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Introduction

❑ Robots are the agents endowed with physical effectors with which to do mischief. 

❑ Physical agents that perform tasks by manipulating the physical world.

❑ Effectors assert physical forces on the environment (legs, wheels, joints, and grippers)

❑ Sensors perceive their environment (cameras, lasers, gyroscopes, and accelerometers)

❑ Manipulators

❑ Robot arms physically anchored to their workspace

❑ Mobile robots

❑ Move about their environment using wheels or legs

❑ Mobile manipulators

❑ Combine mobility with manipulation
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Motivating Examples: Robots for Manipulation and Transportation

사진 출처 #3사진 출처 #1 사진 출처 #2
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22.1 Introduction (1/2)

1) Equipment of robots

Effectors

To assert physical forces on 

the environment

e.g., legs, wheels, joints, 

grippers

Sensors

To perceive their 

environment

e.g., cameras, lasers, 

gyroscopes, accelerometers

사진 출처 #4

사진 출처 #5
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22.1 Introduction (2/2)

2) Categories of robots
Manipulators (robot arms)

Physically anchored to their workplace

Most common type of industrial robots

Mobile robots

Move about their environment using wheels, legs or similar mechanisms

e.g., unmanned ground vehicles (UGVs), unmanned air vehicles (UAVs), autonomous 

underwater vehicles (AUVs)

Mobile manipulator

Combined form of mobility and manipulation

e.g. humanoid robots
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22.2 Robot Hardware (1/3)

1) Sensors
Passive sensors (camera): Capture signals generated by other sources in the environments.

Active sensors (sonar): Send energy into the environment, and get the reflected energy.

Three types of sensors
Range finders
➢ Measure the distance to nearby objects
➢ e.g., sonar sensor, stereo vision, time of flight camera, scanning lidars, tactile sensors

Location sensors
➢ Most location sensors use range sensing as a primary component to determine 

location.

➢ e.g., Global Positioning System (GPS), Differential GPS
Proprioceptive sensors
➢ Inform the robot of its own motion
➢ e.g., shaft decoders, odometry, inertial sensors, force sensors, torque sensors
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22.2 Robot Hardware (2/3)

2) Effectors
Degree of freedom (DOF)

6 DOF of AUV: three for its (𝑥, 𝑦, 𝑧) location in space and three for its angular orientation 
𝑦𝑎𝑤, 𝑟𝑜𝑙𝑙, and 𝑝𝑖𝑡𝑐ℎ
These six degrees define the kinematic state or pose of the robot. The dynamic state of 
a robot includes these six plus an additional six dimensions for their velocities.

Arm (a) has exactly six degrees of freedom. Car (b) has three effective degrees of freedom but 
two controllable degrees of freedom (move forward or backward, turn). Nonholonomic: has more 
effective DOFs than controllable DOFs. Holonomic: two numbers are the same.

사진 출처 #6
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22.2 Robot Hardware (3/3)

사진 출처 #7

사진 출처 #8

2) Effectors (contd.)
➢ Locomotion

Differential drive robots possess two independently 
actuated wheels (or tracks)

An alternative is the synchro drive (each wheel can 
move and turn around its own axis).

➢ Legs

Dynamically stable: a robot can remain upright 
while hopping around

Statically stable: a robot can remain upright without 
moving its legs

➢ Sources of power

The electric motor is the most popular mechanism 
for both manipulator actuation and locomotion

Pneumatic actuation using compressed gas and 
hydraulic actuation using pressurized fluids also 
have their application niches
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22.3 Robotic Perception (1/9)

1) Robotic perception
Robots have all the problems of state estimation 
(or filtering)
Belief state: the posterior probability distribution 
over the environment state variables

𝚾𝒕: the state of the environment (including 

the robot) at time 𝑡
𝚭𝒕: the observation received at time 𝑡
𝐴𝑡: the action taken after the observation is received

𝐏 𝐗𝑡+1 𝐳1:𝑡+1, 𝑎1:𝑡 = 𝛼𝐏 𝒛𝑡+1 𝐗𝑡+1 න𝚸 𝚾𝑡+1 𝐱𝑡 , 𝑎𝑡 𝑃(𝐱𝑡 𝐳1:𝑡 , 𝑎1:𝑡−1 𝑑𝐱𝑡

Previous action 𝑎𝑡, current sensor measurement 𝒛𝑡+1
𝚸 𝚾𝑡+1 𝐱𝑡 , 𝑎𝑡 is called transition model or motion model
𝐏 𝒛𝑡+1 𝐗𝑡+1 is called sensor model

사진 출처 #9
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22.3 Robotic Perception (2/9)

2) Localization and mapping
Motion model

For small time intervals Δ𝑡, a crude 

model of the motion of such robots is given by

𝐗𝑡+1 = 𝑓 𝐗𝑡, 𝑣𝑡, 𝑤𝑡 = 𝐗𝑡 +
𝑣𝑡Δ𝑡cos𝜃𝑡
𝑣𝑡Δ𝑡sin𝜃𝑡
𝑤𝑡Δ𝑡

The notation 𝐗 refers to a deterministic state prediction. Of course, physical 

robots are somewhat unpredictable. 

This is commonly modeled by a Gaussian distribution with mean 𝑓(𝐗𝑡 , 𝑣𝑡 , 𝑤𝑡) and 

covariance Σ𝑥.
𝐏 𝐗𝑡+1 𝐗𝑡, 𝑣𝑡, 𝑤𝑡 = 𝑁(𝐗𝑡+1, Σ𝑥)

ถ
𝑎𝑡 사진 출처 #10
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22.3 Robotic Perception (3/9)

2) Localization and mapping (contd.)
Sensor model

Sensors detect stable, recognizable features of the environment called landmarks

robot’s state: 𝐗𝑡 = (𝑥𝑡, 𝑦𝑡 , 𝜃𝑡)
𝑇, and it senses a landmark whose location is (𝑥𝑖 , 𝑦𝑖)𝑇

𝐙𝑡 = ℎ 𝐱𝑡 =
(𝑥𝑡−𝑥𝑖)

2+(𝑦𝑡−𝑦𝑖)
2

arctan
𝑦𝑡−𝑦𝑖
𝑥𝑡−𝑥𝑖

−𝜃𝑡
,              𝑃 𝐳𝑡 𝐱𝑡 = 𝑁(ො𝐳𝑡, Σ𝑧)

Typically, we assume that the errors for the different beam directions are 
independent and identically distributed, so we have

𝑃 𝐳𝑡 𝐱𝑡 = 𝛼ෑ

𝑗=1

𝑀

𝑒−(𝑧𝑗− Ƹ𝑧𝑗)/2𝜎
2

An array of range sensors, each of which has a fixed bearing relative to the robot
Sensors produce a vector of range values 𝒛𝒕 = (𝑧1, … , 𝑧𝑀)

𝑇

Given a pose 𝐱𝑡, let Ƹ𝑧𝑗 be the exact range along the 𝑗th beam direction from 𝐱𝑡 to the 

nearest obstacle.  𝑃 𝐳𝑡 𝐱𝑡 = 𝛼ς𝑗=1
𝑀 𝑒−(𝑧𝑗− Ƹ𝑧𝑗)/2𝜎

2
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22.3 Robotic Perception (4/9)

2) Localization and mapping (contd.)

사진 출처 #10
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22.3 Robotic Perception (5/9)

2) Localization and mapping (contd.)

사진 출처 #11
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22.3 Robotic Perception (6/9)

2) Localization and mapping (contd.)
Monte Carlo localization (MCL): localization using particle filtering

사진 출처 #12
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22.3 Robotic Perception (7/9)

2) Localization and mapping (contd.)
Linearize: localize using Kalman filter (Taylor expansion)

사진 출처 #13
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22.3 Robotic Perception (8/9)

2) Localization and mapping (contd.)
Extended Kalman filter (EKF)

Simultaneous localization and mapping (SLAM): situations where no map of the 
environment is available

Chicken-and-egg problem: the navigating robot will have to determine its location 
relative to a map it doesn’t quite know, at the same time building this map while it 
doesn’t quite know its actual location.
Solved using many different probabilistic techniques, including EKF

사진 출처 #14
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22.3 Robotic Perception (9/9)

3) Other types of perception
Robots also perceive the temperature, odors, acoustic signals, and so on.

Many of these quantities can be estimated using variants of dynamic Bayes 
networks. Probabilistic techniques outperform other approaches in many hard 
perceptual problems such as localization and mapping.

4) Machine learning in robot perception
Machine learning plays an important role in robot perception.

Low-dimensional embedding
Map high-dimensional sensor streams into lower-dimensional spaces using 
unsupervised machine learning methods

Adaptive perception techniques using machine learning enable robots to adjust 
to changes in sensor measurements

Self-supervised method make robots collect their own training data (also with 
labels)
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22.4 Planning to Move (1/4)

1) Configuration space
Workspace representation

An arm robot’s location of elbow (𝑥𝑒, 𝑦𝑒) and 

gripper (𝑥𝑔, 𝑦𝑔)

Configuration space
Represent the state by a configuration of the 

robot’s joints: two angles 𝜑𝑠 and 𝜑𝑒 for the  
shoulder joint and elbow joint, respectively
Free space: the space that a robot may attain 
Occupied space: unattainable space

Kinematics
Kinematics: transforming configuration space coordinates into workspace 
coordinates: simple
Inverse kinematics: calculating the configuration of a robot whose effector location is 
specified in workspace coordinates: hard

사진 출처 #15
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22.4 Planning to Move (2/4)

2) Cell decomposition methods
Cell decomposition

It decomposes the free space into a finite number of contiguous regions, called cells.

These regions have the important property that the path-planning problem within a 
single region can be solved by simple means.
The path-planning problem then 
becomes a discrete graph-search 
problem.
Limitations

➢ curse of dimensionality

➢ mixed (neither free space nor occupied)

➢ not smooth

Improved version of cell decomposition
Further subdivision
Exact cell decomposition

사진 출처 #16
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22.4 Planning to Move (3/4)

3) Modified cost functions
Potential field

A potential field is a function defined over 

state space, whose value grows with the

distance to the closest obstacle

Weight balancing

➢ On the one hand, the robot seeks 

to minimize path length to the goal

➢ It tries to stay away from obstacle 

by virtue of minimizing the potential function

Other cost functions

e.g., Smooth one is more desirable than jerky one in driving

사진 출처 #17
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22.4 Planning to Move (4/4)

4) Skeletonization methods
Skeletonization

Reduces the robot’s free space to a 
one-dimensional representation (skeleton), 
for which the planning problem is easier

Voronoi graph
The robot first changes its present configuration 
to a point on the Voronoi graph (the set of
points equidistant to two or more obstacles).
Then the robot follows the Voronoi graph until

it reaches the point nearest to the target configuration
Finally, the robot leaves the Voronoi graph and moves to the target

Probabilistic roadmap
An alternative to the Voronoi graph. A skeletonization approach that offers more 
possible routes, and thus deals better with wide-open spaces.

사진 출처 #18
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22.5 Planning Uncertain Movements (1/2)

1) Robust methods
Most of today’s robots use deterministic algorithms for decision making, such as the path-
planning algorithms of the previous section. To do so, it is common practice to extract the 
most likely state from the probability distribution produced by the state estimation algorithm.
The advantage of this approach is purely computational. In fact, when the environment 
model changes over time as the result of incorporating sensor measurements, many robots 
plan paths online during plan execution. 
This is the online replanning technique of Section 11.3.3.
The field of robotics has adopted a range of techniques for accommodating uncertainty.
If the robot faces uncertainty only in its state transition, but its state is fully observable, the 
problem is best modeled as a Markov decision process (MDP). 

The solution of an MDP is an optimal policy, which tells the robot what to do in every possible 
state. In this way, it can handle all sorts of motion errors, whereas a single-path solution from 
a deterministic planner would be much less robust. 
In robotics, policies are called navigation functions. 

The value function shown in Figure 25.16(a) can be converted into such a navigation 
function simply by following the gradient.
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22.5 Planning Uncertain Movements (2/2)

1) Robust methods (cont.)
The solution to a POMDP is a policy defined over the robot’s belief state. The input to the 
policy is an entire probability distribution. 
If it is uncertain about a critical state variable, it can rationally invoke an information gathering 
action. This is impossible in the MDP framework, since MDPs assume full observability. One 
remedy is to make the minimization of uncertainty a control objective. 
For example, the coastal navigation heuristic requires the robot to stay near known landmarks 
to decrease its uncertainty. 
Uncertainty can be handled using so-called robust 
control methods rather than probabilistic methods

Assumes a bounded amount of uncertainty

An extreme form of robust method is the conformant planning

Robust method used for fine-motion planning (FMP)
FMP involves moving a robot arm in very close proximity to a static environment object

Main difficulty: the required motions and the relevant features of the environment are very small

The solutions to FMP: conditional plans or policies that make use of sensor feedback execution and are 
guaranteed to work in all situations consistent with the assumed uncertainty bounds

사진 출처 #19
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22.6 Moving (1/5)

1) Dynamics and control
Dynamic state

Dynamic state extends the kinematic state of a robot by its velocity

Controller
Controllers are techniques for generating robot controls in real time using feedback from the 
environment

If the objective is to keep the robot on a preplanned path, it is often referred to as a reference controller 
and the path is called a reference path.

Controllers that optimize a global cost function are known as optimal controllers

P controllers (P: proportional)
Let 𝑦(𝑡) be the reference path, parameterized by time index 𝑡, the control 𝑎𝑡 generated by a P 
controller has the form:

𝑎𝑡 = 𝐾𝑃(𝑦(𝑡) − 𝑥𝑡)

𝑥𝑡 is the state of the robot at time 𝑡 and 𝐾𝑃 is a constant known as the gain parameter of the controller 
and its value is called the gain factor

𝐾𝑃 regulates how strongly the controller corrects for deviations between the actual state 𝑥𝑡 and the 
desired one 𝑦(𝑡)
Problems of this type fall into the realm of control theory
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22.6 Moving (2/5)

1) Dynamics and control (contd.)
PD controllers (P: proportional, D: derivative)

𝑎𝑡 = 𝐾𝑃 𝑦(𝑡 − 𝑥𝑡) + 𝐾𝐷
𝜕(𝑦 𝑡 −𝑥𝑡)

𝜕𝑡

PD controllers extend P controllers by a differential component, which adds to the value 

of 𝑎𝑡 a term that is proportional to the first derivative of the error 𝑦 𝑡 − 𝑥𝑡 over time.

In particular, PD controllers may fail to regulate an error down to zero, even in the 

absence of external perturbations.

In such situations, an over-proportional feedback is required: PID controllers

PID controllers (P: proportional, I: integral, D: derivative)

𝑎𝑡 = 𝐾𝑃 𝑦(𝑡 − 𝑥𝑡) + 𝐾𝐼  𝑦 𝑡 − 𝑥𝑡 𝑑𝑡 + 𝐾𝐷
𝜕(𝑦 𝑡 −𝑥𝑡)

𝜕𝑡

 𝑦 𝑡 − 𝑥𝑡 𝑑𝑡 calculates the integral of the error over time

사진 출처 #20
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22.6 Moving (3/5)

2) Potential-field control

사진 출처 #21
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22.6 Moving (4/5)

3) Reactive control
In some cases, a reflex agent 
architecture using reactive control 
is more appropriate.
For example, picture a legged robot 
that attempts to lift a leg over an 
obstacle. 
This problem can be overcome by 
a remarkably simple control rule: 
when a leg’s forward motion is 
blocked, simply retract it, lift it 
higher, and try again.
Behavior that emerges through the interplay of a (simple) controller and a (complex) 
environment is often referred to as emergent behavior. 

Strictly speaking, all robots discussed in this chapter exhibit emergent behavior, due to the 
fact that no model is perfect.

사진 출처 #22
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22.6 Moving (5/5)

4) Reinforcement learning control
One particularly exciting form of control 

is based on the policy search form of  

reinforcement learning.

This work has been enormously influential 

in recent years, at is has solved challenging   

robotics problems for which previously no solution existed.

Policy search needs an accurate model of the domain before it can find a policy. The input to 

this model is the state of the helicopter at time t, the controls at time 𝑡, and the resulting state 

at time 𝑡 + Δ𝑡. 

The state of a helicopter can be described by the 3D coordinates of the vehicle, its yaw, pitch, 

and roll angles, and the rate of change of these six variables.

This learning approach solves a challenging robotics problem.

사진 출처 #23
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22.7 Robotic Software Architectures (1/2)

Software architecture: Most robot architectures use hybrid architectures, i.e. use reactive 

techniques at the lower levels of control and deliberative techniques at the higher levels. 

1) Subsumption architecture
A framework for assembling reactive controllers out of finite state machines called 

augmented finite state machines (AFSMs), i.e.  AFM with internal timers (clocks).

The subsumption architecture offers additional primitives for synchronizing AFSMs, and for 

combining output values of multiple, possibly conflicting AFSMs. In this way, it enables the 

programmer to compose increasingly complex controllers in a bottom-up fashion. 

Problems

Subsumption-style controllers have mostly been applied to simple tasks.

The lack of deliberation makes it difficult to change the task of the robot.

Subsumption-style controllers tend to be difficult for human programmers to 

understand
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22.7 Robotic Software Architectures (2/2)

2) Three-layer architecture
A hybrid architecture that consists of 
three layers:

Reactive layer
Provides low-level control to the 
robot, tight sensor-action loop.
Decision cycles of milliseconds.

Executive layer (sequencing layer)
Accepts the directives by the 
deliberative layer, and sequences 
them for the reactive layer.

Decision cycles of a second.

Deliberative layer
Generates global solutions to 
complex tasks using planning
Decision cycles of minutes.

3) Pipeline architecture
Executes multiple process in parallel

Modules are like in three-layer architecture

Asynchronous, data-driven, robust, and fast

사진 출처 #24
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22.8 Application Domains (1/5)

1) Industry and agriculture
Harvest, mine, or excavate earth 

Stripping paint off large ships

Autonomous mining robots

2) Transportation
Autonomous helicopters

Automatic wheelchairs

Autonomous straddle carriers

Many of these robots require environmental modifications for their operation, 
such as inductive loops in the floor, active beacons, or barcode tags. 

An open challenge in robotics is the design of robots that can use natural cues, 
instead of artificial devices, to navigate, particularly in environments such as the 
deep ocean where GPS is unavailable.

사진 출처 #25
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22.8 Application Domains (2/5)

3) Robotic cars
More than a million people die every year in traffic 
accidents. 
Robotic cars like BOSS and STANLEY offer hope: 
Not only will they make driving much safer, but 
they will also free us from the need to pay 
attention to the road during our daily commute.
STANLEY (Stanford University) won 2005 DARPA 
Grand Challenge, 132 miles in less than 7 hours.
BOSS (CMU) won 2007 DARPA Urban Challenge, 
a race on city streets obeying traffic rules.
Google Self-driving Cars began test-drive in 2010 
in Nevada.
Waymo launched automated tax services in 2018. 사진 출처 #26
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22.8 Application Domains (3/5)

4) Health care
Robots are increasingly used to 

assist surgeons with instrument 

placement when operating on 

organs as intricate as brains, eyes, 

and hearts. Figure 25.28(b) shows 

such a system. Robots have become 

indispensable tools in a range of 

surgical procedures, such as hip 

replacements, thanks to their high 

precision. 
사진 출처 #27
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22.8 Application Domains (4/5)

5) Hazardous environments
Cleaning up nuclear waste

at Chernobyl and 

Three Mile Island

Search and rescue at 

the World Trade Center

6) Exploration
Sojourner to Mars

Robotic arms assist astronauts in deploying and retrieving satellites and in 
building the International Space Station. 

Robots also help explore under the sea.

사진 출처 #28
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22.8 Application Domains (5/5)

7) Personal services
Service robots 

Roomba

Guide robots

8) Entertainment
Entertainment

Toy industry

Robotic soccer

9) Human augmentation
Researchers have developed legged walking machines that can carry people 
around, very much like a wheelchair.

사진 출처 #29
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Summary (1/2)

Robots are equipped with sensors for perceiving their environment and effectors with which they can assert 

physical forces on their environment. Most robots are either manipulators anchored at fixed locations or 

mobile robots that can move.

Robotic perception concerns itself with estimating decision-relevant quantities from sensor data. To do so, we 

need an internal representation and a method for updating this internal representation over time. Common 

examples of hard perceptual problems include localization, mapping, and object recognition.

Probabilistic filtering algorithms such as Kalman filters and particle filters are useful for robot perception. 

These techniques maintain the belief state, a posterior distribution over state variables.

The planning of robot motion is usually done in configuration space, where each point specifies the location 

and orientation of the robot and its joint angles.

Configuration space search algorithms include cell decomposition techniques, which decompose the space of 

all configurations into finitely many cells, and skeletonization techniques, which project configuration spaces 

onto lower-dimensional manifolds. The motion planning problem is then solved using search in these simpler 

structures.
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Summary (2/2)

A path found by a search algorithm can be executed by using the path as the reference trajectory for a PID 

controller. Controllers are necessary in robotics to accommodate small perturbations; path planning alone is 

usually insufficient.

Potential field techniques navigate robots by potential functions, defined over the distance to obstacles and 

the goal location. Potential field techniques may get stuck in local minima, but they can generate motion 

directly without the need for path planning.

Sometimes it is easier to specify a robot controller directly, rather than deriving a path from an explicit model 

of the environment. Such controllers can often be written as simple finite state machines.

There exist different architectures for software design. The subsumption architecture enables programmers to 

compose robot controllers from interconnected finite state machines. Three-layer architectures are common 

frameworks for developing robot software that integrate deliberation, sequencing of subgoals, and control. 

The related pipeline architecture processes data in parallel through a sequence of modules, corresponding to 

perception, modeling, planning, control, and robot interfaces.
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25.7 (Configuration of the robots)
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