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Multi-Stage Control Strategy of IoT-Enabled
Unmanned Vehicle Detection Systems

Hongyan Dui ™, Huanqi Zhang, Xinghui Dong™, Shaomin Wu™, and Yu Wang

Abstract— As the environment deteriorates, natural disasters
occur more frequently and become more devastating to human
beings and the environment. After a disaster, to quickly and
optimally restore the damaged things, including physical systems
(e.g., transport networks) and the environment, needs decision
makers to own sufficient data/information. Unmanned vehicle
detection systems (UVDS) are undoubtedly feasible tools in
collecting such data in a harsh environment. The most important
challenges in UVDS management are on modeling the UVDS data
layer and multi-stage recovery strategies, which have received
little research. To address such problems, this paper proposes
a multi-stage control strategy for UVDS based on Internet of
Things (IoT). The optimal decision is decided by utilizing four
indicators: performance recovery efficiency, normal detection
probability, operation cost, and economic benefit cost, respec-
tively. The simulation results show that the proposed strategy
improves the performance recovery efficiency by 12.1% and the
normal detection probability by 3.9 %, the operation cost declines
by 58.4%, and the economic benefit cost by 75.9% compared with
the general control strategy.

Index Terms— Unmanned vehicle, control strategy, perfor-
mance, Internet of Things, operational cost.

I. INTRODUCTION

N RECENT years, there has been an increasing number

of natural disasters, which have caused an increasing death
toll. For example, more than 250 earthquakes of magnitude
M4.0 and above between 2021 and 2024, and 18 earthquakes
of magnitude 5.0 and above occurred in 2023 alone occurred
on the mainland. In the post-disaster rescue work, traditional
manual detection strategies are slow and often fail to ensure
rescue workers’ safety. This leads to the possibility of missing
the best rescue time and increasing the rescue burden. In harsh
environment, unmanned vehicle detection systems (UVDS)
can detect the designated area and collect data about the
environments, which can accurately search the location of the
people waiting to be rescued. The application of unmanned
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vehicles (UVs) greatly reduces the risk of rescue and increases
the speed and success of rescue.

The development of Internet of Things (IoT) [1] technology
has made unmanned devices more advantageous for data col-
lection and regional environmental detection. Collecting data
in harsh environments with the help of unmanned equipment
is an efficient method. For example, Driagulinescu et al. [2]
developed a remote wide area network-based data collection
framework, which can realize the auxiliary data collection
of UVs in harsh environments. Vasudevan and Baskaran [3]
developed an improved embedded system that allows UVs
to better monitor water quality. Cai et al [4] proposed
a lightweight water obstacle detection network architecture
using IoT technology to ensure unmanned aerial vehicle
(UAV) detection reliability in the ocean. Ke and Chen [5]
used a particle swarm optimization algorithm to optimize an
unmanned equipment detection system, so that the system can
detect underwater targets efficiently and accurately. Yuan et al.
[6] utilized unmanned equipment technology to detect and
explore the marine environment. Li et al. [7] investigated
UAVs for data collection in intelligent transportation systems
and proposed a framework for controlling the flight speed of
UAVs to improve the fairness of data collection. Bera et al.
[8] proposed a scheme to optimize the trade-off between the
number of IoT devices covered and the flight time of the UAV
to better collect data for the cloth IoT devices.

However, UVDS may fail to perform detection missions,
which greatly affects the speed and efficiency of rescue.
Therefore, the challenge that properly commanding the UVDS
to carry out the fault recovery under the condition of a
certain cost is an intriguing research question. In addition,
in the actual detection, the impact of the disaster shock on
the signal transmission in the region is different because the
level of the disaster shock is different at different locations.
Thus, it is necessary to analyze the information propagation
loss of UVDS. Conventional UVDS models seldom consider
the information propagation process in the data layer, which
motivates the research of the current paper.

A. Related Work

The operation of UVDS depends on the development of
IoT. With the development of IoT technology, the intelligent
technology of unmanned equipment has been well established.
For example, Dui et al. [9] used advanced IoT technology to
improve the intelligence level of the intelligent transportation
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system and provide an optimal control strategy for UVs.
Yang et al. [10] constructed a UAV-assisted IoT resource allo-
cation and control model by utilizing the IoT communication
technology. Wu et al. [11] described how detection missions
for underwater targets are realized by combining UAVs, UVs
and the IoT. Fu et al. [12] investigated UAV-assisted IoT.
A distributed user clustering algorithm was proposed to cluster
IoT devices into multiple distributed user clusters.

The performance of a system is an important metric for
evaluating the system. The performance can always reflect the
state of the system, and several evaluation indicators can be
evolved by analyzing the performance [13], [14] of the system,
such as performance efficiency [15], [16], robustness [17],
reliability [18], [19], and so on.

Performance recovery efficiency, as an important indicator
of system, has received extensive attention from systems
researchers for its unique properties. In the study of sys-
tem performance efficiency. Dui et al. [20] proposed a new
resilience model for systems facing competing risks to enhance
the performance recovery efficiency of the system. Li et al.
[21] optimized an urban rail transit system by considering
the traffic congestion level over time to improve the overall
performance efficiency of the system. Haghshenas et al. [22]
proposed a cost-based optimization model after a dust storm.
It improves the performance efficiency of the distribution
system through maintenance crew routing and outage man-
agement. Chen et al. [23] explored the resilience of urban
rail transit networks to enhance the performance recovery
efficiency of the network with a fast method to restore
connectivity of disrupted links. Li et al. [24] developed a
fine-grained supply chain network model with product families
and proposed a performance efficiency optimization strategy
for the system based on the model.

To boost the normal detection probability of the sys-
tem, Liu et al. [25] proposed a software belief reliability
growth model based on uncertain differential equations,
which improves the normal detection probability of software.
Okyere et al. [26] investigated the ability of large-scale multi-
input multi-output physical layer network coding to withstand
jamming attacks in 6 GHz and millimeter-wave vehicular
network systems, which greatly enhances the probability of
proper network operation. Wang et al. [27] proposed a joint
virtual network partitioning and hybrid backup scheme. This
scheme can enhance the probability of working properly for
virtualized network slicing.

Dui et al. [28] proposed a construction method of a dynamic
maintenance strategy, which optimizes the cost for the process
of producing data for the system. Levitin et al. [29] proposed
an algorithm for evaluating the expected cost of a mission to
obtain a mission allocation strategy that minimizes the cost
of the mission. Dui et al. [30] proposed an IoT-based ground
settlement-based risk warning and maintenance strategy opti-
mization method. Wang et al. [31] developed a co-optimization
model for the life cycle cost of BEB systems, which reduced
the life cycle cost of overnight and opportunity fee systems by
7.77% and 6.64%, respectively. Lin and Tang [32] established
a multi-objective public transport scheduling optimization
model, which comprehensively considers the benefits of all
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parties and finally achieves the goal of optimizing the cost
and time consumption of the system.

Through a comprehensive review of the available literature,
we found that current research on UVDS has less analysis
of the data layer. Even though some researchers have ana-
lyzed UVDS based on IoT, the constructed models lack data
layer modeling. Meanwhile, the control process of UVDS is
complex, but the current research lacks multi-stage control
strategies for UVDS. Since performance efficiency can be a
good measure of the system’s ability to resist and recover from
a blow, researchers mostly focus on the performance efficiency
analysis of UVDS. This leads to an oversimplified study of
UVDS and does not allow for a comprehensive assessment
of UVDS. In post-disaster environment, the resources of
UVDS are limited, which leads to the importance of resource
optimization of UVDS. Currently, there is insufficient research
on resource optimization in UVDS, and there is a lack of
algorithms for optimizing the allocation of resources in UVDS.
How to better control UVDS with limited resources is an
urgent problem to be solved.

B. Contribution and Organization

From the above discussions, existing studies ignore the
collaborative functionality of the physical and data layers in
UVDS, but they rarely consider the multi-stage strategy of
multiple indicators in UVDS and lack optimized resource
allocation at limited cost especially in emergencies. In recent
years, IoT has been increasingly used in UVDS. A challenge
is to explore way to better utilize IoT technology to control
and manage UVDS. The main contributions of this paper to
the study of UVDS are as follows:

(1) Usually, the physical and data layers work in coordi-
nation with each other, and both layers are equally important
in maintaining the normal operation of the system. On this
basis, we propose the UVDS model under the synergistic
effect of “physical” + “data”. The failure mechanism, resource
isomorphism and performance changes of the two layers are
analyzed.

(2) For the control strategy of UVDS, which is often multi-
staged, the indicators of each stage reflect the focus of the
control decision. In this paper, we propose a multi-stage con-
trol strategy for UVDS. To improve the performance recovery
efficiency of the system, a recovery sequence control decision
of UV is proposed. To optimize the probability of normal
operation of the system, a recovery mode decision for UV
is proposed.

(3) Resource allocation optimization for UVDS is neces-
sary in different scenarios. Especially in emergency situations
where rescue resources are limited. To address this phe-
nomenon, we give a method to calculate the cost of UVDS and
propose an optimization algorithm to minimize the operational
cost.

The rest of the paper as follows. In Section II, an IoT
model based on UVDS is established. Section III analyzes
the performance of the physical and data layers, as well as the
failure mechanisms of the two layers in concert. In Section IV,
a UVDS recovery sequence control decision based on per-
formance recovery efficiency is proposed. In Section V,
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Fig. 1. IoT architecture for UVDS.

a decision on the control method based on performance recov-
ery time is proposed, considering different numbers of devices.
A cost-based reordering method is proposed when multiple
optimal recovery patterns and sequences exist. In Section VI,
specific calculations are made using the 16 locations in Hebi
that need to be tested as example. Section VII concludes this
paper and proposes future work.

II. MODELING OF UVDS BASED ON IO0T TECHNOLOGY
A. Analysis of Multi-Tier Architecture for UVDS

UVDS is a complete control, actuation, and information
transfer system with an IoT architecture divided into four lay-
ers, i.e., physical, perception, communication and application
layers as shown in Fig. 1.

As illustrated in Fig. 1, a typical UVDS consists of four
layers: physical, perceptual, communication, and application
layers.

o The physical layer is the bottom layer of the UVDS,
which is responsible for handling the acquisition of raw
data between detection network devices.

o The perception layer is responsible for sensing various
environmental parameters such as temperature, humidity,
light intensity, motion status, to list a few. This layer
collects environmental data after detecting a certain area,
the middleware then converts the data into analog signals
suitable for the transmission medium and converts the
received analog signals back to digital data upon the
reception.

o The communication layer is responsible for the trans-
mission, routing and forwarding of data in the network.
Various mechanisms and protocols in this layer, such
as checksum, cyclic redundancy detection, retransmission
mechanism, etc., can be used to detect and correct errors
in the data to ensure the reliability and integrity of data
transmission.

o The application layer is responsible for analyzing and
making decisions on the detection data transmitted from
the physical layer. Meanwhile, the application layer can
monitor, deploy, manage the operation of the whole
system and quickly restore the UVDS to the normal
working state.

For the perception layer, communication layer and appli-
cation layer, we focus on the changes in the performance
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Fig. 3. Interference at the data layer.

of receiving, sending, and processing data among the layers.
The data transmission among layers has the same transmis-
sion mechanism as the communication layer. To simplify the
analysis among different layers, the three layers are referred
to as data layers where needed.

B. Analysis of Failure Mechanisms in UVDS
Multi-Tier Architecture

In the physical layer, after the detection equipment is
subjected to natural aging and shocks, the detectable area
will gradually become smaller. When the detectable area
of the UV is smaller than its own detection mission area,
it means that the UV cannot fulfill the detection mission. The
failure is monitored by the application layer and the integrated
management system will recover the UV. The process of the
UVDS facing a shock is shown in Fig. 2.

As can be seen in Fig. 2, UV components can fail with
the combination of external shocks and natural aging. Com-
ponents such as tires, motors, sensors, and batteries are more
susceptible.

Unlike the physical layer, when the data layer faces a shock,
it mainly affects the received power of the receivers in the base
station. When the received power is less than the decodable
power, the performance of the data layer is 0. At the end of
the impact, the normal state is automatically restored at the
end of the shock, and the impact process is shown in Fig. 3.

The receiver is unable to decode the signal, resulting in
signal interruption. The UV changes its position with respect
to the base station during the detection process, and the path
loss is greater when the object moves farther away from the
base station, making it more susceptible to shocks. The initial
frequencies of the transmitter and receiver are unaffected by
the shock, but the signal interference from the shock increases
the path loss during propagation, resulting in a decrease in the
power of the signal as it propagates to the receiver.
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C. Analyzing the Coupling Relationship of “Physical” +
“Data” and Resource Isomorphism Processing of UVDS

In the detection network framework proposed in this paper,
to ensure isomorphism of resources in the physical and data
layers, there are relevant subsystems and protocols in UVDS
that are responsible for the resource isomorphism of the phys-
ical and data layers to ensure compatibility among different
devices, platforms, and protocols.

Ensuring interoperability and isomorphism between differ-
ent physical layer resources is critical. This can be achieved
by adopting a standardized communication protocol Message
Queuing Telemetry Transport (MQTT) and data format Java
Script Object Notation (JSON), which allows physical devices
from different vendors and types to communicate and interact
with each other.

For data layer resources, ensuring that they are isomorphic
means that they can be managed and scheduled through a
unified interface or protocol. This usually involves cloud
computing platforms or virtualization management software
that enables unified management and control of resources
through OpenStack APIs [33] and management protocols.

The process of detecting the system to achieve isomorphism
is shown in Fig. 4.

From Fig. 4, the device-level data will be transmitted to
the OpenStack API protocol after receiving isomorphic pro-
cessing. This not only contains the storage of the isomorphic
device-level data but also allows isomorphic processing of data
in the data layer. All the processed data will be fed back to
the application layer so that the application layer can make
faster and more accurate decisions.

III. PERFORMANCE ANALYSIS OF UVDS CONSIDERING
PHYSICAL AND DATA LAYER COLLABORATION

A. Physical Layer Performance Analysis of UVDS

In UVs, the hardware of UV is so diverse and complex that
it is difficult to quantify the impact of the hardware on the
overall performance of UV. To simplify the complexity of the
analysis, we do not perform component-level analysis. We use
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the UV as a research object for physical layer modeling and
analysis. When the component level parts in the UVDS fail or
age, the UVDS monitors the UV’s performance degradation
or is unable to fulfill its own detection task. Then, UVDS
can transmit the data information back to the control center to
make maintenance decisions.

The physical layer of the detection system is composed of
clusters of UVs and related equipment. The performance of the
UV is defined as the ratio of the detectable area to the initial
detectable area at a certain point in time, as shown in (1).

Sn (1) ’ 0
Sn (10)

where n is the number of UVs in the UVDS, PS (¢) is the
performance of the nth UV at time ¢, S, (¢) is the detectable
area of the nth UV at time ¢, and S, (7p) is the detectable area
of the nth UV at the initial moment

During a UV’s detection mission, shocks may come from
two sources: due to internal shocks such as natural aging or
deterioration and due to external shocks, such as environmental
impacts. The former occurs in the physical layer all the time,
and the amount of change in performance is assumed to obey
a linear relationship [34].

In the absence of external shocks, the natural aging of
devices in the physical layer of the detection system conforms
to an exponential decay model. [35]. We varied the decay
model by taking the decay amount as the UV performance
degradation amount to obtain the UV performance change
under the influence of natural degradation only as shown in (2).

XS (1) = ro(t — 1) ™0 (1 > 1), 2)

Py (1) =

where X¢ (¢) is the amount of performance degradation from
to to t, and Ag is the natural degradation parameter of UV.

The system is exposed to shock, which is essentially an
acceleration of overall natural aging. We reflect this accelera-
tion in the magnitude of the catastrophic shock, the duration
of the shock, and the UV shock resistance value. The amount
of degradation under the shocks suffered by UVs, Y¢ (¢),
is shown in (3).

ﬁm=mu—m(

At =t —t,,

Wi mt)) i —1a)

Dy (1) 3)

where #, is the shock starts time, A; is the shock degradation
parameter of the ith time; W;(Ar) is the magnitude of the
shock amplitude of the ith disaster during the period of At
and D, (¢) is the value of resistance to the shock of the nth
UV at time ¢.

The resistance to shocks shows a decreasing trend as the
number of shocks increases, and this decreasing trend we
define obeys an exponential change based on the damage. The
change of the UV’s resistance to shocks is shown in (4).

D, (1) = (1= BimP =) D, (1), @

where m is the total number of shocks to the UVDS, and g, is
the change parameter of the nth UV affected by the ith shock.

If the UV is restored to a new condition through a series of
maintenance measures such as repair or replacement, the next
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time the UV is impacted, it will have the same resistance as
the first time it was impacted.

By combining (3) and (4), we can obtain the performance
change of the UV as shown in (5).

Wi(At)
(1= BmPh0) D, (10)

Y (1) = hilt — 1g) €407

®)

When the detectable area of the UV is equal to the area for
performing the mission, we define the performance of the UV
currently as a threshold value. The performance threshold of
the UV is shown in (6).

mission
Péimil — Sr:gmax i (6)
n
where §)'%* is the maximum detectable area of the nth UV,
Smission is the area of the nth UV for mission detection.

During the repair process, the performance recovery rate
of UV is always changing. At the early stage of restoration,
the UV is so damaged that it is difficult to repair and its
performance enhancement rate is small. In the middle stage of
restoration, the enhancement rate is faster. In the late stage of
recovery, its recovery gradually reaches the optimal state, and
the performance improvement rate decreases. As such, the
performance recovery can be assumed to obey the logistic
function [36], as shown in (7).

1

r —
B ) =1 ==

(7
where t is the time for the nth UV to start recovery, and 6,
is the recovery parameter of the nth UV. The value is derived
by personnel based on a combination of several metrics,
including the area of the UV’s mission detection and recovery
complexity. In this paper, the specific calculations are shown
in (8).

Srlzzission

m mission "
Z' ISn

1=

O = ®)
The UV can be understood as a component in the detection
system, and the change in the performance of each component
has a different impact on the performance of the system. Thus,
the recovery process of the UV for the UVDS is a process to
enhance the performance of the system or to slow down the
degradation of the UVDS performance.

B. Data Layer Performance Analysis of UVDS

It is difficult to analyze and quantify the changes in envi-
ronmental conditions, sensor accuracy, and other factors that
arise after a disaster. To explore the interference to the data
layer, we performed a performance analysis of the data layer
through the Free Space Path Loss Model (FSPL) [37] model.
The impact generated after the disaster is measured in terms of
the transmitted and received power of the signal. This analysis
method covers many complex types of signal interference due
to post-disaster environmental changes.

The performance degradation of the data layer is essentially
signal attenuation between the signal transmitter and the signal

receiver. The degree of attenuation is related to factors such
as distance, frequency, and occurring power, so the signal
attenuation during propagation conforms to FSPL. The FSPL
is calculated as (9).

)

PL (d) = 20l0g (4’”” ) ,

Cc

where Pr(d) is the path loss in decibels (dB), d is the
Euclidean distance between the transmitter and receiver (m),
f is the frequency of the signal (HZ), and c is the speed of
light (3 x 10%m/s).

Signal transmission in post-disaster environments is often
affected by more obstacles, terrain changes, and multipath
effects. The FSPL assumes that the signal propagates with-
out complex path phenomena such as reflection, diffraction,
or scattering, and is suitable for more open, obstacle-free
environments. Therefore, the use of FSPL alone is inappropri-
ate. For we transform the FSPL by introducing Rayleigh [38]
distributed random variables, the transformation is as in (10).

4
P (d) = 2Olog10( ”df) +10log,o (R),  (10)

where R is the random variable introduced by the Lowry
distribution.
The R can be calculated as (11),

R=0-v—2InU, (11)

where o is the scale parameter of the Rayleigh distribution that
controls the fading strength of the signal and U is a random
variable obeying a uniform distribution.

The d can be calculated as (12).

d = Jh? + 52,

where h is the height difference between the UV and the
distance from the base station and s is the horizontal distance
of UV from the base station.

We define G} and G, as the gain on the nth UV transmitter
and base station receiver, respectively. This gain belongs to
a directional antenna [39]. Combining the impact of the
magnitude of the shock and combining it with (10) can be
obtained as (13).

U e (01],

12)

Wi (At)
W b

dnd, (t) fod—2InU )2

PE (1) = 10log,,
" GsGrc

13)

where W is the adjustment factor.

During the analysis, we choose the base station where
the signal is transmitted as the base station with the closest
Euclidean distance. This base station has a directional antenna,
and the effect of signal fading from other base stations is not
considered.

The UV will be displaced during the process of detection,
and the movement will cause the distance d between the UV
and the base station to change, and the nth UV’s moving
distance is shown in (14).

Ad, = v, - cos®,, - At, (14)
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where @, is the elevation angle formed by the initial position
of the nth UV moving with the base station transmitting point,
and v, is the detection speed of the nth UV.

The phase change affected by the distance change is shown
in (15).

5)

We analyzed the speed threshold of the UV and combined
with (14), and (15), we can derive the doppler frequency [40]
as (16).

f,ii’[”)i' = ¢ -cosP,,. (16)

’ f

The application layer can assess the detection status of a
UV by counting the Doppler shift frff’gi’ of a certain UV to
determine whether the UV can complete the detection mission
within the specified time.

We define the power of the transmitter as PO, and the power
of the receiver as PO}, and the minimum decodable power as
POZ’”"”, then

P (1) = PO;, (1) — POS™™ (1) . {17)

The performance of data propagation is defined as whether
the receiver can decode properly. The data propagation per-
formance is O if the path loss is too large, greater than the
loss threshold P)"** (¢), so that the receiver receives too little
power to decode correctly. The UV data layer performance is
calculated as (18).

1, (P,f (1) < PMax (z))

P: () = 0. (P,,L 0 > P,f"“x (t))

(18)

IV. RECOVERY SEQUENCE CONTROL DECISION FOR
UVDS BASED ON PERFORMANCE RECOVERY EFFICIENCY

The data layer of UVDS does not act directly on the per-
formance of the UV, and its signal reception state determines
the state of UVDS. Therefore, the performance of UVDS can
be calculated as (19).

P ) =

S B0 - P @) 1)
m
where m denotes the number of UVs in the UVDS.

UVDS is a detection network composed of multiple UVs,
which collaborate with each other to accomplish the detection
missions in the area. The detection process will inevitably face
failure conditions.

The performance recovery efficiency of UVDS is closely
related to the change in system performance, and it reflects the
performance expressiveness of the system during the recovery
phase. A system with a high-performance recovery efficiency
usually means that the UVDS can recover from shocks faster
and detect missions faster, has higher performance, and overall
performance. The performance recovery efficiency of UVDS
is calculated as (20).

it
4 P (t)dt
PE (t) = u

a : (20)
Jis P (t9)dt
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where PE (t) is the performance recovery efficiency of the
system at . ¢¢ is the moment when UVDS starts to recover,
and 7 is the moment when UVDS recovery ends.

To ensure that the UVDS accomplishes the mission within
the specified time, the performance of the UV should be
restored as soon as possible. How to optimize the performance
recovery efficiency of the UVDS is the research focus of
this section. Therefore, a sequential control decision based on
performance recovery efficiency is proposed.

The impact of shocks on the performance is constant during
the recovery process, so we do not consider shocks in the
calculation of the recovery process. We assume that UV and
UV are independent of each other and there is no dependency.
That is, there is no synergy between UVs and UVs to perform
tasks. The recovery rate of UVs depends mainly on the
recovery parameter 8,. We define that the nth UV starts the
recovery at 7, and finishes the recovery at t,’l’ . The recovery
rate indicates the amount of performance recovery per unit
time, so the recovery rate for the nth UV is shown in (21).

jfb P(t)— P (t¢)dt

IV
th—1a

n

; 2L

where 1] is the recovery rate of the nth UV.

According to (19), the amount of cumulative UV recovery
is dispersed equally among all the UV in UVDS. Its rate of
change is unaffected, so the recovery rate equation can be
calculated from the UV recovery function alone, as shown
in (22).

b
t 1 1
i i — 3
b
In — trcll

n
ém@+ﬁW%U—émz—ﬂ¢—@
= b a . (22)
n n

Because ¥ — t% > 0, we analyze the monotonicity of (22)
without considering the denominator. We let (12 —14) =
v, (y >0), f(Op) = %ln (1 ~|—69W)—%ln2—%y,m =0,
From (8), it follows that 0 < 6,, < 1, then 6,, = ]“7’”, 2 < m).

Integrating over f (6,) we obtain (23).

Omy + (1 4+m)In2 —In(1 +m) (1 +m)
62 (1 +m)

Because f7 (6,) > 0, (23) is an increasing function.

The larger the 6, of a UV, the faster its recovery rate is.
To explore the recovery order of multiple UVs, based on the
principle of maximizing the performance recovery efficiency,
we need to find the ordering that can make the system obtain
the maximum performance recovery efficiency.

Theorem 1: Prioritizing the recovery of UVs with larger
recovery parameter, the higher the performance recovery
efficiency of UVDS.

Proof of Theorem 1: Regardless of which recovery order is
followed for recovery, all UVs will eventually return to their
normal state and the total time spent on repairs will be the
same. This results in the same performance at the beginning
of the recovery and the same performance at the end of the
UVDS for each strategy. So, we can set the performance at

IO = (23)
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initial recovery to 0. We assume that there are n UVs in the
UVDS that are damaged at the same time. The recovery rates
are sorted as follows: Ilr > 12’ > 13’ ... > I, the repair time
ist],ty,15...1,.

To analyze the performance efficiency of UVDS, according
to (20), we find that the denominator of (20) does not
change, so we ignore the denominator and only calculate the
numerator. After the above treatment, the recovery rate of UV

b
’" P(t)dt
can be expressed as: [} = ————

Then the performance efﬁ01ency of UVDS with UV recov-
ery in the order of UV1—UV2—UV3—... —UVn recovery
can be calculated as: PE(Q ;) = I - >0 th + 1 -
S oth+...4+1! 1. As can be seen from the above formula
the different order in which UVs are restored will result in
different cumulative effects of their own. When the UV with
a larger recovery rate is prioritized for recovery, its time
during normal operation is longer, which allows the UVDS to
obtain more cumulative performance. Therefore, the scheme
of prioritizing the recovery according to the UV with larger
recovery rate can achieve the optimum performance efficiency
of the UVDS.

It has been shown above that the larger the 6, of the UV, the
larger the response rate of the UV. Therefore, prioritizing the
recovery of UVs with larger 6, leads to the best performance
efficiency of UVDS.

Therefore, according to the Theorem 1. We can obtain:

It can be clearly seen that prioritizing recovery by following
UVs with larger recovery parameters maximizes the perfor-
mance recovery efficiency of UVDS.

V. UVDS RECOVERY MODE CONTROL DECISION BASED
ON PERFORMANCE RECOVERY TIME

A. UVDS Performance Recovery Time Analysis

The performance recovery time of the UVDS is an impor-
tant indicator of the normal detection of the UVDS, the shorter
the performance recovery time, the higher the revenue that
the system can create, and the higher the probability that the
UVDS can detect normally.

The normal probability of detection at the physical layer
is equal to the ratio of its normal detection time to the total
detection time, as shown in (24).

(Pf (1) = P™) N (P§ (1) = PY™0) N

Re@=Prl 0 (pe ) = PI) 1t = tr
tnormal
= =< ) (24)

t

where 1! mal s the time that physical layer can be detected
normally, R, (¢) is the probability of normal detection in the
physical layer at ¢, and #,,4, is the total time for the UV to
perform the mission.

The probability that the data layer works properly is based
on the ratio of the time that the receiver of the numbered
layers can decode the information properly to the total time,
and the expression of the probability that the data layer can

work properly is shown in (25).

r H(H B () = 1)|t < rmax}
n=1

normal
lq

= (25)

where Ry (t) is the probability that the data layer can work
properly at time ¢. t{’}‘”’"“l is the time ¢ at which the receiver
at the data layer can decode normally.

Previously, we explored the synergistic analysis of the
physical and data layers of the UVDS, so the normal detection
probability of the UVDS can be calculated as (26).

R (1) = Rc (1) - Ra (1)

Ry (1)

(26)

The normal detection probability of the UVDS is the probabil-
ity that the system is in a normal operating state. The higher
the normal detection probability of the UVDS the longer it can
be in normal operation during the same operating time, and
the higher the revenue that can be generated by the UVDS.

According to (26) for calculating the normal detection
probability of the UVDS, we find that to improve the normal
detection probability of the UVDS, we need to minimize the
repair time of the data layer and the recovery time of the UVs.

1) Performance Recovery Time Analysis for the Physical
Layer: There are two ways of recovery for each vehicle:
scheduling and repairing. Therefore, the calculation of the
recovery time of the UVDS needs to be divided into two
categories: schedule and repair.

Recovery time analysis for vehicle scheduling requires the
calculation of the distance from the vehicle to be scheduled for
the vehicle to be recovered. The distance is computed by the
Floyd shortest path algorithm. Utilizing the algorithm requires
the construction of a detection network and the matrix in the
detection network is denoted by Z (7, ;). Where 7 is the
number of all nodes in the matrix, usually the locations of
UVs and maintenance squads and ¢;; is the edges connecting
all nodes to nodes in the detection network, which represents
the recovery path. The states of any two of its nodes are
represented by the criticality matrix, as shown in (27).

1,1 12 dl,r—1 ¥,
2.1 22 02 r—1 021
Z:[all]rxr_
dr—1,1 Cr—1,2 © Or—1,7—-1 Or—1,1
U7 1 o2 O r—1 (07584

27)

For nodes that are not directly connected, we denote the
distance between two points as S;; = inf. The distance
between neighboring nodes, it can be calculated based on the
coordinates between the points in the matrix.

We can calculate the scheduling distance based on the Floyd
shortest path algorithm, which is combined with the UV’s
scheduling speed to compute the scheduling time (i.e., the
UV’s performance recovery time). tnD represents the schedul-
ing time of the Dth vehicle to the faulty vehicle n.

The recovery time analysis for vehicle repair requires cal-
culating the distance between the vehicle to be repaired and
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the repair squad and the time for the repair squad to repair.
Similarly, the time consumed to reach the location to be
repaired £F can be calculated.

The repair time is related to the performance state that the
UV is in. When the UV is subjected to a more severe level
of shock, the more the UV’s performance degrades and the
longer it takes to repair. Based on (7), the recovery amount
function of physical layer performance is used to calculate the
repair time, which is shown in (28).

c a
t’: — _i .In ﬂ
6 Pt
where ¢, is the repair time of the nth UV.

Therefore, the recovery time of the UV that is selected to
be recovered by way of repair is X + 7.

2) Performance Recovery Time Analysis for the Data Layer:
We define that the recovery time of the data layer is related to
the power received by the data layer, the lower the received
power, the stronger the interference of the shock on the
information propagation of the data layer is represented. This
means that a stronger upgrading strategy is needed for the
data layer to obtain a greater value of shock resistance. Thus,
consuming more recovery time, the recovery time of the data
layer is computed as shown in (29).

d,repair POZ’min — PO;
In =
h
where h is the amount of power increase in the receiver
between units.

) (28)

(29)

B. Recovery Mode Control Decisions for A Single UV

When one UV is in the pending recovery state, the failure
time is divided into recovery preparation time and recovery
time, and the two recovery methods are analyzed separately
as follows:

Decision 1: Scheduling

When using the scheduling scheme for recovery, we should
first consider two conditions:

Condition 1: Tt is necessary to satisfy the UV that has
completed its own detection mission normally before the
failure of that UV, assuming that there are D vehicles to be
scheduled and x vehicles with failures, which can be expressed
as (30).

finish

th <t (30)
where tg”mh is the moment for the Dth vehicle to complete

its own detection mission.

Condition 2: Whether the vehicle to be scheduled can
take over the faulty UV to complete the remaining detection
missions.

We can find out the scheduling distance from all the pending
scheduling UVs to the faulty UV n. By comparing the paths of
all the pending scheduling UVs, the shortest scheduling path
is denoted as s™", and the corresponding scheduling UV is
D, the shortest scheduling recovery time that can be derived
is shown in (31).
tmin — ﬂ7 (31)
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where vp is the traveling speed of the Dth UV.
The detection speed if the UV is in a normal state through-
out is shown in (32).

4 gmission

etect _ n

Un T pdetect (32)
n

where vZ¢'¢“! is the detectable area per unit of time.

However, the UV is unable to repair the detection speed
normally after taking a shock. But in the process of waiting
for scheduling, the UV is still detecting, and the detection area
in the waiting process is shown in (33).

Srlluatt (1}? +t;£mn)
14 tmin
W e wdr
— n v etect tmtn7 (33)

a_y gmin n n
1+t

limi
1 PLimit (1) dt

where S¥%! is the detection area of the pending UV to be
restored while awaiting the dispatch process.

Then the detection area to be accomplished by the faulty
UV is shown in (34).

Sremain _ Smission _ Swait _ vdetect.ta
n — %n n n n’

(34)

where S7¢M@" i the remaining detectable area of the faulty
Uv.

The detectable area of the vehicle to be scheduled can be
calculated based on its own time to complete the detection
mission, as shown in (35).

SD (tginish) _ Pf) (tginish) . Sgax.
The scheduled UV must ensure that it has completed its own
detection mission and can complete the remaining detection
area of the malfunctioning UV.

Decision 2: Repair

To calculate the failure time of UVs when choosing a repair,
we need to first calculate the repair arrival time ¢R. The repair
time ¢, of the UV is calculated according to (28). Then the
recovery time of the repair scheme is tX + 17,

Combining the two recovery schemes for a single faulty UV,

when there exists (tgim‘vh <t“NSp (tgi"”h) > gremainy r

(tmin < tR 417y we categorize this class of UVs to Decision 1,
otherwise to Decision 2.

(35)

C. Multi-UV Recovery Approach Control Decision

It is often the case that multiple devices fail simultaneously
after a shock to the UVDS. Based on this, a recovery sequenc-
ing of failed devices based on the recovery rate is proposed.
When there are multiple UV failures, the best recovery method
can be selected with limited recovery resources to maximize
the uptime of the system for detection.

We are given that there are z (z is a positive integer) repair
squads that can repair x malfunctioning UVs at the same time.
Assuming that each vehicle is denoted as w,, and the recovery
ordering based on the recovery rate is wi, w2 ... wy_1, Wy.

It can be divided into two cases:

When z > x, it indicates that all vehicles can be repaired at
the same time, and the repair of wi, wy...wy_1, Wy can be
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1+ 1+,

Fig. 5. [Initial Gantt chart.

regarded as a comparison of the simultaneous recovery scheme
for each component and recovery at the same time.

When z < x, it indicates that the repair resources are limited
and the recovery needs to start from the first ranked UV.
By comparing the cumulative repair time and scheduling time,
the vehicle recovery method is determined.

Assuming the arrangement according to the recovery rate is
Wi, W2 ... Wx_1, Wy. The cumulative repair time is the sum of
the repair time of the previous x UVs, which is compared with
the recovery time of the scheduling scheme, and the shorter
recovery time is selected for recovery. If (Z)y‘:1 (tyR + t}’,) >
t;’”'”), the scheduling scheme is selected to recover the UV.
Otherwise, the repair scheme is selected to recover it.

It is important to note that when a vehicle chooses the
scheduling option for recovery, the cumulative recovery time
for subsequent UVs does not include the UVs that chose the
scheduling option.

We take the number of repair squads as 1 and the number
of UVs to be recovered as 5. A case is analyzed here:

(1) Suppose the UVs have the same recovery rate, assuming
that the obtained recovery order is 1—2—(3,4)—5, in which
UVs No. 3 and No. 4 have the same recovery rate. The
treatment is that the full-arrangement computation of all the
recovery scenarios can make the total recovery time 7 reach
the shortest recovery order. The calculation of the total recov-
ery time is not a simple summation calculation, the failures
of different UVs will have different degrees of impact on the
system, so the calculation of the total recovery time needs
to be calculated in accordance with the recovery rate as the
weighting of the weighted approach. The calculation is shown

in (36).
T=>" - Z 19y (tyRth;).

The recovery is carried out in the order of 1 -2—3—4—35.
The recovery time of the UVs is represented by a Gantt chart,
as shown in Fig. 5.

In Fig. 5, the repair time of the UV is shown in orange
and the shortest scheduling time of the UV is shown in green.
The recovery scenario of UV 1, which has a higher recovery
rate, is smaller than the scheduling scenario, so UV1 chooses
repair for recovery. The scheduling time of UV2 is greater than
the cumulative time of repair for UV2, so the UV2 chooses
the repair option for recovery. The scheduled time of UV3 is
shorter, so 3 chooses the schedule option for recovery. We need
to recalculate the recovery time of UVs 4 and 5 and the Gantt
chart changes as shown in Fig. 6.

The cumulative repair time of UV4 is Zf,:l (z‘)l,e + t;) +
(tf + #;), which is still less than the time consumed by its
scheduling scheme, and UV4 chooses to repair and recover.
Similarly, UV5 chooses the scheduling scheme for recovery.

(36)

9
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Fig. 6. Gantt chart after the first change.
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Fig. 7. Final Gantt chart.
The total recovery time is
40, 40,
=0 (th + llr ) +—
601+ 0y + 64 + 65 01+ 62+ 64+ 05
(IZR + z;)
+—(ty + 1)
Or+6+0,+65s ¢ " *
405 (R
+ —— (15 +13).
01+ 02+ 64 4 65
Similarly, the recovery proceeds in the

order 1—-2—4—3—5. The final Gantt chart is shown
in Fig. 7.

'1;216 final total recovery3;1me isT = o fg; 1+65 (t1 )+ tl )+
TP (tz 2+ 05+ s5mTe (ts,z +155).

By comparing the total recovery time of the two different

sequences, we find that following the sequence 1 — 2 — 4
— 3 — 5 clearly results in the shortest total recovery time,
which can maximize the probability of normal detection of
UVDS.

Special Situation: When there are multiple strategy
approaches with the same total recovery time, we introduce
two measures of operational cost and economic benefit cost.

In UVDS, operational cost and economic benefit cost are
two key evaluation metrics that reflect the inputs and benefits
of the system in terms of operations and economic benefit,
respectively.

With limited funds, the lower the operating cost of UVDS,
the less resource wastage can be reduced. The energy of UV
can be optimized, and the system can achieve longer operation
and high efficiency with limited resources.

The lower economic benefit cost indicates that the UVDS
can better balance the cost input and optimize the economic
benefit cost of the system. The remaining resource can be
fully and reasonably utilized for the system’s technology
development and updating to enhance detection capability and
adaptability.

The operational cost of UVDS includes several aspects.
For example, power consumption costs, periodic maintenance
costs, software update and maintenance costs, infrastructure
costs, etc. These costs are too diverse to be analyzed in their
entirety. Instead of the operational cost of UVDS, we have
selected four major categories of representative costs to be
analyzed. The operational cost of the UVDS can be divided
into four aspects: loss cost, recovery cost, replacement cost
and schedule cost.
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1) Loss Cost: The system generates a certain amount of
profit per unit of time in normal detection. The loss cost due
to shocks is related to the length of time the system is in
a low performance state. The lower the performance state in
which the system operates, the higher the operational loss cost
incurred, and the loss cost is calculated as shown in (37).

Jomes P(rdt )

Cr=z-\1-0—"—
( j‘()[rnax P(to)dt

where z is the benefits generated by the UVDS in the ideal
state.

2) Recovery Cost: The physical layer recovery cost consists
of the recovery preparation cost and the recovery cost. The
recovery preparation cost is proportional to the time to arrive
at the recovery location with a coefficient of K. The recovery
cost is proportional to the recovery time with a coefficient of
k. Therefore, the recovery cost of the physical layer, C5 is
computed as shown in (38).

w w
Cs=> K-tf+> k-1,
x=1 x=1

where w is the number of cars that need to be repaired.

The data layer recovery cost is the cost incurred during the
repair process. ¥ is the cost incurred per unit time of recovery.
The recovery cost Cé’ of the data layer is shown in (39).

(37

(38)

fault

cd=v-1) (39)

The recovery cost of UVDS is C; = C5 + Cg .

3) Replacement Cost: Assume that from the beginning to
the end of the operation, the component replacement cost of
the xth UV is ¢,, which is replaced g; times. The physical
layer replacement cost, C5, can be calculated as (40).

q1
C5 = st.
x=1

Similarly, the data layer replacement cost is ¢, each time
the data layer is replaced g, times. The data layer replacement
cost Cgl can be calculated as (41).

q2
Ci=2 ox
x=1

The replacement cost of the system is C3 = C5 + Cg’ .

4) Schedule Cost: The unit distance cost incurred by UV
is denoted by 9. The calculation of the cost incurred by the
call is shown in (42).

Ci=20- Zsfi",

where § is the total number of times that the UV is scheduled.
The operational cost of UVDS can be calculated as C =
C1+ C2+ C3+ C4. The cost incurred during the operation of
UVDS in [0, t,,4x] cannot exceed the maximum budget value
Cha.
The cost optimization algorithm aims to develop an objec-
tive planning model for the operational cost and economic

(40)

(41)

(42)
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benefit costing of the recovery process of complex systems.
Since the recovery of UVDS is considered, the cost of oper-
ational losses is the same for each scenario at that stage, and
the cost of the data layer is also the same. Therefore, only
the repair cost, replacement cost, or scheduling cost of the
physical layer is considered in the algorithm.

We compare the #Jth recovery scenario with the same total
recovery time. The number of UVs selected for scheduling
recovery under the ¢Jth scenario is G. The set of scheduling
times in the order of recovery of the identified UVs A =
[tg, tg,...,t?, tf]. The number of UVs selected for repair
recovery is U. The set of repairing ready time in the order

is B = [tgl ERRRRE T The corresponding recovery time set

is C = [t?]’z, el tQ,Z]' The maximum value of the time in
the three sets is t?, which corresponds to replacement cost
D= [8H, ey eQ]. The corresponding restoration cost under
the ¥ith scenario is denoted by C?. The economic benefit cost
is C¥ and the optimal economic benefit cost is C”". The
number of programs with the same operational costs is . The

optimal ordering is set A”". The algorithm as follows:

Algorithm 1 Cost Optimization Algorithm

@

Input: Y, K.k, 3, A = [i0.¢,... 1)1, B =
g L0 g 9 _
[tH,l,t,‘I,...,tP’l,tg’l], C =
g L0 9 _

[tH,2’t1,2’ ""tP,2’tQ’2]’ D = [8[-[,8[, ...,Ep,é‘Q]

Output:C™", Amin
Initialize: C? =0, C? =0
1. The set that arranges the elements of set A in order from
- [ 9 Y
smallest to largest is stored as Ay = [#,,1;,...,1,, td]
2. Write the corresponding scheduling cost variation func-
tion under the @th scenario:
fori=1:length(t)
if t(i) > 0&&t(i) <=1t
Ca(i))y=G-t(i)-0;
elseif 1(i) > 1) &&t(i) <=1 +1)
Ca (i) = C(find (z - r,f’)) +(G—-1)- (t(i) —t,?) . a;
end
3. Corresponding recovery cost change function under sce-
nario
fori=1:length(t)
if 1) > 0&&t (i) <=1},
Cp (i) =K-1(i);
elseif 1(i) > tf) | &&1(i) <=1}, | + 1},
Cpi)=C (find (t = t?“)) tk-t+en
end
€l = C () = Ca (1) + Ca?)
4. Identify the option with the lowest operational cost.
If 2=1
This decision is Ag"i"
elseif 1> 1 ,
5. Calculate economic benefit cost Cg’ = fot“ C (t)dt, The
least economic benefit cost is A",
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Fig. 8. Multi-stage control strategy flowchart.

To better show the process of the multi-stage control strat-
egy proposed in this paper. We have drawn a flowchart for the
multi-stage control strategy, as shown in Fig. 8.

VI. EXPERIMENTAL VALIDATION

Terrain detection can help city planners better understand
the topographic features of the area where the city is located,
including information on terrain height, water distribution,
land use conditions, and so on. Through exploration, data
such as digital elevation models and digital terrain models can
be obtained, which can be used to carry out urban planning,
transportation planning, water resource management, natural
disaster risk assessment and other work. Therefore, terrain
exploration is an essential step before building a sponge city,
which can provide important basic data and support for urban
planning and construction.

Hebi located in the northern part of Henan Province, China,
and its water environment problems are particularly prominent.
Statistically, the average multi-year precipitation is 664.9 mil-
limeters, and the per capita water resource is only 205 cubic
meters, which is about 1/2 of the per capita water resource
in the province and 1/10 of the per capita water resource in
the country. To solve such problems, Hebi was identified as
one of the first sponge city construction pilots in China in
April 2015, and the ground condition covering an area of
29.8 square kilometers was subjected to surveying and data
collection. The exploration mission ended in May 2019, during
which several UVs failed, seriously affecting the progress of

11

Fig. 9. Geographical location of the study area in Hebi.
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Fig. 10. Distribution of base stations in Hebi.
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Fig. 11. Detection network.

the sponge city mission. The specific application area of the
control management proposed in this paper is shown in Fig. 9.

The base station location! and distribution are shown in
Fig. 10.

The base station is full coverage with a coverage density of
100m?/ per. The total detection time of 100/. The detection
network mapping® for its main detection areas is shown in
Fig. 11.

1 https://www.189.cn/wap/telefivemap/telefivemap_hot.html?undefined
2https://www.henan. gov.cn/2018/12-10/725472.html
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Fig. 12. Statistical chart of UV data values.

There are 16 UVs and 1 repair station in UVDS. The data
detected by the UV is sent to the nearest base station based
on the destination address. The data of each UV such as the
completion of detection time, the maximum detectable area,
and the mission detection area are shown in Fig. 12.

We define that the frequency of external shocks on the
system obeys a Poisson distribution of 5 x 1073, and the
average number of shocks received in 1004 is two. The shocks
occur at moments ¢ = 30, t = 80. The strength of the disaster
shocks Wi = 3.5, Wo = 3.2, adjustment factor W = 5.
The duration of the two shocks is 94 and 104. The natural
degradation rate parameter A9 = 1 x 10™* for the UV, the
parameter A1 = 1 x 1072 for the first shock of the disaster on
the physical layer, and A» = 1 x 1072 for the second shock
of the disaster.

The performance changes during the completion of the
detection mission of the UV1 are first calculated:

The UV1 is analyzed and there is no disaster shock before
30h. The damage to the UV is caused by natural aging.
According to (2) of the natural aging performance change
function, calculate Pf (30) = 0.997, P{(30) = 0.997.

According to (5) of the shock function, the performance
of the UVs at the end of the shock is calculated as
Py (39) = 0.885.

UV1 is only affected by natural degradation from ¢ = 35h to
t = 80h. The system performance is calculated as P{ (80) =
0.880. UV can still detect normally.

The second shock comes, we need to calculate the
anti-shock value of UV1 after experiencing the first shock.
According to (4), we can calculate Dp (80) = 3.06, Wy, =
3.2 > D (80), so the second shock will cause performance
loss to UV1. Calculate the change the performance of UV1
after the second shock, Plc (90) = 0.656 > 0.56, which
indicates that after the second shock, the performance of UV1
will change. We calculate the performance change P{ (93) =
0.656 for the whole probing mission. It means that UV1
completes the detection mission normally without any faults,
and there is no recovery process for UVI.

To explore the recovery process, we continue to analyze
Uuv2:

The change in performance of UV2 is the same as 1 until
30h, then P;(30) = 0.997, P; (39) = 0.864 and P; (80) =
0.860. We find that at + = 85. UV2 reaches a performance
threshold. Without knowing the performance of the other UVs,
we are unable to analyze the scheduling plan for the first phase.
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TABLE I
SCHEDULE DISTANCE

uv 3 5 8 10 12 16 S™ /km?
2 3.79 6.95 8.39 9.01 10.1 12.7 3.79
4 2.48 1.78 3.57 5.08 5.30 8.74 1.78

7 6.22 8.08 8.35 10.6 9.95 13.6 6.22

9 8.31 9.97 8.78 9.70 7.39 10.7 7.39
11 5.53 7.19 6.00 6.92 4.61 8.53 4.61

We perform the same analysis on the remaining 14 UVs
and get: when ¢t = 85k, the UVs 2,4, 7,9, and 11 are faulty.
We recover the faulty UVs according to the proposed control
management method.

The problem is a multi-device failure type. First, the order
of the faulty UVs is sorted. The recovery rate of the UVs
to be recovered is 6 = 5.53 x 10’2, 04y = 4.57 x 10’2,
67 = 5.53 x 1072, 6y = 4.68 x 1072, 0;; = 5.53 x 1072,
According to the nature of the recovery rate, it can be seen that
when ¢ = 85h, the recovery order is (2, 7, 11)—9—4. Based
on the recovery of multi-device faults with the same recovery
rate, we compare the total downtime of all the schemes.

The first analysis follows the recovery sequence of
2—-T7—11-9—4.

To analyze the first stage, according to the above analysis,
it is known that UVs 3, 5, 8, 10, 12, and 16 all have
completed their own missions. We can obtain the maximum
detectable area of each of the six vehicles after completing
their missions: S59* (85) = 440m?, ST%* (75) = 590m?,
Spax (83) = 480m2, S7Y(79) = 390m?, STYT(84) =
460m?, STe™ (80) = 440m?. We compute the remaining
detection area of the UV at the time of the fault. The UV fault
occurs now when the probing task is about to be completed.
A simple comparison shows that UVs 3, 5, 8, 10, 12, and
16 can satisfy the first and second conditions of the scheduling.

We analyze the dispatch time of the UV to be recovered.
According to Floyd shortest path algorithm, and analyzing the
scheduling time, the shortest distance (km) for the vehicle to
be scheduled to reach the vehicle to be recovered is obtained,
as shown in TABLE L.

Because the UVs is mainly dedicated to the detection
mission, the UV is slower in the traveling process. We unify
the speed of UV v, = 3.5km/h, we can calculate the
shortest call time of each faulty UV #3 = 1.08h, £; = 0.51h,
t3 = 1.78h, 1J? = 2.11h, t]? = 1.32h.

The speed of the repairer is v = 20km/h, and we calculate
the repair time required for the repairer to reach UV 2 from
the repair center as tzR = 0.32h. The arrival time for the repair
is calculated in the order of 2—7—11—-9—4 as t7R = 0.15h,
tR = 027h, 1f = 0.14h, 1} = 0.42h. Subsequent repair
times and repair methods may change because of the change
in repair methods of the previous UVs. We first calculate
the recovery of the first UV. When the repairer arrives at
UV2, P; (85.32) = 0.762. The repair time of UV2 the time
is t; = 0.31h. Compared with the scheduling method, the
UV2 chooses the repair method for recovery. Calculate the
repair time of UV7, and the #; = 0.33h. By comparing with
the accumulated time, UV7 chooses the repair method for
recovery. In the same analysis, UV11 chooses recovery plan.
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Fig. 13.  Variation of d-value for UVI.

UV9 chooses repair for recovery with repair time t5 = 0.61h.
UV4 chooses restoration schedule. The total recovery time is
calculated as 77 = 1.85h according to (36).

Similarly, we analyze the recovery order according to
2—11—7—9—4, the total recovery time is 7> = 1.98h.

Following the recovery order of 7—2— 11—9—4, the total
recovery time is 73 = 1.98h.

Following the recovery order of 7—11—2—9—4, the total
recovery time can be obtained as 74 = 1.98h.

Following the recovery order of 11—2—7—9—4, the total
recovery time can be obtained as 75 = 2.11h.

Following the recovery order of 11—7—2—9—4, the total
recovery time can be obtained as Tg = 1.77h.

Following the recovery order of 11—7—2—9—4 can all
lead to the shortest total recovery time of the system. This
calculation example does not involve the case where the total
recovery time is the same for multiple scenarios, so UVs 11,
7, and 9 choose the repair method for recovery, and the UVs 2,
and 4 choose the scheduling method for repair.

The normal detection probability of the physical layer can
be calculated according to (24), R. (100) = 0.982.

The performance recovery efficiency and normal detection
probability of the UVDS are calculated according to (20)
and (26). We calculate operational cost and economic benefit
cost using a cost optimization algorithm, and we can get
7 =5000, K =10, k = 60, g11 = 340, &, = 160, &7 = 250,
g9 = 330, g4 = 160, T = 300.

The UVDS was in an open area at the time of this detection
mission, so it could be analyzed using the FPLS model of (9).
We unify the reception sensitivity of the 5G base station as
—120d Bm, the height & = 30m, and the transmitter power
of the UV is 30dBm. It can be calculated by (17) to get
P/"**(t) = 150dBm. By calculating the distance of UV1
from the base station in the detection mission, we can get
the variation of distance d as shown in Fig. 13.

Based on the range of d values, the path loss under two
impacts can be calculated, and the variation of loss values is
shown in Fig. 14.

From Fig.14, the power of the signal of UV1 arriving at the
base station under two shocks is always less than P;"**(t). So,
the data layer performance of UV1 is 1.

Similarly, analyzing the remaining 15 UVs, we found no
data layer failures. Therefore, the performance of the data
layer is 1. According to (25), the normal detection proba-
bility of the data layer R; (100) = 1. The normal detection
probability of the UVDS can be calculated according to (26),
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g. 14. Path loss of UV1 under two shocks.

TABLE I
THE VALUES FOR EACH INDICATOR

C.M. R.S. R. S. PR.E. N.D.P. O.C. C.EB.
a 11-7-2 11, 24 0.855 0.982 1128 1232
—9—4 79

R (100) = 0.982. The data for all indicators of UVDS is
shown in TABLE II.

The C.M. stands for control management; R.S. for recovery
sequence of UVs; R. for UVs selected for repair; s. for
UVs selected for dispatch; P.R.E. for performance recovery
efficiency; N.D.P. for normal detection probability; O.C. for
operational cost, and C.E.B. for economic benefit cost.

To further demonstrate the effectiveness of the multi-stage
control strategy proposed in this paper, we chose to compare
two common recovery methods, namely, recovery according
to the shortest traveling distance and recovery according to
the length of repair time. The metrics of UVDS for the four
strategies under the two restoration methods are calculated.

Based on the shortest distance recovery method, we find
that the recovery order of 11—-9—7—2—4 can minimize the
distance of repair. The recovery order determined based on the
recovery method of repair time is 2—11—7—4—9. Each
repair order corresponds to the two types of strategy of using
the repair method and scheduling method.

We analyze the performance variations of the to-be-
recovered UVs and the UVDS. The changes in performance
of all the UVs and the UVDS from ¢t = 804 to ¢t = 100h,
as in Fig. 15.

In Fig. 15, the blue line indicates the control strategy a,
the red color indicates the control strategy b, the yellow color
indicates the control strategy c, the purple color indicates the
control strategy d, and the green color indicates the control
strategy e. Among them, control strategies b, ¢, d and e are all
common conventional control strategies. The control strategy
a is the multi-stage control strategy proposed in paper, which
allows the UV to recover at an earlier time.

Computing the performance recovery efficiency, the normal
detection probability, the operational cost, and the economic
benefit cost of the UVDS under the four types of recovery
schemes are shown in TABLE III.

As can be seen from TABLE II and TABLE III, com-
pared with the traditional control management method, the
performance recovery efficiency is improved by 9.8%, 12.1%,
10.6%, and 10.9%, respectively. The probability of system
detectability increased by 2.7%, 0.7%, 3.9%, and 1.0%,
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TABLE III
INDICATOR DATA UNDER FOUR-MANAGEMENT CONTROL

C.M. R.S. R. S. P.R.E. N.DP. 0O.C. C.EB.

b 11-9-7 11,9, 0.779 0.956 1442 4375
—2—4 7,24

c 11597 11,9, 0.763 0.975 2712 4219
—2—4 7,2,4

d 2—11-7 2,11, 0.773 0.945 1488 5113
—4-9 74,9

e 2—-11-7 2,11, 0.771 0.972 2550 4520
—4—9 749

respectively. The operational cost is reduced by 21.8%, 58.4%,
22.1%, and 55.8%, respectively. The economic benefit cost is
reduced by 71.8%, 70.8%, 75.9%, and 72.7%, respectively.

A comparison of the four indicators for the five strategies
is shown in Fig. 16.

From the comparison of the five indicators in Fig. 16, it can
be found that the UVDS control management proposed in
this paper has significant advantages. Firstly, for the control
management strategy of UVDS, the performance degradation
trend can be calculated by sensing the magnitude of the
environmental shocks through the sensors on the UV. The
performance degradation curve can be plotted. Second, based
on the performance recovery efficiency of the UVDS, the prob-
ability of the normal detection and operational cost and other
indicators can help decision makers to judge the priority of UV
recovery and recovery methods. Finally, with the help of IoT
technology, the monitoring center can analyze the transmitted
data in real time, and the managers can dispatch recovery
personnel in an orderly manner to ensure that resources are
effectively utilized and respond to pending repairs in a timely
manner to minimize potential problems.
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VII. CONCLUSION AND FUTURE WORK

This paper proposed a comprehensive modeling method of
UVDS, which focused on the performance changes of the
physical and data layers of UVDS under external shocks.
In terms of the recovery strategy, a multi-stage control strategy
was proposed. In the first stage, the performance recovery
efficiency of the UVDS was analyzed and a decision was
made on the recovery sequence of the UV. In the second
stage, the recovery of UVs was decided based on the number
of devices. A weight-based total recovery time calculation
method was introduced to make the recovery mode deci-
sion based on the normal operation probability of UVDS.
At the same time, considering the special case of the exis-
tence of multiple identical recovery strategies with the same
probability of normal system detectability, we gave further
control strategy based on the operating cost and the economic
benefit cost. The results showed that to maximize the perfor-
mance recovery efficiency and normal detectability probability
of UVDS, the sequence and mode of faulty UV recovery
needed to be considered to reduce the downtime of UV
recovery.

In the future, the method of failure prediction can be
integrated into the proposed recovery strategy, which provides
a new idea for multi-stage control strategy. The UV and
UV dependence studies were added to the multi-stage control
strategy. Our future work focuses on:

(1) Autonomous Failure Prediction and Strategy Develop-
ment: We aim to develop short-term performance change
prediction methods based on the IoT technology to
capture past inspection data or environmental data. The
management gives instructions in advance to deploy the
maintenance team in advance.

(2) Real-time data processing: we will develop simplified
data processing channels for UVs to quickly convert
monitoring data obtained from probes into actionable
insights that can be used to adjust strategies in a timely
manner.

(3) A study of the dependence between UV and UV: we
will focus on the correlation between UV and UV for
correlation modeling to enhance the applicability and
comprehensiveness of multi-stage control strategies.
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