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Abstract: Smart cities have hundreds of thousands of devices for tracking data on crime, the environment,
and traffic (such as data collected at crossroads and on streets). This results in higher energy usage, as they
are recording information persistently and simultaneously. Moreover, a single object tracking device,
on a corner at an intersection for example has a limited scope of view, so more object tracking devices
are added to broaden the view. As an increasing number of object tracking devices are constructed on
streets, their efficient energy consumption becomes a significant issue. This work is concerned with
decreasing the energy required to power these systems, and proposes energy-efficient clusters (EECs) of
object tracking systems to achieve energy savings. First, we analyze a current object tracking system to
establish an equivalent model. Second, we arrange the object tracking system in a cluster structure, which
facilitates the evaluation of energy costs. Third, the energy consumption is assessed as either dynamic
or static, which is a more accurate system for determining energy consumption. Fourth, we analyze all
possible scenarios of the object’s location and the resulting energy consumption, and derive a number of
formulas for the fast computation of energy consumption. Finally, the simulation results are reported.
These results show the proposed EEC is an effective way to save energy, compared with the energy
consumption benchmarks of current technology.
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1. Introduction

In Taiwan, cameras are very common at crossroads, streets, corners, and underpasses for the purposes
of monitoring potential criminal activity, gathering data on the environment, and collecting information
regarding traffic. Figure 1 shows an example of an intersection with a set of cameras in Taitung City.
Four cameras are deployed at the eastern intersection, which is marked in red, while another four are set
up in the west. These devices gradually may be upgraded to object tracking systems, in order to track car
accidents, potentially record information from terrorist attacks, and help city security. For the foreseeable
future, an increasing number of object tracking devices will continually be implemented and deployed to
surveil traffic, and work towards the prevention of damage within the city.

In recent years, advanced integrated circuit technology has led to the manufacturing of powerful
multicores and multiprocessors for consumer electronics. Performance and response time of the
technology involved has improved, in comparison to previous technologies, such as a single
controller or processor. Moreover, concurrent software runs on parallel architecture, which leads
to high-throughput for diverse services. Multiprocessors, with integrated power, and concurrently run
software have allowed the technology within traditional cameras to evolve, allowing for the invention
of auto-follow cameras and object tracking systems. For example, in the commercial field, the company
Movensee [1] has marketed auto-follow cameras to sports, rehearsals, and vloggers. Another company,
Rayoptic [2], develops smart multiple-target tracking cameras for intrusion alarms, line-crossing
alarms, and tracking suspicious activity. In the academic field, on the other hand, researchers have
applied object tracking technology to develop intelligent surveillance systems [3] for elderly care,
and smart home systems [4] for baby care.
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Figure 1. Cameras at an intersection.

Once an object tracking device has been set up, it can record information continuously.
Therefore, it is anticipated that a great amount of energy will be consumed due to the persistent
recording of data. Moreover, the number of object tracking devices is increasing substantially, due to
the growing attention to issues related to security and environmental data collection. As new object
tracking devices are implemented, even more energy will be consumed.

2. Object Tracking Networks

Current surveillance technology uses a large number of cameras, in order to increase the
monitoring system’s range for tracking traffic information or city security. Even on a small street
corner, there are generally four or more cameras in place to avoid losing target objects. Each camera is
responsible for a specific angle, and is functioning continuously.

Active cameras with wide angles take better panorama photos than general traditional cameras.
This has increased the ability to capture images at angles. To display and resize images, these cameras
often have powerful digital signal image processors. However, a camera cannot meet the demand
of object tracking applications with only a wide angle and image processing, as it lacks technologies
such as: Object tracking motion detection algorithms [5–7], the Markov Chain research model [8–12],
optical flow technology [13–15], background model approach [16,17], and kernel-based method [18–21].
These systems also use a large amount of energy. To solve this problem Pooranian et al. [22] proposed an
optimization model to schedule controlled and uncontrolled tasks, distributed energy resources (DER),
as well as mixed integer linear programming (MILP). In fog computing research, Baccarelli et al. [23]
presented a novel paradigm named “fog of everything” (FoE) for energy-efficient network computing
architectures and research. Simulation results showed that the delay and energy were improved by
FoE. Naranjo et al. [24] presented a fog computing architecture network (FOCAN) to enhance services
with low and efficient energy usage in devices. Once these solutions are developed, integration of
wide-range, high-resolution technologies into active cameras will allow the object tracking systems to
work more intelligently.

In addition to intelligence, a desirable feature for object tracking system is efficient energy
consumption. In a current surveillance system, a set of cameras are recording data continuously and
simultaneously. Energy saving is hard to achieve, because too many cameras work simultaneously.
Moreover, it is obvious that a small street corner equipped with four cameras or more creates a huge
amount of data. Data recorded by each camera are highly similar, if not duplications of one another,
which not only raises the cost for extracting images, but also significantly decreased energy utilization.
However, consuming this much energy is not necessary if required images can be captured by only one
camera. Therefore, a suitable camera arrangement would allow events to be captured by fewer cameras.
The amount of energy consumption is gradually decreasing as a result of a reduction in the number of
camera working simultaneously. Using Figure 1 as an example, the cameras on the right (in red) should
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be arranged appropriately in order to alternately record data, rather than simultaneously record. At the
same time, cameras on the left (in blue) could sequentially capture images, instead of continuously
recording data. Similarly, the other cameras in this figure could work in the same way.

A surveillance system set at a street corner to form a clustered architecture in Taitung City is
shown in Figure 1. Similar streets with such surveillance systems (four clusters located on each corner)
are ubiquitous in Taitung City, even though the citizens of the city are dedicated to improving energy
consumption. In fact, a similar surveillance system is also deployed in many cities. Based on the
scenario in Figure 1, we defined an equivalent model, shown in Figure 2 and named object tracking
networks (OTNs), consisting of A, B, C, and D clusters located on the corner of a crossroad. Each cluster
A–D consists of a number of object tracking devices, all of which consume energy continuously to
tracking objects. From the perspective of energy utilization, this is absolutely inefficient as each
device consumes energy simultaneously. Consequently, we propose an energy-efficient cluster for
object tracking networks to achieve energy savings. In this study, we focused on the issue of energy
consumption for an OTN cluster, making the following assumptions: (i) The object tracking device has
an active mode (or working mode), and a standby mode, which consume dynamic and static energy,
respectively; (ii) dynamic and static energy consumption of object tracking devices can be measured;
(iii) each device has a wide angle for tracking objects; (iv) any object tracking device can be delegated
to conduct surveillance during specific periods; and (v) energy consumption is ignored among devices
during the swap between modes.

Figure 2. Equivalent model of object tracking networks (OTNs) with the target object approaching
from the south.

In an intersection, the target object may be located in the east, west, south, and north.
Different locations of target objects will activate the appropriate object tracking device in the cluster.
For example, if the target object approaches from the south it may go straight, turn right, or turn
left. No matter where the object goes, it can be tracked by the OTN, which has been set at the corner.
For instance, if the object goes straight, it is monitored via the object tracking devices in cluster C,
and the other object tracking devices in clusters A, B, and D are set to standby mode as they are not
needed for surveillance. If the object turns right, it activates the object tracking devices in cluster D,
and the object tracking devices in clusters A, B, and C are set to standby mode. If the object turns left,
it activates the object tracking devices in cluster B, and the other object tracking devices in clusters A,
C, and D are set to standby mode.
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Generally, standby mode consumes less energy than when the device is active because the
former consumes static energy, and the latter uses dynamic energy. Such research was discussed
in References [25–27]. In the aforementioned scenarios, the object tracking devices in cluster A are
always in standby mode. Therefore, its energy consumption will be less than clusters B, C, and D.
Conversely, the other three clusters, which are active, respectively, depending on the direction of the target
object, consume dynamic energy. We define Ed and Es as the dynamic and static energy use as follows:

Ed = Pd × Td, (1)

Es = Ps × Ts, (2)

where Pd and Ps are dynamic and static power, and Td and Ts are dynamic and static execution time.
First, we analyze one object approaching from the south in Figure 2. There are three possible

paths: Turning left and then proceeding west, in which case dynamic energy is consumed in cluster B
while the object completes the left turn while clusters A, C, and D consume static energy; proceeding
straight, causing dynamic energy consumption in cluster C, but static energy consumption in clusters
A, B, and D; or the object could turn right, leading to dynamic energy consumption in cluster D,
but static energy is used in cluster A–C. Table 1 summaries the energy consumption patterns for the
various clusters for the three paths.

Table 1. Energy consumption of object tracking clusters for an object approaching from the south.

Cluster
Energy Consumption

Turn Left Go Straight Turn Right

A Static Static Static
B Dynamic Static Static
C Static Dynamic Static
D Static Static Dynamic

Clusters consuming dynamic and static energy in Figure 2 are summarized in Table 1. It is helpful
to further evaluate energy consumption of object tracking devices. According to Section 2, a cluster
consists of a set of object tracking devices. The number of object tracking devices is either fixed or
variant. Four object tracking devices for each cluster are named X0, X1, X2, and X3, in accordance
with Figure 1. Then, the energy consumption of each object tracking device is evaluated for the target
object going straight in Table 2 by applying Equations (1) and (2), and the data in Table 1. As a result,
the object tracking devices, C0–C3, in cluster C are active, which consumes dynamic energy rather
than static energy. Devices in clusters A, B, and D are triggered to enter standby mode, where they
consume static energy as opposed to dynamic energy.

According to Table 2, the dynamic energy consumption of cluster C is defined as follows:

∑i Edi , (3)

where i is the number of object tracking devices. On the other hand, the static energy consumption of
clusters A, B, and D is defined in the following:

∑k ∑j 6=i Esj , (4)

where j is the number of object tracking devices and j 6= i, and k is the number of clusters. The sum of
energy consumption of the OTN is defined as follows:

∑i Edi + ∑k ∑j 6=i Esj , (5)
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Table 2. Cluster C energy consumption for a target object that goes straight.

Cluster Object Tracking Devices
Energy Consumption

Dynamic Static

A A0 0 Ps,A0 × Ts,A0

A1 0 Ps,A1 × Ts,A1

A2 0 Ps,A2 × Ts,A2

A3 0 Ps,A3 × Ts,A3

B B0 0 Ps,B0 × Ts,B0

B1 0 Ps,B1 × Ts,B1

B2 0 Ps,B2 × Ts,B2

B3 0 Ps,B3 × Ts,B3

C C0 Pd,C0 × Td,C0 0
C1 Pd,C1 × Td,C1 0
C2 Pd,C2 × Td,C2 0
C3 Pd,C3 × Td,C3 0

D D0 0 Ps,D0 × Ts,D0

D1 0 Ps,D1 × Ts,D1

D2 0 Ps,D2 × Ts,D2

D3 0 Ps,D3 × Ts,D3

A second case is demonstrated in Figure 3, in which the target object approaches from the west.
If it goes straight, cluster D will consume dynamic energy and the other clusters will consume static
energy. Another path is to proceed south, meaning cluster A consumes dynamic and the other clusters
use static energy. If the objects turns left, cluster C will consume dynamic energy, and the other clusters
to consume static energy. These clusters and their patterns of energy consumption are listed in Table 3.
A third case is the object approaching from the north, as exhibited in Figure 4. The resulting energy
consumption is reported in Table 4. Finally, the target object starting from the east is depicted in
Figure 5. The energy consumption resulting from this case is presented in Table 5.

Figure 3. Equivalent model of object tracking networks with the object approaching from the west.
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Table 3. Energy consumption of object tracking clusters with the object approaching from the west.

Cluster
Energy Consumption

Turn Left Go Straight Turn Right

A Static Static Dynamic
B Static Static Static
C Dynamic Static Static
D Static Dynamic Static

Figure 4. Equivalent model of object tracking networks with the object approaching from the north.

Table 4. Energy consumption of object tracking clusters with the object approaching from the north.

Cluster
Energy Consumption

Turn Left Go Straight Turn Right

A Static Dynamic Static
B Static Static Dynamic
C Static Static Static
D Dynamic Static Static

Figure 5. Equivalent model of object tracking networks with the object approaching from the east.
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Table 5. Energy consumption of object tracking clusters with the object approaching from the east.

Cluster
Energy Consumption

Turn Left Go Straight Turn Right

A Dynamic Static Static
B Static Dynamic Static
C Static Static Dynamic
D Static Static Static

After analyzing all possible cases, the energy consumption of the object tracking network is
defined in the following:

∑n(∑i Edi + ∑k ∑j 6=i Esj) (6)

where n is the number of OTNs.

3. Simulation

Figure 6 shows a scenario for the object tracking network. There are five object tracking networks,
which are located in the northwest, northeast, middle, southwest, and southeast. Each OTN consists of
four clusters, and each cluster has four object tracking devices. The number of object tracking devices is
primarily based on the intersection at the Taitung county police bureau in Figure 1. The specifications
of energy consumption for each object tracking device is according to the AHD 4MP surveillance
cameras from Kingnet Technology Company (Taipei, Taiwan) [28]. The voltage is direct-current voltage
12 V and the current is between 100 mA and 350 mA.

Table 6 displays the randomly generated Ed and Es for OTN 1, 3, and 4. They are generated based
on the following rules: (i) The value of the power generated is between 1.2 and 4.2 W, in accordance
with AHD 4MP surveillance camera specifications [28]; (ii) the dynamic energy consumption is higher
than the static energy consumption; and (iii) the execution time is set as one unit to easily calculate the
proportion of energy consumption.

The target being tracked approaches from the north and travels along the red dotted line in
Figure 6. It sequentially passes by OTN 1, 3, then 4. Therefore, clusters A, B, C, and D in OTN 1 will
be activated when the tracked target arrives in their surveillance area. According to the direction of
the target, cluster B is activated first at time 0 (t0), and all cluster B object tracking devices, B0–B3,
consume dynamic energy. Clusters A, C, and D in OTN 1, and all clusters in OTN 2–5, are in standby
mode—resulting in static energy consumption. Second, the target arrives in cluster A’s area, where
the set of object tracking devices are named A0, A1, A2, and A3. The four devices execute the object
tracking job, resulting in dynamic energy consumption. Conversely, clusters B–T consume static energy.
Both dynamic and static energy consumption are recorded at time 1 (t1). Third, the target object leaves
the OTN 1 area and goes to the OTN 3 region. Time 2 is designated t2. Dynamic energy consumption
occurs in cluster L. Consequently, the object tracking devices, L0, L1, L2, and L3 consume dynamic
energy. In contrast, the rest of the clusters consume static energy. Fourth, the object turns right from
cluster L. The scope of surveillance is in cluster I, whose set of object tracking devices are designated
I0, I1, I2, and I3, which are, enabled to track the target, resulting in their dynamic energy consumption
at time 3 (i.e., t3). All clusters, excluding cluster I, consume static energy. Finally, the target turns right
and then arrives at the intersection of OTN 4. Cluster N enters into service at time 4, also named t4.
Dynamic energy consumption occurs in object tracking devices N0, N1, N2, and N3, while the other
clusters consume static energy.
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Figure 6. Clusters of energy consumption for object tracking networks.

Table 6. Parameters and values of energy consumption for OTN 1, 3, and 4.

Energy Consumption

Cluster Ed Es Cluster Ed Es Cluster Ed Es

A0 3.36 0.61 I0 3.81 0.53 M0 2.82 0.61
A1 3.36 0.50 I1 3.97 0.77 M1 2.88 0.37
A2 1.11 0.93 I2 3.59 0.19 M2 3.96 0.32
A3 3.64 0.63 I3 3.90 0.41 M3 1.34 0.94
B0 3.56 0.38 J0 1.81 0.28 N0 2.62 0.77
B1 2.73 0.67 J1 1.53 0.41 N1 3.24 0.49
B2 1.88 0.14 J2 2.37 0.26 N2 2.61 0.95
B3 3.90 0.88 J3 1.85 0.23 N3 3.66 0.05
C0 1.40 0.48 K0 2.11 0.78 O0 3.26 0.18
C1 3.18 0.26 K1 2.48 0.79 O1 2.69 0.02
C2 3.18 0.40 K2 2.44 0.59 O2 3.57 0.60
C3 1.42 0.87 K3 2.78 0.31 O3 2.62 0.65
D0 4.00 0.79 L0 2.85 0.36 P0 1.87 0.43
D1 3.12 0.59 L1 3.29 0.80 P1 2.97 0.65
D2 2.52 0.35 L2 1.86 0.25 P2 3.62 0.07
D3 1.80 0.55 L3 2.63 0.41 P3 3.53 0.11
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Table 7 shows the simulation results with four cameras for the scenario in Figure 6. We compared
current technology and the proposed approach. Firstly, with current technology, clusters (A–T) would
work continuously and simultaneously, resulting in the dynamic energy consumption shown in column 2.
Conversely, the proposed approach only consumes dynamic energy, Ed, in cluster B. Therefore, the Ed in
cluster B is the sum of B0, B1, B2, and B3, whose data are shown in Table 6. The other clusters work on
standby mode; therefore, their Ed value is 0. The Ed values for all clusters of the proposed method are
reported in column 3. All clusters, excluding cluster B, consume static energy Es. Therefore, the Es of cluster
B is 0, and that of the other clusters is the sum of Es for each respective object tracking device. The values
of Es for all clusters are recorded in column 4. Secondly, the target object arrives in another surveillance
area at t1. To reflect current technology, where clusters are continuously and simultaneously monitored,
the energy consumption is calculated by Ed, shown in column 5. On the other hand, the proposed approach
recognizes the working cluster as cluster A. Consequently, object tracking devices A0, A1, A2, and A3

in cluster A consume dynamic energy and the other clusters consume static energy. Both Ed and Es are
presented in columns 6 and 7. Next, the target object passes sequentially through the areas for which
clusters L, I, and N are responsible. Their dynamic and static energy consumption is shown in columns 9,
10, 12, 13, 15, and 16, respectively. Figures 7 and 8 show the simulation results for energy consumption
with three and two cameras, in comparison with current technology.

In order to present the effectiveness of the energy-efficient cluster (EEC) approach, we computed
an improvement ratio, comparing the EEC approach to current technology. At t0, the EEC approach
consumes 50.09 J of total energy and the current technology consumes 218.36 J. This is an improvement
ratio of 77.06%. At t1, the energy consumption for the EEC approach and current technology is,
respectively, 48.89 J and 218.36 J. The improvement ratio is 77.61%. The other surveillance areas for the
target object achieve, respectively, improvement ratios of 77.61%, 75.52%, and 77.12% at T2–T4.

Table 7. Comparison of energy consumption of four cameras between the current method and the
energy-efficient cluster (EEC) approach.

Energy Consumption

Time t0 t1 t2 t3 t4

Clusters Cur. Our Cur. Our Cur. Our Cur. Our Cur. Our

Ed Ed Es Ed Ed Es Ed Ed Es Ed Ed Es Ed Ed Es
A 11.47 0 2.67 11.47 11.47 0 11.47 0 2.67 11.47 0 2.67 11.47 0 2.67
B 12.07 12.07 0 12.07 0 2.07 12.07 0 2.07 12.07 0 2.07 12.07 0 2.07
C 9.18 0 2.01 9.18 0 2.01 9.18 0 2.01 9.18 0 2.01 9.18 0 2.01
D 11.44 0 2.28 11.44 0 2.28 11.44 0 2.28 11.44 0 2.28 11.44 0 2.28
E 11.28 0 2.07 11.28 0 2.07 11.28 0 2.07 11.28 0 2.07 11.28 0 2.07
F 12.23 0 1.86 12.23 0 1.86 12.23 0 1.86 12.23 0 1.86 12.23 0 1.86
G 11.65 0 2.28 11.65 0 2.28 11.65 0 2.28 11.65 0 2.28 11.65 0 2.28
H 9.16 0 2.53 9.16 0 2.53 9.16 0 2.53 9.16 0 2.53 9.16 0 2.53
I 15.27 0 1.90 15.27 0 1.90 15.27 0 1.90 15.27 15.27 0 15.27 0 1.90
J 7.56 0 1.18 7.56 0 1.18 7.56 0 1.18 7.56 0 1.18 7.56 0 1.18
K 9.81 0 2.47 9.81 0 2.47 9.81 0 2.47 9.81 0 2.47 9.81 0 2.47
L 10.63 0 1.82 10.63 0 1.82 10.63 10.63 0 10.63 0 1.82 10.63 0 1.82
M 11.00 0 2.24 11.00 0 2.24 11.00 0 2.24 11.00 0 2.24 11.00 0 2.24
N 12.13 0 2.26 12.13 0 2.26 12.13 0 2.26 12.13 0 2.26 12.13 12.13 0
O 12.14 0 1.45 12.14 0 1.45 12.14 0 1.45 12.14 0 1.45 12.14 0 1.45
P 11.99 0 1.26 11.99 0 1.26 11.99 0 1.26 11.99 0 1.26 11.99 0 1.26
Q 10.42 0 2.75 10.42 0 2.75 10.42 0 2.75 10.42 0 2.75 10.42 0 2.75
R 13.43 0 1.48 13.43 0 1.48 13.43 0 1.48 13.43 0 1.48 13.43 0 1.48
S 7.94 0 1.33 7.94 0 1.33 7.94 0 1.33 7.94 0 1.33 7.94 0 1.33
T 7.56 0 2.18 7.56 0 2.18 7.56 0 2.18 7.56 0 2.18 7.56 0 2.18

Sum 218.36 12.07 38.02 218.36 11.47 37.42 218.36 10.63 38.27 218.36 15.27 38.19 218.36 12.13 37.83

Ed Ed + Es Ed Ed + Es Ed Ed + Es Ed Ed + Es Ed Ed + Es

Total 218.36 50.09 218.36 48.89 218.36 48.9 218.36 53.46 218.36 49.96

Ip. Ratio 77.06% 77.61% 77.61% 75.52% 77.12%
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Figure 7. Comparison of the energy consumption of three cameras, one set using the current method,
and one set using the EEC approach.

Figure 8. Comparison of the energy consumption of two cameras, one set using the current method,
and one set using the EEC approach.

4. Conclusions and Future Work

Object tracking systems used to collect traffic data have evolved to meet the demands of the
present-day smart city, which relies on data monitoring for traffic, security, and crime applications.
Widespread construction of object tracking systems results in high energy costs. This work focuses on
object tracking networks to propose EEC that achieve energy savings. First, we analyzed the architecture
of object tracking systems. After that, we presented an equivalent model of an object tracking system.
Next, we defined a cluster structure that consists of a number of object tracking devices for improving
the system’s viewing coverage. For the accurate assessment of energy costs, we accounted for dynamic
and static energy consumption during active and standby modes, respectively. Then, we derived several
formulas that facilitate a straightforward evaluation of energy costs. Finally, simulation results were
reported, which show that the proposed approach effectively saved energy compared to the given
simulation benchmarks.

Object tracking systems are continually studied in academic and commercial fields, with the goal
of providing fast services and more accurate results. Moreover, there is a trend toward embedding new
technology, such as fog computing or 5G mobile function, into object tracking systems to enable fog
services. These services consume more energy in comparison with current technology. As a result, efficient
energy consumption for object tracking systems will continue to be a significant issue in the future.
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