
Pervasive and Mobile Computing ( ) –

Contents lists available at ScienceDirect

Pervasive and Mobile Computing

journal homepage: www.elsevier.com/locate/pmc

Controlling the fluid factors of an environment by sensor and
actuator networks
Yan-Ann Chen, Lun-Wu Yeh, Yu-Chee Tseng ∗

Department of Computer Science, National Chiao Tung University, Hsinchu, 30010, Taiwan

a r t i c l e i n f o

Article history:
Received 11 May 2013
Received in revised form 7 June 2015
Accepted 3 July 2015
Available online xxxx

Keywords:
Energy conservation
Intelligent building
Pervasive computing
Sensor
Wireless sensor and actuator network

a b s t r a c t

Recently, wireless sensor and actuator networks (WSANs) have been widely discussed.
An important application of WSANs is the control of environmental fluid factors, such as
temperatures, in an environment. In this paper, we study the control of temperatures in an
indoor environment with energy saving in mind. Temperature sensors are deployed in a
regular grid or a randommanner. Actuators are controllable air conditioners with multiple
outlets. Users may be located in any places in the environment. We consider two user
satisfactionmodels: binary and continuous. Based on these assumptions,wepresentmodels
and controlmechanisms to adjust air conditioners tomeet users’ requirements. Simulation
results show that our mechanisms can indeed achieve our goals in an efficient way.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

The rapid development of wireless communications technology and embedded microelectromechanical systems has
made wireless sensor and actuator networks (WSANs) possible. A WSAN [1–3] is a distributed system consisting of sensor
and actuator nodes interconnected by wireless links. Utilizing sensed data from deployed sensors, actuators can perform
actions accordingly. The possible applications of WSANs include environment control [4,5], environment monitoring [6,7],
localization [8,9], etc.

Environment control is one of the most important WSAN applications. Through the data reported by sensor nodes
deployed in the environment,wemay automatically trigger actuators, such as lamps, air conditioners, andhumidifiers.Many
appliances have been developed with such features [10]. However, most of these products are on-and-off or discrete kinds
of control. They do not address the users’ preferences and activities and the control of fluid factors, such as air temperatures,
in the environment. Note that controlling fluid factors is more challenging than controlling things that spread in a regular
shape, such as light. The above observation motivates us to study the control of air temperatures, a form of fluid factors, by
WSAN.

In a building, more than one third of electricity is spent on HVAC (Heating, Ventilating, and Air Conditioning) according
to [11]. How to automatically adjust HVAC systems to meet users’ requirements while reducing energy consumption is
an important issue. Traditionally, PID (Proportional–Integral–Derivative) controller [12] is a common control mechanism.
PID controller, which attempts to correct the error between the measured and desired value by a feedback mechanism,
is the generic control loop feedback mechanism. PID controller can quickly converge while setting parameters suitably.
However, the PID controller is not suitable for air conditioner control because temperature needs longer time to achieve
the steady state. For example, when we turn on an air conditioner, the indoor temperature needs a long period of time to
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Fig. 1. The network architecture of our system.

achieve a steady state. Recently, several control strategies [13–19] for HVAC have been proposed. A neural network-based
strategy for thermal control is presented in [13]. The system can maintain a comfort level within the desired temperature
range. A fuzzy logic controller that addresses both energy consumption and comfort requirements is proposed in [14]. A
multi-sensor, single-actuator HVAC control system that tries to minimize discomfort and energy consumption is presented
in [15]. Some HVAC control mechanisms [16–20] save the energy consumption by predicting or detecting the occupancy. A
commercial product of smart thermostat [21] for home learns the personal schedule for energy-efficient control of the indoor
temperature. These solutions either fail to consider users’ requirements or fail to allow users to have different requirements.
Although our prior works [4,5] for the intelligent light control consider users with different requirements, the mechanism
cannot be applied to the control of fluid factor directly since the fluid factor may spread irregularly.

This paper considers both users’ requirements and energy consumption when controlling the fluid factor in an indoor
environment. Fig. 1 shows our network architecture. The field is divided into regular grids, each of which is deployed with
a temperature sensor. The control server is responsible for collecting temperature values from all sensor nodes. Multiple
controllable air conditioners are deployed in the environment, each of which may have more than one air conditioner
outlet. We assume that the indoor environment such as an office space is large enough to have obvious temperature
changes from each outlet to the whole environment. Users may locate arbitrarily in the field and each user has his/her
own preferred temperature profile. Our goal is to control the temperature of the environment by adjusting the power levels
of air conditioners to satisfy more users while saving energy.

The contributions of this work are as follows. First, we consider temperature requirements for individual users in
our control policy since the temperature adaptability of users may differ. Second, we exploit a regression-based training
mechanism to learn temperature changes after controlling the air conditioners for avoiding the need of feedback control.
Third, we consider two different satisfactionmodels for modeling the user’s need. Finally, wemay eliminate the assumption
of the grid deployment of sensors by slight modifications to our approach.

The remainder of this paper is organized as follows. Section 2 formally defines our network scenario and problem.
Section 3 presents our controlling schemes for different models. Performance evaluations are presented in Section 4.
Conclusions are drawn in Section 5.

2. Problem definition

In our system, the field is divided into n regular grids labeled as G1, G2, . . . ,Gn. There are n fixed sensors, m air
conditioners, and q users in the field. In each grid Gi, i = 1 . . . n, there is a fixed sensor si, which can report Gi’s current
temperature vi. Each air conditioner aj, j = 1 . . .m, is controllable and provides multiple levels for operation. The current
level of aj is denoted by dj. A larger level value means that higher power consumption will be needed for operating in
that level. For example, the level of an air conditioner which is set to 28 °C is smaller than the one which is set to 23 °C.
Differentmapping functions for levels andpower consumption should be defined for different kinds of appliances.Moreover,
considering physical limitations, we assume that dmin

j ≤ dj ≤ dmax
j . Each user ul, l = 1 . . . q, has a temperature requirement

and we assume that the system is able to detect ul’s current location, represented in terms of grids (how to conduct indoor
localization is beyond the scope of this paper; the audiences are referred to [8,22] for more details). In this environment,
we also assume that there are heat sources at the boundary of this environment, e.g., sunlight through French windows,
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Fig. 2. An example of continuous satisfaction.

Fig. 3. The system flow of our system.

or heat from walls. Thus, we have to consider these heat sources and air conditioner settings to evaluate the temperature
distribution of this environment in steady state.

In this work, we consider two kinds of user satisfaction models for temperature:

1. Binary satisfaction model: Each user ul has a desired temperature interval [Rlb
l , Rub

l ], where Rlb
l and Rub

l are the lower and
upper bounds of temperature requirements, respectively.

2. Continuous satisfaction model: Each user ul has a temperature requirement which can be specified by a utility-like
function. Here, we adopt Gaussian functions. Note that, we can also extend this model to adopt the functions other than
Gaussian with some minor modifications. For user ul, we specify a mean µl, a variance σl, and a tolerance value tl. At a
temperature of x, the satisfaction value fl(x) of ul is defined as

fl(x) = exp


−(x − µl)
2

2(σl)2


. (1)

The tolerance value is a satisfaction threshold that the user is still satisfied with the environment under the controlled
condition. The requirement interval of a user ul with a tolerance value tl is [µl −σl

√
−2 ln(tl), µl +σl

√
−2 ln(tl)], which

is derived from Eq. (1). Fig. 2 shows an example of continuous model with µl = 28, σl = 2, and tl = 0.3. Through the
tolerance value tl, the user can get a temperature requirement interval [25, 31].

In our system, the fixed sensors periodically report their readings to the sink node and the control host can control the
air conditioner according the reported readings. Therefore, our goal is to adjust the levels of the air conditioners to satisfy
most of users in this environment while achieving energy saving.

3. Air conditioners controlling scheme

In this section, we propose the air conditioners controlling scheme to satisfy most of users while achieving energy
saving. We design two solutions for the binary and continuous satisfaction models, respectively. Fig. 3 shows the system
flow of our air conditioners controlling scheme. The controlling scheme is divided into two phases. The first phase is the
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training phase. Before executing the algorithm, this system should collect some training data in this phase. The second
one is the execution phase. In the execution phase, according to the information which collected in the first phase, this
system constructs regression models of temperature. By utilizing the trained models, the control host makes a decision for
controlling the air conditioners while minimizing energy consumption or maximizing users’ satisfaction with respect to
binary satisfaction or continuous satisfaction model, respectively.

3.1. Training phase

In this phase, our system adjusts air conditioners to a set of control levels. After a time period T , this system collects the
corresponding temperature readings from fixed sensors. Assume that the temperature in the indoor environment is stable
after the time period T . The system records the set of control levels and sensor readings into a database. Repeat above steps
k times, where k > m + 1, then the system obtains a number of training data in the database. Therefore, from this training
phase, our system acquires a set of control levels {(d(1)

1 , d(1)
2 , . . . , d(1)

m ), . . . , (d(k)
1 , d(k)

2 , . . . , d(k)
m )} of m air conditioners and

the corresponding temperature readings {(v
(1)
1 , v

(1)
2 , . . . , v

(1)
n ), . . . , (v

(k)
1 , v

(k)
2 , . . . , v

(k)
n )} of n fixed senors. We denote the

control levels and the corresponding temperature readings of rth training by (d(r)
1 , d(r)

2 , . . . , d(r)
m ) and (v

(r)
1 , v

(r)
2 , . . . , v

(r)
n ),

respectively. Note that these training data can also be obtained from the execution results of the previous executions.

3.2. Execution phase

The execution phase is divided into two steps. First, we construct the regression models for each grid. According to the
constructed models, the air conditioners control algorithm can decide a set of control levels of air conditioners for binary or
continuous satisfaction models.

The first step of execution phase is the construction of regression models. From the above training phase, we have the
training data, which contains the control levels {(d(1)

1 , d(1)
2 , . . . , d(1)

m ), . . . , (d(k)
1 , d(k)

2 , . . . , d(k)
m )} of m air conditioners and

the corresponding temperature readings {(v
(1)
1 , v

(1)
2 , . . . , v

(1)
n ), . . . , (v

(k)
1 , v

(k)
2 , . . . , v

(k)
n )} of n fixed senors. For each grid i,

i = 1 . . . n, based on linear regression model, we formulate the following linear relation FG
i :

FG
i (d(r)

1 , d(r)
2 , . . . , d(r)

m ) =

m
j=1

d(r)
j × bj,i + b0,i = v

(r)
i . (2)

The bj,i is the regression coefficient of this model. According to Eq. (2) and the training data, we represent this model in a
matrix form:

1 d(1)
1 d(1)

2 · · · d(1)
m

1 d(2)
1 d(2)

2 · · · d(2)
m

...
...

...
. . .

...

1 d(k)
1 d(k)

2 · · · d(k)
m


  

D

×


b0,i
b1,i
...

bm,i


  

Bi

=


v

(1)
i

v
(2)
i
...

v
(k)
i


  

Vi

. (3)

The matrix Bi, i.e. regression coefficients, can be computed by the least squares analysis [23]:

Bi = (DTD)−1DTVi. (4)

Then, we construct the regression model FG
i (d1, d2, . . . , dm) for each grid i, where i = 1 . . . n. Here, we choose linear

regression model since we assume that the relationship between control levels and the corresponding temperature
reading is linear for simplicity. In reality, this relationship may depend on the implementation of air conditioners and the
environment. Therefore, we can replace the linear regression model with a suitable one if needed.

After the regression models for each grid are constructed, our system executes the air conditioners control algorithm.
In this algorithm, we consider binary and continuous satisfaction model to minimize energy consumption and maximize
users’ satisfaction, respectively.
1. Binary satisfaction model: Here, we want to find the optimal control levels (d1, d2, . . . , dm) for those regression models

FG
i which users are located on. Our goal is to adjust the air conditioners to satisfy the users’ temperature requirements
while minimizing energy consumption.
Under the binary satisfaction model, we are given the input including Rlb

l and Rub
l for all l = 1 . . . q; dmin

j and dmax
j for

all j = 1 . . .m; FG
i (d1, d2, . . . , dm) for all i = 1 . . . n. We formulate an optimization model to find the optimal dj, for all

j = 1 . . .m with the objective function:

min
m
j=1

dj (5)
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Fig. 4. The example for binary and continuous satisfaction models.

subject to:

Rlb
l ≤ FG

grid(ul)(d1, d2, . . . , dm) ≤ Rub
l , for all l = 1 . . . q (6)

dmin
j ≤ dj ≤ dmax

j , for all j = 1 . . .m. (7)

Note that in Eq. (6), grid(ul) is the grid number which user ul is located on. Eq. (5) is to minimize the total energy
consumption of all air conditioners. Eq. (6) imposes that all users’ temperature requirements should be met. Eq. (7)
is to confine the control level within the maximum and the minimum bounds. This optimization model is a linear
programming problem and can be solved by e.g., the Simplex method [24]. In reality, the systemmay be infeasible since
the constraintsmay be contradictory. One solution is to eliminate the least number of requirements to find a feasible sub-
solution. However, it was shown that finding a feasible subsystemof a linear systemby eliminating the fewest constraints
is NP-Hard [25]. So, we compromise by gradually relaxing users’ requirements to make this problem feasible. Therefore,
we propose an iterative process as follows. First, we run the Simplex method. If no feasible solution is found, we change
ul’s temperature requirement to [Rlb

l − α, Rub
l + α] for each l = 1 . . . q, where α is a constant. Then we run the Simplex

method again. This procedure is repeated until a solution is found or the retry limit is met. The results of control levels
and corresponding sensor readings should be inserted into database to be a new entry.

2. Continuous satisfaction model: Here, we want to find the optimal control levels (d1, d2, . . . , dm) for those regression
models FG

i which users are located on. Our goal is to adjust the air conditioners to maximize users’ temperature
satisfaction.

Under the continuous satisfaction model, we are given the input including (µl, σl, tl) for all l = 1 . . . q; dmin
j and dmax

j for
all j = 1 . . .m; FG

i (d1, d2, . . . , dm) for all i = 1 . . . n. We formulate an optimization model to find the optimal dj, for all
j = 1 . . .m with the objective function:

max
q

l=1

fl

FG
grid(ul)(d1, d2, . . . , dm)


(8)

subject to:

µl − σl


−2 ln(tl) ≤ FG

grid(ul)(d1, d2, . . . , dm) ≤ µl + σl


−2 ln(tl), for all l = 1 . . . q (9)

dmin
j ≤ dj ≤ dmax

j , for all j = 1 . . .m. (10)

Eq. (8) is to maximize the sum of satisfaction values of all users. Eq. (9) imposes that all users’ temperature requirements
should be met. Eq. (10) specifies the bounds. Since Eq. (1) is a non-linear function, this optimization model is a non-
linear programming problem. The non-linear programming can be solved by a sequential quadratic programming (SQP)
method [26]. If there is no feasible solution, we gradually relax users’ requirements to make this problem feasible. We
propose an iterative process as follows: First, we run the SQP method. If no feasible solution is found, we change ul’s
temperature threshold to max(0, tl − β) for each l = 1 . . . q, where β is a constant. Then we run the SQP method again.
This procedure is repeated until a solution is found or the retry limit ismet. The results of control levels and corresponding
sensor readings should be inserted into database to be a new entry.

Fig. 4 shows an example for the binary and satisfaction continuous models. There are three air conditioners a1, a2,
and a3 in this environment. For binary satisfaction model, two users u1 and u2 have their temperature requirements
[Rlb

1 , Rub
1 ] = [21, 25] and [Rlb

2 , Rub
2 ] = [22, 28], respectively. By several training data, we construct their regression models

FG
grid(u1)

(d1, d2, d3) = 30 − 0.21d1 − 0.04d2 − 0.02d3 and FG
grid(u2)

(d1, d2, d3) = 30 − 0.03d1 − 0.03d2 − 0.06d3 for u1 and
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u2, respectively. The optimization model is

min d1 + d2 + d3

subject to:

21 ≤ 30 − 0.21d1 − 0.04d2 − 0.02d3 ≤ 25
22 ≤ 30 − 0.03d1 − 0.03d2 − 0.06d3 ≤ 28
0 ≤ d1 ≤ 20
0 ≤ d2 ≤ 20
0 ≤ d3 ≤ 20.

Because this problem is feasible, the solution is d1 = 20, d2 = 8.34, and d3 = 18.86. Similarly, for continuous satisfaction
model, two users u1 and u2 have their temperature requirements [µ1, σ1, t1] = [23, 2, 0.3] and [µ2, σ2, t2] = [25, 2, 0.3],
respectively. Given t1 = 0.3 and t2 = 0.3, we can derive [23 − 2

√
−2 ln(0.3), 23 + 2

√
−2 ln(0.3)] = [19.9, 26.1] and

[25 − 2
√

−2 ln(0.3), 25 − 2
√

−2 ln(0.3)] = [21.9, 28.1] for u1 and u2, respectively. Other configures are the same as
binary satisfaction model. The optimization model is

max f1(30 − 0.21d1 − 0.04d2 − 0.02d3) + f2(30 − 0.03d1 − 0.03d2 − 0.06d3)
19.9 ≤ 30 − 0.21d1 − 0.04d2 − 0.02d3 ≤ 26.1
21.9 ≤ 30 − 0.03d1 − 0.03d2 − 0.06d3 ≤ 28.1

0 ≤ d1 ≤ 20
0 ≤ d2 ≤ 20
0 ≤ d3 ≤ 20.

Again, the problem is also feasible. The solution is d1 = 8.4, d2 = 19.27, d3 = 19.77.

3.3. Extension

Previously, we assume that the fixed sensors are deployed in a grid manner. Actually, with the following modifications,
our fixed sensors also can be extended to the random deployment.

In this extension, we deploy n fixed sensors in a random manner. The training phase is the same as Section 3.1.
We collect a set of control levels {(d(1)

1 , d(1)
2 , . . . , d(1)

m ), . . . , (d(k)
1 , d(k)

2 , . . . , d(k)
m )} of m air conditioners and corresponding

temperature values {(v
(1)
1 , v

(1)
2 , . . . , v

(1)
n ), . . . , (v

(k)
1 , v

(k)
2 , . . . , v

(k)
n )} of n fixed senors. The notations (d(r)

1 , d(r)
2 , . . . , d(r)

m ) and
(v

(r)
1 , v

(r)
2 , . . . , v

(r)
n ) represent the control levels and the corresponding temperature readings of rth training, respectively.

In the execution phase, for each fixed sensor i, i = 1 . . . n, based on the linear regression model, we formulate the following
linear relation F E

i :

F E
i (d(r)

1 , d(r)
2 , . . . , d(r)

m ) =

m
j=1

d(r)
j × b′

j,i + b′

0,i = v
(r)
i . (11)

According to Eq. (11) and training data, we represent the regression model in a matrix form:
1 d(1)

1 d(1)
2 · · · d(1)

m

1 d(2)
1 d(2)

2 · · · d(2)
m

...
...

...
. . .

...

1 d(k)
1 d(k)

2 · · · d(k)
m


  

D′

×


b′

0,i

b′

1,i
...

b′

m,i


  

B′
i

=


v

(1)
i

v
(2)
i
...

v
(k)
i


  

V ′
i

. (12)

Then the matrix B′

i , i.e. regression coefficients, can be measured by the least-square analysis:

B′

i = (D′TD′)−1D′TV ′

i . (13)

Next, we want to find the optimal control levels (d1, d2, . . . , dm) for those regression models F E
i which users are located

on. Our goal is to adjust the air conditioners to minimize energy consumption or maximize users’ satisfaction values.
The objective function and constraints are similar to grid deployment. For binary and continuous satisfaction models, the
differences are the regression models FG

grid(ul)
(d1, d2, . . . , dm) in Eqs. (6), (8), and (9) and those functions should be replaced

by F E
ul(d1, d2, . . . , dm). Note that F E

ul(d1, d2, . . . , dm) =


∀i∈S F
E
i (d1, d2, . . . , dm)/|S|, where S = {i|dist(si, ul) < δ}, for

i = 1 . . . n, dist(A, B) is the distance between object A and B, and δ is an adjustable constant. It means we choose the average
values of several fixed sensors si near the user ul to stand for the temperature that user is located on.
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Fig. 5. The temperature requirement pools: (a) binary satisfaction model, (b) continuous satisfaction model.

Obviously, when executing our system once, it will increase one entry into the database. Hence, the data size will be
very huge after running a long period of time. Here, we can adopt k-means clustering [27] algorithm to reduce the data
size. By k-means clustering, we can get k clusters of the training data. Then, from each cluster, we can retain one or more
representative entries which are near the centroid of the cluster and discard the others to reduce the size of the database.
Note that the number of clusters should be larger than that of air conditioners.

4. Evaluations

To understand how our schemes for air conditioners meet users’ requirements while saving energy, we have developed
a simulation program. Two scenarios are considered. One scenario, denoted as S1, is in a room of size 10 × 10 m2 with 5
air conditioners and outlets. The other scenario, denoted as S2, is in a room of size 20 × 20 m2 with 13 air conditioners
and outlets. In both scenarios, the air conditioners and outlets are evenly placed in the environments. The air conditioners
have physical limitations dmin

j = 0 and dmax
j = 40 for all j. Besides, the users are randomly placed in the environments. Our

proposed algorithms are compared to the other two schemes, called FIX and BS-PID. The FIX scheme is an intuitive method.
All air conditioners in the room are set to a fixed level n. We denote this scheme as FIX-n below. The BS-PID scheme is a
greedy-based binary search PIDmethod. Each air conditioner greedily selects the nearest user and satisfies him/her demand.
The required control level of each air conditioner is determined by a binary searchmethod. At first, all air conditioners decide
and turn on to the determined levels. After a period of time, all sensors report current readings. According to the reported
readings, all air conditioners redo the binary search process until the requirements of the selected users are satisfied or the
retry limit is met. In this simulation, we also count the number of execution roundswhich each scheme uses. A roundmeans
that the temperature achieves the steady state after adjusting the levels of air conditioners. As Section 1 mentioned, the PID
method needs longer time to reach the steady state. Below, we compare the simulation results of FIX-n and BS-PID with the
two satisfaction models introduced in Section 2, respectively.

• Binary satisfaction model: In this simulation, we define a binary requirement pool for users. As shown in Fig. 5(a), each
range Ri represents the interval of a temperature requirement. Each user will randomly choose one interval from the
pool as its requirement. We consider two performance indices here. The first index is the total energy consumption. The
second index is called GAP, which reflects the difference between the provided temperature and the required one. The
GAP for user ul is

GAP(ul) =


0, if Rlb

l ≤ vul ≤ Rub
l

min(|Rlb
l − vul |, |R

ub
l − vul |), otherwise.

(14)

We will measure the average GAP of all users.
Fig. 6(a) shows the simulation results in scenario S1. In Fig. 6(a), the binary satisfactionmodel is energy-efficientwhile

keeping the average GAP smaller than 0.1 °C. Although the average GAP of BS-PID is very close to our binary model, the
number of execution rounds of BS-PID is higher than our binary model in Fig. 8(a). Hence, the BS-PID needs a long period
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a

b

Fig. 6. Comparison under the binary satisfaction model: (a) scenario S1, (b) scenario S2.

a

b

Fig. 7. Comparison under the continuous satisfaction model: (a) scenario S1, (b) scenario S2.

of time to finish the control of air conditioners. Fig. 6(b) shows the simulation results in scenario S2. The result is similar
to scenario S1. It shows that our scheme is scalable to the environment size.

• Continuous satisfaction model: Similarly, we define a continuous requirement pool for users. As shown in Fig. 5(b),
each curve represents the continuous temperature requirement. The tolerance value tl is set to 0.3 for each user ul.
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a b

Fig. 8. Comparison of the number of execution rounds under binary and satisfaction models: (a) scenario S1, (b) scenario S2.

We compare two performance indices: average user satisfaction and energy consumption. Fig. 7 shows the simulation
results in scenario S1 and S2. These results consistently indicate that our scheme provides the highest satisfaction and
outperforms FIX and BS-PID schemes in energy consumption.

5. Conclusions

In this work, we have presented the control of temperatures in an indoor environment for satisfying user preferences
while saving energy. We consider two kinds of user satisfaction models: binary and continuous models. We propose two
control mechanisms for these two models to adjust the air conditioners and satisfy users’ requirements. The simulation
results show that our schemes can quickly adjust the air conditioners to satisfy users’ requirements and achieve energy
saving.
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