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 The Role of Context 
“Some entity Z can have certain properties, when Z is 
viewed in isolation, which change when Z is viewed in 
some context. Alternately, an entity Z is seen as one thing 
in context A and another in context A”  

  The use of context in pattern recognition, G.T. Toussaint, 
  Pattern Recognition, 10(3): 189- 204 (1978) 



Visual Perception 
•  Vision requires solving ill-posed problems. 
•  Images are both complicated and highly 

ambiguous. 
•  Many different interpretations are possible for 

the same visual input 

Figures: Steven Pinker, How the Mind Works, 1997 



Brightness perception 

http://web.mit.edu/persci/people/adelson/
illusions_demos.html 

Edward Adelson 
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Brightness perception 

Edward Adelson 
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Look at blue 
squares 

Look at yellow 
squares 

Color perception 

Content © 2008 R.Beau Lotto      
http://www.lottolab.org/articles/illusionsoflight.asp 
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Color perception 



•  What is this? 

Context provides clues 



•  Now can you tell? 

Context provides clues 

Lego Imagine Campaign,  
Agency: Jung Von Matt 
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Why context is important? 

Slide credit: D. Hoiem 



Context resolves ambiguity 

Slide credit: D. Hoiem 



Types of context 
•  Local pixels 

–  window, surround, image neighborhood, object boundary/shape, global image statistics 

•  2D Scene Gist 
–  global image statistics 

•  3D Geometric 
–  3D scene layout, support surface, surface orientations, occlusions, contact points, etc. 

•  Semantic 
–  event/activity depicted, scene category, objects present in the scene and their spatial extents, keywords 

•  Photogrammetric 
–  camera height orientation, focal length, lens distortion, radiometric, response function 

•  Illumination 
–  sun direction, sky color, cloud cover, shadow contrast, etc. 

•  Geographic 
–  GPS location, terrain type, land use category, elevation, population density, etc. 

•  Temporal 
–  nearby frames of video, photos taken at similar times, videos of similar scenes, time of capture 

•  Cultural 
–  photographer bias, dataset selection bias, visual cliches, etc. 

from Divvala et al. CVPR 2009 Slide credit: D. Hoiem 



Noise Reduction 

•  Make multiple observations of the same static scene 
•  Take the average 

•  Even multiple images of the same static scene will not be 
identical. 

Adapted from: K. Grauman 



Noise Reduction 

•  Make multiple observations of the same static scene 
•  Take the average 

•  Even multiple images of the same static scene will not be 
identical. 

•  What if we can’t make multiple observations?  
What if there’s only one image? 

Adapted from: K. Grauman 



Image Smoothing 

R. H. Chan et al., Salt-and-Pepper Noise Removal by Median-Type Noise Detectors and Detail-Preserving 
Regularization. IEEE TIP 2005  
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Fig. 3. Restoration results of different filters. (a) Corrupted Lena image with 70% salt-and-pepper noise (6.7 dB). (b) MED filer (23.2 dB). (c) PSM filter (19.5 dB).
(d) MSM filter (19.0 dB). (e) DDBSM filter (17.5 dB). (f) NASM filter (21.8 dB). (g) ISM filter (23.4 dB). (h) Algorithm I (25.8 dB). (i) Algorithm II (24.6 dB).
(j) Our proposed algorithm (29.3 dB). (k) Original image.

noise with equal probability. Also a wide range of noise levels
varied from 10% to 70% with increments of 10% will be tested.
Restoration performances are quantitatively measured by the
peak signal-to-noise ratio (PSNR) and the mean absolute error
(MAE) defined in [1, p. 327]

where and denote the pixel values of the restored image
and the original image, respectively.

For Algorithm I (the adaptive median filter), the maximum
window size should be chosen such that it increases with
the noise level in order to filter out the noise. Since it is not
known a priori, we tried different for any given noise
level, and found that given in Table I are sufficient for
the filtering. We, therefore, set in all our tests. We
remark that with such choice of , almost all the salt-and-
pepper noise are detected in the filtered images.

For Algorithm II (the variational method in [13]), we choose
as the edge-preserving function. We observe that if

is small ( ), most of the noise is suppressed but
staircases appear. If is large ( ), the fine details are not
distorted seriously but the noise cannot be fully suppressed. The
selection of is a tradeoff between noise suppression and detail
preservation [13]. In the tests, the best restoration results are not
sensitive to when it is between 1.2 and 1.4. We, therefore,
choose , and is tuned to give the best result in
terms of PSNR.

For our proposed Algorithm III, the noise candidate set
should be obtained such that most of the noise are detected. This,
again, amounts to the selection of . As mentioned,

can be fixed for most purposes. Then, we can restore those
noise pixels with . As in Algorithm II, the edge-
preserving function will be used. That leaves only
the parameter to be determined. Later, we will demonstrate
that our proposed algorithm is very robust with respect to ,
and, thus, we fix in all the tests.

For comparison purpose, Algorithm I, Algorithm II, the
standard median (MED) filter, and, also, recently proposed
filters like the progressive switching median (PSM) filter [21],
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Fig. 4. Restoration results of different filters: (a) Corrupted Bridge image with 70% salt-and-pepper noise (6.8 dB). (b) MED filer (19.8 dB). (c) PSM filter
(17.0 dB). (d) MSM filter (16.4 dB). (e) DDBSM filter (15.9 dB). (f) NASM filter (19.9 dB). (g) ISM filter (20.1 dB). (h) Algorithm I (21.8 dB). (i) Algorithm II
(21.1 dB). (j) Our proposed algorithm (25.0 dB). (k) Original image.

the multistate median (MSM) filter [6], the noise adaptive
soft-switching median (NASM) filter [7], the directional dif-
ference-based switching median (DDBSM) filter [22], and the
improved switching median (ISM) filter [18] are also tested.
For the MED filter, the window sizes are chosen for each noise
level to achieve its best performance. For the MSM filter, the
maximum center weights of 7, 5, and 3 are tested for each noise
level. For the ISM filter, the convolution kernels , and

and filtering window sizes of 9 9 and 11 11 are used.
The decision thresholds in the PSM, MSM, DDBSM, ISM
filters are also tuned to give the best performance in terms of
PSNR.

B. Denoising Performance

We summarize the performance of different methods in
Figs. 1 and 2. From the plots, we see that all the methods have
similar performance when the noise level is low. This is because
those recently proposed methods focus on the noise detection.
However, when the noise level increases, noise patches will be
formed and they may be considered as noise free pixels. This

causes difficulties in the noise detection algorithm. With erro-
neous noise detection, no further modifications will be made to
the noise patches, and, hence, their results are not satisfactory.

On the other hand, our proposed denoising scheme achieves
a significantly high PSNR and low MAE even when the noise
level is high. This is mainly based on the accurate noise detec-
tion by the adaptive median filter and the edge-preserving prop-
erty of the variational method of [13].

In Figs. 3 and 4, we present restoration results for the 70%
corrupted Lena and Bridge images. Among the restorations, ex-
cept for our proposed one, Algorithm I gives the best perfor-
mance in terms of noise suppression and detail preservation. As
mentioned before, it is because the algorithm locates the noise
accurately. In fact, about 70.2% and 70.4% pixels are detected
as noise candidates in Lena and Bridge, respectively, by Algo-
rithm I. However, the edges are jittered by the median filter. For
Algorithm II, much of the noise is suppressed but the blurring
and distortion are serious. This is because every pixel has to be
examined and may have been altered. Compared with all the al-
gorithms tested, our proposed Algorithm III is the best one. It
has successfully suppressed the noise with the details and the
edges of the images being preserved very accurately.
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the multistate median (MSM) filter [6], the noise adaptive
soft-switching median (NASM) filter [7], the directional dif-
ference-based switching median (DDBSM) filter [22], and the
improved switching median (ISM) filter [18] are also tested.
For the MED filter, the window sizes are chosen for each noise
level to achieve its best performance. For the MSM filter, the
maximum center weights of 7, 5, and 3 are tested for each noise
level. For the ISM filter, the convolution kernels , and

and filtering window sizes of 9 9 and 11 11 are used.
The decision thresholds in the PSM, MSM, DDBSM, ISM
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PSNR.
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We summarize the performance of different methods in
Figs. 1 and 2. From the plots, we see that all the methods have
similar performance when the noise level is low. This is because
those recently proposed methods focus on the noise detection.
However, when the noise level increases, noise patches will be
formed and they may be considered as noise free pixels. This

causes difficulties in the noise detection algorithm. With erro-
neous noise detection, no further modifications will be made to
the noise patches, and, hence, their results are not satisfactory.

On the other hand, our proposed denoising scheme achieves
a significantly high PSNR and low MAE even when the noise
level is high. This is mainly based on the accurate noise detec-
tion by the adaptive median filter and the edge-preserving prop-
erty of the variational method of [13].

In Figs. 3 and 4, we present restoration results for the 70%
corrupted Lena and Bridge images. Among the restorations, ex-
cept for our proposed one, Algorithm I gives the best perfor-
mance in terms of noise suppression and detail preservation. As
mentioned before, it is because the algorithm locates the noise
accurately. In fact, about 70.2% and 70.4% pixels are detected
as noise candidates in Lena and Bridge, respectively, by Algo-
rithm I. However, the edges are jittered by the median filter. For
Algorithm II, much of the noise is suppressed but the blurring
and distortion are serious. This is because every pixel has to be
examined and may have been altered. Compared with all the al-
gorithms tested, our proposed Algorithm III is the best one. It
has successfully suppressed the noise with the details and the
edges of the images being preserved very accurately.

•  Images are corrupted with 70% salt-and-pepper 
noise  

What do  
these examples 
demonstrate? 

Noisy input Recovered image Original image 



Context Guided Image Filtering 

pixel level 

local  
neighborhood 

contextual 
measure  

local 
context 

E. Erdem and S. Tari, Mumford-Shah Regularizer with Contextual Feedback, JMIV, 2009  



Context Guided Image Filtering 

E. Erdem and S. Tari, Mumford-Shah Regularizer with Contextual Feedback, JMIV, 2009  



Context-Driven Shape Matching 

query shape database shape 

shape database 

E. Baseski, A. Erdem and S. Tari, Dissimilarity Between Two Skeletal Trees in a Context, Pat. Recog., 2009 



Context-Driven Shape Matching 

Results without category context Results with category context 

E. Baseski, A. Erdem and S. Tari, Dissimilarity Between Two Skeletal Trees in a Context, Pat. Recog., 2009 



Cultural context 

Who is Mildred?  Who is Lisa? 

Slide credit: D. Hoiem 

A. Gallagher and  T. Chen, Estimating Age, Gender and Identity using First Name Priors,  
CVPR 2008 



Cultural context 
Age given Appearance Age given Name 

Slide credit: D. Hoiem 

A. Gallagher and  T. Chen, Estimating Age, Gender and Identity using First Name Priors,  
CVPR 2008 



Object Representations Object representations

Inside the object
(intrinsic features)

PartsGlobal

Object size

PixelsPartsGlobal 
appearance

Pixels

A l & R th (02) M h dd P tl d (97) T k P tl d (91) Vid l N t Ull (03)Agarwal & Roth, (02), Moghaddam, Pentland (97), Turk, Pentland (91),Vidal-Naquet, Ullman, (03)

Heisele, et al, (01), Agarwal & Roth, (02), Kremp, Geman, Amit (02), Dorko, Schmid, (03)
Fergus, Perona, Zisserman (03), Fei Fei, Fergus, Perona, (03), Schneiderman, Kanade (00), Lowe (99)
Etc.

Slide credit: A. Torralba 



What are the hidden objects? 
What are the hidden objects?

1
2

1
2

Slide credit: A. Torralba

Slide credit: A. Torralba 



What are the hidden objects? What are the hidden objects?

Chance ~ 1/30000 Slide credit: A. Torralba

Slide credit: A. Torralba 



Object Representations 

Slide credit: A. Torralba 

Object representations
Inside the object
(intrinsic features)

Outside the object
(contextual features)

Object size

PartsGlobal 
appearance

Local contextGlobal context Pixels

Kruppa & Shiele, (03), Fink & Perona (03)
A l & R th (02) M h dd P tl d (97) T k P tl d (91) Vid l N t Ull (03)

pp , ( ), ( )

Carbonetto, Freitas, Barnard (03), Kumar, Hebert, (03)

He, Zemel, Carreira-Perpinan (04), Moore, Essa, Monson, Hayes (99)

Strat & Fischler (91), Murphy, Torralba & Freeman (03)

Agarwal & Roth, (02), Moghaddam, Pentland (97), Turk, Pentland (91),Vidal-Naquet, Ullman, (03)

Heisele, et al, (01), Agarwal & Roth, (02), Kremp, Geman, Amit (02), Dorko, Schmid, (03)
Fergus, Perona, Zisserman (03), Fei Fei, Fergus, Perona, (03), Schneiderman, Kanade (00), Lowe (99)
Etc.



Sometimes context is the major 
component of recognition 

•  What is this? 

Slide credit: D. Hoiem 



Sometimes context is the major 
component of recognition 

•  What is this? 

•  Now can you tell? 

Slide credit: D. Hoiem 



More Low-Res 

•  What are these blobs? 

Slide credit: D. Hoiem 



More Low-Res 

•  The same pixels! (a car) 

Slide credit: D. Hoiem 



Global Context 

•  The gist of the scene 
•  In a glance, we remember the meaning of an 

image and its global layout but some objects and 
details are forgotten 

Slide credit: A. Torralba 



Which are the important elements? 

Different content (i.e. objects), different spatial layout 

Floor 

Door 

Light 

Wall Wall Door 

Ceiling  
 

 
 

Painting 

Fireplace 
armchair armchair 

Coffee table 

Door 
Door 

Ceiling 
Lamp 

mirror mirror 
wall 

Door 

 
 wall 

wall 

painting 

Bed 

Side-table 

Lamp 

phone 
alarm 

carpet 

Slide credit: A. Torralba 



Which are the important elements? 

Similar objects, and similar spatial layout 

seat 
seat 

seat 
seat 

seat 
seat 

seat 
seat 

window window window 

ceiling cabinets cabinets 

seat 
seat 

seat 
seat 

seat 
seat 

seat 
seat window window 

ceiling cabinets cabinets 

seat seat 

seat seat 
seat seat 
seat seat 

seat seat 

seat seat 

seat seat 

seat seat 

screen 

ceiling 

wall 
column 

Different lighting, different materials, different “stuff” 
Slide credit: A. Torralba 



Global Context 
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Scenes

Objects

Objects in scenes

Mountain Beach Forest Street IndoorHighway

Animal 
in natural scene

Car in
urban scene

Far pedestrian
in urban scene

Close-up person
in urban scene

Tree
in urban scene

Lamp in
indoor scene

Face Pedestrian Car Cow Hand Chair

Figure 1. Averaged pictures of categories of objects, scenes and objects in scenes, computed with 100 exemplars or more per category. Exemplars were chosen to
have the same basic level and viewpoint in regard to an observer. The group objects in scenes (third row) represent examples of the averaged peripheral information
around an object centred in the image.

Oliva & Torralba 2003 

392
A

Torralba
and

A
O

liva

Scenes

Objects

Objects in scenes

Mountain Beach Forest Street IndoorHighway

Animal 
in natural scene

Car in
urban scene

Far pedestrian
in urban scene

Close-up person
in urban scene

Tree
in urban scene

Lamp in
indoor scene

Face Pedestrian Car Cow Hand Chair

Figure 1. Averaged pictures of categories of objects, scenes and objects in scenes, computed with 100 exemplars or more per category. Exemplars were chosen to
have the same basic level and viewpoint in regard to an observer. The group objects in scenes (third row) represent examples of the averaged peripheral information
around an object centred in the image.



Global Context 

Oliva & Torralba 2003 

Statistics of natural image categories 395

Natural
object

River and
waterfall

Forest FieldMountain Beach Coast

Man-made
object

Portrait Indoor
scene

High 
building

Street City-view Highway

Figure 3. Spectral signatures of 14 different image categories. Each spectral signature is obtained
by averaging the power spectra of a few hundred images per category. The contour plots represent
60, 80 and 90% of the energy of the spectral signatures (energy is obtained by adding the square
of the Fourier components). The size of the spectral signature is correlated with the slope (!). A
large value of ! produces a fast decay of the energy at high spatial frequencies, which produces a
smaller contour. The overall shape is a function of both !(") and A(").

The particular spectral signature per scene category is even more striking when considering
basic-level classes of environmental scenes such as streets, highways, buildings, forests etc.
From the contour plots of figure 3, we can see that the dominant spatial scales and dominant
orientations are typical of classes of scenes representing different volumes or depth ranges. The
spectral signatures of pictures of large-scale scenes (e.g., beach, coast, field) are dominated by
the horizon. When the scene background becomes closer to the observer (from mountains to
enclosed landscapes and natural objects), the spectral signatures become isotropic and denser
in high spatial frequencies. The shape of the spectral signatures is correlated with the scale
(e.g. size) at which the main components of the image should be found (e.g. finer texture in
forest, coarser texture in waterfalls).

2.3. Scene scale and image scale

Image statistics also vary when considering scenes at different scales. Figure 4 shows the
spectral signatures of scenes sharing similar depth range. These signatures have been obtained
from a database of images for which four subjects were asked to provide the mean depth or
volume of the environment represented in the image (Torralba and Oliva 2002). Scene scale
is measured in metres. Each spectral signature was computed by averaging the power spectra
of scene pictures within a similar distance range.

When considering large changes in scale (a factor larger than 10), significant differences
exist between the spatial and the spectral statistics of pictures depicting scenes and objects
at different scales. There are at least two factors that can explain the dependence between
structure and depth range. First, the point of view that any given observer adopts on a specific
scene is constrained by the volume of the scene. Many real world objects can be observed from
an infinite number of viewpoints as long as the observer is directly capable of manipulating the
object. However, as distance and scale increase, the possible viewpoints of a human observer
become increasingly limited and predictable. For instance, tall buildings are usually observed
from the ground, or a window of another building. Second, the parts or objects that compose
one scene differ strongly from one scale to another scale, due to functional constraints and to
the physical processes that shape the space at each scale.



Gist descriptor 

     8   orientations 
     4   scales 
x 16   bins 
 512   dimensions 

•  Apply oriented Gabor filters 
 over different scales 
•  Average filter energy 
 in each bin 

Similar to SIFT (Lowe 1999) applied to the entire image 
M. Gorkani, R. Picard, ICPR 1994; Walker, Malik. Vision Research 2004;  Vogel et al. 2004; 
Fei-Fei and Perona, CVPR 2005; S. Lazebnik, et al, CVPR 2006; … 

Oliva and Torralba, 2001 
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Gist descriptor 
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V = {energy at each orientation and scale} 
=  6 x 4 dimensions 
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Global Context 
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Figure 4. Averaged spatial images and spectral signatures as a function of scene scale. Scene scale refers to the mean distance between the observer and the principal
elements that compose the scene. Each image average and spectral signature was calculated with 300–400 images.Statistics of natural image categories 409

Figure 15. Examples of images and the selected regions that are expected to contain faces based
on contextual features. The regions are selected according to global image statistics and not to the
actual presence of the object of interest.

P(animal|!vC) " 0.5, do not provide reliable predictions when using these simple features.
These results corroborate studies by Thorpe and collaborators (Thorpe et al 1992, Rousselet
et al 2002) showing that a cognitive task such as animal versus non-animal categorization
could be performed in a feedforward way and without the need of sequential focus of attention
or segmentation stages.

Image statistics can also predict other object properties such as scale (due to the correlation
between scene scale and image statistics) or its location in the scene. For instance, we can
learn the statistical relationship between the location of faces in an image (!x) and the global
image statistics (!vC ):P(!x |!vC). In order to be able to have access to spatial information we
include in the image features !vC the spectral features computed at several locations in the
image. Specifically, we divide the image in 4 # 4 patches and we compute the power spectra
at each patch. This allows us also to encode in !vC information about the spatial organization
of the image (Oliva and Torralba 2001).

The learning of the probability density function P(!x|!vC) provides the relationship between
the context and the more typical locations of the object of interest in the image. For modelling
this PDF we use a mixture of Gaussians (Gershnfeld 1999):

P(!x , !vC) =
M!

i=1

bi G(!x; !xi,Xi )G(!vC ; !vi ,Vi ). (13)

We learn the parameters of this model using the EM algorithm and a training database of
annotated images (Torralba and Sinha 2001, Torralba 2002). This PDF formalizes one aspect
of the contextual control of the focus of attention. When looking for faces (or any other object
of interest), attention will be directed into the candidate regions with the highest likelihood
P(!x |!vC) of containing the target object, based on the past experience of the system. Note
that although the contextual features encode the image using 4 # 4 patches, the variable !x is a
continuous variable. Given !vC from an image, the PDF P(!x, !vC ), as a function of location !x ,
will be a mixture of Gaussian blobs (figure 15).

Figure 15 shows two examples of images and the selected regions that are expected to
contain faces based on contextual features. The regions are selected according to image
statistics !vC . Note that in the left-hand example, pedestrians are small and do not contribute
to the global image statistics. When considering the full test database, 90% of the faces were
within a region of 35% of the size of the image defined by the largest values of the function
P(!x |!vC).

7. Conclusion

The statistics of natural images strongly vary as a function of the interaction between the
observer and the world. The paper shows how the second-order statistics of images are
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Abstract

In the task of visual object categorization, semantic con-
text can play the very important role of reducing ambigu-
ity in objects’ visual appearance. In this work we propose
to incorporate semantic object context as a post-processing
step into any off-the-shelf object categorization model. Us-
ing a conditional random field (CRF) framework, our ap-
proach maximizes object label agreement according to con-
textual relevance. We compare two sources of context:
one learned from training data and another queried from
Google Sets. The overall performance of the proposed
framework is evaluated on the PASCAL and MSRC datasets.
Our findings conclude that incorporating context into object
categorization greatly improves categorization accuracy.

1. Introduction
Object categorization has been an active topic of re-

search in psychology and computer vision for decades. Ini-
tially, vision scientists and psychologists formulated hy-
potheses about models of object categorization and recogni-
tion [7, 8, 24]. Subsequently, in the past 10 years or so, ob-
ject recognition and categorization have become very pop-
ular areas of research in computer vision. With two general
models emerging, generative and discriminative, the newly
developed algorithms aim to adhere to the original modeling
constraints proposed by vision scientists. For example, the
hypothesis put forth by Biederman et al. [1] suggests five
classes of relations between an object and its setting that
can characterize the organization of objects into real-world
scenes. These are: (i) interposition (objects interrupt their
background), (ii) support (objects tend to rest on surfaces),
(iii) probability (objects tend to be found in some contexts
but not others), (iv) position (given an object is probable in
a scene, it often is found in some positions and not others),
and (v) familiar size (objects have a limited set of size rela-

⇤Department of Computer Science & Engineering, University of Cali-
fornia, San Diego, http://vision.ucsd.edu.

†Department of Computer Science, University of California, Los An-
geles, http://vision.ucla.edu.

tions with other objects).
Classes (i, ii, iv, and v) have been addressed fairly well

in the models proposed by the computer vision commu-
nity [2, 5, 23]. Class (iii), referring to the contextual inter-
actions between objects in the scene, however, has received
comparatively little attention.

Existing context based methods for object recognition
and classification consider global image features to be the
source of context, thus trying to capture object class spe-
cific features. In [9, 14, 25, 28], the relationship between
context and object properties is based on the correlation be-
tween the statistics of low-level features across the image
that contains the object, or even the whole object category.
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Figure 1. Idealized Context Based Object Categorization System.
An original image is perfectly segmented into objects; each ob-
ject is categorized; and objects’ labels are refined with respect to
semantic context in the image.

Semantic context1 among objects has not been explicitly
incorporated into existing object categorization models. Se-
mantic context requires access to the referential meaning of
the object [1]. In other words, when performing the task
of object categorization, objects’ category labels must be
assigned with respect to other objects in the scene, assum-
ing there is more than one object present. To illustrate this

1For simplicity we will use context and semantic context interchange-
ably from now on.

A. Rabinovich, A. Vedaldi, C. Galleguillos, E. Wiewiora and S. Belongie. Objects in Context. ICCV 2007 



F(ci=mi, cj=mj) = co-ocurrence matrix on  
training set (count how many times two 
objects appear together). 

A. Rabinovich, A. Vedaldi, C. Galleguillos, E. Wiewiora and S. Belongie. Objects in Context. ICCV 2007 
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Geographic Context 

J. Hays and A. Efros, im2gps: Estimating  Geographic Information from a Single Image. CVPR 2008. 

Where in the world? 

Slide credit: J. Hays 



Scene Matches 
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Crossmodal Context 

•  Crossmodal interactions to disambiguate unreliable sensory input 

computes the most likely 3D structure that created the 2D
pattern, given previous experience with 3D objects. Shape
priors like compactness and regularity can significantly
reduce the interpretation space. Two interpretations of

the Necker Cube are about equally likely, which is why we
alternate between these two interpretations. However, the
‘best guess’ can also be wrong sometimes and can lead to
interesting illusions [8].

Sensory integration
Often there is more than one sensory estimate available
for perceiving some environmental property. For example,
when judging an object’s size both the visual and haptic
modalities can provide information. But what is the
perceived size of an object that is simultaneously seen
and touched? Is it the one determined by the visual
estimate, the one determined by the haptic estimate, or
something in-between? Information from the different
sensory modalities has to be integrated such that a
coherent multisensory percept is formed. What is the
mechanism underlying this integration and at what level
is it performed?

Visual capture
Rock and Victor conducted a classic experiment in the
1960s that investigated the integration of visual and
haptic information [9]. They asked subjects to report the
perceived size of an object simultaneously seen and felt.
Subjects looked at the object through a cylinder lens that
made a square look like a rectangle and that so created a
conflict between visual and haptic information. Whether
subjects reported perceived size by drawing, visual
matching or haptic matching, vision dominated the
integrated percept. However, there was also always a
small but consistent influence of touch on the integrated
percept. This phenomenon of visual dominance was
subsequently called ‘visual capture’.

Box 1. What is a cue? Combination versus integration

‘Cue combination’ is an expression often used to describe interactions
between different sources of sensory information. The problem is that
there is no precise definition of a ‘cue’ [51,52]. The cue concept is often
dealt with as implicitly understood. For example, most people agree
that cues to visual depth include perspective signals, disparity,
shadows, shading, motion parallax and occlusion. And cues from
touch and audition can also provide depth information (Figure I).
However, because of the lack of a precise definition of a ‘cue’ there is the
potential for confusion, especially when talking about cue combination
and what rules to apply [4,41,53–55].

We will not claim to be able to provide a clear definition here.
However, if we talk about a ‘cue’ we think of it as any sensory
information that gives rise to a sensory estimate. Compared with the
commonunderstanding, this viewomits the assumption that cues have
to be somehow ‘independent modules’. For the purpose of this article,
to get around the problem of definition of a ‘cue’ we have divided cue
combination into two parts that we refer to as ‘sensory combination’
and ‘sensory integration’.

‘Sensory combination’ describes interactions between sensory
signals that are not redundant. That is, they may be in different units,
coordinate systems, or about complementary aspects of the same
environmental property. ‘Disambiguation’ and ‘cooperation’ are
examples for two such interactions. Some of the interactions found
within the sensory combination framework are in agreement with
strong coupling (fusion) between sensory signals [54,56].

By contrast, ‘sensory integration’ describes interactions between
redundant signals. That is, to be integrated, the sensory estimatesmust
be in the sameunits, the samecoordinates andabout the sameaspect of

the environmental property (Figure I). The Maximum Likelihood
Estimate (MLE) model described in the main text is in agreement with
the modified weak fusion idea [41].

Figure I. When knocking on wood at least three sensory estimates about the
location (L) of the knocking event can be derived: visual (V), auditory (A) and pro-
prioceptive (P). In order for these three location signals to be integrated they first
have to be transformed into the same coordinates and units. For this, the visual
and auditory signals have to be combined with the proprioceptive neck-muscle
signals (N) to be transformed into body coordinates (for simplicity we ignore the
eye-muscle signals). The process of sensory combination might be non-linear.
When sensory combination results in multiple estimates about the same object
or event this process is referred to as promotion [41]. At a later stage the three
signals (L1, L2, L3) are then integrated to form a coherent percept of the location
of the knocking event. Assuming the MLE model for integrating the signals this
later stage should be linear.
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Figure 1. (a) The Necker Cube induces a bi-stable percept. (b) Disambiguation of
the bi-stable Necker Cube percept by introducing an occlusion cue and a shadow.
(c) An infinite number of 3D configurations could produce the same projection
image. Here this fact is illustrated by the cast shadow on the tabletop, but the
same projected images would be formed on the eye’s retina.
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computes the most likely 3D structure that created the 2D
pattern, given previous experience with 3D objects. Shape
priors like compactness and regularity can significantly
reduce the interpretation space. Two interpretations of

the Necker Cube are about equally likely, which is why we
alternate between these two interpretations. However, the
‘best guess’ can also be wrong sometimes and can lead to
interesting illusions [8].

Sensory integration
Often there is more than one sensory estimate available
for perceiving some environmental property. For example,
when judging an object’s size both the visual and haptic
modalities can provide information. But what is the
perceived size of an object that is simultaneously seen
and touched? Is it the one determined by the visual
estimate, the one determined by the haptic estimate, or
something in-between? Information from the different
sensory modalities has to be integrated such that a
coherent multisensory percept is formed. What is the
mechanism underlying this integration and at what level
is it performed?

Visual capture
Rock and Victor conducted a classic experiment in the
1960s that investigated the integration of visual and
haptic information [9]. They asked subjects to report the
perceived size of an object simultaneously seen and felt.
Subjects looked at the object through a cylinder lens that
made a square look like a rectangle and that so created a
conflict between visual and haptic information. Whether
subjects reported perceived size by drawing, visual
matching or haptic matching, vision dominated the
integrated percept. However, there was also always a
small but consistent influence of touch on the integrated
percept. This phenomenon of visual dominance was
subsequently called ‘visual capture’.

Box 1. What is a cue? Combination versus integration

‘Cue combination’ is an expression often used to describe interactions
between different sources of sensory information. The problem is that
there is no precise definition of a ‘cue’ [51,52]. The cue concept is often
dealt with as implicitly understood. For example, most people agree
that cues to visual depth include perspective signals, disparity,
shadows, shading, motion parallax and occlusion. And cues from
touch and audition can also provide depth information (Figure I).
However, because of the lack of a precise definition of a ‘cue’ there is the
potential for confusion, especially when talking about cue combination
and what rules to apply [4,41,53–55].

We will not claim to be able to provide a clear definition here.
However, if we talk about a ‘cue’ we think of it as any sensory
information that gives rise to a sensory estimate. Compared with the
commonunderstanding, this viewomits the assumption that cues have
to be somehow ‘independent modules’. For the purpose of this article,
to get around the problem of definition of a ‘cue’ we have divided cue
combination into two parts that we refer to as ‘sensory combination’
and ‘sensory integration’.

‘Sensory combination’ describes interactions between sensory
signals that are not redundant. That is, they may be in different units,
coordinate systems, or about complementary aspects of the same
environmental property. ‘Disambiguation’ and ‘cooperation’ are
examples for two such interactions. Some of the interactions found
within the sensory combination framework are in agreement with
strong coupling (fusion) between sensory signals [54,56].

By contrast, ‘sensory integration’ describes interactions between
redundant signals. That is, to be integrated, the sensory estimatesmust
be in the sameunits, the samecoordinates andabout the sameaspect of

the environmental property (Figure I). The Maximum Likelihood
Estimate (MLE) model described in the main text is in agreement with
the modified weak fusion idea [41].

Figure I. When knocking on wood at least three sensory estimates about the
location (L) of the knocking event can be derived: visual (V), auditory (A) and pro-
prioceptive (P). In order for these three location signals to be integrated they first
have to be transformed into the same coordinates and units. For this, the visual
and auditory signals have to be combined with the proprioceptive neck-muscle
signals (N) to be transformed into body coordinates (for simplicity we ignore the
eye-muscle signals). The process of sensory combination might be non-linear.
When sensory combination results in multiple estimates about the same object
or event this process is referred to as promotion [41]. At a later stage the three
signals (L1, L2, L3) are then integrated to form a coherent percept of the location
of the knocking event. Assuming the MLE model for integrating the signals this
later stage should be linear.
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Figure 1. (a) The Necker Cube induces a bi-stable percept. (b) Disambiguation of
the bi-stable Necker Cube percept by introducing an occlusion cue and a shadow.
(c) An infinite number of 3D configurations could produce the same projection
image. Here this fact is illustrated by the cast shadow on the tabletop, but the
same projected images would be formed on the eye’s retina.
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introduction of an occlusion  
cue and a shadow resolves the 
ambiguity 

Necker cube images taken from Ernst and Bülthoff, Trends Cog. Sci., 2004 



Crossmodal Context in Tracking 

•  Template patch is divided into four fragments. 
•  Reliability of a fragment increases when the fragment is visible, 

and decreases when it is hidden.  
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E. Erdem et al., Fragments Based Tracking with Adaptive Cue Integration, CVIU 2012 



Crossmodal Context in Tracking 

•  Woman goes behind cars  
and becomes occluded. 

•  Her pose undergoes some 
changes along the sequence.  

•  Tracking is successful even only 
few fragments have a good 
reliability. 

E. Erdem et al., Fragments Based Tracking with Adaptive Cue Integration, CVIU 2012 


