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Abstract—Emergency management systems are CyberPhysical-Human Systems (CPHS) that use sensing, together with
communications and control, to guide humans and physical
systems such as vehicles, towards safe desirable outcomes in
the shortest possible time. When human health and safety,
and lives also, are at stake, it is important to take decisions
in real-time with the best possible use of resources, including
the critical resource of emergency personnel. Such distributed
decision problems are so complex that the resulting optimisation
and allocation problems can only be handled in a fast and timely
manner using efficient heuristics. Thus in this paper we apply
a recent resource allocation algorithm based on the Random
Neural Network (RNN) to allocate rescuers to those evacuees
whose health level has deteriorated beyond a certain level in the
course of an evacuation. The approach is evaluated by simulating
the evacuation of a three story building using the Distributed
Building Evacuation Simulator (DBES) developed at Imperial
College. The simulations show that the outcome of the evacuation
can be significantly improved in this manner, in particular for
larger numbers of evacuees.
Index Terms—Cyber-physical systems, emergency management, random neural network, real-time decisions.

I. I NTRODUCTION
Cyber-Physical-Human Systems (CPHS) can use wireless
technologies [1], sensing, and distributed decision-making and
control [2], [3], [4] with ubiquitous computing to improve the
outcomes for emergency management situations [5], [6] where
situational assessment and location of victims are needed to
guide the complex tasks of search and rescue [7], [8], [9].
Then, rescuers with appropriate assets can be dispatched in a
manner which maximises the chances of saving the survivors,
removing the injured, and evacuating everyone in a timely
manner.
The core algorithmic problem in this area is the assignment of resources and rescuers to victims and emergency
situations and areas, which is a very complex instance of
the Assignment Problem [10], [11]. Similar problems arise
in distributed computation [12] when a set of processors and
other computational resources such as memory and inputoutput units must be assigned to a set of large programs. Both
in emergency management and in distributed computation, the
key information that is needed for an optimal assignment
actually varies with time, and hence the optimum solution
will also vary with time. As a consequence, the optimisation

problem must be repeatedly solved, or handled as a dynamic
control problem. This leads to major issues of computational
complexity [13]. The routing of evacuees towards exits, and
of rescuers towards evacuees and then towards exits also
has many elements similar to network routing problems [14]
which are often better addressed with “sensible” heuristics
[15] rather than with optimal solutions. Capacity constrained
routing approaches in this area, similar to the ones in vehicular
traffic or telecommunications have also been considered [16],
[17].
In an emergency, the behaviour of the evacuees cannot be
known in advance because congestion and panic will also
significantly shape human behaviour. Similarly, the emergency
itself, for instance a fire, will move dynamically [18] and
modify the conditions throughout time. In a distributed computation, many factors can only be known at run time so that
(as in an emergency) the optimal allocation of resources must
change over time.
This challenging and realistic problem is NP-hard when
posed as a non-linear optimisation problem, and its computational difficulty is exacerbated by the fact that the allocation
of resources and rescuers must be computed, or at least reevaluated again, each time that conditions change, which is
possible but impractical. Since resources which have been
already committed would have to be reallocated, the algorithm
may have to be run several times. Because of these challenges,
many authors have considered the use of collaborative multiagent systems as a way to construct dynamic heuristic solutions to this problem [19], [20], [21], [22].
In [23] a resource allocation method was developed assuming that once the situational assessment is done, the
information is shared with all the assets or rescuers that
are used to rescue the evacuees. This information is input
into all of the copies of the identically trained RNN, which
provides a unique set of instructions to all of the rescuers;
these instructions can also cover other types of resources that
rescuers may need. All of the rescuers then consult the same
“oracle” based on a Random Neural Network (RNN) [24],
[25], and follow its instructions. The RNN is previously trained
using many real or simulated emergencies in the same physical
context, so as to offer a near-optimal solution to a large number
of emergencies which are similar to the many real situations

Notation
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Definition
Firing rate for neuron i
Internal state of neuron i at time t
Excitatory spike from the outside world to neuron i
Inhibitory spike from the outside world to neuron i
Probability of excitatory spike from neuron i to neuron j
Probability of inhibitory spike from neuron i to neuron j
Probability of departure spike from neuron i to the
outside world
Probability of neuron i synchronous interaction together
with neuron j to affect third neuron m

that may be encountered. The resource allocations provided by
the trained RNN are non-conflicting, so that an asset is never
allocated to two different emergency sites. Thus all of rescuers
will use their copy of the trained RNN to know which evacuees
they should attend to, based on a situational assessment that
is broadcast to all the assets [26], [27].
In this paper we will evaluate this approach for the evacuation of a specific building. The idea we pursue is to
allocate rescuers to evacuees if the victims’ health conditions
deteriorate beyond a certain level. The approach is evaluated
via simulations using the Distributed Building Evacuation
Simulator (DBES) [28], which is a convenient agent based
simulation tool which incorporate a building’s lay-out and the
initial locations of evacuees and rescuers, and which can also
simulate the spread of hazards such as fires or noxious gases.
In the rest of this paper, Section II reviews related work,
while Section III discusses the RNN based algorithm. The
simulations are discussed in Section IV, and conclusions are
drawn in Section V.

The Random Neural Network [24] has been suggested
for learning in many engineering problems, such as image
processing and video compression [48], route discovery in
networks [49] and optimisation at low computational cost
[50]. In [23] the RNN is used to solve a NP-hard distributed
resource allocation problem approximately in real-time.

II. R ELATED W ORK

III. RNN BASED A LGORITHM FOR R ESOURCE
A LLOCATION

Situational assessment [29] is the first stage of rescue,
and requires smart sensing and decision making [9]. The
rescuers may run into danger in hazardous sites, and may
need to interact with each other. Such uncertainties can lead to
inefficiency in resource allocations, while the overall urgency
of such situations requires fast computational and human
decisions. Research on emergency evacuation [30] must also
consider that victims can be obstructed by hazards. Thus
resources to be dispatched must provide services in a very
efficient manner [31], [32], [33], [34].
There has been very substantial work on the use of wireless
communications and sensor networks to alleaviate the hazards
related to emergency evacuation [35], [36]. Related issues
of navigation with the help of sensor networks [37], [38],
[39] have also received substantial attention. Various studies
have detailed how these techniques can be used during and
emergency or fire [40], [41] and specific issues such as rendezvous planning with wireless sensor networks have also been
considered [42].
Many studies have focused on the specific techniques that
can be used during an emergency, rather than on the . of the
techniques within a specific set of relevant emergencies. Thus
tools such as the distributed building evacuation simulator [28]
can reduce the simulation time required for large-scale systems
and facilitate the modelling of the simulated agents. Analytical
models [43], [44] based on graph and queueing theory have
also been used to design and evaluate evacuation schemes.
The use of smart techniques to direct the evacuees [45] using
adaptive routing algorithms can also alleviate the computational cost and hence algorithmic delay when conditions in the
evacuation vary rapidly. In emergencies, the communications
infrastructure itself may also be attacked [46] so that backup communications such as opportunistic networks can be of
critical importance [47].

Q(i, j, m)

TABLE I
L IST OF THE RNN TRAINING MODEL SYMBOLS [23]

Decision-making of the assignment of rescuers to victims
must be fast since a longer exposure to hazards will reduce the
survival rates of evacuees [51]. Thus we discuss a RNN based
fast heuristic to provide near-optimal advice in real-time. The
RNN model is first summarised, and we then describe a task
assignment algorithm based on the RNN with synchronised
interactions [23] to allocate a set of tasks to a limited set
of resources quickly and accurately. The notation used for
the RNN is shown in Table I, and the known classical result
(Theorem 1) [24] is summarised below.
Theorem 1. Let λ− (i) and λ+ (i), i = 1, ..., N be given by
the following system of (s
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where
qi = λ+ (i)/(ri + λ− (i))

(3)

If a unique nonnegative solution {λ− (i), λ+ (i)} exists for the
nonlinear system of (s 1 to 3, such that qi < 1 ∀i then
π(k) =

N
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The network will have a solution if qi < 1 and for the
inter-neuron interaction paramaters p+ (i, j), p− (i, j), d(i),
and Q(i, j, m) of Table I, we have :
"
#
N
N
X
X
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−
d(i) = 1 −
p (i, j) + p (i, j) +
Q(i, j, m) (5)
j=1
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We use “weights” to represent the rates at which the neurons
interact [23], and they are defined as a simple product of
the firing rate of a neuron and its corresponding probability
probability of interaction with another neuron:
w+ (i, j) = ri p+ (i, j)
−

−

Notation
K(v)
q(r, v)
C(r, v)
Λ(r, v)
λ(r, v)

(6)
w+ (r, v; r0 , v 0 )

w (i, j) = ri p (i, j)

(7)

w− (r, v; r0 , v 0 )

w(i, j, l) = ri Q(i, j, l)

(8)

r(r, v)
Q(r, v)

Combine (s 5 to 8, we can rewrite ( 5:
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The denominator of qi in (3) can be rewritten with (1), (7),
and (8) to get:
#
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w(j, i, m) (10)
D(i) = ri + λ(i) +
qj w (j, i) +

Definition
Penalty for not rescuing victim v
Probability rescuer r is unable to rescue victim v
Cost for saving victim v by rescuer r
External arrival rate of excitatory signals to
neuron (r, v)
External arrival rate of inhibitory signals to
neuron (r, v)
Rate of excitatory signals to neuron (r, v) from
firing neuron (r’, v’)
Rate of inhibitory signals to neuron (r, v) from
firing neuron (r’, v’)
Firing rate of neuron (r, v)
Probability neuron (r, v) is excited

TABLE II
L IST OF THE RNN PARAMETER ASSOCIATED APPROACH SYMBOLS [26]

|R|, respectively. Using C(r, v), K(v), q(r, v), and p(r, v),
the objective function that we minimize is then:
XX
M inimize C =
C(r, v)p(r, v)
v∈V r∈R

m=1

j=1

+

v∈V

similarly combining with (2), (6), and (8) we have:
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Subject to :

K(v)

Y

q(r, v)p(r,v) (13)

r∈R

(1) p(r, v) ∈ {0, 1}, r ∈ R, v ∈ V,
X
(2)
p(r, v) = π(r) ∈ {0, 1}, r ∈ R,
v∈V

and
qi =

N (i)
.
D(i)

(12)

A. Assigning rescuers using the RNN based algorithm
Consider a group of rescuers R waiting at the building
exits and some victims V being trapped in the hazardous
areas, and assume that the initial locations of both rescuers
and injured civilians are known. The approach in [26] adopts
an abstract representation which does not explicitly consider
the spatial organisation of the area where the emergency is
being managed, whereas here we will evaluate the proposed
algorithm directly in the context of a three floor building and
its specific layout as rooms, corridors, staircases, exits and so
on.
In this approach the RNN parameters can be defined as
a cost C(r, v) associated with each possible assignment of
rescuer r to victim v, a fail execution probability q(r, v)
representing that rescuer r is unable to rescue victim v while
the fact that the rescuer has been assigned to the victim,
and a penalty K(v) for not executing rescue for victim v.
In this case, any assignment will have an expected cost and
the objective of the algorithm is to minimize the overall
expense by selecting the optimal assignments in order to
increase the number of injured civilians collected and reduce
the total rescue time. The decision of allocating rescuer r
to victim v is represented by the probability p(r, v), so that
p(r, v) = 1 if rescuer r is allocated to victim v, and p(r, v) = 0
otherwise. The number of victims and rescuers are |V | and

where the first term of (13) is the average cost used by
the rescuers, and the second term represents the cumulative
average cost of failing to rescue the victims. The addition of
these two terms indicates that the minimisation of ( 13 is to
find a optimal balance between the successful execution costs
and the fail rescue penalties. The first constraint assumes that
p(r, v) = 1 if rescuer r is allocated to victim v and p(r, v) = 0
if not. Since p(r, v) is either 0 or 1, ensures that (a) rescuer
r will not be assigned a task if the assignments related to
rescuer r increase the overall cost, and (b) a rescuer cannot
be re-assigned some other victims if the rescuer already has
been assigned a task.
The solution of (13) may be found by enumeration of
all possible allocations, but this would be computationally
impractical. and the RNN algorithm provides a quick and
accurate solution where each possible assignment (r, v) is
represented by a neuron N (r, v). The list of symbols used
for the approach is summarised in Table II. The excitatory
and inhibitory signals’ arrival rates of each neuron N (r, v)
are specified according to [26],
Λ(r, v) = max{0, b(r, v)}
λ(r, v) = max{0, −b(r, v)}
w− (r, v; r0 , v) = max{0, b(r, v)}, if r 6= r0
w− (r, v; r, v 0 ) = max{0, b(r, v)}, if v 6= v 0
+
w (r, v; r, v 0 ) = w− (r, v; r0 , v 0 ) = 0 for all other r, r0 , v, v 0
where b(r, v) = K(v)(1 − q(r, v)) − C(r, v)
For the sake of simplicity, we assume that the synchronous
interaction between two neurons cannot affect some third

neuron, i.e. w(i, j, m) = 0. Hence, we rewrite (9) as:
X
r(r, v) =
w− (r, v; r0 , v 0 ),

(14)

r 0 ,v 0

and (12) is then rewritten as:
Q(r, v)

=

Λ(r, v)/[λ(r, v) +

X

Q(r0 , v)w− (r0 , v; r, v)

r 0 6=r

+

X

Q(r, v 0 )w− (r, v 0 ; r, v) + r(r, v)]

(15)

v 0 6=v

When some evacuees are trapped in hazardous areas, the rescuers’ locations are determined by sensors and communicated
to the decision centre by a network. Next, (15) is solved
[26] iteratively until convergence to obtain an efficient rescuer
dispatch scheme.
Note that the RNN based algorithm represents each rescuervictim pair as a neuron, so that neuron i associates the rescuer
r is allocated with the victim v. The objective function takes
into account the cost of allocating rescuer r to victim v, the
probability that rescuer r is unable to save victim v, and the
penalty for not rescuing v. As a result the algorithm will select
a given rescuer-victim pair if the allocation reduces the cost
function.
IV. S IMULATION OF THE R ESCUER A SSIGNMENT
A LGORITHM
In this section, we begin by presenting the assumptions
we make for the simulations, and describe the simulation
model, and finally the simulation results are presented. We
assume that the health level of evacuees and rescuers decreases
gradually if exposed to the hazardous areas, and the evacuees
are immobilised if their remaining health is less than a threshold, and need to be evacuated rescuers. In real emergency
situations, the rescuers wear protective clothes, and the health
level of rescuers decreasesmore slowly than that of civilians.
We assume that the maximum capacity of each of them is
two, so that each rescuer is allocated one trapped civilian each
but allows for the possibility that one more trapped evacuee is
assigned if it is on the rescuer’s way towards the exits. Finally,
rescuers are assumed to be usable only once.
The simulation model is established based on the Distributed Building Evacuation Simulator [28], where all simulated entities including evacuees as well as rescuers are modelled as agents and these entities are able to communicate with
each other. We assume that this is a fire-related emergency
evacuation and the area to evacuate is a building based on the
three lower floors of Imperial College London’s EEE building
[45]. A graph representation of this building is showed in
Figure 1.
The evacuees try to move to any of the two exits along
a safe path to avoid injury. But in case of danger they send
a message that includes their identity and location, and an
indication of their health status to ask help from the rescuers.
On the other hand, the objective of the rescuers is to reach
the potential victims who are in dangerous areas and move
or carry them to safe sites and exits. tWhen the evacuees

Fig. 1. Simplified interior space plan of the building model that is used in
the simulations [45]. The two exits on the ground floor are marked by two
stars.

need help, the RNN based algorithm determines the rescuer
to victim assignments that sends a set of rescuers to the
evacuees that have requested for help. To move towards the
evacuees the rescuers use Dijkstra’s shortest path algorithm
since are assumed to be able to protect themselves from
hazards such as fire. The rescuers move the injured evacuees
using the Dijkstra’s algorithm where the hazard intensity and
the physical distance together are being minimised [52].
The effectiveness of the proposed RNN based task assignment algorithm was evaluated in terms of two performance
metrics:
•

•

(1) The percentage of evacuees who are saved by the
rescuers based with respect to the total number of injured
civilians, as a function of the total number of evacuees
in the system;
(2) The number of victims saved by the rescuers with the
size of the set of rescuers and the set of victims that have
requested help.

The results of our experiments are obtained by comparing two
different scenarios, without, and with the RNN based task
assignment algorithm. Different numbers of rescuers and of
victims are considered.
Each simulation result is obtained by executing 10 simulation runs. For each simulation run, the locations of the injured
civilians are randomised around the hazards in the building.
The purpose of the simulations is to check if the RNN based
algorithm can avoid wasting resources. Thus, to keep things
as simple as possible, the cost of each assignment C(r, v)
and the probability that a rescue fails q(r, v) are taken to be
independent of the victim v [26] and are generated randomly.
K(v), C(r), and q(r) are generated from a uniform distribution in the interval [0, 50], [0, 10], and [0.05, 0.15] respectively,
and Q(r, v) is initialised to zero for all assignments. All RNN
parameters are updated 20 times for each allocation to reach
convergence of the RNN state, and the assignment with the
highest probability Q(r, v)is selected for the decision. The
results are summarised in Figure 2 and Table III.
In Figure 2, it is clear that when the RNN algorithm is not
used the percentage of rescued civilians can decrease with the
increase of the number of evacuees in the building, and this is
due to the fact that it takes a relatively long time to evacuate

100
without algorithm
with RNN algorithm

90
80

Rescued Civilian (%)

70

ber of rescuers cannot significantly improve the performance
on the number of rescued evacuees without the task assignment
algorithm and more rescuers may reduce the number of
rescued evacuees, which agrees with the results obtained from
Figure 2. Furthermore, the RNN based algorithm can provide
a near-optimal performance, where

60

If |V | < overall maximum capacity of rescuers

50

approx

number of rescued evacuees −→ |V |

40

else

30

number of rescued evacuees

20

approx

−→ overall maximum capacity of rescuers

10
0

end.
3res 5res 7res
30 Evacuees

3res 5res 7res

3res 5res 7res

60 Evacuees

90 Evacuees

Fig. 2. The percentage of people who require rescuing and make it out safely
from the building as a function of the number of evacuees.
No. of rescuers
|R|
3
5
7
3
5
7
3
5
7

No. of victims
|V |
4
4
4
8
8
8
16
16
16

Without
algorithm
3.00
3.43
4.00
4.71
6.00
5.89
4.88
7.40
6.67

With the
RNN algorithm
3.80
4.00
4.00
5.75
7.50
8.00
6.00
9.75
13.25

TABLE III
N UMBER OF EVACUEES SAVED BY THE RESCUERS

people in high population density environments because of
congestion, which also increases the time of exposure of
evacuees to hazards and reduces the number of survivors.
Surprisingly, ithout the task assignment algorithm, the system
with 7 rescuers has a lower percentage of rescued civilians
compared with the system with 5 rescuers for each case (30,
60, and 90 evacuees). This is even more obvious with high
population densities (60 and 90 evacuees). The reason is that
when there are people who need help, the rescuers enter the
building and move towards the areas of greatest concern, so
that some increase in congestion can occur [34]. Thus, in such
circumstances both the rescuers and the evacuees may spend
more time in unsafe parts of the building.
On the other hand, without the task assignment algorithm
(1) different rescuers may be allocated to the same victim, (2)
different victims may be assigned to the same rescuer. With
the RNN based algorithm, the percentage of rescued civilians
tends to increase with the number of rescuers in the system as
shown in Figure 2, and as would expected. Although having
more rescuers can also increase congestion, the RNN based
algorithm does save more people and performs relatively better
with higher numbers of people.
In Table III, given a set of victims, the increase of the num-

V. F UTURE W ORK
We have evaluated a rescuer assignment algorithm to efficiently dispatch rescuers to aid victims in an emergency. The
simulations indicate that near-optimum rescuer allocation can
significantly improve the outcome. In future work, the task
assignment algorithm can be re-designed when the identity
of the rescuers and the identity and nature of the potential
victims is known and is part of the costs, leading to a
“multiclass” formulation [24] of the approach. When there are
fewer rescuers than injured civilians, rescuers could be used
to find victims [53], then cluster them [54] according to their
locations, and rescuers may then evacuate several at the same
time. To reduce congestion and queuing of both rescuers and
victims [55], [56], smart routing schemes [45] may be used
to offer faster evacuation and avoid the congestion that occurs
along the safest or shortest paths that all the evacuees may try
to use simultaneously.
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