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Abstract

Reactively planning a path in a dynamic and unstructured environment is a key
challenge for mobile robots and autonomous systems. Planning should consider fac-
tors including the long-term and short-term prediction, current environmental situa-
tion, and human context. In this chapter, we present a novel robotic path-planning
method with human activity information in a large-scale three-dimensional (3D) envi-
ronment. In the learning stage, this method uses human motion detection results and
preliminary environmental information to build a long-term context model with a
hidden Markov model (HMM) to describe and predict human activities in the envi-
ronment. In the application stage, when a robot detects humans in the environment, it
first uses the long-term context model to generate impedance areas in the environ-
ment. Then, the robot searches each area of the environment to find paths between key
locations, such as escalators, to generate a Reactive Key Cost Map (RKCM), whose
vertexes are those key locations and edges are generated paths. The graphs of all areas
are connected using the key nodes in the subgraphs to build a global graph of the
whole environment. Finally, the robot can reactively plan a path based on the current
environmental situation and predicted human activities. This method enables robots
to navigate robustly in a large-scale 3D environment with regular human activities,
and it significantly reduces computing workload with proposed RKCM.

Keywords: motion detection and tracking, path planning, mobile robot navigation

1. Introduction

Autonomous and intelligent navigation in a dynamic and unstructured environment is a

critical capability for mobile robots and autonomous systems. It integrates lots of technologies

from sensing, environmental modeling, object tracking, planning, decision making, control,
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and so on, to deal with the challenges from a dynamic and uncertain environment, so that

robots are capable of planning paths to avoid moving obstacles and human beings in a real-

world environment.

Lots of researchers have proposed various methods of addressing path-planning problems,

which have been applied successfully in various domains. However, most of those methods

targeted at finding a path-planning solution in a two-dimensional (2D) environment, or an

oversimplified three-dimensional (3D) environment. As more and more mobile robots and

autonomous systems are placed in buildings to provide services for human beings, an emerg-

ing and interesting problem is how to plan paths for robots to navigate effectively across floors

in a multistorey building.

Consider a multistorey building with multiple elevators or escalators on the same floor. If we

ask a robot to deliver a box from the first floor to the fifth floor in the building, there will be

multiple paths for the robot to navigate via the elevators or the escalators. For example, the

robot can take the elevator to go to the fifth floor directly and then go to the destination. Or if

the fifth floor is very crowded with people, it can use the elevator on the first floor to go to the

second floor, and then go to another elevator at a different location on the second floor to reach

the destination on the fifth floor. Then, it becomes a practical and important problem to choose

which elevators the robot should take, based on the dynamic environment and human context

information.

Additionally, the final state on one floor is the initial state of the next floor, toward which the

robot is navigating. While the cost function on each floor can be minimized locally based on

some criteria, how to minimize the global cost is also an interesting question that we need to

answer. Since there will be people walking in a building, the environment is changing constantly,

and thus the cost of moving from one location to another location varies based on timing,

business schedule, and other factors. The scenario described above can be extended to other

industrial domains, such as transporting in rail yard (multiple 2D environment), health-care

service robotics (hybrid 2D environment), and aerial service robotics (full 3D path planning).

The motivation of this chapter is to propose a solution to address the two major problems

mentioned above. First, we present a method of building a global graph to describe the environ-

ment, which takes human motion in the environment into consideration. Human motion can be

detected and its 2D spatial distribution can be estimated by the state-of-the-art radio tomo-

graphic imaging (RTI) technology. Then, we use a hidden Markov model (HMM) to represent a

long-term context model. In the application stage, when humans are detected, we use the long-

term context model to predict the short-term activities of humans in the environment. Then, we

build Reactive Key Cost Maps (RKCMs) for all the floors using the predicted human activities.

Second, we present a hierarchy planning framework for robots to find a path to minimize the

global cost. This method considers the whole map as a graph, and the adjacent subgraphs for

corresponding floors are connected using elevator or stairs, which are also associated with

costs. By planning on the higher layer of the global graph, we can optimize the global cost.
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The rest of the chapter is organized as follows: Section 2 summarizes previous work on indoor

human detection and motion planning, Section 3 explains our methodology in detail, Section 4

uses some experimental results to validate our proposed methodology, and Section 5 proposes

some future work and summarized this paper.

2. Motivation

In a Veteran Affairs (VA) hospital, thousands of surgical tools are transported between the

operating rooms and the sterilization facilities every day. Currently, the logistics of the periop-

erative process is labor intensive, with medical instruments being processed manually by

people. This manual process is inefficient and could lead to improper sterilization of instru-

ments. A systematic approach can dramatically improve surgical instrument identification and

count, sterilization, and patient safety.

A fully automated robotic system involves multiple mobile and static robots for both manip-

ulation and transportation. The overall robotic system is shown in Figure 1. A key task

throughout the sterilization process is to move robots in the hospital from one location to

another location while avoiding hitting any obstacles including assets and people. It is a

typical indoor robot navigation task. However, due to the dynamic human activities in a

hospital, we need to address two challenges: one is to detect and track human motion and

activities in the hospital, and the other is to plan the motion trajectories for robots to navigate

through multiple floors.

Figure 1. Overall robotic system.
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3. Related work

Robot navigation is one of the most important topics in robotics; many sensors and techniques

have been studied in the past few decades [1]. Odometer and inertial sensors such as acceler-

ometer and gyroscope have been used for dead reckoning, that is, relative position estimation.

For absolute position measurements, various systems have been developed using sensors such

as magnetic compasses, active beacons, and global positioning system (GPS) chips. Combining

relative and absolute position measurements, GPS-aided inertial navigation systems have

achieved satisfying performance for many outdoor robotic applications. However, accurate

and robust localization is still an open problem in the research community for an indoor

environment and GPS-denied situation.

As wireless devices and networks become more pervasive, radio-based indoor localization

and tracking of people becomes a practical and cost-effective solution. Extensive research

has been performed to investigate different wireless devices and protocols such as ultra-

wide band (UWB), Bluetooth, Wi-Fi, and so on to locate people carrying radio devices at

indoor or GPS-denied environments [2–4]. A few recent studies even measure and model the

effect of the human body on the antenna gain pattern of a radio [5, 6], and use the model and

the effect to jointly track both the orientation and position of the person wearing a radio

device such as an radio-frequency identification (RFID) badge [6, 7]. However, all these

methods require people to participate in the motion capture and tracking system by carrying

devices with them all the time.

With respect to motion planning, there are some existing methods that use the historical

human activity data to assist robotic motion planning. Awell-known example is the planning

engine in the Google Map, which relies on crowd-sourced user data [8, 9]. However, we are

targeting on robot motion planning at indoor environments [10, 11], where we cannot collect

human activity data from Google Map or GPS. We also cannot expect that everyone in a

building can hold a device for us to collect the human-associate data [12]. A natural and

noncooperative method [13] is to obtain such data by actively detecting and tracking human

activities in the environment without mounting any sensors on human bodies, and that is the

basic innovation point and contribution of our method proposed in this book chapter. The

technology we used in this book chapter successfully helps us build a model to describe

human activities in the environment.

For robots to interact with human beings, human motion detection and tracking is a critical

problem to solve. Recently, a novel sensing and localization technique called radio tomo-

graphic imaging (RTI) was developed to use received signal strength (RSS) measurements

between pairs of nodes in a wireless network to detect and track people [14]. Various methods

and systems have been developed to improve the system performance at different situations.

For example, a multichannel RTI system was developed by exploring frequency diversity to

improve the localization accuracy [15]. A variance-based RTI (VRTI) was developed to locate

and track moving people even through nonmetal walls [16, 17]. Further, to locate stationary

and moving people even at non–line-of-sight (NLOS) environments, kernel distance-based RTI

(KRTI) was developed that uses the histogram distance between a short-term and a long-term
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RSS histogram [18]. The state-of-the-art RTI technology has been used to locate and track

people in buildings, but we are not aware of any research effort in using RTI to assist human

robot interaction and robot path planning.

RTI technology could help us describe human activities in the environment, especially in

buildings. The next step is to use appropriate methods to represent the information

obtained [19]. When building a model of describing human activities, some researchers

focused on building a mathematical field model, for example, Gaussian Mixture Model

(GMM) [20]. Given a position, the model returns a density of humans in the environment.

Some researchers use nodes to represent humans. One well-accepted and popular method is

hidden Markov model (HMM) [21]. Both discrete [21] and continuous HMMs [22] have been

proposed to describe states and transitions. In our system, we choose to use discrete HMM to

simplify the model and reduce the computing time when the robot is moving. Lots of litera-

tures can be found in this paper for using HMMs in robotics research [23]. In our method, we

used HMMs, but we describe human activities using the costs, not the nodes. Our contribution

is to successfully integrate the human detection results into an HMM and reduce the number

of nodes in the HMMs for robotic path planning.

Based on the representation model that we chose, a motion-planning algorithm is used to

enable robots to find a path from the current location to the target position by searching the

reachable space and finding a path to satisfy task constraints [24]. The path-planning process

can be done in a configuration space or a task space. Current path-planning methods are

categorized into three types [24, 25]: (1) roadmap [26], which samples the configuration of a

task space and finds a shortest or an optimal path to connect the sampled points; (2) potential

field [27], which generates a path in the configuration or a task space by moving a particle

attracted by the goal and repelled by impedance areas; and (3) strategy searching [28], which

searches the policy or strategy database to find a solution that describes the path.

4. Methodology

The proposed system includes several subsystems such as robot navigation, human activity

and motion detection, long-term context model, and so on. The overall system architecture is

shown in Figure 2. We explain each subsystem in detail in this section.

First, we need to detect human activities in the environment. The detection result is used for

building a long-term context model in the learning stage and predicting the current human

activities in the environment in the application stage. Most of human activities could be

simplified as human motions and locations if we do not want to consider what humans are

doing. In the human detection part, we choose to use the KRTI technology to record the

locations of humans in the environment. The locations are recorded together with timing

information to construct a hidden Markov model, which is stored as our long-term context

model, after the model is learnt and built. In the application stage, whenever a human is

detected in the environment, robots use the context model to predict the human’s activity in

the future a few minutes/hours depending on the use cases. The descriptions of current and
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predicted humans’ activities are combined to generate impedance areas. The impedance areas

will be used to generate Reactive Key Cost Maps describing the cost between the key locations

including elevators and the stairs. All the RKCMs are connected by elevators and stairs, where

robots can use to move from one floor to another. The connected graph is the global graph

describing the current paths and connections in the multifloor environment.

When a target is defined in the cost map, which does not belong to elevators and the stairs, we

add the target location to the graph and use a Gaussian model to compute the cost of moving

from key locations to the target location. The robot then tries to search a shortest path from its

current location to the target location in the global graph. Please notice that the path maps are

changing all the time, because the information on the heat map changes continuously based on

the current and predicted human activities, which are detected by our indoor localization

sensors.

4.1. Human motion and activity detection

This part is the first step of the whole system. All the following analysis, planning, and

decision making are based on the detection results coming from this step. The input of this

step is the locations detected by the sensors, and the output of this step is different in the

learning stage and the application stage. In our system, we propose to use kernel distance-

based radio tomographic imaging (KRTI) to detect human beings and track their positions in

the environment. First, we give a simple introduction to the KRTI system.

4.1.1. Human motion detection and tracking

Assume we have a wireless network with L links. For each link, received signal strength (RSS)

is measured at the receiver from the transmitter, and we use ql to denote the histogram of the

RSS measurements recorded during a calibration period, and use pl to denote the RSS

Figure 2. System architecture.
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histogram in a short time window during the online period. Then, we can calculate the kernel

distance between two histograms ql and pl for each link as [18]

dlðpl, qlÞ ¼ pl
TKpl þ ql

TKql � 2pl
TKql ð1Þ

where K is a kernel matrix from a kernel function such as a Gaussian kernel.

Let d ¼ ½d0,⋯dL�1�
T denote a kernel distance vector for all L links of a wireless network, and let

x ¼ ½x0,⋯,xM�1�
T denote an image vector representing the human motion and presence in the

network area. Then, the previous RTI work has shown the efficacy of a linear model W to

relate RSS measurements with the image vector x [14, 16, 17]:

d ¼ Wxþ n ð2Þ

where n is a vector representing the measurement noise and model error.

Finally, a KRTI image x̂can be estimated from the kernel distance vector d using the general-

ized least-squares solution [17, 18]:

x̂ ¼ ðWTCn
�1W þ Cx

�1Þ�1WTCn
�1d ð3Þ

where Cx is the covariance matrix of x, and Cn is the covariance matrix of n. More details of the

KRTI formulation can be found in Ref. [18].

4.1.2. Modeling stage of human activity detection

In the learning stage, the goal is to build a heat map describing long-term human activities.

The process is to put the sensor in the environment for a long and meaningful time and record

the human locations with temporal information. In our experience, the duration of this process

depends on the situational environment and the requirements of applications. Normally, we

put the sensors in the environment for one whole week to collect weekly based data. The

reason is that we find the daily human activities to be largely different and the weekly human

activities have some trackable patterns. Figure 3 displays an example of detected human

activities in a small environment.

To simplify the modeling process, we use Gaussian Mixture Model (GMM) [29] to model the

locations. The ‘hot’ locations are described as Gaussian models whose centers are the peak

points of activities that happen every day. It is easy to understand that those peak points are

some public spaces in the environment. Mathematically, the location of each Gaussian model is

described as

GkðjÞ ¼ fðx, yÞ, σg ð4Þ

where k represents the kth floor, j is the index number of the Gaussian model on the kth floor,

(x, y) is the location of the center of the Gaussian model w.r.t. the local coordinates of the kth

floor, and σ is the variance.

Layered Path Planning with Human Motion Detection for Autonomous Robots
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Then, based on the temporal information, a Hidden Markov Model [30] can be built. The

HMM model describes the relationship between each location, especially when a human is

within an area described using Gaussian model, where he/she will move to.

Assuming on kth floor, we haveNGaussian models and is monitored from the starting time: t1,

and the current state qt is Si at time t. The probability of the transition from qt = Si to qt+1 = Sj at

time t + 1 is

P
�

qtþ1 ¼ GkðjÞjqt ¼ GkðiÞ, qt�1 ¼ GkðpÞ,…, q1 ¼ Sl

�

¼ P
�

qt�1 ¼ GkðjÞjqt ¼ GkðiÞ
�

, 1 ≤ i, j ≤N

ð5Þ

The state transition matrix is defined as A, where

aij ¼ P
�

qtþ1 ¼ GkðjÞjqt ¼ GkðiÞ
�

, 1 ≤ i, j ≤N ð6Þ

Then, the observation matrix defined as B is given by

Figure 3. Human motion detection.
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bik ¼ P
�

okjqt ¼ GkðiÞ
�

, 1 ≤ i ≤N, 1 ≤ k ≤M ð7Þ

It means that the measured value is vk at time t while the current state is Gk(i).

The initial state distribution is defined as

πi ¼ P
�

q1 ¼ GkðiÞ
�

1 ≤ i ≤N ð8Þ

The complete Hidden Markov Model then is defined as

λ ¼ ðA, B,πÞ ð9Þ

Then, this model describes the transition between two locations based on the observations. As

mentioned in Ref. [20], the Bayesian method is used to determine the number of states in a

HMM model by minimizing the equation:

BIC ¼ �2Lf þ nplogðTÞ ð10Þ

where Lf is the likelihood of the model given the observed demonstration, np is the number of

the independent parameters in the model, and T is the number of observations. The model,

which has the smallest value according to Eq. (10), will be chosen.

An example of a HMM built for our system is shown in Figure 4.

4.1.3. Application stage of human activity detection

Given an observation Ok, the nearest Gaussian model is computed:

l ¼ argminjjOk � GkðiÞjj ð11Þ

which is used to define the current state Gk(i).

Figure 4. Example of HMM of human activities.
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The most probable area where the human will move to is determined by the equation:

m ¼ P
�

qtþ1 ¼ GkðjÞjqt ¼ GkðiÞ
�

ð12Þ

then the area covered by Gk(l) and Gk(m) will be masked as high-impedance area in the map in

the next step.

One important thing we want to mention is that there are lots of people moving in a business

building. Then from thedetection side, therewill be lots of areasmasked as high-impedance areas.

4.2. Reactive Key Cost Map

After we have the high-impedance areas obtained from the application stage of human activity

detection, the next step is to use a map or a graph, which is associated with costs between two

key locations, to describe the current environmental information. In our method, Gaussian

models are used to describe human activities at hot locations in the environment. However, we

do not need to use all of them in the global shortest path searching. What we care about is the

cost between key locations, not all the locations. The key locations in our definition are (1)

elevators and stairs, which connect two floors and (2) target locations, which may not be the

hot locations we detected in the above sections but the robot needs to move to.

We segment the free space of a static map into grids. Then, we overlay the high-impedance

areas to the static grid-based map as shown in Figure 5.

The cost of moving from one grid to an adjacent free grid is always 1, and the cost of moving

from one grid to an adjacent impedance grid is defined using the following equation:

cði, jÞ ¼ η � ðimpedancecurrent þ 1Þ þ ð1� ηÞimpedancehistoryðtÞ ð13Þ

Figure 5. Map overlay.
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impedancecurrent is defined by the number of people. And impedancehistory is defined by the

number of people detected at t from the historical data.

Using c(i, j), we can build a Reactive Key Cost Map for each floor. As we mentioned earlier, we

do not care about the path between each location, but it is necessary to find the cost of paths

between key locations.

However, most of the time, a target location in a navigation task is a public space like a

conference room, an office, and so on, which are not close to the key locations. So before we

build our cost graph, we need to build one additional key location in the map. Then, we

connect the closest neighbors to the target node. The cost is computed using the Gaussian

impedance area:

cði, tÞ ¼ impedanceðiÞ �N xjxi,
X

� �

ð14Þ

where x is the target location, xi is the center of the Gaussian impedance area, and Σ is the

variance matrix. Figure 6 displays the cost map generated from Figure 5.

Then, we apply a shortest path-searching algorithm to find the shortest paths between all the

key locations on each floor. In our system, we used A* algorithm [31], since the map is known

and the heuristic and current cost are all known. Specifically, A* selects the path that mini-

mizes

f ðnÞ ¼ gðnÞ þ hðnÞ ð15Þ

where n is the last node on the path, g(n) is the cost of the path from the start node to n, and h

(n) is a heuristic that estimates the cost of the cheapest path from n to the goal.

After the searching, a Reactive Key Cost Map is built and all the paths are described with cost,

which is shown in Figure 7.

The next step is to connect all the maps of floors together and the connection points are

elevators and stairs. This is a simple matching and connection process.

4.3. Path searching

After the maps of the whole building is built, path searching and planning can all be done in

the global map.

Since we largely reduce the complexity of the map by building a Reactive Key Cost Map, the

computing task on the path-searching part is not very difficult. We use Dijkstra’s algorithm [32]

to find a shortest path in a constructed directed map. Dijkstra’s algorithm is a greedy searching

algorithm to find a shortest path in a directed graph by repeatedly updating the distances

between the starting node and other nodes until the shortest path is determined. Let the node

at which we are starting be called the initial node. Let the distance of node Y be the distance

from the initial node to Y. Dijkstra’s algorithm will assign some initial distance values and will

try to improve them step by step as follows:

Layered Path Planning with Human Motion Detection for Autonomous Robots
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1. Assign to every node a tentative distance value: set it to zero for our initial node and to

infinity for all other nodes.

2. Mark all nodes unvisited. Set the initial node as current. Create a set of the unvisited

nodes called the unvisited set consisting of all the nodes except the initial node.

3. For the current node, consider all its unvisited neighbors and calculate their tentative

distances. For example, if the current node A is marked with a distance of six, and the

edge connecting it with a neighbor B has length 2, then the distance to B (through A) will

Figure 6. Cost map with three key points.

Figure 7. Example of Reactive Key Cost map.
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be 8, the summation of the above two numbers. If this distance is less than the previously

recorded tentative distance of B, then overwrite that distance. Even though a neighbor has

been examined, it is not marked as “visited” at this time, and it remains in the unvisited

set.

4. When we are done considering all the neighbors of the current node, mark the current

node as visited and remove it from the unvisited set. A visited node will never be checked

again.

5. If the destination node has been marked visited (when planning a route between two

specific nodes) or if the smallest tentative distance among the nodes in the unvisited set is

infinity (when planning a complete traversal), then stop. The algorithm has finished.

6. Select the unvisited node that is marked with the smallest tentative distance, and set it as

the new “current node,” then go back to step 3.

Using Dijkstra’s algorithm, in a map, a shortest path can be generated from the “Starting” node

to a destination node. In our testing, we found some issues when applying Dijkstra’s algorithm

in 3D path searching. Then, we simplify our case by confining that the global map can be

represented as a 2D graph. This paper does not focus on proposing a novel planning algo-

rithm, so improving the motion-planning algorithm is not the concentration.

5. Experiments and results

To evaluate our system, we need to have two types of evaluation. One is to make sure the path

can be generated. We tested this part in a static environment assuming that the human motion

and activities have been detected and remained the same for a certain amount of time. The

second testing is to test the reactive planning. Assuming that humans are moving in the

environment, then we generate a path plan reactively based on the current environmental

situation. This part is to validate that the system is responsive quickly enough to deal with

the uncertain and unexpected human activities in the environment. First, we describe how we

perform experiments to evaluate our human motion-tracking system.

5.1. Human detection results and dataset of RTI localization

We use the TelosB motes [33] as our wireless nodes to form a wireless network as our testbed.

We deploy nodes at static locations around an area of interest, as shown in Figure 8. All

nodes are programmed with TinyOS program Spin [34] so that each node can take turns to

measure the received signal strength from all the other nodes. A base station is connected to

a laptop to collect pairwise RSS measurements from all nodes of the wireless network. Once

we collect RSS from the network, we feed the RSS vector to our KRTI formulation as

described in Section 4.1.1.

We describe our experiment in a controlled environment to evaluate our motion-tracking

system. As shown in Figure 8, 34 TelosB nodes were deployed outside the living room of a

Layered Path Planning with Human Motion Detection for Autonomous Robots
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residential house. Before people started walking in the area, we collect pairwise RSS measure-

ments between anchor nodes as our calibration measurements. During the online period, people

walked around a marked path a few times in the living room, so that we know the ground truth

of the locations of the people to compare with the estimate from RTI. The reconstructed KRTI

image is shown in Figure 8 with the black triangle indicating the location of the pixel with the

maximum pixel value, which is the location estimate of a person. Note that KRTI can detect

human presence by choosing a threshold of the pixel value based on the calibration measure-

ments. KRTI is also capable of tracking multiple people, as shown in Figure 3. More details of the

experiments and dataset can be found in Refs. [17, 18].

5.2. Simulation results

We tested our proposed algorithm in simulation. After detecting the human activities, the

robot builds the heat map and the 2D RKCM of each floor. Figure 9 displays three 2D graphs

of three floors, which are labeled by shadowed circles. They are connected by stairs or eleva-

tors. The cost of moving from one floor to another floor using the elevators or stairs is

manually defined as three in our graphs.

The distance matrix used for Dijkstra’s searching algorithm is shown in Eq. (16). Each row

represents the distance from one node to other nodes. The elements represent the distance

values. Given a task of the start point i1 on map 1 and the goal state k3 on map 3, the robot finds

a path from i1 to k3 as shown in Figure 10. The cost of the path is 25 which is the global

minimum cost.

Comparing the time spent on movement and detection, the time of finding path based on

RKCM can almost be ignored. There are lots of papers describing the algorithm complexities of

Dijkstra’s algorithm and other algorithms, where readers can refer to [32]

Figure 8. Experimental layout with reconstructed RTI image (anchor nodes shown as bullets, true person position shown

as a cross, RTI position estimate shown as a triangle, and robot’s orientation and position are shown as arrow and square

for illustration purpose).

Motion Tracking and Gesture Recognition38



RKCM ¼

i1
i2
i4
j2
j4
j5
k1
k3
k5

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

0:0 16 9:0

16 0:0 9:0

9:0 9:0 0:0

0:0 0:0 0:0

3:0 0:0 0:0

0:0 3:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0
0:0 3:0 0:0

0:0 0:0 3:0

0:0 0:0 0:0

0:0 10 7:0

10 0:0 6:0

7:0 6:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 3:0
0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 0:0

0:0 0:0 3:0

0:0 15 20

15 0:0 4:0

20 4:0 0:0

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

�

ð16Þ

We still use traditional online sense-plan-act algorithms when the robot is moving. However,

the experiments here largely reduce the computing workload on the robot side. The robot

knows in advance what is happening in the environment based on the HMMmodel built from

historical data, then it uses the HMM to find a path which is optimal based on the historical

Figure 9. Reactive Key Cost map.

Figure 10. Experimental results.
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information, under the assumption that the current situation is similar to the historical situa-

tion during the same time every day or every week.

5.3. Discussion

5.3.1. Discussion on the results

From the above experimental results, we can clearly see that our system builds the global

graph using the monitored human activities and generates a shortest path for robots to move

to the target locations.

In most indoor robotic navigation challenges, especially in crowded environment, researchers

tend to equip robots with various sensors to make sure that they can detect everything in the

environment. Then based on the comprehensive detection and recognition process, a smart

decision-making mechanism can help robots to plan the motion, switch strategies, and move

freely in the environment. This method enforces large workload on the online-computing

component. The motivation of this book chapter is to find a method to reduce such workload

based on historical data of human motion and activity.

Based on the collected human activity data, we use a simple HMM to describe the cost of

movement in the environment. Then, robots can plan the motion in advance to avoid moving

to a very crowded area. We have seen lots of cases that robots run into a crowd of human and

have lots of difficulty in moving out of that area, which generates concerns on safety, cost, and

efficiency. Our method can avoid such a situation based on the modeling results as seen from

the last section.

5.3.2. Future work

We do find some situations that the system does not work very well. When the robot moves

too fast, and the humans nearby are walking, the planning is not fast enough to reflect the

current changes of the environment, and thus collision happens. We have not done much

testing on this part and we plan to have more testing to make the system more robust in such

situations.

Additionally, we cannot expect that static HMM model can provide satisfying information for

robots to use. Every day, new patterns of human activities may appear in the environment and

the model needs to be updated accordingly. Thus, it is desirable to perform data collection and

modeling when robots are moving, which enables robots to have the lifelong learning capabil-

ity. This capability could help robots to have up-to-date information to use and make the

planning more efficient and useful.

Moving one robot in a building is challenging, but motion planning for a group of robots is

even more complex [35, 36]. Sharing latest updated human activity models among robots is

key to the success to realize coordinated and collaborated robotic motion planning. The critical

technical problem is to design a method of fusing models into one for all the robots to use.
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6. Conclusion

This book chapter proposes a hybrid method of planning paths in a global graph composed of

subgraphs. We take the human activity into consideration to build a cost graph. This method

significantly reduces the computing workload because it avoids planning in a global graph

with lots of grids and possibilities. We also carry out experiments in simulation to validate our

proposed method. The methods proposed in this chapter provide a solution to enable auton-

omous systems/robots to navigate effectively and robustly in human-existing multistorey

buildings.

Author details

Huan Tan*, Yang Zhao and Lynn DeRose

*Address all correspondence to: huantan@ieee.org

GE Global Research Center, Niskayuna, New York, NY, USA

References

[1] Borenstein J, Everett H, Feng L, Wehe D. Mobile robot positioning-sensors and tech-

niques. Naval Command Control and Ocean Surveillance Center RDT and E Div. San

Diego, CA; 1997

[2] Patrick L, et al. ALPS: A bluetooth and ultrasound platform for mapping and localiza-

tion. In: Proceedings of the 13th ACM Conference on Embedded Networked Sensor

Systems. ACM; 2015

[3] Benjamin K, Pannuto P, Dutta P. PolyPoint: Guiding indoor quadrotors with ultra-

wideband localization. In: Proceedings of the 2nd International Workshop on Hot Topics

in Wireless. ACM; 2015

[4] Zheng Y, Wu C, Liu Y. Locating in fingerprint space: Wireless indoor localization with

little human intervention. In: Proceedings of the 18th Annual International Conference on

Mobile Computing and Networking. ACM; 2012

[5] Andrew H, Siddiqi S, Sukhatme G. An experimental study of localization using wireless

Ethernet. In: Proceedings of the International Conference on Field and Service Robotics;

2003. pp. 201–206

[6] Yang Z, Patwari N, Agrawal P, Rabbat M. Directed by directionality: Benefiting from the

gain pattern of active RFID badges. IEEE Transactions on Mobile Computing. 2012;11:865–

877

Layered Path Planning with Human Motion Detection for Autonomous Robots
http://dx.doi.org/10.5772/intechopen.68145

41



[7] Fernando S, Jiménez AR, Zampella F. Joint estimation of indoor position and orientation

from RF signal strength measurements. In: Proceedings of 2013 International Conference

on Indoor Positioning and Indoor Navigation; October 2003. pp. 1–8

[8] Available from: https://developers.google.com/maps/

[9] Doherty ST, Lemieux CJ, Canally C. Tracking human activity and well-being in natural

environments using wearable sensors and experience sampling. Social Science & Medi-

cine. 2014;106:83–92

[10] Huan T, Mao Y, Xu Y, Kannan B, Griffin WB, DeRose L. An integrated robotic system for

transporting surgical tools in hospitals. In: 2016 Annual IEEE Systems Conference

(SysCon); Orlando, FL; 2016. pp. 1–8

[11] Huan T, Holovashchenko V, Mao Y, Kannan B, DeRose L. Human-supervisory distrib-

uted robotic system architecture for healthcare operation automation. In: Proceedings of

2015 IEEE International Conference on Systems, Man, and Cybernetics. Kowloon; 2015.

pp. 133–138

[12] Christopher R, Tan H, Kannan B, DeRose L. Towards safe robot-human collaboration

systems using human pose detection. In: Proceedings of 2015 IEEE International Confer-

ence on Technologies for Practical Robot Applications (TePRA); Woburn, MA; 2015. pp.

1–6

[13] Zhengyu P, Muñoz-Ferreras J-M, Tang Y, Roberto G-G, Li C. Portable coherent frequency-

modulated continuous-wave radar for indoor human tracking. In: Proceedings of 2016

IEEE Topical Conference on Biomedical Wireless Technologies, Networks, and Sensing

Systems (BioWireleSS); 2016. pp. 36–38

[14] Joey W, Patwari N. Radio tomographic imaging with wireless networks. IEEE Transac-

tions on Mobile Computing. 2010;9:621–632

[15] Ossi K, Bocca M, Patwari N. Enhancing the accuracy of radio tomographic imaging using

channel diversity. In: Proceedings of 2012 IEEE 9th International Conference on Mobile

Adhoc and Sensor Systems (MASS); 2012

[16] Joey W, Patwari N. See-through walls: Motion tracking using variance-based radio

tomography networks. IEEE Transactions on Mobile Computing. 2011;10:612–621

[17] Yang Z, Patwari N. Robust estimators for variance-based device free localization and

tracking. IEEE Transactions on Mobile Computing. 2015;14:2116–2129

[18] Zhao Y, Patwari N, Phillips JM, Venkatasubramanian S. Radio tomographic imaging and

tracking of stationary and moving people via kernel distance. In: Proceedings of 2013

ACM/IEEE International Conference on Information Processing in Sensor Networks; 2013

[19] Aggarwal JK, Ryoo MS. Human activity analysis: A review. ACM Computing Surveys

(CSUR). 2011;43(3):16

Motion Tracking and Gesture Recognition42



[20] Calinon S, Guenter F, Billard A. On learning, representing, and generalizing a task in a

humanoid robot. IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernet-

ics). 2007;37(2):286–298

[21] Tetsunari I, Tanie H, Nakamura Y. Keyframe compression and decompression for time

series data based on the continuous hidden Markov model. In: Proceedings of 2003 IEEE/

RSJ International Conference on Intelligent Robots and Systems; 2003. pp. 1487–1492

[22] Yongjin K, Kang K, Jin J, Moon J, Park J. Hierarchically linked infinite Hidden Markov

Model based trajectory analysis and semantic region retrieval in a trajectory dataset.

Expert Systems with Applications. 2017; 78: 386–395

[23] Dariu GM. The visual analysis of human movement: A survey. Computer Vision and

Image Understanding. 1999;73(1):82–98

[24] Kavraki LE, LaValle SM. Motion planning. In: Springer Handbook of Robotics. Springer.

Eds: Bruno S and Oussama K. International Publishing; 2016. pp. 139–162

[25] Huan T. Applying an extension of estimation of distribution algorithm (EDA) for mobile

robots to learn motion patterns from demonstration. In: Proceedings of 2015 IEEE Inter-

national Conference on Systems, Man, and Cybernetics; Kowloon; 2015. pp. 2829–2834

[26] Minguez J, Lamiraux F, Laumond J-P. Motion planning and obstacle avoidance. In:

Springer Handbook of Robotics. Springer Verlag Berlin Heidelberg. International Pub-

lishing; 2016. pp. 1177–1202

[27] Huan T, Erdemir E, Kawamura K, Du Q. A potential field method-based extension of the

dynamic movement primitive algorithm for imitation learning with obstacle avoidance.

In: 2011 IEEE International Conference on Mechatronics and Automation; Beijing; 2011.

pp. 525–530

[28] Bayat B, Crasta N, Crespi A, Pascoal AM, Ijspeert A. Environmental Monitoring using

Autonomous Vehicles: A Survey of Recent Searching Techniques. No. EPFL-REVIEW-

225318. Elsevier; 2017

[29] Zivkovic Z. Improved adaptive Gaussian mixture model for background subtraction. In:

Proceedings of the 17th International Conference on Pattern Recognition. Vol. 2; 2004. pp.

28–31

[30] Rabiner LR. A tutorial on Hidden Markov Models and selected applications in speech

recognition. Proceedings of the IEEE. 1989;77(2):257–286

[31] González D, Pérez J, Milanés V, Nashashibi F. A review of motion planning techniques

for automated vehicles. IEEE Transactions on Intelligent Transportation Systems. 2016;17

(4):1135–1145

[32] Krüsi P, Furgale P, Bosse M, Siegwart R. Driving on point clouds: Motion planning,

trajectory optimization, and terrain assessment in generic nonplanar environments. Jour-

nal of Field Robotics. 2016

Layered Path Planning with Human Motion Detection for Autonomous Robots
http://dx.doi.org/10.5772/intechopen.68145

43



[33] Memsic website. Available from: http://www.memsic.com/wireless-sensor-networks/TPR2420

[34] Sensing and Processing Across Networks (SPAN). Lab Spin website. Available from:

http://span.ece.utah.edu/spin

[35] Huan T, Liao Q, Zhang J. An improved algorithm of multiple robots cooperation in

obstacle existing environment. In: Proceedings of 2007 IEEE International Conference on

Robotics and Biomimetics (ROBIO); Sanya; 2007. pp. 1001–1006

[36] Huan T. Imitation learning and behavior generation in a robot team. In: Ani Hsieh M,

Chirikjian G, editors. Distributed Autonomous Robotic Systems, the 11th International

Symposium, Springer Tracts in Advanced Robotics (STAR). Vol. 104; Springer Berlin

Heidelberg; 2014. pp. 423–434

Motion Tracking and Gesture Recognition44


