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Abstract—Multi-Camera Networks (MCN) are becoming increasingly important in today’s society needs and daily-life
with application-oriented multiple tasks running in each camera
such as video surveillance, object tracking and localization
etc. The ultimate goal of MCN is to best satisfy such tasks’
preferences/expectations required by users, which has not been
well-addressed by previous works. This paper investigates such
challenge by formulating a novel weighted capacitated Popular Matching for multi-Task assignments (PMT) problem and
proposing efficient algorithms to solve the problem. Using the
popularity to represent the optimality of task-camera matching,
we can find a matching in which the allocation of the most tasks
to the corresponding cameras is closest to the tasks’ preferences.
With extensive simulations, we demonstrate that our approaches
can make matching to the satisfaction of all tasks efficiently as
compared to those baseline approaches.

I.

I NTRODUCTION

A Multi-Camera Network (MCN) is a combination of
embedded systems, wireless sensor networks (WSN) and video
transmission and processing. It is expected to gain a wide
proliferation in the near future in the sense that huge number
of (potential high-definition) wired/wireless cameras will be
installed worldwide by enterprises and home users for smart
business and smart home applications.
A camera network allows many compelling applications
such as object tracking, event detection or video surveillance [1]. In most practical camera systems, resources are
usually constrained, which may arise from network bandwidth,
I/O, memory and CPU capability [2]. Normally, a camera
needs to perform many tasks, where we refer to a task as
the operation request by users or applications for at least
one camera. Due to the restricted resources, the capacity of
how many tasks can be executed simultaneously for a camera
is limited. According to users priority and task nature, we
consider that different tasks are prioritized, e.g., the task of
routine patrolling may have the lowest priority, while tracking
tasks that are triggered by motion detection scheme may need
to be performed immediately. In addition to the priority, tasks
in MCN are also time-sensitive. Furthermore, these tasks have
different preferences on the set of acceptable cameras. The
preference lists can be determined by many ways, e.g., location
of cameras or cross correlation of motion amongst cameras
for some tracking applications [2]. A well coordination among
different tasks and cameras, considering all these issues above,
is crucial to the success of a MCN system.
Among all the acceptable cameras, a task should always
be assigned the best possible one to maximize the benefit of

the system. At the same time, there is a deadline for each
task, after which the task would be obsoleted. Such real-time
restrictions are particularly limited because of the enormous
computational demands and the resource limitations imposed
by MCN. Scheduling under resource constraints has been
previously studied in a variety of contexts [3], [4]. While
those previous works are related to the allocation problem
of cameras, none of them applies directly, due to the unique
aspects of real-time camera network setting. Cenedese et al. [5]
studied a similar problem of task assignment in multi-agent
multi-task systems, especially for smart camera networks for
surveillance. However, they only focus on the simple one-toone case where each camera can only perform one task, which
is not realistic for most practical MCN systems.
In this paper, we consider that popularity is important for
the preference matching. Popular matching [6] is a strong
definition of optimality trying to find a matching in which
most of tasks are assigned to cameras that are closest to their
preference. In terms of weighted tasks assignment, a popular
matching is normally defined as the assignment, in which,
the total weight of tasks which prefer such assignment is
larger than that of any other allocations. A popular allocation
should be preferred by most tasks, satisfying their preference
as much as possible while considering their weight. Therefore,
we focus on the resource constrained scheduling in the setting
for MCN, studying the popularity for multi-task assignment,
which, to the best of our knowledge, has not been studied for
MCN previously. Our goal is to design a principled extensible
strategy for the task assignment problem in MCN.
II.

M ULTI -TASK A SSIGNMENTS FOR MCN

In MCN, there are 𝑚 active cameras 𝒞 = {𝑐1 , 𝑐2 , . . . , 𝑐𝑚 }
distributed in the environment and connected to the network
through either Ethernet or WLAN. All cameras are attached
to a server which is responsible for the maintenance of the
network and schedule of tasks from users. For each camera
𝑐𝑖 , its hardware capability and network bandwidth resource
restrict the maximum number of tasks to be executed at the
same time, i.e., the capacity of the camera, denoted by 𝑠𝑖 .
A set of 𝑛 tasks that can be issued to the network is
𝒯 = {𝑡1 , 𝑡2 , . . . , 𝑡𝑛 }. We assume all these tasks are asynchronous, i.e., they do not communicate with each other. And
for simplicity, suppose each task only requests one camera.
The set 𝒯 will be changed with time, as new tasks can
arrive and existing tasks can complete or be dropped. Without
loss of generality, we characterize a task from the following
aspects: (a) Type: A priority is assigned to tasks of each type,

Task (Weight)
𝑡1 (0.25):
𝑡2 (0.5):
𝑡3 (0.75):
𝑡4 (0.6):
𝑡5 (0.4):
𝑡6 (0.3):

i.e., 𝑃 𝑟(𝑡𝑖 ) ∈ (0, 1] for task 𝑡𝑖 ; (b) Target: The target of a
task can be an area to be monitored; (c) Service Time: The
total time 𝑇𝑠𝑒𝑟𝑣𝑖𝑐𝑒 required to complete the execution of the
task; (d) Drop Time: The time 𝑇𝑑𝑟𝑜𝑝 after which the task
will be considered obsolete; (e) Weight: Considering both the
type of the task and the drop time, the weight of task 𝑡𝑖 is
𝑤(𝑡𝑖 ) = 𝑓 (𝑃 𝑟(𝑡𝑖 ), 𝑇𝑑𝑟𝑜𝑝 ) = 𝛼 × 𝑃 𝑟(𝑡𝑖 ) + (1 − 𝛼) × (𝑇𝑐𝑢𝑟𝑟 −
𝑇𝑜𝑐𝑐 )/(𝑇𝑑𝑟𝑜𝑝 − 𝑇𝑜𝑐𝑐 ), where 𝑇𝑐𝑢𝑟𝑟 is the current time and 𝑇𝑜𝑐𝑐
is time when 𝑡𝑖 occur.
The monitored environment of the MCN is partitioned into
𝑝 areas of interest, which are coincide with the field of views
(FOV) of at least one camera. Each camera covers one or more
areas. So it is possible to build a coverage matrix 𝑉 (𝑖, 𝑗) by
defining element 𝑣𝑖𝑗 to represent the distance of camera 𝑐𝑖 to
the monitor area 𝑝𝑗 .
In particular, according to the services to be provided by
MCN, we design the following set of task types: Routine
Patrolling (RP), Streaming Service (SS), Automatic Tracking
(AT) and User-indicated Task (UT). The RP tasks are the
basic service to be provided by all cameras. They are assigned
with the lowest priority, and infinite service time, because RP
tasks represent the default state of the surveillance system. For
task 𝑡𝑖 ∈ 𝒯 , a list 𝐿(𝑡𝑖 ) of all fulfilled cameras in 𝒞 can be
built. All cameras in 𝐿(𝑡𝑖 ) are ranked in descending order. We
suppose the set 𝒯 is fixed for a specific time point.
A matching 𝑀 = {(𝑡𝑖 , 𝑐𝑗 )∣𝑐𝑗 ∈ 𝐿(𝑡𝑖 ), 𝑡𝑖 ∈ 𝒯 , 𝑐𝑗 ∈ 𝒞} is
defined as a subset of pairs from 𝒯 ×𝒞. Denote 𝑀 (𝑡𝑖 ) to be the
camera that 𝑡𝑖 is assigned to execute, and 𝑀 (𝑐𝑗 ) to be the set
of tasks that are assigned to 𝑐𝑗 . For a list of 𝒯 and 𝒞, following
are some constraints need to be considered: 1) Acceptable
Pairs: The first constraint arise by the coverage matrix 𝑉
is that each pair in the assignment must be acceptable. Only
cameras from 𝐿(𝑡𝑖 ) can be assigned to execute 𝑡𝑖 . A pair of
task and camera (𝑡𝑖 , 𝑐𝑗 ) is called acceptable if 𝑐𝑗 ∈ 𝐿(𝑡𝑖 ).
2) Capacity Constraints: Each task should be assigned to at
most one camera, i.e., ∣𝑀 (𝑡𝑖 )∣ ≤ 1. For each camera, the
capacity size limits the maximum tasks that can be executed
simultaneously, i.e., ∣𝑀 (𝑐𝑗 )∣ ≤ 𝑠𝑗 . 3) Time Constraints: Tasks
in MCN are usually time-sensitive. A task will be considered
obsolete and be dropped in 𝑇𝑑𝑟𝑜𝑝 after it is issued to MCN.
In addition to the constraints above, we also focus on the
popularity of a matching: Let 𝑃 (𝑀1 , 𝑀2 ) denote the set of
tasks who prefer 𝑀1 to 𝑀2 according to their preference lists.
The satisfaction of 𝑀1 with respect to 𝑀2 is defined as:
∑
∑
𝑤(𝑡𝑖 ) −
𝑤(𝑡𝑖 ) (1)
𝑠𝑎𝑡(𝑀1 , 𝑀2 ) =
𝑡𝑖 ∈𝑃 (𝑀1 ,𝑀2 )

𝑡𝑖 ∈𝑃 (𝑀2 ,𝑀1 )

A higher satisfaction of 𝑀1 over 𝑀2 means that the assignment of 𝑀1 is more optimal than 𝑀2 from the viewpoint
of tasks. We say that 𝑀1 is more popular than 𝑀2 if
𝑠𝑎𝑡(𝑀1 , 𝑀2 ) > 0. Then the popular matching is defined as:
Definition 1. A matching 𝑀 is called a popular matching if
there is no other matching that is more popular than 𝑀 .
In the scenario of MCN with multi-tasks, we intend to find
an optimal allocation that satisfies all the constraints above, in
accordance with the preference and weights of tasks.
Definition 2. The weighted capacitated Popular Matching
for multi-Task Assignment (PMT) problem in MCN: For an

Preference List
𝑐2 , 𝑐3
𝑐4 , 𝑐1 , 𝑐3
𝑐3 , 𝑐2
𝑐1 , 𝑐4
𝑐1 , 𝑐4
𝑐3 , 𝑐2

Camera (Capacity)
𝑐1 (2)
𝑐2 (1)
𝑐3 (2)
𝑐4 (1)

Fig. 1: An instance of PMT problem
Instance I, the PMT problem is to find a popular matching 𝑀
with maximum cardinality:
max ∣𝑀 ∣
𝑠.𝑡. ∣𝑀 (𝑐𝑖 )∣ ≤ 𝑠𝑖
∣𝑀 (𝑡𝑗 )∣ ≤ 1

(2)

where 𝑖 = 1, 2, . . . , 𝑛, and 𝑗 = 1, 2, . . . , 𝑚.
For exposition purposes, we create a unique virtual last
resort camera 𝑙(𝑡𝑖 ) for each 𝑡𝑖 ∈ 𝒯 and append 𝑙(𝑡𝑖 ) to
𝑡𝑖 ’s preference list 𝐿(𝑡𝑖 ) as the last element. The last resort
𝑙(𝑡𝑖 ) is unique for every task, which assures that all tasks can
be matched. If 𝑡𝑖 is matched to 𝑙(𝑡𝑖 ) in 𝑀 , it means 𝑡𝑖 is
unassigned to any cameras. So the PMT problem is equal to
finding a task-complete popular matching reducing the number
of matched 𝑙(𝑡𝑖 ) for all 𝑡𝑖 ∈ 𝒯 . Figure 1 gives an example of
PMT problem.
III.

A LGORITHMS FOR M ATCHING TASKS AND C AMERAS

A. Overview
Consider PMT basic operations in a MCN system, for
convenient of tasks management, two lists are defined: Waiting
Task List (WTL) and Running Task List (RTL). Therefore, the
whole task pool 𝒯 is equal to 𝑊 𝑇 𝐿 ∪ 𝑅𝑇 𝐿. As we have
explained before, the length of the task pool is dynamic as
new tasks can occur and old ones can complete or be dropped.
When a new task 𝑡𝑖 arrives, it is initially added to WTL, and
then it is either moved to RTL if a camera is assigned to
execute 𝑡𝑖 or it is dropped off if it becomes obsolete after
𝑇𝑑𝑟𝑜𝑝 (𝑡𝑖 ). Specially, suppose a RP task is the default task for
each camera, it will never be dropped and will only transit
between WTL and RTL after it is issued for a camera.
To avoiding situations in which a task is temporarily paused
and moved from RTL to WTL, or it is frequently switching
among different cameras before the end of the execution, we
first set a threshold 𝑇𝑡ℎ . When updating the task set 𝒯 for
a new matching, a task is not allowed to be moved out of
RTL when 𝑇𝑑𝑟𝑜𝑝 − 𝑇𝑐𝑢𝑟𝑟 ≤ 𝑇𝑡ℎ , where 𝑇𝑐𝑢𝑟𝑟 is the current
time. In the meantime, when a new task 𝑡𝑖 is issued to
the network, only tasks with equal or lower priority in RTL
are used for re-computation of the popular matching, i.e.,
𝑃 𝑟(𝑡𝑗 ) < 𝑃 𝑟(𝑡𝑖 ), ∀𝑡𝑗 ∈ 𝑅𝑇 𝐿.
B. Popular PMT Matching
To solve the PMT problem, we revise to use the WCHA
(Weighted Capacitated House Allocation) algorithm [7] to find
a maximum popular matching, where tasks play the role of
agents and cameras as houses in WCHA problem.

𝒯 is partitioned into sets 𝑊1 , 𝑊2 , . . . , 𝑊𝑁𝑤 , such that
tasks in 𝑊𝑖 have the same weight 𝑤𝑖 and 𝑤1 > 𝑤2 > . . . >
𝑤𝑁𝑤 > 0, where 𝑁𝑤 is the number of these sets. For each
task 𝑡𝑖 , introduce the notion of 𝑡𝑖 ’s f-camera and s-camera
denoted by 𝑓 (𝑡) and 𝑠(𝑡) respectively. Let 𝑓𝑖,𝑗 be the number
of tasks in 𝑊𝑖 whose f-camera is defined and equal to 𝑐𝑗 .
Given 1 ≤ 𝑧 ≤ 𝑁𝑤 , for every task 𝑡𝑖 ∈ 𝑊𝑧∑
, let 𝑓 (𝑡) be the
𝑧−1
most preferred camera 𝑐𝑗 on 𝐿(𝑡𝑖 ) such that 𝑥=1 𝑓𝑥,𝑗 < 𝑠𝑗 .
Specially, for 𝑡𝑖 ∈ 𝑊1 , 𝑓 (𝑡𝑖 ) is the first-ranked camera on
𝐿(𝑡𝑖 ).
For each 𝑐𝑗 ∈ 𝐶, let 𝑓 (𝑐𝑗 ) = {𝑡∣𝑓 (𝑡) = 𝑐𝑗 , 𝑡 ∈ 𝒯 } and
∪ 𝑁𝑤
𝑓𝑗 = ∣𝑓 (𝑐𝑗 )∣, i.e., 𝑓 (𝑐𝑗 ) = 𝑥=1
𝑓𝑝 (𝑐𝑗 ). We call 𝑐𝑗 an fcamera if 𝑓𝑗 > 0. For each f-camera, a maximum weight level
𝑑𝑗 is defined as follows:
{
𝑚𝑎𝑥{𝑧 : 0 ≤ 𝑧 ≤ 𝑁𝑤 ∧ 𝑓∑
𝑓𝑗 ≤ 𝑠 𝑗
𝑧,𝑗 > 0},
𝑑𝑗 =
𝑧
𝑚𝑎𝑥{𝑧 : 0 ≤ 𝑧 ≤ 𝑁𝑤 ∧ 𝑥=1 𝑓𝑥,𝑗 < 𝑠𝑗 }, 𝑓𝑗 > 𝑠𝑗
(3)
𝑑𝑗 represents the maximum weight level of tasks that 𝑐𝑗 can
accept. Given 1 ≤ 𝑧 ≤ 𝑁𝑤 , for every task 𝑡𝑖 ∈ 𝑊𝑧 , let 𝑠(𝑡) be
the most preferred camera 𝑐𝑗 on 𝐿(𝑡𝑖 ) such that 𝑐𝑗 ∕= 𝑓 (𝑡𝑖 ) and
∑
𝑧
𝑥=1 𝑓𝑥,𝑗 < 𝑠𝑗 . It is possible that 𝑠(𝑡𝑖 ) = ∅ if 𝑓 (𝑡𝑖 ) = 𝑙(𝑡𝑖 ).
According to WCHA [7], we can get the necessary conditions for a matching to be popular in an instance of PMT,
i.e., every task 𝑡 is matched to either 𝑓 (𝑡) or 𝑠(𝑡) in a
popular matching. The PMT-Popular-MAX algorithm to find a
maximum weighted popular matching is given in Algorithm 1.
In the PMT-Popular-MAX algorithm, we consider a graph
𝐺′ containing all 𝒯 ∪ 𝒞 and two edges for each 𝑡 ∈ 𝒯 , i.e.,
(𝑡, 𝑓 (𝑡)) and (𝑡, 𝑠(𝑡)). It follows that all popular matchings
must be contained in 𝐺′ according to the necessary conditions
for a popular matching. Next, we will apply the PruneWCHA() [7] function to remove certain edges in 𝐺′ that can
not be part of any popular matching. In line 13, we refer to the
Gabow’s algorithm [8] to compute the maximum matching 𝑀 ′
in 𝐺′′ . The PMT-Popular-MAX algorithm can find a maximum
√
popular matching∑
or determine that none exists in 𝑂( 𝑆𝑛+𝑙)
𝑚
time, where
∑𝑛𝑆 = 𝑗=1 𝑠𝑗 is the total capacities of all cameras
and 𝑙 = 𝑖=1 ∣𝐿(𝑡𝑖 )∣ ≤ 𝑛𝑚 is the total preference list length
of all tasks. The detailed operations and proofs of correctness
of the PMT-Popular-MAX are similar to [7].
C. Analysis
A popular matching need not always exist, though Abraham et al. [6] presented empirical evidence that these cases
are rare when preference lists are independent. In case that
the PMT-Popular-MAX algorithm does not admit any popular
matching, we intend to compute a weighted rank-maximal
matching [9] for the PMT problem, which matches the maximum weight of tasks to their first preferred cameras in 𝐿(⋅),
and subject to this, the maximum weight to their second
preferred cameras, and
√ so on. The time to compute such a
matching is 𝑂(𝑚𝑖𝑛(𝛾 𝑛 + 𝑚, 𝑛+𝑚)𝑙), where 𝛾 = 𝑁𝑟 ×𝑁𝑤 ,
𝑁𝑟 is the maximum rank and 𝑙 = ∣ℰ∣ is the total number of
all edges, i.e., the length of all tasks’ preference lists [9], [10].
Considering the overall complexity, if the PMT-Popular√
MAX finds a popular matching, it will be returned in 𝑂( 𝑆𝑛+
𝑙) time. Otherwise, PMT-Popular-MAX will be at least terminated at line 14 to indicate that no popular matching exists.

Algorithm 1 PMT-Popular-MAX
Input: 𝒯 , 𝒞
Output: A popular matching 𝑀
1: 𝑀 = ∅
2: Compute 𝑓 (𝑡𝑖 ) and 𝑠(𝑡𝑖 ) for each task 𝑡𝑖 ∈ 𝑇
3: 𝐺′ = (𝒯 ∪ 𝒞, 𝐸 = {(𝑡𝑖 , 𝑓 (𝑡𝑖 )), (𝑡𝑖 , 𝑠(𝑡𝑖 ))∣∀𝑡𝑖 ∈ 𝑇 })
4: 𝐺′′ =Prune-WCHA(𝐺′ )
5: 𝐴1 = {𝑡∣𝑠(𝑡) = 𝑙(𝑡), 𝑡 ∈ 𝒯 }
6: 𝐴2 = 𝒯 ∖ 𝐴1
∪𝑑𝑗
7: 𝐴′ = {𝑡∣𝑡 ∈ 𝑥=1 𝑓𝑥 (𝑐𝑗 ), 𝑐𝑗 ∈ 𝒞}
8: 𝑀0 = ∅
9: for each 𝑡𝑖 ∈ 𝐴′ do
10:
𝑀0 = 𝑀0 ∪ {(𝑡𝑖 , 𝑓 (𝑡𝑖 ))}
11: end for
12: Remove all isolated and full cameras, including incident
edges, from 𝐺′′
13: Compute a maximum matching 𝑀 ′ in 𝐺′′ involves only
𝐴2 ∖ 𝐴′
14: if 𝑀 ′ is task-complete in 𝐺′′ then
15:
Remove all edges incident to last resort
16:
Augment 𝑀 ′ for 𝐴 ∖ 𝐴′ tasks
17:
𝑀 = 𝑀0 ∪ 𝑀 ′
18:
Assign all 𝑡 ∈ 𝐴 ∖ 𝐴′ that 𝑀 (𝑡) = ∅ to 𝑙(𝑡)
19:
repeat
20:
if some 𝑡𝑖 ∈ 𝐴 ∖ 𝐴′ that 𝑓 (𝑡𝑖 ) ∕= 𝑀 (𝑡𝑖 ) and
∣𝑀 (𝑓 (𝑡𝑖 ))∣ < 𝑠𝑗 then
21:
Promote 𝑡𝑖 from 𝑀 (𝑡𝑖 ) to 𝑓 (𝑡𝑖 ) in 𝑀 ;
22:
end if
23:
until nothing changes
24: end if
25: Output matching 𝑀
The Prune-WCHA() cost 𝑂(𝑙) time, computing a maximum
′′
matching on
√ the reduced graph 𝐺 in line 13 cost at most
𝑂((𝑛+𝑚) 𝑙) time. Then, in case that a popular matching does
not exist, PMT needs 𝑂((𝑚 + 𝑛)𝑙) time to output a weighted
rank-maximal matching.
IV.

E VALUATIONS

A. Simulation Settings
We consider a scenario which is divided into many subareas
to be monitored. Each area is covered by at least two cameras.
The capacity of each camera is varied between 2∼4. The
coverage matrix 𝑉 , which is used to compute each task’s preference list, is generated randomly. We consider four different
basic task types: RP, SS, AT and UT, which are explained in
Section II. The value of priority assigned each task type are:
𝑃 𝑟(𝑅𝑃 ) = 0.25, 𝑃 𝑟(𝑆𝑆) = 0.5, 𝑃 𝑟(𝐴𝑇 ) = 0.75, 𝑃 𝑟(𝑈 𝑇 ) =
1, i.e., RP tasks have the lowest priority while UT task have
the highest priority. In the initial state of each simulation, we
assign each area a routine patrolling task RP, which is very
normal for video surveillance applications in MCN. Those RP
tasks have infinite service time. The factor of Average Load
(AvgLoad) is used to represent how many tasks in {SS, AT,
UT} occurs in each second of simulation. The targets of those
tasks are randomly distributed among all areas. The service
time and drop time of each task are random generated. For
convenience, we consider dropTime = 𝑇𝑑𝑟𝑜𝑝 −𝑇𝑜𝑐𝑐𝑢𝑟 −𝑇𝑠𝑒𝑟𝑣𝑖𝑐𝑒
to be varied among {5s, 10s, 15s}.
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Fig. 2: Performance comparision
The following two baseline approaches from [5] are introduced and revised to compare with PMT: 1) Greedy Assignment: In the greedy approach, each camera 𝑐𝑗 ∈ 𝒞 will
periodically scan the WTL for the best acceptable task 𝑡′ in
terms of weight. If 𝑡′ has higher weight than those which are
currently executed by 𝑐𝑗 , 𝑐𝑗 will start executing 𝑡′ , dropping
the worst tasks to the WTL. Otherwise, 𝑐𝑗 keeps executing
its current tasks. 2) Nearly Brute-force: Its underlying idea
is that: when a new task 𝑡𝑖 occurs (other than RP task), the
first acceptable camera that can accept 𝑡𝑖 (either free or it is
executing a lower weighted task) is assigned to execute 𝑡𝑖 . If
multiple cameras are free, just choose the most preferred one in
𝐿(𝑡𝑖 ). This approach assures maximum continuity in matching
tasks and cameras, however, it does not give any guarantees
on the quality of assignment.
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