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Control theory
Control theory: study behavior of dynamical systems

Forms of control systems:

Open-loop control: without system feedback

Closed-loop control: adjusts to sensor observations

Feedback control: minimize sensed error

Open and closed loop

Feedback-feedforward: predict and correct

Important properties: stability, robustness, 
controllability
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Open-loop: graphics
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Open-loop: vision
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Closed loop: robotics
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Object recognition

Training: build database of object appearance

Collect representative images of objects

Store and extract features from these images

Features describe object appearance

Given a new image: search over image for object

Find database entries with features matching 
those in the image
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Appearance features

SIFT: corners, hierarchy

(a) (b) (c) (d) (e) (f) (g)
Figure 6. Our HOG detectors cue mainly on silhouette contours (especially the head, shoulders and feet). The most active blocks are
centred on the image background just outside the contour. (a) The average gradient image over the training examples. (b) Each “pixel”
shows the maximum positive SVM weight in the block centred on the pixel. (c) Likewise for the negative SVM weights. (d) A test image.
(e) It’s computed R-HOG descriptor. (f,g) The R-HOG descriptor weighted by respectively the positive and the negative SVM weights.

would help to improve the detection results in more general
situations.
Acknowledgments. This work was supported by the Euro-
pean Union research projects ACEMEDIA and PASCAL. We
thanks Cordelia Schmid for many useful comments. SVM-
Light [10] provided reliable training of large-scale SVM’s.
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CS1480 – Assignment 2 Object Seeking

Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a

3

Camera node:
gscam (Gstreamer)

Blobfinding node:
cmvision (cmvision)

Color blobfinder
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Color blobfinding

(a) JPEG (b) Segmented

(c) Dog and Ball

Fig. 2. Our robot, a Sony Aibo, and its ball. 2(a) shows the image obtained
from the nose camera and 2(b) shows what our perceptual system perceives.

The robot generates the positions of its 18 motors as well as
a JPEG image from a nose-mounted camera as sensor inputs
and accepts settings for all 18 motors as actuator outputs.

Our DL implementation is built around LWPR in the
learning box. In order to control for demonstrator error we
have replaced the human demonstrator with hand coded
controllers (described in experiments). However, we still
have a human user in the loop who chooses when to activate
the demonstrator and can do so for arbitrarily short or
long periods of time. For arbitration we have adopted the
simple strategy of always assuming that the demonstrator
is correct (demonstrator confidence is always 100%). If the
demonstrator returns a non-null output it is sent to the
platform. Otherwise, the student-generated output is sent.

Feedback to the user was given via LEDs on the robot
itself. The robot had 3 modes; ‘teacher’, ‘student’ and
‘unsure’ signalled by red, blue and green colors on the ears.
These modes correspond to: 1) The teacher being in control
of the robot, 2) The student being in control and fairly sure
of what it was doing and 3) The student being in control, but
unsure of its abilities and requesting more education. This
correspondes to low confidence (< 25%). Whether or not the
education is provided depends on the human user.

While our implementation uses fixed-dimensionality in-
puts and outputs, this is not a requirement of the DL system,
but instead is a limitation of our current implementation.
We have nevertheless been able to use our setup in various
configurations and do not see this limitation as impeding.

(a) Pan Left (b) Pan Right

(c) Tilt Forward (d) Tilt Back

Fig. 3. The first task we set our system was to learn to match the robot’s
head to its tail (mirroring). When we used one instructor to teach the pan
portion (top row), and another to teach the tilt (bottom row), DL enabled
the system to learn and merge both into full mirroring.

V. EXPERIMENTS

Each of our experiments involved connecting the DL
system to different platforms and demonstrators. This meant
that the inputs and outputs of the system changed, but the
DL system itself did not need to be modified. We held our
learning box constant over the experiments presented here
but, as previously mentioned, that is not required.

A. Mirroring
We first used DL to learn the simple cognitive task shown

in Figure 3. The desired behavior is for the dog’s head to
‘mirror’ its tail - as the tail was panned and tilted, the head
should do the same. The setup follows:

• Inputs to the system were the 18 raw readings from the
robot’s motors.

• Outputs from the system were the 18 desired settings
of the robot’s motors.

• The demonstrator was a hand-coded controller that
mapped tail readings to head settings.

This task was successfully learned after very little training.
At startup, the student knows nothing and does not respond

(a) JPEG (b) Segmented

(c) Dog and Ball

Fig. 2. Our robot, a Sony Aibo, and its ball. 2(a) shows the image obtained
from the nose camera and 2(b) shows what our perceptual system perceives.

The robot generates the positions of its 18 motors as well as
a JPEG image from a nose-mounted camera as sensor inputs
and accepts settings for all 18 motors as actuator outputs.

Our DL implementation is built around LWPR in the
learning box. In order to control for demonstrator error we
have replaced the human demonstrator with hand coded
controllers (described in experiments). However, we still
have a human user in the loop who chooses when to activate
the demonstrator and can do so for arbitrarily short or
long periods of time. For arbitration we have adopted the
simple strategy of always assuming that the demonstrator
is correct (demonstrator confidence is always 100%). If the
demonstrator returns a non-null output it is sent to the
platform. Otherwise, the student-generated output is sent.

Feedback to the user was given via LEDs on the robot
itself. The robot had 3 modes; ‘teacher’, ‘student’ and
‘unsure’ signalled by red, blue and green colors on the ears.
These modes correspond to: 1) The teacher being in control
of the robot, 2) The student being in control and fairly sure
of what it was doing and 3) The student being in control, but
unsure of its abilities and requesting more education. This
correspondes to low confidence (< 25%). Whether or not the
education is provided depends on the human user.

While our implementation uses fixed-dimensionality in-
puts and outputs, this is not a requirement of the DL system,
but instead is a limitation of our current implementation.
We have nevertheless been able to use our setup in various
configurations and do not see this limitation as impeding.

(a) Pan Left (b) Pan Right

(c) Tilt Forward (d) Tilt Back

Fig. 3. The first task we set our system was to learn to match the robot’s
head to its tail (mirroring). When we used one instructor to teach the pan
portion (top row), and another to teach the tilt (bottom row), DL enabled
the system to learn and merge both into full mirroring.

V. EXPERIMENTS

Each of our experiments involved connecting the DL
system to different platforms and demonstrators. This meant
that the inputs and outputs of the system changed, but the
DL system itself did not need to be modified. We held our
learning box constant over the experiments presented here
but, as previously mentioned, that is not required.

A. Mirroring
We first used DL to learn the simple cognitive task shown

in Figure 3. The desired behavior is for the dog’s head to
‘mirror’ its tail - as the tail was panned and tilted, the head
should do the same. The setup follows:

• Inputs to the system were the 18 raw readings from the
robot’s motors.

• Outputs from the system were the 18 desired settings
of the robot’s motors.

• The demonstrator was a hand-coded controller that
mapped tail readings to head settings.

This task was successfully learned after very little training.
At startup, the student knows nothing and does not respond

Input image Color threshold Group regions

How? How?
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Color blobfinding

(a) JPEG (b) Segmented

(c) Dog and Ball

Fig. 2. Our robot, a Sony Aibo, and its ball. 2(a) shows the image obtained
from the nose camera and 2(b) shows what our perceptual system perceives.

The robot generates the positions of its 18 motors as well as
a JPEG image from a nose-mounted camera as sensor inputs
and accepts settings for all 18 motors as actuator outputs.

Our DL implementation is built around LWPR in the
learning box. In order to control for demonstrator error we
have replaced the human demonstrator with hand coded
controllers (described in experiments). However, we still
have a human user in the loop who chooses when to activate
the demonstrator and can do so for arbitrarily short or
long periods of time. For arbitration we have adopted the
simple strategy of always assuming that the demonstrator
is correct (demonstrator confidence is always 100%). If the
demonstrator returns a non-null output it is sent to the
platform. Otherwise, the student-generated output is sent.

Feedback to the user was given via LEDs on the robot
itself. The robot had 3 modes; ‘teacher’, ‘student’ and
‘unsure’ signalled by red, blue and green colors on the ears.
These modes correspond to: 1) The teacher being in control
of the robot, 2) The student being in control and fairly sure
of what it was doing and 3) The student being in control, but
unsure of its abilities and requesting more education. This
correspondes to low confidence (< 25%). Whether or not the
education is provided depends on the human user.

While our implementation uses fixed-dimensionality in-
puts and outputs, this is not a requirement of the DL system,
but instead is a limitation of our current implementation.
We have nevertheless been able to use our setup in various
configurations and do not see this limitation as impeding.

(a) Pan Left (b) Pan Right

(c) Tilt Forward (d) Tilt Back

Fig. 3. The first task we set our system was to learn to match the robot’s
head to its tail (mirroring). When we used one instructor to teach the pan
portion (top row), and another to teach the tilt (bottom row), DL enabled
the system to learn and merge both into full mirroring.

V. EXPERIMENTS

Each of our experiments involved connecting the DL
system to different platforms and demonstrators. This meant
that the inputs and outputs of the system changed, but the
DL system itself did not need to be modified. We held our
learning box constant over the experiments presented here
but, as previously mentioned, that is not required.

A. Mirroring
We first used DL to learn the simple cognitive task shown

in Figure 3. The desired behavior is for the dog’s head to
‘mirror’ its tail - as the tail was panned and tilted, the head
should do the same. The setup follows:

• Inputs to the system were the 18 raw readings from the
robot’s motors.

• Outputs from the system were the 18 desired settings
of the robot’s motors.

• The demonstrator was a hand-coded controller that
mapped tail readings to head settings.

This task was successfully learned after very little training.
At startup, the student knows nothing and does not respond
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(c) Dog and Ball

Fig. 2. Our robot, a Sony Aibo, and its ball. 2(a) shows the image obtained
from the nose camera and 2(b) shows what our perceptual system perceives.

The robot generates the positions of its 18 motors as well as
a JPEG image from a nose-mounted camera as sensor inputs
and accepts settings for all 18 motors as actuator outputs.

Our DL implementation is built around LWPR in the
learning box. In order to control for demonstrator error we
have replaced the human demonstrator with hand coded
controllers (described in experiments). However, we still
have a human user in the loop who chooses when to activate
the demonstrator and can do so for arbitrarily short or
long periods of time. For arbitration we have adopted the
simple strategy of always assuming that the demonstrator
is correct (demonstrator confidence is always 100%). If the
demonstrator returns a non-null output it is sent to the
platform. Otherwise, the student-generated output is sent.

Feedback to the user was given via LEDs on the robot
itself. The robot had 3 modes; ‘teacher’, ‘student’ and
‘unsure’ signalled by red, blue and green colors on the ears.
These modes correspond to: 1) The teacher being in control
of the robot, 2) The student being in control and fairly sure
of what it was doing and 3) The student being in control, but
unsure of its abilities and requesting more education. This
correspondes to low confidence (< 25%). Whether or not the
education is provided depends on the human user.

While our implementation uses fixed-dimensionality in-
puts and outputs, this is not a requirement of the DL system,
but instead is a limitation of our current implementation.
We have nevertheless been able to use our setup in various
configurations and do not see this limitation as impeding.

(a) Pan Left (b) Pan Right

(c) Tilt Forward (d) Tilt Back

Fig. 3. The first task we set our system was to learn to match the robot’s
head to its tail (mirroring). When we used one instructor to teach the pan
portion (top row), and another to teach the tilt (bottom row), DL enabled
the system to learn and merge both into full mirroring.

V. EXPERIMENTS

Each of our experiments involved connecting the DL
system to different platforms and demonstrators. This meant
that the inputs and outputs of the system changed, but the
DL system itself did not need to be modified. We held our
learning box constant over the experiments presented here
but, as previously mentioned, that is not required.

A. Mirroring
We first used DL to learn the simple cognitive task shown

in Figure 3. The desired behavior is for the dog’s head to
‘mirror’ its tail - as the tail was panned and tilted, the head
should do the same. The setup follows:

• Inputs to the system were the 18 raw readings from the
robot’s motors.

• Outputs from the system were the 18 desired settings
of the robot’s motors.

• The demonstrator was a hand-coded controller that
mapped tail readings to head settings.

This task was successfully learned after very little training.
At startup, the student knows nothing and does not respond
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Color blobfinding

(a) JPEG (b) Segmented

(c) Dog and Ball

Fig. 2. Our robot, a Sony Aibo, and its ball. 2(a) shows the image obtained
from the nose camera and 2(b) shows what our perceptual system perceives.

The robot generates the positions of its 18 motors as well as
a JPEG image from a nose-mounted camera as sensor inputs
and accepts settings for all 18 motors as actuator outputs.

Our DL implementation is built around LWPR in the
learning box. In order to control for demonstrator error we
have replaced the human demonstrator with hand coded
controllers (described in experiments). However, we still
have a human user in the loop who chooses when to activate
the demonstrator and can do so for arbitrarily short or
long periods of time. For arbitration we have adopted the
simple strategy of always assuming that the demonstrator
is correct (demonstrator confidence is always 100%). If the
demonstrator returns a non-null output it is sent to the
platform. Otherwise, the student-generated output is sent.

Feedback to the user was given via LEDs on the robot
itself. The robot had 3 modes; ‘teacher’, ‘student’ and
‘unsure’ signalled by red, blue and green colors on the ears.
These modes correspond to: 1) The teacher being in control
of the robot, 2) The student being in control and fairly sure
of what it was doing and 3) The student being in control, but
unsure of its abilities and requesting more education. This
correspondes to low confidence (< 25%). Whether or not the
education is provided depends on the human user.

While our implementation uses fixed-dimensionality in-
puts and outputs, this is not a requirement of the DL system,
but instead is a limitation of our current implementation.
We have nevertheless been able to use our setup in various
configurations and do not see this limitation as impeding.

(a) Pan Left (b) Pan Right

(c) Tilt Forward (d) Tilt Back

Fig. 3. The first task we set our system was to learn to match the robot’s
head to its tail (mirroring). When we used one instructor to teach the pan
portion (top row), and another to teach the tilt (bottom row), DL enabled
the system to learn and merge both into full mirroring.

V. EXPERIMENTS

Each of our experiments involved connecting the DL
system to different platforms and demonstrators. This meant
that the inputs and outputs of the system changed, but the
DL system itself did not need to be modified. We held our
learning box constant over the experiments presented here
but, as previously mentioned, that is not required.

A. Mirroring
We first used DL to learn the simple cognitive task shown

in Figure 3. The desired behavior is for the dog’s head to
‘mirror’ its tail - as the tail was panned and tilted, the head
should do the same. The setup follows:

• Inputs to the system were the 18 raw readings from the
robot’s motors.

• Outputs from the system were the 18 desired settings
of the robot’s motors.

• The demonstrator was a hand-coded controller that
mapped tail readings to head settings.

This task was successfully learned after very little training.
At startup, the student knows nothing and does not respond

Header header
    uint32 seq
    time stamp
    string frame_id
uint32 image_width
uint32 image_height
uint32 blob_count
Blob[] blobs
    uint32 red
    uint32 green
    uint32 blue
    uint32 area
    uint32 x
    uint32 y
    uint32 left
    uint32 right
    uint32 top
    uint32 bottom

Blobs message:
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Color calibration

CS1480 – Assignment 2 Object Seeking

Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a
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CS1480 – Assignment 2 Object Seeking

pixel in playercam will output to the terminal the associated XY location, RGB color values and YUV color
values in the following format2:

[51, 145] = RGB [0 140 0] : : YUV [82 81 69]

Given this function in playercam, you can calibrate for the color of specific objects by sampling their
pixel colors in playercam. Start playercam and put objects of interest in the robot’s view. Click on a set of
pixels for a single object that adequately describe the object’s color. Note: you may not want to click on
all pixels of an object due to shadowing and specular (“shiny”) artifacts. From these clicks, playercam will
produce a list of YUV values. Examine this list to find appropriate minimum and maximum values for each
range. Note: if clicked pixels are chosen carefully, the straightforward min and max in each range can be
used. Otherwise, you may want to use some judgment in eliminating noisy outliers.

Once you have a calibrated colorfile, you can restart the Player server and playercam to check the
effectiveness of the new thresholds. playercam automatically overlays extracted blobs from the blobfinder
using the colorfile in the configuration file. You can use the playerjoy or playerv utilities to then move the
robot around the room and perform blobfinding of the objects from different viewpoints. You may find small
changes in camera perspective vastly change the performance of the blobfinder in such cases, you can sample
pixel color values from these perspectives and adjust your YUV thresholds. Also, make sure to properly
order the [Colors] and [Thresholds] sections such that the blob color entries are aligned.

Disclaimer: The calibration process is not always easy and may take several iterations to get a working
calibration. Remember, the real world can be particular and unforgiving. Small variations make a huge
difference. So, be consistent and thorough.

5 Object Recognition and Seeking

In this assignment, your Player client will need to distinguish three different Roomba Lab objects with the
following integer order identifiers3:

1. Yellow ball

2. Green over orange fiducial

3. Orange over green fiducial

4. Pink fiducial

Given appropriate color calibration, recognizing single solid color objects should be straightforward.
However, fiducials used in robot soccer to indicate specific locations on the field may have multiple solid
colors. For example, the playercam image in Figure 3 has two solid colors stacked in a vertical order with
similar shape dimensions. In such cases, your Player client will need to specifically include perception routines
to process the output of the blobfinder for multicolor fiducials.

Given a specific ordering (via file or command line), your client should drive the robot to visit each
of the given Roomba Lab objects continuously in this order. For example, the given ordering [3 1 2 4]
should direct the robot to visit the green/orange fiducial, orange/green fiducial, yellow ball, pink fiducial,
green/orange fiducial, etc. A finite state machine is a good choice for controlling this decision making. A
proportional-derivative feedback controller with a form of wandering is a good choice for motion control.

2The binary in /course/cs148/bin/playercam yuv is the one on system that provides proper YUV values
3Note, these do not necessarily need to be identifiers in the colorfile
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blobcolors.txt
example

(thresholds in YUV color space)

CS1480 – Assignment 2 Object Seeking

Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a

3

playercam_yuv output

mouse click
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Camera node:
gscam (Gstreamer)

AR tag node:
ar_recog (ARToolkit)

AR tag recognition

ar_recog PR2 teleop: http://www.flickr.com/photos/brownrobotics/4584683111/
Wednesday, September 15, 2010
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AR tag recognition
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AR tag recognition

Header header
uint32 image_width
uint32 image_height
float64 angle_of_view
uint32 tag_count
Tag[] tags
    uint32 id
    float64 cf
    uint32 x
    uint32 y
    uint32 diameter
    uint32 distance
    float64 xRot 
    float64 yRot 
    float64 zRot
    float64[8] cwCorners

Tags message:

For this class, we will treat tags
like color blobs
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cmd_vel

velocity_x

velocity_y

velocity_z

cmd_vel node:
irobot_create_2_1 (Open Interface)

Vector3 linear
    float64 x
    float64 y
    float64 z
Vector3 angular
    float64 x
    float64 y
    float64 z

Twist message:

can we use all 
of these variables?

Wednesday, September 15, 2010
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cmd_vel

velocity_x

velocity_y

velocity_z

cmd_vel node:
irobot_create_2_1 (Open Interface)

Vector3 linear
    float64 x
    float64 y
    float64 z
Vector3 angular
    float64 x
    float64 y
    float64 z

Twist message:

drive: (vx)

turning: (va)
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Move to the ball?

how can our robot move to the ball?CS1480 – Assignment 2 Object Seeking

Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a
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One approach

Center ball in image

Once centered, drive 
forward

Can we state in 
terms of vx and va?

CS1480 – Assignment 2 Object Seeking

Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a

3
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Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a

3

error

va = -k * error

spring mass model

potential problems?

simple form of
feedback control
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Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a
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error

va = -k * error

spring mass model

overcompensation

gain selection
ball out-of-view
false positives
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Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a
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error

va = -k * error
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potential problems?
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Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a
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Figure 2: An example of using playercam to color calibrate and perform blobfinding. (Top left) 3 objects
are placed in the robot’s field of view and playercam is used to extract YUV values and thresholds for each
object color. (Other 5 images) Results from blobfinding with the resulting color calibration file from different
robot locations and pushing the yellow ball.

• a “[Colors]” section specifying identifiers, as strings and integer triplets, for each blob color

• a “[Thresholds]” section containing color thresholds (in YUV space) associated with each blob color

The following example “blobcolors.txt” illustrates the format of the colorfile:

[Colors]
(255, 0, 0) 0.000000 10 Red
( 0,255, 0) 0.000000 10 Green
( 0, 0,255) 0.000000 10 Blue

[Thresholds]
( 25:164, 80:120,150:240)
( 20:220, 50:120, 40:115)
( 15:190,145:255, 40:120)

In this colorfile, the color “Red” has the integer identifier “(255,0,0)” or, in hexidecimal, 0x00FF0000
and YUV thresholds (25:164,80:120,150:240). These thresholds are specified as a range. Specifically, any
pixel with YUV values within this range will be labelled with as the given blob color. Note: that YUV and
RGB color coordinates are vastly different representations, you can refer to the Wikipedia YUV entry and
the Appendix for details.

To calibrate the blobfinder, you will need to add appropriate lines in your colorfile containing identifiers
and YUV thresholds. Once you have an appropriately calibrated colorfile, the Player blobfinder will be able
to detect color blobs, both in real and simulated environments, as illustrated above. We have provided in
playercam the ability to output YUV values associated with a pixel currently being displayed. Clicking on a

3

error

va = -k * error
+ -kd * error_derivative

+ ki ∑t..t-∆{error}

spring-damper model

integrate error over time

Wednesday, September 15, 2010



1 DOF matlab example
Proportional-derivative-integral servo (PID)

http://www.cs.brown.edu/courses/cs148/pub/
pd_control_1Dservo.m

4 gain settings, hacky dynamics

PID pseudo code from Wikipedia
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“lightly stiff spring”

converges
to desired

angle
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“stiffer spring, slightly damped”

oscillation, 
overcompensation
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“stiffer spring, more damping”

less oscillation
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“overstiff spring”
diverges, unstable
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