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Scalarized (Q Multi-Objective Reinforcement
Learning for Area Coverage Control and Light
Control Implementation

Akkhachai Phuphanin', Non-member and Wipawee Usaha?, Member

ABSTRACT

Coverage control is crucial for the deployment of
wireless sensor networks (WSNs). However, most
coverage control schemes are based on single objec-
tive optimization such as coverage area only, which do
not consider other contradicting objectives such as
energy consumption, the number of working nodes,
wasteful overlapping areas. This paper proposes a
Multi-Objective Optimization (MOO) coverage con-
trol called Scalarized Q Multi-Objective Reinforce-
ment Learning (SQMORL). The two objectives are
to maximize area coverage and to minimize the over-
lapping area to reduce energy consumption. Perfor-
mance evaluation is conducted for both simulation
and multi-agent lighting control testbed experiments.
Simulation results show that SQMORL can obtain
more efficient area coverage with fewer working nodes
than other existing schemes. The hardware testbed
results show that SQMORL algorithm can find the
optimal policy with good accuracy from the repeated
runs.

Keywords: Multi objective reinforcement learning,
Area coverage control, Light control.

1. INTRODUCTION

Wireless sensor networks (WSNs) consist of small
computing devices with limited computational ca-
pabilities and energy supply. Various systems have
developed and implemented such devices for a wide
range of applications, such as automatic systems, en-
vironmental monitoring systems, elderly people mon-
itoring systems and smart homes. These systems rely
on the interaction and cooperation between the sen-
sor nodes to carry out the operation. There are sev-
eral key performance indicators to measure the per-
formance of a WSN, such as coverage area, energy
consumption, the number of working nodes, the cov-
erage area per working node, or coverage area per
unit energy consumed, etc. These metrics are vital
in measuring the quality-of-service (QoS) of the net-
work.
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Coverage control has gained much research inter-
est in wireless sensor networks. Typically, coverage
control aims to maintain or maximize coverage while
preserving network lifetime and energy consumption
of the WSN. Due to the multiple parameters which
can affect coverage, coverage control problems are
typically formulated as optimization problems with
single or multiple objectives. Ref. [1] proposed a sin-
gle objective coverage control, the optimal geographi-
cal density control (OGDC) scheme was proposed for
guaranteed full coverage control. The scheme is based
on grid redundancy check and sequential node activa-
tion. The grid redundancy requires that each sensor
node maintains a list of the grid points it covers. Each
active node sends out activation messages to neigh-
boring nodes to reset their timers. Thus, the OGDC
scheme is a deterministic optimization scheme which
aims to maximize a single objective (i.e. maximize
the coverage area).

Single objective coverage control has also been ap-
plied to enable energy efficient usage and convenience
in smart homes or smart buildings. Ref. [2]-[6] ap-
ply coverage control for lighting control applications.
Similar to [1], [2]-[6] are also based on a single ob-
jective which is to maintain coverage (light intensity)
required by user. These works do not consider en-
ergy consumption which is an important parameter
in WSNs.

Most aforementioned literature focus on applying
wireless sensor networks to manage a single objective
of maximizing coverage [1] or satisfying light inten-
sity requirements [2]-[6]. However, such single ob-
jective optimization schemes may well conflict with
other objectives such as minimizing energy consump-
tion, or wasteful overlapping areas. In certain appli-
cations such as in visible light communication (VLC),
overlapping coverage areas is undesirable as the iden-
tification data cannot be read in the light overlapping
areas. On the other hand, the principles of multi-
objective optimization (MOO) can support multiple
objectives and be used to determine solutions [7].
Multiple objectives have been considered in many
wireless sensor network applications. In [8], a multi-
ple target tracking sensor management algorithm was
investigated. The problem was to select subsets of
sensors and assign frequency and minimize transmis-
sion power to working sensors in order to maximize
the tracking performance of multiple targets. As for
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coverage control application, MOO is generally used
for optimizing contradicting objectives, for example,
coverage maximization, minimization of working sen-
sor nodes, minimization the unbalanced energy con-
sumption and minimization of energy consumption
to prolong the network lifetime [9], [10]. Ref. [11]
presented an intelligent lighting control which con-
sidered two objectives of maintaining light intensity
for users and minimizing energy expenditure. Each
round of decision is dependent on light intensity infor-
mation gathered from the immediate indoor and out-
door environment of the occupants. It can be seen
that these aforementioned works in [7]-[11] rely on
rule-based or threshold-based decisions. Such works
may not adapt well in constantly changing surround-
ings such as lighting control with changing external
lights. Furthermore, these algorithms have central-
ized operations which may be suitable for small scale
coverage. However, such schemes may not be suitable
for implementation in individual sensor nodes for dis-
tributed coverage control.

On the other hand, there are several researches in
the existing literature which applied adaptive learn-
ing methods to the MOO framework. Such learning
methods can predict the optimal policy from learning
experience in presence of a constantly changing en-
vironment. Ref. [12] presents an approach in which
Pareto dominance is incorporated into particle swarm
optimization (PSO) in order to allow this heuristic
to handle problems with several objective functions.
Ref. [13] applied the multi-objective genetic algo-
rithm (GA), called Energy-efficient Coverage Control
Algorithm (ECCA), to the coverage control problem
in WSNs. The objective of ECCA is to minimize
the number of working sensor nodes while maximiz-
ing the coverage area. Another common algorithm
to solve MOO problems is the Artificial Neural Net-
work (ANN). Ref. [14] used ANN to find the opti-
mal transmission path with the objective to minimize
the global energy consumption. Ref. [15] also ap-
plied ANN to select randomly placed sensors to max-
imize a barrier coverage and minimize energy con-
sumption. Although PSO, GA and ANN approaches
can solve MOO problems, such algorithms are typ-
ically complex and slow in finding the optimal pol-
icy [10]. Another method used to solve MOO prob-
lems is reinforcement learning (RL). RL is a learning
scheme which is based on the actual interaction be-
tween an agent and the environment. Upon each ac-
tion decided by the agent when the environment is in
a particular state, a reward is returned and the agent
uses the reward to iteratively improve its action. One
common RL tool is Q-learning which is an algorithm
that an agent updates iteratively to improve its ac-
tions based the goodness of state-action pair function.
The RL approach can be easily implemented in a dis-
tributed architecture like in WSNs. Ref. [16] pro-
posed a service-wise protocol optimization technique

for multi-objective, co-located and complex heteroge-
neous network. Their proposed solution efifiAciently
combines MOO with the reinforcement learning (RL)
method by using linear function approximation to re-
duce the dimensionality of the problem. However,
[16] combines individual rewards for each objective
into a single reward, thereby transforming the MOO
into a single objective optimization problem. If the
objectives are conflicting, transforming the MOO into
a single objective may not provide the best solu-
tion. Ref. [17] applied a multi-agent Q-learning
scheme to an energy efficient coverage control prob-
lem in WSNs. Their results show that the multi-
agent learning scheme is scalable and can outperform
non-learning coverage control schemes despite its low
complexity. However, their multi-agent RL scheme is
based on a single cost function of multiple conflicting
objectives. Such a single combined objective function
may not attain the best policy particularly if each ob-
jective is contradicting.

Therefore, this work is focused on the applica-
tion of a MOO framework to an online learning
scheme with separate objective functions for
coverage control in WSNs. In particular, the Scalar-
ized Q Multi-Objective Reinforcement Learning (SQ-
MORL) method, which uses a MOO framework is ap-
plied to the coverage control problem in WSNs. Such
online learning scheme is also adaptive to changes and
perturbations. The algorithm has low complexity and
is distributed. Therefore, it provides a promising im-
plementation in sensor nodes which are resource con-
strained. Furthermore, this work also implements a
hardware testbed to evaluate the performance of SQ-
MORL in a multi-agent lighting control experiment.

The contribution of this work is therefore three-
fold: 1) The SQMORL coverage control and perfor-
mance evaluation by means of simulation in uniform
random and grid sensor layout; 2) Comparison of SQ-
MORL with both learning and non-learning cover-
age control schemes in WSNs; 3) Development of a
testbed and hardware performance evaluation of an
automatic lighting control using SQMORL algorithm.

2. MULTI-OBJECTIVE REINFORCEMENT
LEARNING FOR COVERAGE CON-
TROL

Coverage control is a critical issue in WSNs as it
is one of the parameters which affects the QoS of the
network. However, an increase in area coverage may
have influence on other resources such as more energy
consumption as well. Furthermore, if the network has
a large number of sensor nodes placed in the network,
excessive number of working sensor nodes in nearby
areas may result in overlapping areas which is a waste
of energy. Therefore, multi-objective reinforcement
learning can be applied to find the optimum policy
to select sensor nodes to maintain its coverage while
simultaneously reducing overlapping area and hence
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energy consumption.

2.1 Multi-Objective Optimization

In general, multi-objective optimization (MOO)
problems include a number of objectives required for
optimization simultaneously. Each objective may be
related or conflicting. Therefore, the main function
of MOQ is to find the equilibrium points of different
objectives. A multi-objective optimization problem
(MOP) with n variables and m objectives (m > 1)
can be formulated as [18]:

minor max g (z) = [g1 (), g2 () , ...y gm ()] (1)

subject to x € 2, where 2 C R"™ is the decision
space, ¢ C G and G : Q — R™ consist of m real
valued objective functions, and R™ is the objective
space.

2.2 Scalarized Q Multi Objective Reinforce-
ment Learning for Area Coverage Control

Multi-objective reinforcement learning (MORL)
problems differ from general RL problem in that there
are multiple objectives to be achieved by the learning
agent. Each objective has its own reward or penalty
signals. This is a basic architecture which a single
agent is simultaneously faced with a set of differ-
ent objectives o = 1,2, ..., M. Suppose an agent can
be in a state s € S where S = {so,$1,...,sn} Is a
set of distinct states. The agent can take an action
a € A={ag,ai,...,ax} at a particular state. Upon
taking an action, the agent changes into the next state
s' € S with transition probability P (s'|s, a), and a re-
ward r(s, a,0) associated to objective o = 1,2,..., M,
is returned for taking that action at that state. Let
Q(s,a,0) be a Q-value (or action value), which is a
numerical value for every state-action pair associated
to objective o, that determines how good the action is
at that particular state. Typically, Q(s,a,0) satisfies
the Bellman equation given by,

Q(s,a,0) =1 (s,a,0)+7 > P (s']s,a) maxQ (s', a’, 0)
Vs’ a’

where r(s, a, 0) is the immediate reward associated
to objective o for taking action a € A at state s € .5,
the latter term is the expected future reward, and
v € [0,1] is the discount factor which ensures that
the reward for any state action pair decreases over
time. The goal for RL is to find a policy m, which
is the probability of selecting the optimal action at a
given state, such that the action value is optimized.
Let the vector M Q™ be defined by

MQ" (s,a) = [Q7Q5..Q7%,]" (2)

where M Q7™ is the vector of action value functions,
which also satisfies the Bellman equation. The opti-
mal action value function (i.e., the optimal objective

function) is defined by
M@ (s,a) = max MQ" (s, a) (3)

Thus, the optimal policy 7* (i.e. the optimal so-
lution) can be obtained from

" (s) = arg max MQ" (s, a) (4)

In this basic architecture, the optimization prob-
lems of max,; MQ™ (s,a) and argmax MQ* (s, a) are
both MOO problems.

In the design of the area coverage control Scalar-
ized Q Multi-Objective Reinforcement Learning (SQ-
MORL), a weighted-sum approach [19] is used. For
the SQMORL algorithm, the state-action value func-
tion of each objective function o is defined by
Q(s,a,0) which is a function of state-action pair (s, a)
and objective function o. By applying the weighted-
sum approach, we obtain the weighted sum of the
objective functions

M
SQ(s,a) =Y w,-Q(s,a,0) (5)
o=1

where by the weights are such that w, € [0,1]
and Zﬁl w, = 1. In the SQMORL scheme, each
agent i (i.e., sensor node ¢) in the SQMORL algo-
rithm performs an update on its own action-value
function. When an agent takes action a; in state
s¢ for objective o, the action value function is up-
dated. An action value function is a value that esti-
mates how good an action selected by an agent is in a
given state. The update in (6) is based on a reward
the agent received after selecting such action as well
as the weighted action value function of neighboring
agents in (7). Equation (7) takes account of the deci-
sions of neighboring agents by taking the maximum
of their action value function. The goal is to achieve
the maximum action value function for each objective
separately. The update rule at time step ¢ for agent
1 is given by

Qi1 (st-a5,0) + (1= ) Q; (53, a1,0) +

a T§+1 (3§+1aaia0) +7 Z O (Stj+1)
jENeigh(i)
, foro=1,... M
(6)

Vi (s1) = max@Ql, (shao)  (7)

where « is the learning rate where a — 1
refers to a rapid learning rate since the old esti-
mate (Qj(s},ai,0)) is forgotten rapidly, V,(s7) is
the value function of neighboring agent j which is
obtained from information exchange between agents
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to learn about the good actions which neighboring
agents have learned. Note that f(j) is a factor that
weighs the value function of neighbour j of agent ¢
such that

fi(j): m,ifNeigh(i);ﬁO
1 , otherwise

where j € Neigh(i) is in the set of neighbours of
node ¢. Thus, the optimal policy 7* is a policy that
satisfies

(8)

T (s) = arg max SQ* (s,a) (9)

In this paper, the SQMORL framework is applied
to the energy-efficient coverage control problem. The
following assumptions are used.

Local agent state: Assume that each agent can
sense the coverage area. Let ¢ be the index of a sensor
node and s! be the local state of sensor node i (agent
i) at time t. Its local state s! is the state of each agent
1 which is based on its coverage area. In the simula-
tion part in Section 3, the coverage area is measured
in terms of the number of cells, whereas in the ex-
perimental part in Section 4, coverage is measured in
terms of light intensity.

Local agent actions: Let A’ be the set of all
possible actions for each agent i. Each agent ¢ has the
ability to take one of the following two actions in any
state it is in, i.e., a® € A® where A® = Action 0 (Turn
off), Action 1 (Turn on). Thus, in the simulation and
experiment, the local agent action is the action taken
by the sensor node which is to turn off or on the light
source.

Objective functions: There are two objective
functions. The first objective function is to achieve
maximized coverage area. In this paper, it is assumed
that the coverage area is divided into squares of 1
sq.m. referred to as cells. The reward function of the
objective function for coverage area is given by:

r’ ( ,f, a’, 1) = Area__coverage (ai)

1
xGAIN CELL_BRIGHT (10

where,

Area_coverage (a') x GAIN _CELL_BRIGHT
is a function of the number of cells. Note that a high
value of GAIN CFELL BRIGHT increases the re-
ward of coverage area and thus promotes an increase
in the number of active nodes. On the other hand,
a small value of GAIN CFELL BRIGHT demotes
the use of active nodes as the reward is reduced.

The second objective is to achieve minimized over-
lapping area that occurs between sensor nodes located
nearby in order to reduce the energy consumption,
ie.,

r' (S}, a',2) =C" (11)
where C? is the overlapping area in terms of the
number of cells in state S} as a result from action

Scalarized Q Multi Objective Reinforcement Learning

BEGIN
1 Random topology
2 Initialize Q" (st g/i ,0)=0
SO, (s, a,') =0,fort=0,Vi,s,a

3 Fortime step7 - /:end_time step

'

Each agent chooses action g4 € 4', reward zﬂli, ”zl , and the next state

w

s' = number of cell coverage,
a' = arg max SO, (s, a,)
a

6 Update separate Q tables

7 0(.a0) ¢ (-0 (5).}-0) +alr(5).a}.0)
+y Y SOOI L foro=12
jeNeigh(i)
8 where Viy(st) = max O ., (s a.0).

Al
| Neigh(i) |
1 . otherwise

S = J . if Neigh(i) = 0

9

SO, (s.a) < i‘n'ﬂ Q. (s.a.0) Lm=2
o=t

10 endfor
END

Fig.1:
control.

Pseudo code of SQMORL for area coverage

a’ € A’ taken by sensor node i. The overlapping
area indicates redundant coverage and thus unneces-
sary energy consumption. The value of C* is deter-
mined from counting the number of cells in the over-
lapping coverage area from turning on sensor node i
and nearby sensor nodes. Thus, the objective func-
tion can be defined separately for each of the objec-
tive function as ¢ (s,a) = max [areacoverage] and
g2 (s,a) = min[area_overlapping]. Fig 1 depicts
the pseudo code of SQMORL. The algorithm con-
verges provided that all state-action pairs are vis-
ited infinitely often [19]. In practice, a reinforcement
learning algorithm is considered to converge when the
learning curve of the objective function (e.g. average
reward) no longer increases significantly. A typical
criterion for convergence is when the value of the
objective function deviates smaller then a specified
threshold.

3. PERFORMANCE EVALUTION: SIMU-
LATION

This section evaluates the performance of the SQ-
MORL algorithm for area coverage control in WSNs.
We consider an area of 35 x 35 sq.m. space. Each
sensor node has an area coverage of radius 5 m which
covers an area of 81 cells per sensor node. There-
fore, there are 82 possible states for each agent in the
system. The sensors are laid out in 1) a uniform ran-
dom placement with varying number of 25, 50, 75,
100 sensor nodes; and 2) a grid placement with vary-
ing number of 25, 81, 121,169 sensors nodes.

From Fig. 1, the learning rate a is 0.4, the dis-
count factor v is 0.7 and GAIN CFELL BRIGHT
is 0.5. These are the values of the learning rate and
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discount factor which allows the system to perform
best and have been evaluated from the experiment.
In the MOO framework, the weights in line 9 of Fig.
1 represent a trade-off which is parameterized by wy,
wg = 0.5. This represents a scenario which both ob-
jectives are equally important. However, a higher
weight value for a particular objective promotes such
objective function and demotes the other. Hence, the
weight values can be adjusted in order to suit the cov-
erage requirement by a user. The simulation results
are averaged over 10 repeated runs.

When each sensor node is placed in the area, each
sensor node must learn to adjust its decision in order
to discover the optimal action. The optimal action is
one which satisfies the purpose of covering the maxi-
mum possible area and attaining the least number of
active nodes. For performance comparison the follow-
ing metrics are measured: the number of working sen-
sor nodes selected, the percent of coverage area and
the ratio of coverage area per working sensor node.
The proposed multi-objective SQMORL algorithm is
compared with 1) a non-learning scheme, a cover-
age control scheme called the Optimal Geographical
Density Control (OGDC) which guarantees full cover-
age [1]; and 2) the single objective Distributed Value
Function (DVF). Although both algorithms are both
multi-agent RL algorithms, DVF considers only one
objective. Thus, the Q- table is based on a single re-
ward function, r’ (si) = G’ (si) — C* combined from
(10) and (11). On the other hand, the SQMORL
does not combine the individual reward functions,
but rather maintains separate Q-tables for each re-
ward (10) and cost (11). The Q-tables are updated
separately as a result of each selected action. How-
ever, each selected action is based on a weighted linear
combination of the Q-tables of each objective func-
tion, shown in the pseudocode in Fig.1 line 9. It is
worth noting that for multi-objective RL problems,
combining the rewards and costs straightforwardly
into a single-objective RL scheme such as the DVF,
may not always provide the best possible solution.
Learning solutions separately from separate Q tables
as in SQMORL may provide better solutions.

3.1 Simulation results: uniform random lay-
out

In this scenario, the sensor nodes are placed in the
area following a uniform random placement. We first
consider the number of working sensor nodes which
each algorithm decides to cover the area. Fig. 2 shows
the number of working sensors nodes at node densities
of 25 to 100 nodes per area. The DVF and SQMORL
algorithms use 8 to 16 and 8 to 15 working nodes,
respectively. As for the OGDC algorithm, it uses 18
to 26 working nodes to cover the area. From the
figure, results indicate that SQMORL algorithm uses
a comparable number of working nodes to the DVF
algorithm while the OGDC algorithm uses the most

221

Number of working nodes
=

—%— OGDC
—&— DVF
—&— SQMORL
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Nodes per area

Fig.2: Number of working nodes against number of
nodes placed in the random topology network.

number of working nodes.

Fig.3 depicts the percentage of coverage area ob-
tained by each algorithm given the number of work-
ing nodes, for node densities of 25 to 100 nodes per
area. Note that the DVF, SQMORL and OGDC al-
gorithm can attain 75 to 95, 79 to 97 and 88 to 100%
of coverage, respectively. At node density of 25 sensor
nodes, no algorithm can attain full coverage due to
the insufficient number of nodes. In terms of coverage
area, the OGDC algorithm has more coverage than
the other algorithms. At 100 nodes, SQMORL algo-
rithm attains 97% coverage which is 2% more than
DVF algorithm and 3% less than OGDC algorithm.
However, SQMORL uses 1 and 11 fewer nodes than
DVF and OGDC, respectively (see Fig.2).

To show the energy efficiency, in terms of the cover-
age area size (in cells) per working node, we compare
the ratio of the number of cells in the coverage area
over the number of working sensor nodes in Fig.4.
The SQMORL algorithm can outperform DVF and
OGDC algorithm in all cases. This is because SQ-
MORL uses fewer number of working nodes, while
the coverage area is comparable to the two other al-
gorithms. Results show that though OGDC can at-
tain the maximum coverage, it is at the expense of
high number of working nodes.

3.2 Simulation results: grid layout

In order to evaluate SQMORL in a scenario similar
to the light bulb placement as the automatic lighting
control testbed, simulation was also conducted in a
grid layout of sensors nodes. The number of sensor
nodes is varied to 25, 81, 121 and 169 nodes. The
sensors are placed in a regular grid spaced 5m apart
in an area of 30 x 30, 50 x 50, 60 x 60 sq.m. space,
respectively. The purpose of this experiment is to
evaluate each algorithm in a setting of light bulbs



Scalarized Q Multi-Objective Reinforcement Learning for Area Coverage Control and Light Control Implementation 7

100

—#— 0GDC
—&— DVF
©— SQMORL

Fig.3: Percentage of coverage area against number
of nodes placed in the random topology network.
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Fig.4: Ratio between the number of cells in the cov-
erage area and working nodes placed in the random
topology network.

placed indoors of a building. The SQMORL, DVF
and OGDC algorithms have been compared.

Fig.5 shows the number of working nodes selected
to cover the area. The SQMORL algorithm used 9
to 49 node working nodes, the DVF algorithm used 9
to 54 working nodes, whereas OGDC used the most
working nodes with its selection of 22 to 166 nodes.
This is because the SQMORL algorithm can select
non-overlapping working nodes which cover the most
area, whereas the DVF algorithm missed some po-
sitions. On the other hand, OGDC is only focused
on uncovered area and thereby activated almost ev-
ery node in the uncovered area, thus used the most
number of working nodes.

Fig. 6 depicts the percentage of area coverage that
each algorithm attained given their selected num-
ber of working nodes. It is found that the cover-
age remains relatively constant as the sensor nodes
are placed at regular grid positions throughout the
area. The DVF and SQMORL algorithm attained

approximately 80% coverage. Note that the OGDC
algorithm achieved 98% coverage area for all cases as
it selects working nodes based on cells which are not
yet covered by other nodes.

Fig.7 shows the energy efficiency of the working
nodes selected. SQMORL algorithm achieved the
highest number of cell coverage per working node at
80 cells/working node. This is because SQMORL
algorithm uses fewer working nodes while attaining
80% coverage of the area (as seen in Fig.6). On the
other hand, the DVF algorithm obtained 73 to 77
cells per working node and the OGDC algorithm ob-
tained the least energy efficiency. Hence, even though
OGDC can achieve the most percentage of coverage
area (Fig.6), a trade-off exists as OGDC uses the
highest number of working nodes (see Fig. 7). This
is because OGDC considers uncovered areas and se-
lects working nodes which overlap. Consequently, as
the number of nodes placed in the area increases, the
energy efficiency of OGDC algorithm decreases.

3.3 Discussion

In the simulation part, we present the MOO frame-
work for area coverage control in WSNs. There are
two objective functions, i.e. to maximize area cov-
erage objective and to reduce the area overlapping
that occurs between neighboring nodes. A multi-
objective reinforcement learning method in conjunc-
tion with the weighted-sum approach, called Scalar-
ized Q Multi Objective Reinforcement Learning (SQ-
MORL), is then applied to find the optimal policy in
area coverage control. To evaluate the performance
of the SQMORL algorithm, the simulation is divided
into two parts, i.e., uniform random and the grid sen-
sor layout. The performance of SQMORL is com-
pared with DVF algorithm and OGDC algorithm. In
terms of the number of cells covered per working node
ratio, the SQMORL algorithm outperforms DVF and
OGDC algorithm in all cases as it requires the fewest
number of working nodes. Similar results were ob-
tained for both the uniform random and grid layout.

In the next section, SQMORL and DVF algo-
rithms have been selected for performance evaluation
in an implemented automatic lighting control testbed.
These two algorithms have been selected because they
both have self-learning characteristics, good efficient
energy consumption with respect to area coverage
and outperform OGDC.

4. PERFORMANCE EVALUATION: TESTBED

In this section, SQMORL and DVF are evalu-
ated in an automatic lighting control testbed. In the
testbed, each sensor is initialized to the initial de-
fault value setting i.e., Q-values for all state-action
pairs of each agent equal to zero. There are two
actions, i.e., “Action0” refers to turning off a light
bulb, and “Actionl” refers to turning on a light bulb.
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Fig.5: Number of working nodes against number of
nodes placed in the grid topology network.
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Fig.6: Percentage of area coverage against number
of nodes placed in the grid topology network.
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Fig.7: Ratio between the number of cells in the cov-
erage area and working nodes placed in the grid topol-
ogy network.

As the SQMORL convergence condition requires that
every state-action pair be visited infinitely often, an
“explore and exploit” scheme is implemented at each
agent. In particular, each agent is set to randomly se-
lect (explore) actions for 100 time steps in the train-
ing phase. This enables each agent to explore all pos-
sible state-action pairs and update the action value
functions. After the training phase, these values are
then used to select (exploit) optimal action accord-
ing to (4) with some probability e > 0 and explore
other actions randomly with the remaining probabil-
ity. This is referred to as the It-greedy action selec-
tion scheme. When an action is selected, every node
waits for 5 seconds for the light intensity to become
stable as a certain amount of delay is required in the
hardware to turn on or off each light bulb. The nodes
then measure the resulting light intensity and obtain
the reward values from equations (10), (11). Each
node then updates their state-action value functions
according to equation (6). Then agent sends its own
value function in (7) to its neighboring sensor nodes.
The neighbors can then have the up-to-date value
functions for their own state-action value updates.
The process is repeated as shown in Fig.8 until con-
vergence is achieved, i.e., the agent can find the opti-
mal action. To ensure convergence in the testbed, the
action value of each sensor node was first trained of-
fline from simulation until near-optimal action values
were achieved. The action values were then stored on
the sensor nodes and further online training was per-
formed in the testbed. The DVF algorithm was con-
sidered to converge when there is no further change
in the actions taken in each state.

4.1 SQMORL automatic lighting control re-
sults

In order to evaluate the performance of the DVF
and SQMORL algorithm, an automatic lighting con-
trol test bed was developed in the Wireless Communi-
cation Laboratory F4, Suranaree University of Tech-
nology (SUT), Thailand.

The automatic lighting control system consists of
sensor nodes, each of which is equipped with a wire-
less communication module with XBee Series 2, a mi-
crocontroller part with Arduino Uno R3 and an ad-
ditional external memory unit for recording measure-
ments for control purposes, a light dependent resistor
(LDR) to measure the light intensity. Each sensor
node has the ability to measure the intensity of light
within its own area, exchange information between
the neighboring node sensors and collect the data in
its memory unit. The sensor nodeaAZs own coverage
area is measured when all other light sources from
other sensor nodes are switched off. When other sen-
sor nodes switch on their light, the light intensity is
measured. Each level of light intensity corresponds to
a particular status of the light sources in the testbed.
Thus by measuring the level of light intensity, a sen-
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[Wait until all nodes
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State, Reward, Q-value

Send value function to
neighbor sensor node

Fig.8: Diagram for SQMORL for automatic lighting
control testbed.

Use SQ-table
by z-greedy

sor node can determine the layout of the overlapped
area. Five sensors nodes are placed at the positions
as shown in Fig. 9, in the experiment room of which
external light is blocked. The results are averaged
over 20 repeated runs.

Fig. 10 shows the final policy obtained by SQ-
MORL and DVF algorithms. Since there are 5 sen-
sor nodes and each sensor node has 2 actions, there
are 32 possible policies. Sensor node 0 is placed in
the middle of the room (see Fig.9). If sensor node 0
turns on, its light coverage would overlap with that
from all the other sensor nodes.

As the light intensity of the 4 sensor nodes in the
corner provides sufficient coverage area, the sensor
node placed at the center can be turned off to save
energy. Thus, the optimal policy for this setting is
where the 4 sensors in the corners of the room are
turned on and sensor node in the middle of the room
is turned off (i.e., the 16" policy). Note that both al-
gorithms were programed to select random actions for
exploration during training in the first 100 time steps.
Then the algorithms learned on their own according
to the It-greedy action selection scheme. However, it
was initially found that the training phase of 100 time
steps was insufficient as both algorithms could not
find the optimal policy. This is shown by the Direct
Learning DVF graph in Fig. 10, which the optimal
policy (the 16" policy) was not found at all in the
20 repeated runs. Therefore, to enhance the learning
rate, we trained the sensor nodes off-line through sim-
ulation to obtain the state-action value tables prior
to the testbed implementation. Then, we saved the

Fig.9: Automatic lighting control testbed.

trained Q-value tables in the memory unit of each
sensor node. With this off-line training method, the
sensor nodes are able to quickly adjust their actions
to the testbed environment. Results are shown by
the graphs labeled Trained DVF and Trained SQ-
MORL which are the algorithms that learned poli-
cies from off-line training, i.e. with initialization from
the trained Q-value tables. Fig. 10 shows that the
Trained DVF and Trained SQMORL algorithms are
able to find the optimal policy at 55% and 80% of the
20 repeated runs, respectively.

Fig.11 shows the measured light intensity of each
sensor node running the DVF algorithm (sensor node
0 is placed at the center and the rest of the sen-
sor nodes are placed in the corners). It should be
noted that these measurements are made only after
the DVF algorithm has learned the optimal policy.
During training in the first 100 time steps, each node
explores all actions by randomly selecting its actions.
After training, each sensor node makes its decision
based on exploitation of its trained value table. Sen-
sor node 0 achieves the least light intensity of 116 lux
as its own light bulb is turned off. Its light intensity
obtained is from the 4 neighboring sensor nodes.

Fig. 12 shows the average reward of the DVF
scheme which is computed from the reward obtained
from each sensor node from the beginning until cur-
rent the time step. Note that during the training
phase with the random selection of actions, the av-
erage reward of all sensor nodes does not increase.
However, once the training period is over at the 100"
time step, each sensor node can choose the optimal
action at the 117" time step, which is seen from the
increase in average reward consistently.

Fig. 13 shows the measured light intensity of each
sensor node under the SQMORL algorithm. The SQ-
MORL algorithm can learn the optimal policy. This
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Fig.10: Final policy distribution for each algorithm.

result is similar to that of the DVF algorithm as the
same the optimal policy (i.e., the 16! policy) is ex-
pected.

Fig. 14 shows the average reward of all 5 sensor
nodes obtained from the 1% objective function which
aims to maximize the light intensity. Results show
that during training period in the first 100 time steps,
the average reward does not increase due to the ex-
ploration from randomly selected actions. But after
the training period, each sensor node can choose its
optimal action consistently from time step 130 on-
wards, as seen from an increase of the average reward
of the sensor nodes. Fig. 15 shows the average cost
of all 5 sensor nodes obtained from the 2" objec-
tive function, which aims to reduce the overlapping
areas. Results show that the consistently decreasing
average cost at all sensor nodes occurs after time step
130, implies that the light intensity which occur from
overlapping area decreases after this time step.

4.2 Discussion

To test the performance of both the SQMORL
and DVF algorithms, an automatic lighting control
testbed has been implemented to evaluate the per-
formance of SQMORL and DVF algorithms. From
the experiment results, the DVF and SQMORL algo-
rithms can obtain the optimal policy at 55% and 80%
from the 20 repeated runs, respectively. In terms of
the convergence speed, the DVF and SQMORL algo-
rithm reached the optimal policy at time step 117 and
130, respectively. Such results suggest that the SQ-
MORL algorithm can find the optimal policy more
frequently than the DVF algorithm at a compara-
ble convergence rate. Therefore, results suggest that
MOO framework based on the SQMORL algorithm
may be suitable for coverage control in WSNs, partic-
ularly for applications which require maximum cov-
erage and minimum overlapping coverage.

Light intensity (lux)
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Time step

Fig.11:
rithm.

Node light intensity from the DVF algo-
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Fig.12: Awverage reward of each sensor node from
the DVF algorithm.
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Fig.13: Node light intensity from the SQMORL al-
gorithm.
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Fig.15: Average cost of the 2"% objective function
from the SQMORL algorithm.

5. CONCLUSION

The objective of this work is to extend coverage
control using the single combined objective reinforce-
ment learning algorithm to a multi-objective opti-
mization (MOO) reinforcement learning framework.
In particular, this paper proposes the Scalarized Q
Multi-Objective Reinforcement Learning (SQMORL)
which uses a MOO based on separated rewards for
each objective function for the coverage control prob-
lem in WSNs. The algorithm has advantages of low
complexity and scalability. The MOO framework also
allows the optimal policy particularly for contradict-
ing objectives to be found more effectively than the
combined single objective function. This is evident
from the simulation results in the uniform random
node placement and grid node placements. In addi-
tion, this work has also developed a hardware testbed
to evaluate the performance of SQMORL and the

DVF in a multi-agent lighting control experiment.
Results show that the SQMRL algorithm can effi-
ciently find the optimal policy more accurately over
the DVF algorithm.
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