
A bayesian approach to human activity r ecognition

(A. Madabhushi and J. Aggarwal, "A bayesian approach to human activity recognition",2nd Inter-
national Workshop on Visual Surveillance, pp. 25-30,June 1999 (hard-copy))

• Human activity r ecognition

- Recognize human actions using visual information.

- One of the hottest problems in computer vision (see review section).

- Applications include monitoring of human activity in department stores, air-
ports, high-security buildings etc.

- Building systems that can recognize any type of action is a difficult and chal-
lenging problem.

• Goal

- Build a system which is capable of recognizing the following 10 (ten) actions
(from a frontal or lateral view):

(1) sitting down
(2) standing up
(3) bending down
(4) getting up
(5) hugging
(6) squatting
(7) rising from a squatting position
(8) bending sideways
(9) falling backward
(10) walking

- The frontal and lateral views of each action are modeled as individual action
sequences.

- Input sequences are matched against stored models of actions.

- The input sequence is identified by finding the closest stored action.
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• Approach

- Human actions can be recognized by tracking various body parts.

- People sit, stand, walk, bend down, and get up in a more or less similar fash-
ion.

- The head of a person moves in a characteristic fashion during these actions.

- The movement of the head of the subject over consecutive frames is used to
represent the above actions.

- Recognition is formulated as Bayesian classification.

• Strengths and weaknesses

- The system is able to recognize actions where the gait of the subject in the
input sequence differs considerably from the training sequences.

- It is also able to recognize actions for people of varying physical structure
(i.e., tall, short, fat, thin etc.).

- Only actions in the frontal or lateral view can be recognized successfully.

- Some of the assumptions made might not be valid (we will discuss them as we
proceed).
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• Representation scheme of actions

- Estimate the centroid of the head in each frame:

(x1, y1), (x2, y2), ..., (xn+1, yn+1)

- Find the absolute value differences in successive frames:

X = (dx1, dx2, . . . ,dxn)

Y = (dy1), dy2, . . . ,dyn)

wheredxi = xi+1 − xi anddyi = yi+1 − yi

- This representation scheme provides invariance ....

• Head detection and tracking

- The centroid of the head is tracked from frame to frame.

- Accurate head detection and tracking are crucial.

- Detection is done by hand in the current implementation.
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• Bayesian formulation

- Giv en an input sequence,a posteriori probabilities are computed using each of
the training actions.

P( i/X ,Y ) =
p(X ,Y / i)P( i)

p(X ,Y )

where i corresponds to actioni (i.e., classi) and

p(X ,Y ) =
m

i=1
Σ p(X ,Y / i)P( i)

- Equal priorsP( i) are assumed (valid?).

• Probability density estimation

- Feature vectorsX andY are assumed to be independent (valid?), following a
multi-variate Gaussian distribution:

P(X ,Y ) = p(X)P(Y )

P(X) =
1

(2 )n/2|ΣX |1/2
exp[−

1

2
(X − X )tΣ−1

X (X − X )]

P(Y ) =
1

(2 )n/2|ΣY |1/2
exp[−

1

2
(Y − Y )tΣ−1

Y (Y − Y )]

- Two densities are estimated for each action corresponding to frontal and lat-
eral views (i.e., 20 densities total).

- The "sample" covariance matrices are used as estimates ofΣX andΣY :

CX =
1

n − 1

n

i=1
Σ(Xi − X )(Xi − X )T

CY =
1

n − 1

n

i=1
Σ(Yi − Y )(Yi − Y )T
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• Recognition of input sequence

- Giv en an input sequence, the posterior probabilities are computed for each of
the stored actions (i.e., 20 values).

- The input action is classified based on the most likely action:

P = max[P1, P2, . . . ,Pm] (m=20)

• Discriminating similar actions

- In certain actions, the head moves in a similar fashion, making it difficult to
distinguish these actions from one another.

(1) The head moves downward without much sideward deviation in the fol-
lowing actions:

* squatting
* sitting down
* bending down

(2) The head moves upward without much sideward deviation in the fol-
lowing actions:

* standing up
* r ising
* getting up
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- A number of heuristics are use to distinguish among these actions.

* During bending, the head goes much lower than in sitting down.

* During sitting down, the head goes much lower than in squatting.

max(ygetting_up) > max(ysitting) > max(ysquatting)

* Compute a discriminant numberggetting_up, gsitting and gsquatting for
each of these actions where

g = max(yinput)/max(ytraining)

* When an action is classified asgetting_up, sitting, or squatting, the
system decides the most likely action by choosing the action with the high-
est discriminant number.

- Similar heuristics are used forstanding_up, rising, and getting_up.

- The size of the head in subsequent frames is also used to distinguish among
other similar actions.

• Implementation details and experiments

- A fixed CCD camera working at 2 frames per second was used to obtain the
training sequences.

- To train the system, 38 sequences were taken of a person performing all the
actions of interest in both the frontal and lateral views (about 4 sequences per
action - don’t say exactly)

* People of diverse physical appearance were used to model the actions.

* Subjects were asked to perform the actions at a comfortable pace.

* I t was found that each action can be completed within 10 frames.

* Only the first 10 frames from each sequence were used for training/test-
ing (i.e., 5 seconds)
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• Results

- For testing, 39 sequences were used.

- Of the 39 sequences, 31 were classified correctly.

- Of the 8 sequences classified incorrectly, 6 were assigned to the correct action
but to the wrong view.

- They also tested the system using 5-7 frames per action (i.e., action done at a
faster pace) - performance degrades for less than 5 frames.
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• Some important issues

- How do you find the first and last frames of an action in general?

- Unable to recognize several actions at the same time.

- Is the system robust to recognizing an action from incomplete sequences (i.e.,
assuming that several frames are missing)?
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A r eal-time face tracker

(J. Yang and A. Waibel, "A real-time face tracker, ?? (on-line))

• The problem

- Build a system that can track a person’s face while the person moves freely in
a room.

- Face tracking has many important applications including:

* f ace recognition
* tele-conferencing
* HCI applications (e.g., lip-reading, gaze tracking)

• Functionality and components of the face tracking system

- The objective of the system is to provide the following functions in real-time:

(1) Locate arbitrary human faces in various environments.

(2) Track the face of interest by controlling the camera position and zoom.

(3) Adapt the model parameters based on individual appearance and light-
ing conditions.

- The main components of the proposed system are:

(1) A stochastic model to characterize skin-color distributions of human
faces.

(2) A motion model to estimate image motion and to predict search win-
dow.
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(3) A camera model to predict for camera motion (i.e., camera’s response is
much slower than frame rate).

• Tr aditional approaches for face detection

- Correlation templates

- Neural networks

- Facial feature detection

• Why using color for face detection/tracking?

- Much faster approach compared totemplate matching or facial feature extrac-
tion.

- More robust than using template matching or facial feature extraction.
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• Difficulties with using skin-color for face tracking

- The color representation of a face obtained by a camera is influenced by many
factors (e.g., ambient light, motion etc.)

- Different cameras produce significantly different color values, even for the
same person under the same lighting conditions.

- Human skin colors differ from person to person.

• Advantages of proposed skin-color model

- A stochastic skin-color model in the chromatic color space is proposed.

- The information provided by the model is sufficient for tracking a human face
in various positions and orientations.

- The model has only a few parameters and is adaptable to different people and
different lighting conditions in real-time.

• Chromatic space

- RGB is not the best color representation for characterizing skin-color.

- A triple (R,G,B) in RGB space represents not only color but also brightness.

- For example, two points (R1, G1, B1) and (R2, G2, B2) which are propor-
tional have the same color but different brightness:

R1

R2
=

G1

G2
=

B1

B2
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- Skin-color is represented in thechromatic space which is defined from the
RGB space as follows:

r =
R

R + G + B
, g =

G

R + G + B

(the normalized blue component is redundant sincer + g + b = 1)

• Skin-color clustering

- Skin colors do not fall randomly in color space but form clusters at specific
points.

- Distributions of skin-colors of different people are clustered in chromatic color
space (they differ much less in color than in brightness).

(skin-color distribution of 40 people - different races)



-13-

• Shape of skin-color distribution

- Experiments (different lighting conditions, different persons) have shown that
the distribution has a regular shape.

- They represent the skin-color distribution using a Gaussian model with mean
and covarianceΣ:
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• Creating the skin-color model

(1) Take a face image or a set of face images if a general model is needed.

(2) Select the skin-color images (e.g., manually).

(3) Estimate the mean and the covariance of the skin-color distribution in chro-
matic color space.
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(4) Substitute the estimated parameters into the Gaussian distribution model.
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• Using the skin-color model for face locating

(1) Each pixel x in the input image is converted into the chromatic color space.

(2) Then, it is compared with the distribution of the skin-color model.

g(x) =
1

2 |Σ|1/2
exp[−

1

2
(x − )tΣ−1(x − )]

if g(x) > t, thenx is classified as skin color

• Dealing with skin-color-lik e objects

- It is impossible in general to locate faces simply from the result of color
matching (e.g., background may contain skin colors).

- Other types of information that are available from a sequence of images
should be used (e.g., geometric features, motion etc.)
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• Skin-color model adaptation

Color constancy: the ability to identify a surface as having the same color under
considerably different viewing conditions.

- Human being have this ability but the underlying mechanism is unclear.

- If a person is moving, the apparent skin colors change as the person’s position
relative to the camera or light changes.

- It is critical for the system to handle lighting changes.

- Idea: adapt the parameters of the model

rk =
N−1

i=0
Σ ak−irk−i , gk =

N−1

i=0
Σ bk−i gk−i

Σk =
N−1

i=0
Σ ck−iΣk−i

- The weighting factorsa, b, c determine how much the past parameters will
influence current parameters.

- The window size N determines how long the past parameters will influence
the current parameters.
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• System initialization

- Two ways to initialize the system

Automatic

* A general skin-color model is used to identify skin-color regions.

* M otion and shape information is used to reject non-face regions.

* The largest face region is selected (face closest to the camera).

* Skin-color model is adapted to the face being tracked.

Interactive

* The user selects a point on the face of interest using the mouse.

* The tracker searches around the point to find the face using a general
skin-color model.

* Skin-color model is adapted to the face being tracked.
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• Some results
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Example-Based Learning for View-Based Human Face Detection

(K. Sung and T. Poggio, "Example-based learning for view-based human face detection",IEEE
Tr ansaction on Pattern Analysis and Machine Intelligence, vol. 20, no. 1, pp. 39-51, 1998 (on-line))

• The problem

- Locating frontal views of human faces in complex scenes.

- Some of the assumptions made are the following:

* Upright faces only.
* No occlusion (due to rotation or other objects).
* M oderate amounts of light variation.

• Difficulties in face detection

- Face patterns can have significantly variable image appearances.

- Variations due to face appearance, expression, and skin color.

- Glasses or mustache can either be present of absent from a face.

- Lighting changes can cast or remove significant shadows from a particular
face.

• The approach

- Model the distribution of human face patterns by means of a few view-based
"face" and "non-face" model clusters (a normalized window size of 19 x 19 pix-
els is used).

- At each image location, a difference feature vector is computed between the
local pattern and the distribution-based model.

* M ultiple scales are handled by matching windows of different sizes
against the face model (windows are resized to 19 x 19 pixels).
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- A classifier determines whether or not a human face exists at the current image
location.

• Modeling the face distribution

- Accounting for the wide variation in face images is one of the key difficulties
in face detection.

- Each 19 x 19 pixels image is treated as a vector.

- The set of 19 x 19 pixels face images occupies some fixed volume (manifold)
in the vector space of all possible 19 x 19 images.

- To model faces, we need to identify this "face" volume and represent it in
some tractable fashion.

• Face manifold

- A reasonably large set of hand-cropped 19 x 19 face images is used to approx-
imate the actual face manifold.

- A database of non-face images is used to refine the boundaries of the face
manifold by "carving out" regions around the face manifold that do not corre-
spond to canonical views.

- Six "face" clusters are used to piecewise approximate the face manifold.

- Six "non-face" clusters are used to model the distribution of "non-face" pat-
terns.
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- Each cluster is modeled as a multivariate Gaussian (i.e., a mixture of Gaus-
sians).

• Data preprocessing

Image resizing: all image patterns are resized to 19 x 19 pixels.

Masking: eliminate near-boundary pixels (i.e., background) -- we are left with
283 pixels after masking.

Illumination correction: subtract best-fit brightness plane from the unmasked
image (i.e., reduces heavy shadows).

Histogram equalization: compensates for imaging effects due to illumination
changes.

• Modeling the "face" distrib ution

- A database of 4,150 normalized frontal faces were used to synthesize six
"face" pattern clusters (1,067 real face patterns, the rest were slightly rotated
and mirror versions).

- Six clusters (number of clusters is chosen empirically) were used to
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approximate the face manifold.

- The reason they choose a relatively small number of clusters is because they
have a small data set (i.e., to avoid overfitting).

- Slightly more or less clusters were tried without much changes in the results.

- A modified k-means (elliptical k-means, pp42-43) clustering algorithm was
used to find the six clusters, their centers, and their covariance matrices (i.e., to
fit elliptical Gaussian distributions to the data).

- The normalized Mahalanobis distance was used in theelliptical k-means:

1

2
(x − )tΣ−1(x − ) +

d

2
ln2 +

1

2
ln |Σ|

• Modeling the "non-face" distrib ution

- A database of 6,189 normalized non-face patterns were used to synthesize six
"non-face" pattern clusters (more details later).

_ The role of these clusters is to carve out negative regions around to the "face"
clusters that do not correspond to faces (i.e., refine the boundaries of the face
clusters).

- Six clusters (number of clusters is chosen empirically) were used to model the
non-face distribution.

- Slightly more or less clusters were tried without much changes in the results.

- An elliptical k-means clustering algorithm was used to find the six clusters,
their centers, and their covariance matrices.
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• Matching test patterns with the model

- Giv en an input image, the system matches window patterns (at different loca-
tions and scales) against the distribution-based face model.

- Each test window is normalized the same way as the training patterns.

- Each match yields 12 distances between the test pattern and the model’s 12
clusters (i.e., each distance is the distance of the test pattern from a local portion
of the face model).

- The distance metric used has two componentsD1 andD2:

* D1 is the normalized Mahalanobis distance:

1

2
(x − )tΣ−1(x − ) +

d

2
ln2 +

1

2
ln |Σ|

* D2 is the standard Euclidean distance.

- Both D1 andD2 are computed in a lower dimensional space corresponding to
the 75 most significant eigenvectors of each cluster.

- We can think of D1 as measuring the distance in the face space andD2 as
measuring the distance from the face space.

• Justification of the proposed distance measure

- Recovering the full covariance matrix for each cluster requires lots amounts of
data (remember curse of dimensionality?)
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- One way dealing with this problem is by preserving the most important eigen-
vectors of the covariance matrix only (i.e., 75 in this study).

- Distance measureD1 ignores pattern differences in the cluster’s smaller
eigenvector directions.

- The second distance measureD2 accounts for pattern differences not captured
by D1 (i.e., differences in the cluster’s smaller eigenvector directions).

- Since smaller eigenvalues cannot be estimated accurately (i.e., due to the lim-
ited amount of training data), an isotropic Gaussian distribution (i.e., diagonal
covariance) is assumed in these directions.

- This assumption justifies the use of the Euclidean distance.

- As the data size increases, we can preserve more eigenvectors, thus,D2 could
become less and less important.

• Classifier

- A neural network is used to combine the 12 distance measurements into a sin-
gle similarity measure.

- The network has 24 input nodes and 1 output node (24 hidden nodes).

- The output node returns 1 if the input distances arise from a "face" and a 0
otherwise.
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• How is the set of "non-face" patterns being generated?

- Including all possible non-face patterns is obviously intractable.

- A "bootstrap" strategy is used to select a good set of non-face examples:

(1) Start with a small set of non-face examples.

(2) Train the neural network using both the face and non-face examples.

(3) Run the neural network on a sequence of random images.

(4) Collect all the "non-face" patterns from these images that the neural net-
work wrongly classifies as faces.

(5) Augment the non-face training set with those patterns and repeat steps
(2)-(5).
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• Results

- To detect faces at larger scales, the input image is scaled down (by a factor of
1.2) several times (until the 19 x 19 window corresponds to a 100 x 100 window
in the original resolution).

- Two database were used for testing:

* The first database consists of 301 frontal/near-frontal face mugshots of 71
people (high quality images to evaluate best-case performance).

* The second database consists of 23 images with a total of 149 face pat-
terns (wide variation of image quality to evaluate average case perfor-
mance).

- Performance of the first database was 96.3% correct with 3 false positives
(faces missed had strong shadows or large out-of-plane rotation).

- Performance of the second database was 79.9% correct with 5 false positives
(faces missed mostly due to low-quality images or hand-drawn faces).
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