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Abstract 
For a sudden contaminant release in an indoor environment, source localization can provide 
critical information for preventing and mitigating indoor air pollution and its related health and 
security problems. Considerable research has focused on locating indoor contaminant sources 
with instantaneous or constant release rates; however, few studies on locating indoor sources 
with time-varying release rates have been reported. This study proposed a multi-robot active 
olfactory method for promptly locating time-varying sources in 3D indoor environments. The 
method extends our previously proposed method for 2D indoor environments by redefining and 
reprogramming it in a 3D coordinate system and proposing a 3D source declaration algorithm. Via 
more than 200 numerical experiments in 3D indoor environments with mixing, displacement, and 
piston ventilation systems, the method was fully demonstrated and validated. The results show 
the applicability and reliability of the method and reveal the effects of space style, ventilation 
mode, source release rate, source location, and obstacle layout on source localization. 
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1 Introduction 

Currently, people are becoming increasingly concerned 
with problems caused by contaminant releases in indoor 
environments (Alexander and Klein 2003; Endregard et al. 
2010; Enserink 2013; Shao et al. 2016; Siddiqui et al. 2012), 
such as indoor air quality deterioration, epidemic spread, 
chemical and biological terrorist attacks, and hazardous 
substance leakage. For a sudden contaminant release, the 
rapid and accurate locating of the release source is not only 
a prerequisite for source control but also a basis for predicting 
the contaminant dispersion and executing proper strategies 
of ventilation, air cleaning and evacuation (Liu and Zhai 
2007). 

According to the temporal profile of release, contamin-
ant sources can roughly be classified into three types: 
instantaneous sources, constant sources, and time-varying 
sources (Zhai et al. 2012). Time-varying sources widely 

exist in real-world situations, such as the spread of respiratory 
pathogens (Gupta et al. 2010), release of chemical or biological 
agents from small sprayer by terrorists (Raber and McGuire 
2002), and gas leakage from storage tanks with limited 
volume (Kathirgamanathan et al. 2004). In addition, the 
first two source types can be considered as particular cases 
of the last one. Therefore, the localization of time-varying 
sources has more important theoretical and practical 
significance (Zhai et al. 2012). However, most of the previous 
studies on locating indoor sources have been confined to 
instantaneous or constant sources because locating time- 
varying sources is much more difficult and challenging 
(Zhang et al. 2015b). 

One type of method for locating indoor contaminant 
sources is to use a fixed-sensor network, which can roughly 
be divided into two sub-types: backward methods and 
forward methods. Backward methods, which typically 
include the quasi-reversibility method (Liu et al. 2012; 
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Zhang and Chen 2007a), pseudo-reversibility method (Zhang 
and Chen 2007b), regularization method (Zhang et al. 2013), 
and probability-based inverse method (Liu and Zhai 2008, 
2009a,b; Zhai et al. 2012; Zhai and Liu 2008), normally use 
sensor readings as initial condition and solve contaminant 
transport equations inversely to identify source characteristics. 
In principle, this type of method depends on the accuracy 
and efficiency achieved when solving numerical models, 
such as computational fluid dynamics (CFD) and multi-zone 
models (Liu and Zhai 2007, 2009a). 

Forward methods normally use a two-stage procedure 
to identify source characteristics: in the first stage, numerous 
hypothetical contaminant release scenarios are simulated 
via numerical methods or on-site experiments; in the second 
stage, source characteristics are determined by matching 
the pre-simulated and measured concentrations. Typical 
methods include the artificial neural network method (Bastani 
et al. 2012; Vukovic et al. 2010; Zhang and You 2014), 
Bayesian probability method (Sreedharan et al. 2006, 2007, 
2011; Tagade et al. 2013) and optimization method (Cai  
et al. 2013, 2014). If the release scenarios are simulated via 
on-site experiments, this type of method can be executed 
independent of numerical simulations. 

Despite the above works, only a few attempts have been 
made to locate time-varying sources using a fixed-sensor 
network. Zhai et al. (2012) extended their previously 
developed adjoint probability method to track a single 
time-varying pollutant source by introducing the dynamic 
standard adjoint location probability. Zhang and coworkers 
(Wei et al. 2017; Zhang et al. 2015b) proposed an inverse 
model for a single varying source and multiple varying 
sources to identify the release location and release rate 
profile, respectively. Although these works have advanced 
the state-of-the-art with respect to locating indoor time- 
varying sources, the presented methods require some 
preconditions, such as possible source locations, the source 
release time, the curve of the release rate, a steady airflow 
field or other information. 

Another type of method for locating indoor contaminant 
sources is to use mobile robots, namely, the active olfactory 
method, which was inspired by animal behaviors such as 
foraging, homing, mating and evading (Ferri et al. 2009; 
Hayes et al. 2002; Ishida et al. 1995, 1996, 2012; Lilienthal 
et al. 2006). This type of method normally involves locating 
the contaminant source in three stages (Ferri et al. 2009; 
Hayes et al. 2002): plume finding (making contact with the 
airborne contaminant), plume traversal (approaching the 
source), and source declaration (confirming the source). In 
principle, this type of method can be executed by directly 
using sensor readings independent of numerical simulations. 

According to the number of used robots, the active 
olfactory methods can be divided into two sub-types: 

single-robot methods (Awadalla et al. 2013; Ferri et al. 2009; 
Gao et al. 2016; Kowadlo and Russell 2006; Li 2010; Russell 
et al. 2003) and multi-robot methods (Hajieghrary et al. 
2016; Hayes et al. 2002; Marjovi and Marques 2011, 2013, 
2014; Meng et al. 2011). In recent years, multi-robot 
methods have attracted more and more attention because 
they can perform better than single-robot methods in several 
aspects, such as efficiency, scalability, and robustness 
(Hayes et al. 2002; Senanayake et al. 2016). Some typical 
multi-robot methods include the genetic algorithm (GA) 
(Marques et al. 2003), particle swarm optimization (PSO) 
(Dadgar et al. 2016; Jatmiko et al. 2007; Lu et al. 2016; 
Marques et al. 2006), ant colony optimization (ACO) (Zou 
et al. 2009) and their adapted algorithms (Lu et al. 2014; 
Meng et al. 2011, 2012; Zhang et al. 2014, 2015a). 

To date, most of the multi-robot methods have been 
tested in 2D indoor environments, and few studies have 
considered the problem of locating time-varying sources. 
In a previous study, we proposed a PSO algorithm-based 
multi-robot method and tested its feasibility for locating 
time-varying sources with different release rate profiles in a 
2D indoor environment with a mixing ventilation system 
(Chen et al. 2017). This effort motivated us to develop a 
more sophisticated method for locating time-varying 
sources in 3D indoor environments. 

In this study, we extended the previously proposed 
method by redefining and reprogramming it in a 3D 
coordinate system and proposing a 3D source declaration 
algorithm. To test the performance of the improved method, 
we firstly validated the accuracy and reliability of CFD 
simulations through two tracer gas experiments, and then 
conducted more than 200 numerical experiments in simulated 
3D environments with mixing, displacement, and piston 
ventilation systems on the MATLAB platform. 

2 Multi-robot active olfaction method 

2.1 Basic principles 

Similar to the previously proposed multi-robot active 
olfaction method (Chen et al. 2017), the extended method 
is composed of four major components: (1) a plume finding 
algorithm using the divergence search strategy; (2) a plume 
traversal algorithm based on the PSO algorithm; (3) a source 
declaration algorithm based on the mass flux divergence 
theorem; and (4) an obstacle avoidance algorithm. 

2.1.1 Plume finding algorithm 

In the plume finding stage, a divergence search strategy   
is used to cover more search space and to make contact 
with the plume quickly. As shown in Fig. 1, multiple robots 
diverge from the same location at the same speed and move  
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in straight lines with an identical spatial angle. Once a 
robot detects a contaminant concentration higher than the 
preset threshold minc , all the robots switch to the plume 
traversal stage and adjust their movements according to the 
PSO algorithm. 

2.1.2 Plume traversal algorithm 

The PSO algorithm is a novel optimization method based 
on swarm intelligence that was originally developed to 
mimic the flocking behavior of birds (Dadgar et al. 2016). 
Compared with other intelligent optimization methods, the 
PSO algorithm has the advantages of convenient application, 
fast convergence, few adjustment parameters, and a relatively 
small storage and computation requirement (Zhang et al. 
2014). This algorithm has been widely used to solve complex 
optimization problems in the fields of communication, 
biology, control, military and security (Dadgar et al. 2016). 
The basic principles of the PSO algorithm were detailed in 
our previous study (Chen et al. 2017). Therefore, we only 
briefly describe the key features of this algorithm in a 3D 
coordinate system in the following. 

The fitness value of the i-th robot Ri (i = 1, 2, ..., N) at 
moment t is represented by ci(t), the contaminant concen-
tration detected by Ri. From time t to t+Δt, the velocity and 
location of Ri is updated using the following equations: 

( ) ( ) ( ) ( )( )
( ) ( )( )

*
1 1

*
2 2 g

Δi i i i

i

V t t w V t l r P t P t
l r P t P t

+ = ´ + ´ ´ -

+ ´ ´ -       (1) 

( )( Δ ) ( ) Δ Δi i iP t t P t V t t t+ = + +                    (2) 

where Vi(t) is the speed of Ri at moment t (m/s). w is a 
dimensionless inertia weight, which controls how much the 
current velocity of a robot contributes to its velocity in the 
next time step. The greater the inertia weight is, the higher 
the global search capability of the robot is, and vice versa. l1 
and l2 are dimensionless learning factors that reflect the 
experiences learned by a robot based on its movement and 
those learned by a robot swarm, respectively. A greater value 

of l1 can allow the robot to spend more time wandering in 
its local area, while a greater value of l2 can cause the robot to 
converge prematurely to a local extremum area. According 
to the previous experience (Jatmiko et al. 2007), w, l1 and l2 
are normally set to 1, 2 and 2, respectively. r1 and r2 are two 
random numbers with a uniform distribution in the range 
of [0, 1]. Pi(t) is the location vector of Ri at the moment t. 
During the period from 0 to t, ( )*

iP t  is the best local 
location of Ri, at which the fitness of Ri achieves its maximum 
value ( )*

ic t , and ( )*
gP t  is the best global location of the 

robot swarm, at which the fitness of the robot swarm achieves 
its maximum value ( ) ( ) ( ){ }* * * *
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During the plume traversal process, if the maximum 
fitness of the robot swarm ( )*c t  remains unchanged for a 
period no less than ΔT, we assume that the robots became 
trapped in a local extremum area where the contaminant 
concentration is higher than that in nearby areas. Subsequently, 
we use the mass flux divergence method to confirm whether 
the local extremum area is close to a source. 

2.1.3 Source declaration algorithm 

Although the PSO algorithm has been used for multi-robot 
source localization, the standard PSO algorithm has an 
obvious disadvantage: it can easily become trapped in a local 
optimum (Jatmiko et al. 2007). To overcome this disadvantage, 
we need an effective method for source declaration. To date, 
only a few studies on source declaration have been reported 
(Ishida et al. 2012), and most of these studies were validated 
in 2D environments. A source declaration algorithm applicable 
to 3D environments still needs to be developed. 

In this study, we propose a 3D source declaration algorithm 

 
Fig. 1 Divergence search strategy in plume finding stage. Trajectories of six robots starting from (a) the ceiling and (b) the floor 
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based on the mass flux divergence theorem (Zarzhitsky  
et al. 2010). As shown in Fig. 2, a possible source is enclosed 
by six surfaces of an imaginary cube, and six robots are 
deployed to detect contaminant concentrations and airflow 
velocities at the center points of the surfaces. According  
to the mass flux divergence theorem, the mass flux of the 
contaminant around the possible source can be expressed 
as (Zarzhitsky and Spears 2005): 

( ) ( )d d
W S

cV W cV S⋅ =ò ò                        (5) 

where W is a control volume and S is the corresponding 
control surface; c and V  are the contaminant concentration 
and airflow velocity vector, respectively. 

With the data detected by the six robots, Eq. (5) can be 
approximately calculated as follows: 

( ) ( ) ( )( )
6

2

1
d cos Δt i i i i

S i
Q cV S c t v t n θ l

=

= » ⋅ ⋅ ⋅ ⋅åò       (6) 

where ( )ic t  and ( )iv t  are the contaminant concentration 
and airflow velocity vector detected by robot Ri at time t, 
respectively; in  is the unit normal vector of the cube surface 
corresponding to Ri; θi is the angle between the vector 
( )iv t  and in ; and Δl is the side length of the cube. 

In theory, if a continuously releasing source is inside an 
imaginary cube, the mass flux Qt through the cube should 
exceed zero. In practice, considering the errors in detection 
and approximation in calculation, we can prescribe a 
threshold Qmin greater than zero for source declaration, 
which can be obtained via trial-and-error or other methods 
(Chen et al. 2017). If the calculated Qt is greater than Qmin, 
we speculate that the robots are close to the source. Otherwise, 
we speculate that the robots become trapped in a local 
extremum area. Then, each robot immediately initializes its 
fitness value and switches to the divergence search strategy 
to escape from the local extremum area and find the plume 
again. 

 
Fig. 2 An imaginary cube with six robots that is used to determine 
the mass flux around a possible source 

2.1.4 Obstacle avoidance algorithm 

In this study, the multi-robot active olfaction method was 
tested in simulated 3D environments, where the location 
and geometry of each obstacle were known in advance. 
Therefore, we developed an obstacle avoidance algorithm 
with known obstacle information, which is given in 
Appendix A in the Electronic Supplementary Material (ESM) 
of the online version of this paper. For a strange real-world 
environment, the obstacle avoidance algorithm should be 
adapted and combined with stereo vision, infrared rays, laser 
radar, or other technologies to enable the robots to avoid 
obstacles autonomously. 

2.2 Source locating procedure 

The procedure of the proposed method (Section 2.1) is 
summarized as follows: 

Step 1: The location, speed and fitness of each robot are 
initialized. 

Step 2: The robots find a plume via the divergence search 
strategy. 

Step 3: Once a robot finds a plume, namely, ( ) minic t c³ , 
all the robots switch to the plume traversal stage (Step 4). 
Otherwise, the robots repeat Step 2. 

Step 4: The robots track the plume using the PSO algo-
rithm (Eqs. (1) and (2)). 

Step 5: When the maximum fitness of the robot swarm 
( )*c t remains unchanged over a period of ΔT, namely, 

* *( ) ( Δ )c t c t T= - , the robots are close to a possible source, 
and the robots switch to the source declaration stage. 
Otherwise, the robots repeat Step 3. 

Step 6: The robots confirm the possible source using 
the 3D source declaration algorithm (Fig. 2 and Eq. (6)). 

Step 7: If the calculated Qt of the possible source is 
greater than Qmin, the robots terminate the locating procedure 
and report the source location. Otherwise, each robot 
immediately initializes its fitness value and returns to Step 2. 
In addition, if the source localization time reaches a preset 
time limit, the robots terminate the locating procedure and 
report a failure. 

3 Case study 

3.1 Case setup 

Three types of cases were used to investigate the applicability 
and reliability of the proposed method for typical indoor 
environments. Two box-shaped room models, one with 
mixing ventilation (Fig. 3(a)) and the other with displace-
ment ventilation (Fig. 3(b)), were built to represent the 
environments commonly found in residential, commercial  
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and industrial buildings. A long-narrow space model with 
piston ventilation (Fig. 3(c)) was built to represent environ-
ments commonly found in subways and tunnels. 

Both box-shaped rooms had the same dimensions (X × 
Y × Z = 8 m × 3 m × 6 m). The mixing ventilation room 
was ventilated using two air supply inlets (0.4 m × 0.4 m) 
and an exhaust air outlet (0.8 m × 0.4 m) on the ceiling 
(Fig. 3(a)). The air of each inlet was supplied at a rate of  
0.8 m/s, and the airflow supply rate was 0.256 m3/s or 6.4 
air changes per hour (ACH). The setting of the displacement 
ventilation room (Fig. 3(b)) was identical to that of the 
mixing ventilation room, except that the two air supply inlets 
(0.8 m × 1.2 m), which supplied air at a rate of 0.15 m/s 
(0.288 m3/s or 7.2 ACH), were on the sidewall. The inlet of 
the long-narrow space (Fig. 3(c), X × Y × Z = 15 m × 3 m × 
4 m) supplied air at a rate of 0.2 m/s (2.4 m3/s or 48 ACH). 
For simplicity, each model in Fig. 3 had no heat source,  
and the air supplied in each model was at a temperature of 
20 °C. In addition, the window and door in Figs. 3(a) and 
(b) were closed. It should be noted that the window and the 
door in Fig. 3 behaved as the wall in the calculation. 

To analyze the effects of source location and obstacles 
on source locating, we considered five potential source 

locations (SL1–SL5) (Fig. 3 and Table 1) and several obstacles 
(Fig. 3 and Table 2) in some scenarios. In each source release 
scenario, the tracer gas CO2 (1.977 kg/m3) was released 
from one potential location, and the size of the source was 
0.1 m × 0.1 m × 0.1 m. 

To analyze the effects of a time-varying release rate on 
source locating, we considered four release rate curves (S1–S4), 
which are uniformly formulated as (Montiel et al. 1998):  

2
0 1( ) (1 )kQ t Q k t= +                              (7) 

where Q(t) is the release rate at time t (mg/s); Q0 is the initial 
release rate (mg/s); k1 is a parameter that depends on the  

Table 1 Potential source locations 

Coordinates of source center (m) 

Source number X Y Z 

SL1 2.0 1.0 3.0 

SL2 2.0 2.0 3.0 

SL3 4.0 2.0 3.0 

SL4 4.0 1.0 3.0 

SL5 7.2 1.0 2.0  

 
Fig. 3 Indoor environment models with three typical ventilation systems: (a) mixing ventilation; (b) displacement ventilation; (c) piston
ventilation (1: inlet; 2: outlet; 3: window; 4: door; SL1–SL5: potential source locations; O1–O7: obstacles) 
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Table 2 Setup of obstacles 

Start point (m) End point (m) Obstacle 
number X Y Z X Y Z 

O1 0.0 0.0 0.0 0.5 1.8 1.0 

O2 7.5 0.0 0.0 8.0 1.8 1.0 

O3 4.5 0.0 0.1 6.0 0.7 1.9 

O4 1.5 0.0 0.1 3.0 0.7 1.9 

O5 1.5 0.0 5.0 6.0 1.2 6.0 

O6 1.5 0.0 2.8 5.5 1.2 4.0 

O7 8.5 0.0 0.0 12.5 1.2 1.2 

 
release characteristics and surrounding environment (s−1); 
and k2 is a dimensionless parameter. 

The parameters in Eq. (7) for S1–S4 are listed in Table 3. 
As illustrated in Fig. 4, the release rate of S1 remains un-
changed, which represents a constant source, while the release 
rates of S2–S4 decay with time, which represent releases of 
tracer gas from a container with a limited volume. 

3.2 Assumptions and validation procedure 

According to the research purpose, the following assumptions 
were made: 

(1) The indoor airflow field is steady and not affected by 
the motion of robots. 

(2) Only one contaminant source exists in each release 
scenario, with no consideration of multiple contaminant 
sources releasing simultaneously or sequentially. 

(3) The measurement errors of sensors are neglected. 

Table 3 Parameters of the release rate curves 

Release rate curve Q0 (mg/s) k1 (10−4) k2 

S1 23 0.00 −7.51 

S2 35 1.03 −7.51 

S3 65 2.55 −7.51 

S4 98 4.58 −7.51 

 
Fig. 4 Release rate curves of S1–S4 

(4) The source localization is successful if the distance 
between the source location reported by the robots and the 
actual source location, namely, the localization error, is shorter 
than a preset threshold. According to the model geometry 
in this study, the threshold of the localization error was set 
to 0.3 m. 

The validation procedure is illustrated in Fig. 5. First, 
the airflow fields and concentration distributions in the 3D 
room models were obtained via CFD simulations. Second, 
with the data provided by the CFD, the processes of source 
localization were simulated on the MATLAB platform.   
It should be noted that the proposed source localization 
method does not require CFD simulations in real-world 
applications. Considering the sizes of the ventilation rooms 
in this study, the maximum speed of each robot and the 
side length of the cube Δl (Eq. (6)) were set to 0.4 m/s and 
0.4 m, respectively. In addition, the concentration threshold 
cmin for plume finding was set to 200 mg/kg according to the 
release rate of each potential source. 

3.3 Numerical method 

In this study, both the airflow fields and contaminant 
dispersion scenarios were simulated by considering the 
CFD using the Airpak software (version 2.0.6), which has 
been widely applied and validated in indoor airflow and 
contaminant dispersion studies (Xu 2003). The steady-state 
indoor airflow field of each model (Fig. 3) was first simulated. 
With the frozen airflow field, each contaminant dispersion 
scenario was further simulated for 500 s, with a time step  
of 0.5 s. 

An RNG k–ε model was used to simulate the indoor 
turbulent flow. This model has good accuracy, computing 
efficiency, and robustness (Zhang et al. 2007). Each case 
in this study was discretized using the Hexahedra element  

 
Fig. 5 Flow chart of validation procedure 
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mesh type, and the grids of the contaminant sources, inlets, 
and outlets were locally refined. Moreover, grid independence 
tests were conducted for these release scenarios (Appendix 
B in the ESM). A semi-implicit method for pressure-linked 
equations algorithm was used to solve the momentum 
equations on non-uniform staggered grids. A second-order 
upwind scheme and linear under-relaxation iteration were 
applied during the solution process to improve the accuracy 
and ensure convergence. To assure the accuracy and reliability 
of CFD simulations, the Airpak was validated through two 
test chambers in Appendix C in the ESM. 

4 Results and discussion 

4.1 Indoor airflow and contaminant dispersion 

Figure 6 shows the steady-state airflow fields created by 
three typical ventilation systems. In the mixing ventilation 
room, the supply air was injected through the two inlets to 
the floor, flowed along the floor and created several vortexes, 
and finally was exhausted by the outlet (Fig. 6(b)). In the 
displacement ventilation room, fresh air was supplied at  
a slow speed from the two inlets, moved to the opposite 

 
Fig. 6 Airflow pattern of each model: (a)–(b) the mixing ventilation room; (c)–(d) the displacement ventilation room; (e)–(f) the piston 
ventilation space 
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sidewall and climbed up the sidewall slowly, and finally  
was vented out through the outlet (Figs. 6(c) and (d)). The 
airflow velocity was very slow, and no obvious vortex was 
formed on the XY plane. In the piston ventilation space, the 
supply air was injected uniformly into the space through 
the left inlet and remained almost unchanged on the vertical 
plane until it moved to the outlet (Figs. 6(e) and (f)). No 
obvious vortex was generated in the space. 

Figure 7 shows the contaminant distributions in the 
three typical airflow fields at 90 s after the contaminant  
was released. In the mixing ventilation room, a small  
local extremum area of contaminant formed around the 
contaminant source, and an isolated local extremum area 
formed away from the source. In the displacement ventilation 
room with low airflow velocity, the contaminant dispersed 
slowly, and a large local extremum area of contaminant 
formed around the source. In the piston ventilation space 
with high airflow velocity, the contaminant dispersed 
relatively quickly, and a small local extremum area of 
contaminant formed around the source. Moreover, no 
isolated local extremum area appeared in both the displacement 

and piston ventilation environments, which may be favorable 
for source locating through the use of mobile robots. 

4.2 Source localization in mixing ventilation room 

To reveal the effects of the release rate profiles on source 
locating, we considered four release scenarios in the mixing 
ventilation room, namely, (SL1, S1), (SL1, S2), (SL1, S3), 
and (SL1, S4), in which SL1 represents the source location 
(Fig. 3, Table 1) and S1–S4 represent the release rate profiles 
(Table 3, Fig. 4). In the four scenarios, all the obstacles were 
removed to focus on revealing the effects of the release rate 
profiles. In each scenario, six robots (R1–R6) began moving 
from the same location (4.0 m, 2.9 m, 3.0 m) 90 s after the 
contaminant was released. The moving speeds of each 
robot in the vertical direction (Y axis) and on the horizontal 
plane (XZ plane) were 0.05 m/s and 0.15 m/s, respectively, 
and the horizontal projection angle between any two 
adjacent trajectories of robots was 60 degrees. 

In all four scenarios, the proposed method successfully 
located the source. Figure 8 shows the process of source  

 
Fig. 7 Contaminant distributions at 90 s after the contaminant was released in: (a)–(b) the mixing ventilation room; (c)–(d) the displacement
ventilation room; (e)–(f) the piston ventilation space 



Feng et al. / Building Simulation / Vol. 11, No. 3 

 

605

locating in scenario (SL1, S4). After the contaminant was 
released from SL1 for 90 s, all the robots started moving 
from the ceiling using the divergence search strategy. After 
moving for 9 s, robot R4 was the first to find the plume 
(Figs. 8(a) and (g)). Subsequently, the robots used the PSO 
algorithm to track the plume and got trapped in a local 
extremum area (Figs. 8(b) and (h)), which indicates that the 
robots were near a possible source. Then, they confirmed 
the possible source using the 3D source declaration algorithm 
(Figs. 8(c) and (i)). After confirming that the local extremum 
was not an actual source location, the robots initialized their 
fitness values and escaped from the local extremum area 

using the divergence search strategy (Figs. 8(d) and (j)). 
The robots repeated the above processes until they found 
the actual source (Figs. 8(d), (j), (e) and (k)). 

Figure 9 shows the trajectories of robots R1–R6 in case 
(SL1, S4). First, the robots moved in straight lines from the 
ceiling using the divergence search strategy to cover more 
space. After the plume was found by R4 (Fig. 9(b)), all the 
robots adjusted their moving speeds and directions using 
the PSO algorithm to track the plume and moved to a 
higher concentration area, and their trajectories became 
meandering. After escaping from four local extremum 
areas, the robots finally located the actual source. 

 
Fig. 8 The process of source locating in case (SL1, S4): (a)–(f) 3D plot; (g)–(l) projection on XZ plane (Y=1.0 m) 
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Due to the randomness of both the divergence search 
strategy and the PSO algorithm, we used statistical methods 
to investigate the effects of the time-varying release rate on 
source locating and conducted 25 independent experiments 
for each release scenario. Each independent experiment 
had the same setting, i.e., the same number, initial locations 
and maximum speeds of the robots; the statistical results 
are shown in Fig. 10. The steeper the release rate was (Fig. 4), 
the longer the average time and the larger the standard 
deviation were for source locating. These results indicate 
that a steeper release rate curve can make source locating 
more difficult; by contrast, a flatter release rate curve can 
make source locating easier. 

In addition to scenario (SL1, S4), we considered another 
three release scenarios in the mixing ventilation room, 
namely, (SL2, S4), (SL3, S4) and (SL4, S4), to investigate the 
applicability of the proposed method to locating sources  
at different locations. SL1–SL4 represent different source 
locations (Fig. 3, Table 1). In the three scenarios, all the 
obstacles were removed, and other settings, such as the 
number, initial locations and maximum speeds of robots, 
were identical to those of scenario (SL1, S4). We conducted 
25 independent experiments for each release scenario.   
In each independent experiment, the robots successfully  

 
Fig. 10 Statistical results of source localization time for scenarios 
with different release rate curves (25 independent experiments for 
each scenario) 

located the source. As shown in Fig. 11, the average 
localization time was very different for each scenario. The 
maximum average localization time (193.96 s), corresponding 
to scenario (SL2, S4), was over two-fold the minimum 
average localization time (59.80 s), corresponding to scenario 
(SL4, S4). However, SL2 and SL4 were not the source locations 
that were farthest and closest to the initial location of the 
robots, respectively. These results indicate that the difficulty 
of source locating or the localization time for robots in 3D 
environments has no obvious relationship with the distance 
between the source location and initial location of robots; 
this outcome is consistent with that for 2D environments 
reported in our previous study (Chen et al. 2017). 

To further investigate the effectiveness of the proposed 
method in the environments with obstacles, we designed  
a release scenario (SL1, S3, O) in the mixing ventilation 
room with five obstacles O1–O5 (Fig. 3 and Table 2). These 
obstacles could impede the movement of robots and 
change the airflow field and contaminant distribution. 
Except for the obstacles, all the settings of scenario (SL1, S3, 
O) were identical to those of scenario (SL1, S3). Figure 12 
compares the trajectories of robots R1 and R4 in scenarios 
(SL1, S3) and (SL1, S3, O). In Figs. 12(b) and (d), R1 and 
R4 swerved to avoid obstacles O1 and O5 during the plume  

 
Fig. 11 Statistical results of source localization time for scenarios 
with different source locations (25 independent experiments for 
each scenario) 

 
Fig. 9 Trajectories of the robots in case (SL1, S4): (a) trajectories of R1–R6; (b) trajectory of R4 
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traversal stage, respectively, and moved far away from the 
release source. 

To further reveal the effect of obstacles on source 
locating, we conducted 25 independent experiments for 
scenario (SL1, S3, O) and compared the statistical results 
with those of scenario (SL1, S3). The average localization 
time of scenario (SL1, S3, O) (150.9 s) was 19% longer than 
that of scenario (SL1, S3) (126.1 s), and the standard deviation 
of scenario (SL1, S3, O) (38.9 s) was over three-fold more 
than that of scenario (SL1, S3) (10.8 s). These results show 
that the obstacles hindered the robots from quickly locating 
the source and increased the difficulty of source locating in 
scenario (SL1, S3, O). However, we cannot conclude that 
the existence of obstacles will increase the localization time 
in any release scenario. In fact, our previous study showed 
that the localization time could be reduced by adding 
obstacles in a 2D mixing ventilation environment (Chen  

et al. 2017). Therefore, whether the obstacles are favorable 
or unfavorable to source locating is case-dependent. 

4.3 Source localization in displacement ventilation room 

The proposed method was further examined in a displace-
ment ventilation room (Fig. 3(b)). Figure 13 shows the 
trajectories of robots R1–R6 in release scenario (SL1, S4, D). 
After moving away from the initial location (4.0 m, 2.9 m, 
3.0 m) for only 5 s, the robots found the plume and then 
moved to the higher concentration area, and their trajectories 
became meandering. Subsequently, the robots became 
trapped in a local extremum area near the source (Fig. 13(a)) 
and finally located the actual source 79 s after departure. 
From this process of source locating, it can be seen that the 
robots quickly approached the source and became trapped 
in only one local extremum area around the source. These 

 
Fig. 12 Trajectories of R1 and R4 in different environments: (a)–(b) without obstacles, (c)–(d) with obstacles 

 
Fig. 13 Trajectories of the robots in scenario (SL1, S4, D): (a) trajectories of R1–R6; (b) trajectory of R6 
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results indicate that source locating in the displacement 
ventilation environment can be more efficient than that in 
the mixing ventilation environment. The main reason is pro-
bably that compared with mixing ventilation, displacement 
ventilation provides a more uniform airflow streamline up-
ward through the source, and only one large local extremum 
area around the source is generated (Fig. 7(b)). 

4.4 Source localization in piston ventilation space 

The proposed method was also tested in a piston ventilation 
space (Fig. 3(c)). The release scenario was denoted as (SL5, 
S4, P). According to the different initial locations of robots, 
we considered two source locating schemes in scenario 
(SL5, S4, P). In the first scheme, the initial location of 
robots was (2.0 m, 2.9 m, 2.0 m), which was on the side 
upwind from the source. In the second scheme, the robots 
started from (12.4 m, 2.9 m, 2.0 m), which was on the side 
downwind from the source. Except the initial locations, all 
the settings of the two schemes were identical. 

In the first scheme, the robots moved in straight lines 
for a relatively long time (74 s) to find the plume because of 
a lower concentration level in the area upwind from the 
source. Subsequently, the robots meandered toward the 
source and successfully located the source at 116 s after 
departure (Figs. 14(a) and (b)). In the second scheme, the  

 
Fig. 14 Trajectories of R1 and R4 in scenario (SL5, S4, P). The 
robots started from the sides (a)–(b) upwind and (c)–(d) downwind 
from the source 

robots found the plume near the source after 71 s of moving 
and then quickly moved toward the source, successfully 
locating it 97 s after departure (Figs. 14(c) and (d)). In both 
schemes, the robots did not get trapped in any local extremum 
area and rapidly located the source. The main reason is 
probably that compared with the mixing and displacement 
ventilations, the piston ventilation provided higher airflow 
velocity and a more uniform airflow streamline through the 
source, which accelerated the contaminant dispersion and 
avoided the formation of an isolated extremum area far away 
from the source (Fig. 7(c)). 

To further reveal the effects of the initial location of 
robots on source locating, we conducted 25 independent 
experiments for the two source locating schemes and 
compared their statistical results. The average localization 
time and standard deviation of the first scheme (128.7 s) 
were 28% longer and 84% larger, respectively, than those 
of the second scheme. These results indicate that an initial 
location of robots on the side downwind from the source 
may be more conducive to plume finding and source locating 
than that on the upwind side in the piston ventilation 
environment. 

4.5 Limitations and future study 

This study was conducted in steady-state airflow fields, 
which are representatives of most indoor environments 
with mechanical ventilation systems. In addition, we assumed 
that the airflow is not affected by the motion of robots. The 
reason is that the sizes of robots and sensors are much 
smaller compared with the size of the room, and robots 
move slowly on the floor or the ceiling, while sensors can 
be separated from the robots by using a scalable thin device. 
Therefore, it is acceptable to neglect the disturbance due to 
the motion of robots (Awadalla et al. 2013). Nevertheless, 
dynamic airflow fields still widely exist in real-world 
applications. First, unsteady airflow fields appear in natural 
ventilation environments, hybrid ventilation (a combination 
of mechanical and natural ventilation) environments, and 
mechanical ventilation environments, where the air supply 
rate or direction constantly changes. Second, moving people, 
vehicles, and equipment can also disturb the airflow field. 
In the future, we will extend the method to dynamic airflow 
environments. 

This study assumed that only one source releases 
contaminant in each scenario. This assumption was made 
to limit the scope of the research. In the future, we will further 
improve the method and extend its application to situations 
with multiple contaminant sources released simultaneously 
or sequentially. 

Considering the word limit, this study focused on testing 
the performance of the proposed method on locating the 
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time-varying sources with decaying release rates from the 
perspective of the environment by including a large number 
of cases with different combinations of space style, ventila-
tion mode, source release rate profile, source location, and 
obstacle layout, because these environmental factors can 
significantly affect the effectiveness of the method. In the 
future, we will further test the performance of the method 
on locating other types of time-varying sources, such as the 
increasing sources and the oscillating sources, and study 
how to optimize the method from the perspectives of both 
the sensor and robot and reveal the influence of the sensor 
threshold, the measurement error, and the number, speed 
and initial location of robots on the method. 

5 Conclusions 

This study proposed a PSO-based active olfactory method 
using multiple mobile robots to locate time-varying con-
taminant sources in 3D indoor environments. This method 
consists of four components: a plume finding algorithm 
using the divergence search strategy, a PSO-based plume 
traversal algorithm, a source declaration algorithm based on 
the mass flux divergence theorem, and an obstacle avoidance 
algorithm. The 3D source declaration algorithm can not only 
be used to confirm a source but also help robots escape 
from local extremum areas to improve the efficiency and 
accuracy of source locating. The applicability and reliability 
of the method were examined via numerical experiments 
involving two box-shaped rooms and a long-narrow space 
with three typical ventilation systems under various release 
scenarios. The case study results led to the following 
conclusions: 
(1) The proposed method can help robots successfully 

escape from local extremum areas of a contaminant and 
can enable the locating of time-varying contaminant 
sources in 3D environments for different combinations of 
space style, ventilation mode, source release rate profile, 
source location, and obstacle layout. 

(2) The effects of release rate, source location and obstacles 
on source locating in 3D mixing ventilation environ-
ments were consistent with those in 2D mixing ventilation 
environments. The steeper the release rate curve was, 
the longer the average time and the larger the standard 
deviation were for source locating. The effects of source 
location and obstacles on the source localization time 
are case-dependent. 

(3) In the displacement ventilation environment, the robots 
quickly approached the source and became trapped in 
a local extremum area close to the source only once. 
Thus, the process of source locating in a displacement 
ventilation environment was more efficient than that in 
a mixing ventilation environment. 

(4) In the piston ventilation environment, the robots success-
fully located the source and avoided getting trapped in 
a local extremum area, regardless whether their initial 
location was on the side upwind or downwind from the 
source. The robots that started from the side downwind 
from the source found the plume and located the source 
faster than those starting from the upwind side. 
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