther away

from the camera (Figure 24.22). Pedestrians who are farther away from the camera must also

be smaller in the image. This means we can rule out some detector responses — if a detector

finds a pedestrian who is large in the image and whose feet are close to the horizon, it has

found an enormous pedestrian; these don’t exist, so the detector is wrong. In fact, many or

most image windows are not acceptable pedestrian windows, and need not even be presented

to the detector.

There are several strategies for finding the horizon, including searching for a roughly

horizontal line with a lot of blue above it, and using surface orientation estimates obtained

from texture deformation. A more elegant strategy exploits the reverse of our geometric

constraints. A reasonably reliable pedestrian detector is capable of producing estimates of the

horizon, if there are several pedestrians in the scene at different distances from the camera.

This is because the relative scaling of the pedestrians is a cue to where the horizon is. So we

can extract a horizon estimate from the detector, then use this estimate to prune the pedestrian

detector’s mistakes.
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1) Words and pictures 
How can we find the images we want? Some of the images will have keywords or 

captions attached. For these, image retrieval can be like text retrieval.

However, keywords are usually incomplete. Thus an interesting task is to 

annotate an image with additional appropriate keywords. 

In the most straightforward version of this task, we have a set of correctly tagged 

example images, and we wish to tag some test images. This problem is 

sometimes known as auto-annotation. 

Another version of the problem involves predicting which tags to attach to which 

regions in a test image. 
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2) Model building
Model-building: For example, one might build a modeling system that takes a 

video sequence depicting an object and produces a very detailed three-

dimensional mesh of textured polygons for use in computer graphics and virtual 

reality applications. Models like this can now be built from apparently quite 

unpromising sets of pictures. 

Matching moves: To place computer graphics characters into real video, we need 

to know how the camera moved for the real video, so that we can render the 

character correctly. 

Path reconstruction: Mobile robots need to know where they have been. If they 

are moving in a world of rigid objects, then performing a reconstruction and 

keeping the camera information is one way to obtain a path. 
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3) Reconstruction from many views
A model of the Statue of Liberty built from pictures found on the Internet. 

The state of the art in multiple-view reconstruction is now highly advanced. 

964 Chapter 24. Perception

a b c

(a) (b) (c)

Figure 24.26 The state of the art in multiple-view reconstruction is now highly advanced.

This figure outlines a system built by Michael Goesele and colleagues from the University

of Washington, TU Darmstadt, and Microsoft Research. From a collection of pictures of a

monument taken by a large community of users and posted on the Internet (a), their system

can determine the viewing directions for those pictures, shown by the small black pyramids

in (b) and a comprehensive 3D reconstruction shown in (c).

1. Lateral control—ensure that the vehicle remains securely within its lane or changes

lanes smoothly when required.

2. Longitudinal control—ensure that there is a safe distance to the vehicle in front.

3. Obstacle avoidance—monitor vehicles in neighboring lanes and be prepared for evasive

maneuvers if one of them decides to change lanes.

The problem for the driver is to generate appropriate steering, acceleration, and braking ac-

tions to best accomplish these tasks.

For lateral control, one needs to maintain a representation of the position and orientation

of the car relative to the lane. We can use edge-detection algorithms to find edges correspond-

ing to the lane-marker segments. We can then fit smooth curves to these edge elements. The

parameters of these curves carry information about the lateral position of the car, the direc-

tion it is pointing relative to the lane, and the curvature of the lane. This information, along

with information about the dynamics of the car, is all that is needed by the steering-control

system. If we have good detailed maps of the road, then the vision system serves to confirm

our position (and to watch for obstacles that are not on the map).

For longitudinal control, one needs to know distances to the vehicles in front. This can

be accomplished with binocular stereopsis or optical flow. Using these techniques, vision-

controlled cars can now drive reliably at highway speeds.

The more general case of mobile robots navigating in various indoor and outdoor envi-

ronments has been studied, too. One particular problem, localizing the robot in its environ-

ment, now has pretty good solutions. A group at Sarnoff has developed a system based on

two cameras looking forward that track feature points in 3D and use that to reconstruct the
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4) Using vision for controlling movements
Let us consider a vision system for an automated vehicle driving on a freeway. 

The tasks faced by the driver include the following:

Lateral control: Ensure that the vehicle remains securely within its lane or changes lanes 

smoothly when required.

Longitudinal control: Ensure that there is a safe distance to the vehicle in front. 

Obstacle avoidance: Monitor vehicles in neighboring lanes and be prepared for evasive 

maneuvers if one of them decides to change lanes. 

The problem for the driver is to generate appropriate steering, acceleration, and 

braking actions to best accomplish these tasks. 

The more general case of mobile robots navigating in various indoor and outdoor 

environments has been studied, too. 
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5) Video Turing Test (VTT) Project at SNU

HumanQ Who entered the caféwearinga bridal dress?

Robot A Rachel.

Human Q Why did Rachel try to leaveher fiancé?

Robot A Becausehe betrayed her.

… © 2020 AIIS, SNU AI Institute 

TV Sitcom Video “Friends” © Warner Brothers

Learn

Understand
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Although perception appears to be an effortless activity for humans, it requires a significant amount of 

sophisticated computation. The goal of vision is to extract information needed for tasks such as manipulation, 

navigation, and object recognition.

The process of image formation is well understood in its geometric and physical aspects. Given a description 

of a three-dimensional scene, we can easily produce a picture of it from some arbitrary camera position (the 

graphics problem). Inverting the process by going from an image to a description of the scene is more difficult.

To extract the visual information necessary for the tasks of manipulation, navigation, and recognition, 

intermediate representations have to be constructed. Early vision image-processing algorithms extract 

primitive features from the image, such as edges and regions.

There are various cues in the image that enable one to obtain three-dimensional information about the scene: 

motion, stereopsis, texture, shading, and contour analysis. Each of these cues relies on background 

assumptions about physical scenes to provide nearly unambiguous interpretations.

Object recognition in its full generality is a very hard problem. We discussed brightness based and feature-

based approaches. We also presented a simple algorithm for pose estimation. Other possibilities exist.



Homework

39 / 39

24.3 (Picture of a 3D scence)

24.5 (True or false)
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