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Abstract: Target detection on the surface of water using wireless sensor networks (WSNs) should 
be able to collect information as much as possible. The previous studies are only able to collect 
speed and direction of the target. In addition to previous studies, we collect not only speed and 
direction but also real time location of the target. In this paper, we propose a target localization 
algorithm based on Time Different of Arrival (TDoA). The proposed algorithm takes into 
account grid topology of sensors because it is more tractable. The algorithm is validated using 
experiments to compute the mean average error (MAE); in these experiments, the estimated and 
real location coordinates were compared. The experimental results achieved the smallest MAE 
at 0.25 m. The experimental results indicated that the MAE is inversely proportional to the 
distance between the sensors. Moreover, the MAE of the 𝑥𝑥-axis is always greater than that of 
the 𝑦𝑦-axis is well explained using the principle of the Abbe error. 
 
Keywords: Target localization; TDoA, accelerometer, Mean average error (MAE); Wireless 
sensor network (WSN) 
 
1. Introduction 
 Wireless sensor network (WSN), which consists of sensors with sensing, computing, and 
communication capabilities, has broad applications, including industrial monitoring, structural 
health monitoring, agriculture monitoring, landslides monitoring, and marine monitoring [1]–
[6]. From the perspective of the authorities, monitoring systems can be classified as cooperative 
and intrusive. A cooperative monitoring system is one in which the targets cooperatively 
broadcast their identity, such as in an automatic identification system (AIS). Conversely, an 
intrusive monitoring system is one in which targets are monitored with or without their 
knowledge. In terms of protecting marine resources and preventing illegal activities, an intrusive 
monitoring system is more suitable. Conventional intrusive monitoring systems use radar or 
satellites, which are very expensive to construct and operate. In addition to being expensive, 
optical satellite imagery can be covered in clouds, and marine radar imagery is susceptible to 
noise or clutter from surface waves [7]. 
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There is much recent research for intrusive monitoring using WSN. Sharma et al. proposed a 
three-level hierarchy-based sensor network to detect a mobile target using static acoustic sensors 
and a sensing probability model [8]. They used 𝑘𝑘-mean clustering and Likelihood Ratio Test 
(LRT) to minimize false alarms and maximize detection probability. The development of anti-
reconnaissance technology in which the target can avoid its detection brings new challenges. To 
solve this problem, Wang et al. proposed a collaboration model in which static sensors and 
mobile sensing vehicles cooperate to provide intrusive detection against the target [9]. They used 
a target pursuit algorithm and a sleep-scheduling strategy for the mobile sensing vehicles and the 
static sensors, respectively. Mahopatra et al. proposed a big data architecture to process and 
studied the enormous volume of data produced by static camera sensors to detect the intrusive 
target [10]. Wang et al. studied a binary sensing model in which a sensor used only 1-bit 
information regarding the target presence or absence. They proposed a tracking algorithm to 
estimate the target's location, velocity, and trajectory [11]. Arik et al. proposed a Collaborative 
Mobile Target Imaging (CMTI) algorithm using radar sensors to detect, track, and image the 
targets [12]. Intrusive target detection that uses any type of sensors, including magnetometers, 
thermal sensors, or acoustic sensors was investigated in [8], [13]–[15]. Moreover, Arora et al. 
and Duarte et al. successfully deployed target detection and classification in real-world systems 
[16], [17]. However, most research is conducted using static sensors after deployment and may 
work well on the land. Intrusive monitoring in a watery environment differs in many aspects. 
The main challenge is that when the sensors are deployed on the sea surface, they are not static 
and get tossed by sea waves that make them move around randomly.  
 There are several papers for intrusive monitoring using WSN in the watery environments. 
Bunin et al. experimented ship detection for tracking and classification on the Hudson River 
Estuary [18]. They used a video system and an underwater acoustic sensor on the river. 
Carapezza et al. proposed a coastal sensor network for detection, classification, and tracking sub-
merge object. They refined tracking on the targets using shore-based optical sensors [19]. 
However, these are shore-based detection systems. In addition to shore-based detection, 
offshore-based detection has been investigated in [20]–[23]. Kdouh et al. researched object 
monitoring onboard ships using Zigbee-based equipment [20]. The paper studied the possibility 
of replacing wired connections into wireless. The result showed that the wireless solution could 
be a cost-effective alternative to wired connections. However, intrusive monitoring was not part 
of their research. Luo et al. proposed an intrusive ship detection by distinguishing the ship-
generated waves from the ocean waves [21]. They designed a three-tier intrusive detection 
system by taking spatial and temporal correlations into account to increase detection reliability. 
Equipped with three-axis accelerometer sensors, they estimated the ship’s velocity and detection 
latency. They also proposed a novel floating three-dimensional sensors to enlarge the monitoring 
area [22]. However, the ship location estimation has not been considered yet. Rao et al. proposed 
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an intrusive ship detection algorithm to classify and locate the ship [23]. A waveform 
classification algorithm was proposed to distinguish various objects by the waveform patterns 
generated by a group of sensor nodes. Moreover, they also proposed a target location estimation 
that was simply assumed the same as the sensor nodes' location at a certain time. This method 
can cause inaccurate location detection since the ship's real location may differ from the location 
of the representative sensor node. The error location detection can get worsen if the distance of 
the sensing radius and sensor is large. Therefore, improvement of location detection is important.  
In this paper, we proposed a target localization using Time Difference of Arrival (TDoA) 
measurements from accelerometer-based sensors. We derived a closed-form expression of the 
target location formulation by considering the grid-based sensor deployment. We validated our 
proposed formulation by conducting real world experiment. We developed a detection system 
consisting of sensor nodes, transceiver modules, and a personal computer (PC) to support the 
proposed formulation. The functions of the sensor nodes were to observe, process, and send the 
information obtained with the aid of software. Moreover, the information sent by the sensor 
nodes was received by the transceiver module connected to the PC. The software that 
implemented the proposed target location formulation was installed in the PC for the target 
location. The experiment was designed to determine the accuracy of the target location using the 
proposed algorithm. The accuracy was calculated using the mean average error (MAE) by 
comparing the actual and estimated target locations. MAE was calculated using several variables, 
such as distance between sensor, error speed, and direction. The smallest MAE was obtained at 
0.25 m when the distance between sensors was 2 m. These results indicated that the proposed 
target location estimation algorithm can be the basis for the development of determining target 
locations based on a WSN. 
 The remainder of this paper is organized as follows. In Section 2, we review the related 
works. In Section 3, the derivation of the target location is presented. In Section 4, the design of 
the location detection system consisting of hardware and software is described sequentially. 
Section 5 describes the experimental procedures. Sections 6 and 7 present the experimental 
results and discussion, respectively. Section 8 presents the conclusion. 
 
2. Related Work 
 Target localization is a hot topic in WSN. Souza et al. conducted an excellence survey in 
target localization for WSN [24]. There are four steps to obtain the target location: sensor 
localization, target detection, sensor collaboration, and target position computation. 
The sensor location information is used to be a reference of the target location [25]. In general 
the sensor location information is taken from how the sensors are deployed: strategic or random 
[26]–[28]. The strategic sensor deployment can be optimally determined the sensor location to 
minimize the target location error [29], [30] [31]–[33]. On the other hand, the random sensor 
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deployment can be categorized into range-based and range-free-based [34]. Range-based 
localization uses radio propagation characteristics including Angle of Arrival (AOA) [35], Time 
of Arrival (ToA) [36], TDoA [37], Received Signal Strength (RSS) [38], [39], and Doppler-
based [40], [41] to determine unknown sensor location from the beacon sensor. Range-free-based 
localization known as hop-count-based localization uses the average hop distance to approximate 
the actual distances [42]. 
 Target detection defines an event when sensor readings match the conditions that describe 
the target . How the sensor reading signals from the target depends on type of sensor data and 
matching techniques [43], [44]. The types of sensor data include accelerometer, acoustic, 
seismic, infrared, radio frequency identification (RFID), light, radar, image, and video data [21], 
[44]–[48]. The each types of sensor data requires different types of matching techniques. A 
sensor node detects the present of the target when the sensor data exceed a predetermined 
threshold such as energy level, frequency spectrum, weight level, speed level, light intensity, 
pixel metrics, and image pattern.  
 Sensor collaboration defines how communication between sensors occur when an event is 
detected [49], [50]. In general, there are two methods: centralized and decentralized. The 
centralized method defines the sensor nodes that detect the target and send their data toward the 
sink node. This method is simple with expense of possible network congestion as the number of 
receive messages increases at the sink node [51]. To overcome the network congestion, the 
decentralized method was proposed by sending only a single data report to the sink from a group 
of sensors [52]. This method requires a node as a cluster head that responsible for fusion and 
transmission of the data to the sink node [53]. The cluster nodes usually deplete their power 
faster than others. Because of unavailable the direct hop, data transmission requires a complex 
routing protocol. 
  The target position computation refers to find the distance and the position of the target 
relative to the sensor location [54]. Some sensor localization methods can be directly applied 
including RSS and TDoA to calculate the distance. However, these techniques demand a constant 
propagation speed of the signal emitted by the target [55]. Moreover, the computation method 
of the target position can use trilateration, multilateration, and bounding box that are non-convex 
problem [56], [57]. 
In this work, we used the grid-based sensor deployment for more tractable modeling. The target 
detection used accelerometer-based sensor for harsh environment [21], [58]. The sensor 
performed an energy level matching to detect the present of the target. We chose the centralized 
method for sensor collaboration since it has less complex network structure than the 
decentralized method. The existing methods for the target position computation demanded a 
known propagation speed of the target-generated waves. However, since the speed of the water 
waves was not constant, distance computation became difficult. To solve that problem, we 
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proposed a distance formulation using TDoA-based measurement with unknown propagation 
speed. Moreover, the position computation was simply derived using Trigonometry in a closed-
form expression. 
 
3. Derivation Of Target Location Formulation 
 To calculate the coordinates of the target location, we derived the proposed algorithm from 
the grid-shaped modeling of sensor placement. Grid modeling was first used by Lou et al. [21]. 
Grid modeling was selected because the results of the formulation were more tractable than 
random modeling. In this model, four sensors, 𝑠𝑠1– 𝑠𝑠4, are arranged in a rectangular formation 
with the length of the sides, 𝐿𝐿 (Figure 1). 

 

Figure 1. Grid model of the target location detection system. 
 

 The moving target cleaves the sensor formation by direction (𝛼𝛼) and sequentially through 
points 𝐴𝐴,𝐵𝐵,𝐶𝐶,𝐷𝐷, and 𝐸𝐸. The point 𝐴𝐴 is the point of intersection between the horizontal axes 
and the target path. The points 𝐵𝐵,𝐶𝐶,𝐷𝐷, and 𝐸𝐸 are the points of intersection of the target path 
with the target's diverging wave line to sensors 𝑠𝑠1, 𝑠𝑠2, 𝑠𝑠3, and 𝑠𝑠4, respectively. The diverging 
waves are waves with a V pattern that are formed by two loci of cusps whose angle with the 
sailing line is 𝜃𝜃 = 19028’ in deep water [44]. For this point 𝐸𝐸(𝑥𝑥𝐸𝐸 ,𝑦𝑦𝐸𝐸), the target coordinates 
can be calculated using the following steps: 
 
A. Compute Distance 𝑠𝑠1𝐴𝐴 
 Using the principle of trigonometry, the comparison between 𝑠𝑠1𝐴𝐴 and 𝐴𝐴𝐴𝐴 can be expressed 
as 

𝑠𝑠1𝐴𝐴 
sin 𝜃𝜃

=
𝐴𝐴𝐴𝐴 
sin 𝛿𝛿

 
(1) 
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𝑠𝑠1𝐴𝐴 =
𝐴𝐴𝐴𝐴 sin𝜃𝜃 

sin 𝛿𝛿
. 

Moreover, A𝑠𝑠2 can be expressed as 

𝐴𝐴𝑠𝑠2 =
𝐴𝐴𝐴𝐴 sin 𝜃𝜃 

sin𝜔𝜔
. 

(2) 
Using (1) and (2), the comparison of 𝑠𝑠1𝐴𝐴 and 𝐴𝐴𝑠𝑠2 can be computed as 

𝑠𝑠1𝐴𝐴
𝐴𝐴𝑠𝑠2

=
𝐴𝐴𝐴𝐴 sin𝜔𝜔
𝐴𝐴𝐴𝐴 sin 𝛿𝛿

 
(3) 

Because the total number of angles in a triangle is 1800  and 𝜃𝜃 = 19028’, 𝜔𝜔 and 𝛿𝛿 can be 
expressed as a function of 𝛼𝛼; therefore, (3) can be obtained as 

𝑠𝑠1𝐴𝐴
𝐴𝐴𝑠𝑠2

=
𝐴𝐴𝐴𝐴 sin𝜔𝜔
𝐴𝐴𝐴𝐴 sin 𝛿𝛿

 

=  
𝐴𝐴𝐴𝐴 sin(160032′ − 𝛼𝛼)
𝐴𝐴𝐴𝐴 sin(𝛼𝛼 − 19028’)

. 
(4) 

The estimated direction of the moving target was formulated from [1] is 

𝛼𝛼 = tan−1 �
𝑡𝑡𝑠𝑠3 + 𝑡𝑡𝑠𝑠4 − 𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2
𝑡𝑡𝑠𝑠1 + 𝑡𝑡𝑠𝑠2 − 𝑡𝑡𝑠𝑠3 − 𝑡𝑡𝑠𝑠4

tan 700�. 
(5) 

where 𝑡𝑡𝑠𝑠𝑖𝑖  is a timestamp at which the diverging waves intrude the 𝑖𝑖-th sensor. 

 The comparison between 𝑠𝑠1𝐴𝐴 and 𝐴𝐴𝑠𝑠2 is also affected by the comparison of the timestamp 
in the first and second sensors, which enables three conditions, i.e., 𝑡𝑡𝑠𝑠1 < 𝑡𝑡𝑠𝑠2, 𝑡𝑡𝑠𝑠1 = 𝑡𝑡𝑠𝑠2 , and 
𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2  (Figure 2). The condition 𝑡𝑡𝑠𝑠1 < 𝑡𝑡𝑠𝑠2  occurs when the diverging waves hit the first 
sensor before the second sensor. The condition 𝑡𝑡𝑠𝑠1 = 𝑡𝑡𝑠𝑠2occurs when the diverging waves hit 
the first and second sensors simultaneously. The condition 𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2  occurs when the diverging 

waves hit the second sensor before the first sensor.  

 
Figure 2. Three conditions of the timestamp between first and second sensors, i.e., 𝑡𝑡𝑠𝑠1 < 𝑡𝑡𝑠𝑠2 , 

𝑡𝑡𝑠𝑠1 = 𝑡𝑡𝑠𝑠2 , and 𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2 . 
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A.1. Condition 𝑡𝑡𝑠𝑠1 < 𝑡𝑡𝑠𝑠2  

𝑠𝑠1𝐴𝐴 can be calculated by first computing 𝐵𝐵𝐵𝐵 as  
𝐵𝐵𝐵𝐵 = 𝑣𝑣(𝑡𝑡𝑠𝑠2 − 𝑡𝑡𝑠𝑠1). (6) 

where 𝑣𝑣 is the estimated speed of the target as a function of 𝐿𝐿 and 𝛼𝛼 [1]: 

𝑣𝑣 =
𝐿𝐿 sin(𝛼𝛼 + 700)

�𝑡𝑡𝑠𝑠4 − 𝑡𝑡𝑠𝑠1� sin 19028’
. 

(7) 
Given 𝐹𝐹𝐹𝐹, which is parallel to 𝑠𝑠2𝐶𝐶 (Figure 3), 𝐹𝐹𝑠𝑠2 can be computed using the principle of 
trigonometry as follows: 

𝐹𝐹𝑠𝑠2
sin𝜔𝜔

=
𝐵𝐵𝐵𝐵

sin𝜃𝜃
 

𝐹𝐹𝑠𝑠2 =
𝐵𝐵𝐵𝐵 sin𝜔𝜔 

sin𝜃𝜃
 

=
𝐵𝐵𝐵𝐵 sin(160032′ − 𝛼𝛼) 

sin 19028’
. 

(8) 

 
Figure 3. Condition 𝑡𝑡𝑠𝑠1 < 𝑡𝑡𝑠𝑠2 . 

 
Figure 3 indicates that 

𝑠𝑠1𝐴𝐴 + 𝐴𝐴𝐴𝐴 = 𝐿𝐿 − 𝐹𝐹𝑠𝑠2 
𝐴𝐴𝐴𝐴 = 𝐿𝐿 − 𝐹𝐹𝑠𝑠2 − 𝑠𝑠1𝐴𝐴. (9) 

Using the principle of trigonometry, the comparison between 𝑠𝑠1𝐴𝐴 and 𝐴𝐴𝐴𝐴 can be expressed as 

𝑠𝑠1𝐴𝐴
sin𝜔𝜔

=
𝐴𝐴𝐴𝐴

sin 𝛿𝛿
 

𝑠𝑠1𝐴𝐴 = 𝐴𝐴𝐴𝐴
sin𝜔𝜔
sin 𝛿𝛿

. 
(10) 
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Substituting (6), (8), and (9) into (10), 𝑠𝑠1𝐴𝐴 can be expressed as 

𝑠𝑠1𝐴𝐴 =
sin𝜔𝜔

sin𝜔𝜔 + sin 𝛿𝛿
(𝐿𝐿 − 𝐹𝐹𝑠𝑠2) 

=
sin(160032′ − 𝛼𝛼)

sin(160032′ − 𝛼𝛼) + sin(𝛼𝛼 − 19028’)
�𝐿𝐿 −

𝑣𝑣(𝑡𝑡𝑠𝑠2 − 𝑡𝑡𝑠𝑠1) sin(160032′ − 𝛼𝛼) 
sin 19028’

�. 
(11) 

 
A.2. Condition 𝑡𝑡𝑠𝑠1 = 𝑡𝑡𝑠𝑠2  

This condition is such that 𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴 (Figure 4).  

 

Figure 4. Condition 𝑡𝑡𝑠𝑠1 = 𝑡𝑡𝑠𝑠2 . 

 
The length 𝑠𝑠1𝐴𝐴 can be derived from the comparison of 𝜔𝜔 and. 𝛿𝛿 

𝑠𝑠1𝐴𝐴
sin𝜔𝜔

=
𝐴𝐴𝑠𝑠2

sin 𝛿𝛿
 

𝑠𝑠1𝐴𝐴 =
𝐴𝐴𝑠𝑠2 sin𝜔𝜔 

sin 𝛿𝛿
. 

(12) 
With the aid of 𝐿𝐿 = 𝑠𝑠1𝐴𝐴 + 𝐴𝐴𝑠𝑠2 , 𝜔𝜔 =  160032′ − 𝛼𝛼 , and 𝛿𝛿 = 𝛼𝛼 − 19028’ , (12) can be 
expressed as 

𝑠𝑠1𝐴𝐴 =
𝐿𝐿 sin(160032′ − 𝛼𝛼) 

sin(160032′ − 𝛼𝛼) + sin(𝛼𝛼 − 19028’)
. 

(13) 
 
A.3. Condition 𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2  

 With the aid of GC, which is parallel to 𝑠𝑠1𝐵𝐵 (Figure 5), the length 𝑠𝑠1𝐴𝐴 can be expressed as 
𝑠𝑠1𝐴𝐴 = 𝑠𝑠1𝐺𝐺 + 𝐺𝐺𝐺𝐺. Furthermore, to compute 𝑠𝑠1𝐺𝐺, 𝐶𝐶𝐶𝐶 must be computed as follows:  

𝐶𝐶𝐶𝐶 = 𝑣𝑣(𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2). (14) 
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Figure 5. Condition 𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2 . 

 
Using the length 𝐶𝐶𝐶𝐶, 𝑠𝑠1𝐺𝐺 can be computed as 

𝑠𝑠1𝐺𝐺 =
𝐶𝐶𝐶𝐶 sin 𝜃𝜃 

sin 𝛿𝛿
 

=
𝑣𝑣(𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2) sin(19028’) 

sin(𝛼𝛼 − 19028’)
. 

(15) 
From Figure 5, the comparison between 𝐺𝐺𝐺𝐺  and 𝐴𝐴𝑠𝑠2  with their angles, 𝛿𝛿  and 𝜔𝜔 , can be 
expressed as 

𝐺𝐺𝐺𝐺 =
𝐴𝐴𝑠𝑠2 sin𝜔𝜔 

sin 𝛿𝛿
. 

=
𝐴𝐴𝑠𝑠2 sin(160032′ − 𝛼𝛼) 

sin(𝛼𝛼 − 19028’)
. 

(16) 
From Figure 5, the length 𝐴𝐴𝑠𝑠2 can be obtained using the following expression:  

𝐴𝐴𝑠𝑠2 = 𝐿𝐿 − 𝑠𝑠1𝐺𝐺 − 𝐺𝐺𝐺𝐺. 

= 𝐿𝐿−.
𝑣𝑣�𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2� sin(19028’) 

sin(𝛼𝛼 − 19028’)
− 𝐺𝐺𝐺𝐺. 

(17) 
Substituting (17) into (16), the length 𝐺𝐺𝐺𝐺 can be formulated as 

𝐺𝐺𝐺𝐺 = �𝐿𝐿 −
𝑣𝑣(𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2) sin(19028’) 

sin(𝛼𝛼 − 19028’)
�

sin(160032′ − 𝛼𝛼)
sin(160032′ − 𝛼𝛼) + sin(𝛼𝛼 − 19028’)

. 
(18) 

Finally, the length 𝑠𝑠1𝐴𝐴 at the condition 𝑡𝑡𝑠𝑠1 > 𝑡𝑡𝑠𝑠2  can be expressed as 

𝑠𝑠1𝐴𝐴

=
𝑣𝑣(𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2) sin(19028’) 

sin(𝛼𝛼 − 19028’)

+ �𝐿𝐿 −
𝑣𝑣(𝑡𝑡𝑠𝑠1 − 𝑡𝑡𝑠𝑠2) sin(19028’) 

sin(𝛼𝛼 − 19028’)
�

sin(160032′ − 𝛼𝛼)
sin(160032′ − 𝛼𝛼) + sin(𝛼𝛼 − 19028’)

. 
(19) 
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B. Computing 𝐴𝐴𝐴𝐴 
 The requirements for calculating the length 𝐴𝐴𝐴𝐴 are that the timestamp of the third sensor 
should be greater than or equal to that of the fourth sensor, 𝑡𝑡3 ≥ 𝑡𝑡4. From Figure 1, 𝐴𝐴𝐴𝐴 can be 
expressed as 

𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴 + 𝐵𝐵𝐵𝐵, (20) 
where  

𝐴𝐴𝐴𝐴 =
𝑠𝑠1𝐴𝐴 sin 𝛿𝛿

sin 𝜃𝜃
 

=
𝑠𝑠1𝐴𝐴 sin(𝛼𝛼 − 19028’)

sin(19028’)
, 

(21) 
and 𝐵𝐵𝐵𝐵 is the product of the target speed and the difference in timestamps between the third and 
first sensors: 

𝐵𝐵𝐵𝐵 = 𝑣𝑣(𝑡𝑡3 − 𝑡𝑡1). (22) 
 
B.1. Computing 𝑠𝑠1𝑥𝑥𝐸𝐸 
From Figure 1, the length 𝑠𝑠1𝑥𝑥𝐸𝐸 can be expressed as 

𝑠𝑠1𝑥𝑥𝐸𝐸 = 𝑠𝑠1𝐴𝐴 + 𝐴𝐴𝑥𝑥𝐸𝐸, (23) 
where the length 𝑠𝑠1𝐴𝐴 can be computed using (11), (13), or (19) depending on the timestamp 
comparison between the first and second sensors. Using (20)–(22), the length 𝐴𝐴𝑥𝑥𝐸𝐸  can be 
formulated as 

𝐴𝐴𝑥𝑥𝐸𝐸 = 𝐴𝐴𝐴𝐴 cos𝛼𝛼 

= �
𝑠𝑠1𝐴𝐴 sin(𝛼𝛼 − 19028’)

sin(19028’)
+ 𝑣𝑣(𝑡𝑡3 − 𝑡𝑡1)� cos𝛼𝛼. 

(24) 
 
B.2. Computing 𝑠𝑠1𝑦𝑦𝐸𝐸  
The length 𝑠𝑠1𝑦𝑦𝐸𝐸  is equal to 𝑥𝑥𝐸𝐸𝐸𝐸:  
𝑠𝑠1𝑦𝑦𝐸𝐸 = 𝑥𝑥𝐸𝐸𝐸𝐸  

= 𝐴𝐴𝐴𝐴 cos(90 − 𝛼𝛼) 

= �
𝑠𝑠1𝐴𝐴 sin(𝛼𝛼 − 19028’)

sin(19028’)
+ 𝑣𝑣(𝑡𝑡3 − 𝑡𝑡1)� cos(90 − 𝛼𝛼). 

(25) 
Assuming that the first sensor is located at the origin (0, 0), the coordinate 𝐸𝐸(𝑥𝑥𝐸𝐸 ,𝑦𝑦𝐸𝐸) can be 
expressed as 𝐸𝐸(𝑠𝑠1𝑥𝑥𝐸𝐸 , 𝑠𝑠1𝑦𝑦𝐸𝐸) based on (24) and (25). 
 
C. Computing AD 
 The computation of the length 𝐴𝐴𝐴𝐴 using (20) is only valid for 𝑡𝑡3 ≥ 𝑡𝑡4, while for 𝑡𝑡3 < 𝑡𝑡4, 
𝐴𝐴𝐴𝐴 is replaced by, 𝐴𝐴𝐴𝐴 (Figure 6). Moreover, 𝐴𝐴𝐴𝐴 can be expressed simply as 

𝐴𝐴𝐴𝐴 = 𝐴𝐴𝐴𝐴 + 𝐵𝐵𝐵𝐵, (26) 
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where 𝐴𝐴𝐴𝐴 can be obtained from (21) and 𝐵𝐵𝐵𝐵 is the product of the target’s speed (𝑣𝑣) and the 
difference of the timestamps of the fourth and first sensors: 
𝐵𝐵𝐵𝐵 = 𝑣𝑣(𝑡𝑡4 − 𝑡𝑡1). (27) 
 
C.1. Computing 𝑠𝑠1𝑥𝑥𝐷𝐷  
From Figure 6, the length 𝑠𝑠1𝑥𝑥𝐷𝐷 can be computed as  

𝑠𝑠1𝑥𝑥𝐷𝐷 = s1𝐴𝐴 + 𝐴𝐴𝑥𝑥𝐷𝐷, (28) 
where the length s1𝐴𝐴 can be obtained using (11), (13), and (19). The length 𝐴𝐴𝑥𝑥𝐷𝐷  is computed 
using 

𝐴𝐴𝑥𝑥𝐷𝐷 = 𝐴𝐴𝐴𝐴 cos𝛼𝛼, (29) 
where 𝐴𝐴𝐴𝐴 is computed from (26). 
 
C.2. Computing 𝑠𝑠1𝑦𝑦𝐷𝐷  
The length 𝑠𝑠1𝑦𝑦𝐷𝐷  can be expressed as  

𝑠𝑠1𝑦𝑦𝐷𝐷 = 𝐴𝐴𝐴𝐴 cos(90 − 𝛼𝛼), (30) 
where 𝐴𝐴𝐴𝐴 is obtained from (26).  

 
Figure 6. Condition 𝑡𝑡3 < 𝑡𝑡4. 

 
In summary, the target coordinates can be calculated from the input parameters consisting of the 
distance between sensors (𝐿𝐿) the target’s speed (𝑣𝑣) and the target’s direction (𝛼𝛼). 
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4. Target Detection System 
 The detection system consisted of three main components: the target, sensors, and PC. The 
target traveling at 𝑣𝑣 produced wave ripples. These waves were captured by an accelerometer on 
each sensor. If the signal produced by the accelerometer was greater than or equal to a threshold 
signal, each sensor stored the timestamp of the arrival of the wave ripples. The timestamp data were 
sent to the PC wirelessly using an XBee S2 transceiver module. To receive signals from the sensors, 
the PC was equipped with an XBee Explorer module through a universal serial bus (USB) cable. 
When the PC obtained signals from the four sensors, the software calculated the approximate 
location of the target in the 𝑥𝑥 and 𝑦𝑦 coordinates using the algorithm in Section 3. 
 
A. Hardware 
 The hardware consisted of four sensors and a PC. The term sensor means that a device consisted 
of an Arduino Uno R3 controller, an accelerometer, an XBee S2 transceiver module, and a Li-Ion 
18650 battery (Figure 7). These devices were assembled in a box for easy mounting with a buoy. 
The Windows-based PC and Xbee Explorer were used to operate software that was designed for 
the system. The hardware architecture is shown in Figure 7. 

 
Figure 7. Hardware architecture. 

 
B. Software 
 The software was used to process information in the sensor and PC. The software in the 
sensor was designed using the Arduino Integrated Development Environment (IDE) based on 
the C and C++ programming languages. This software was in charge of detecting signals from 
moving targets. If the received signal exceeded or equaled the threshold, the timestamp would 
be recorded and sent to the PC. The threshold was the minimum signal value from the 
accelerometer, which indicated a moving target. The threshold value was obtained from the 
training data generated from the experiment. The software algorithm is shown in Algorithm 1. 
Algorithm 1 Sensor-tier Detection Algorithm 
1: Initialization: switch sensor on, set threshold. 
2: Ouput: timestamp 
3: Loop for signal observation 
4: Sensor samples signal from accelerometer every 28 ms. 
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5: If the sample signal ≥ threshold 
6:  do record and send timestamp 
7: end. 
 The software installed on the PC was designed using a processing IDE based on the Java 
programming language. When the PC received the timestamp from the four sensors, the software 
calculated the 𝑥𝑥 and 𝑦𝑦 coordinates of the location of the moving target. The software algorithm 
is shown in Algorithm 2.  
Algorithm 2 Cluster-tier Detection Algorithm 
1: Initialization: set 𝐿𝐿, 𝜃𝜃 = 19028’  
2: Output: 𝑥𝑥 and 𝑦𝑦 coordinates 
3: Loop for listening for timestamp from sensor 1st, 2nd, 3rd, and 4th.  
4: If the timestamp complete? 
5: do compute 𝑥𝑥 and 𝑦𝑦 coordinates as location of the target using steps in Section 2 
6: end 
 
5. Experimental Procedure 
 The purpose of this experiment was to validate the proposed method by calculating the MAE 
for the 𝑥𝑥-axis, which can be expressed as 

MAE𝑥𝑥 = 1
𝑁𝑁
∑ |𝑥𝑥𝑖𝑖 − 𝑥𝑥�|𝑁𝑁
𝑖𝑖=1 , 

(31) 
where 𝑥𝑥𝑖𝑖 is the length of the 𝑥𝑥-axis as the result of computation using (23) or (28) in the 𝑖𝑖-th 
experiment, 𝑥𝑥�  is the length of the 𝑥𝑥 -axis from the measurement, and 𝑁𝑁  is the number of 
experiments. To compute the MAE for the 𝑦𝑦-axis, (31) can be used by changing 𝑥𝑥 into 𝑦𝑦 as 
follows:  

MAE𝑦𝑦 = 1
𝑁𝑁
∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦�|𝑁𝑁
𝑖𝑖=1 , 

(32) 
where 𝑦𝑦𝑖𝑖  is the length of the 𝑦𝑦-axis as the result of computation using (25) or (30) in the 𝑖𝑖-th 
experiment, And 𝑦𝑦� is the length of the 𝑦𝑦-axis from the measurement. 
 The experiment was conducted in a pool with a relatively calm water surface to minimize 
noise generated from wave ripples other than the target ripples. To ensure that the sensors did 
not move, we tied them using ballasts (Figure 8). Furthermore, a toy ship was used as the moving 
target, and it passed by all four sensors 𝑁𝑁-times with constant 𝑣𝑣 and 𝛼𝛼. The target was pulled 
by a rope wound on an electric motor with constant rotation to maintain a constant speed and 
direction. The experiment was conducted by varying 𝐿𝐿, 𝑣𝑣, and 𝛼𝛼. Moreover, before collecting 
location detection data, the threshold data is required to be obtained first. Subsequently, the 
threshold data were used in the software in the sensor module described in Section 4.2. 
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The length estimation of 𝑥𝑥 and 𝑦𝑦 was a function of 𝐿𝐿, 𝑣𝑣, and 𝛼𝛼, where 𝑣𝑣 and 𝛼𝛼 tended to 
have errors as in. The error in 𝑣𝑣 and 𝛼𝛼 may have propagated into the estimation of 𝑥𝑥 and 𝑦𝑦. 
Therefore, to observe and reduce the propagation errors, the experiment was conducted with 
three scenarios: the first was an experiment without error control, and all the estimated values of 
𝑣𝑣 and  𝛼𝛼 were used as inputs to estimate the lengths of 𝑥𝑥 and 𝑦𝑦. The second was an experiment 
with speed control errors, and only the value of 𝑣𝑣 that satisfied the criteria was input. The third 
was an experiment with directional control errors, and only the 𝛼𝛼 values that satisfied the criteria 
were used. 
 

 
Figure 8. Sensor setup in pool water. 

 
6. Results 
A. Threshold Measurement 
 The first data collected were the measurements of the threshold with variations in 𝐿𝐿 at 2, 3.5, 
and 5 m, as shown in Figures 9, 10, and 11, respectively. The target was pulled by an electric 
motor at a constant speed of 1 m/s to make it pass by all four sensors. Wave ripples from the 
target propagated and hit the accelerometer, and each sensor sampled the magnitude of the 
acceleration on the vertical axis of the accelerometer every 28 ms. The acceleration 
measurements were obtained from the vertical axis only because it was the most affected by 
wave ripples. The magnitudes of the acceleration and timing of the event are depicted on the 𝑥𝑥 
and 𝑦𝑦 axes, respectively, in Figures 9–11. As the figures show, when no target wave ripples 
were detected, the acceleration value of the four sensors was 0 m/s2. Conversely, when target 
wave ripples occurred, the acceleration value was greater than or equal to 0.096  m/s2. 
Therefore, the threshold value was obtained at 0.096 m/s2.  
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Figure 9. Threshold measurement for 𝐿𝐿 = 2 m. 

 
Figure 10. Threshold measurement for 𝐿𝐿 = 3.5 m. 

 

 
Figure 11. Threshold measurement for 𝐿𝐿 = 5 m. 
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B. Data Acquisition 
 The data acquisition for the 𝑥𝑥 and 𝑦𝑦 axes was conducted by combining variations of the 
three parameters: 𝐿𝐿 = 2, 3.5, and 5 m, 𝑣𝑣 = 1, 2, and 3 m/s, and 𝛼𝛼 = 800, 900, and 1000. 
Therefore, the total combination of the values of these parameters was 27, and each combination 
was conducted 5 times. 
 
B.1. Estimation of the Target’s Speed and Direction 
 Although the estimation of the target’s velocity and direction was not the main objective of 
this study, the speed and direction were inputs for the estimation of 𝑥𝑥  and 𝑦𝑦  coordinates. 
Therefore, an evaluation of the estimated velocity and direction was important. First, the 
evaluation of the estimated speed was distinguished based on three different actual speeds, i.e., 
1, 2, and 3 m/s (Figure 12). Each speed was obtained 45 times with various combinations of 𝐿𝐿 
and 𝛼𝛼. At the actual speed of 1 m/s, the estimated minimum and maximum velocities were 0.85 
and 1.65 m/s, respectively. At 2 m/s, the estimated minimum and maximum speeds were 1.69 
and 2.63 m/s, respectively. At 3 m/s, the estimated minimum and maximum speeds were 2.6 and 
3.83 m/s, respectively. Second, the estimated direction was differentiated based on three actual 
directions, i.e., 80°, 90°, and 100° (Figure 13). Each direction was obtained by collecting 45 data 
points with various combinations of 𝐿𝐿 and 𝑣𝑣 . At the actual direction of 80°, the estimated 
minimum and maximum directions were 83.5° and 93.32°, respectively. At 90°, the estimated 
minimum and maximum directions were 81.96° and 96.23°, respectively. At 100°, the estimated 
minimum and maximum directions are 88° and 97.13°, respectively. The speed and direction 
estimation errors were caused by the target’s wave ripples propagating at different speeds, 
resulting in the timestamps recorded by the sensor not being on time. 
 

 
Figure 12. Target speed estimation. 
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Figure 13. Target direction estimation. 

 
B.2. MAE of 𝑥𝑥 and 𝑦𝑦 axes 
 The MAE calculations for the 𝑥𝑥 and 𝑦𝑦 axes were evaluated at the lengths 𝐿𝐿 = 2, 3.5, and 5 
m (Figure 14); the MAE size increased with increasing L. The solid and dashed lines indicate 
the MAE on the x- and y-axes, respectively. Closer to the solid line, the MAEs were 0.56, 1.03, 
and 1.60 m at the sensor distances of 2, 3.5, and 5 m, respectively. On the dashed line, the MAEs 
were 0.25, 0.72, and 1 m at sensor distances of 2, 3.5, and 5 m, respectively. We observed that 
the greater the distance between sensors, the longer the wave ripple took owing to the farther 
distance traveled. The farther the distance, the weaker the wave ripple magnitude of the target 
detected by the sensors. The interesting result in Figure 16 is that the MAE on the 𝑥𝑥-axis was 
always greater than that in the 𝑦𝑦. This phenomenon can be explained using the Abbe error 
principle, for which the directional error causes errors on the 𝑥𝑥  and 𝑦𝑦  axes [45] [46]. A 
comparison of the amount of error for the 𝑥𝑥 and 𝑦𝑦 axes is described in Section 5.2.3. 

 

Figure 14. MAE for x- and y-axes versus sensor distance. 
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B.3. Error Explanation of 𝑥𝑥 Versus 𝑦𝑦-Axes 
 The errors on the x= and y-axes can be explained using the actual direction variable, 𝛼𝛼. If 
|∆𝛼𝛼| is the magnitude of the absolute deviation angle to the actual direction, then the estimated 
direction (𝛼𝛼�) being affected by |∆𝛼𝛼| is 

𝛼𝛼� = 𝛼𝛼 + |∆𝛼𝛼|. (33) 
The use of absolute values on |∆𝛼𝛼| indicates the fact that the deviation consists of negative and 
positive deviations. If 𝑆𝑆(𝑥𝑥𝛼𝛼 ,𝑦𝑦𝛼𝛼)  and 𝑇𝑇(𝑥𝑥𝛼𝛼� ,𝑦𝑦𝛼𝛼�)  are the actual and estimated coordinates, 
respectively, then the absolute deviation of the 𝑥𝑥-axis as a function of 𝛼𝛼 and ∆𝛼𝛼 is  

∆𝑥𝑥 = |𝑥𝑥𝛼𝛼 − 𝑥𝑥𝛼𝛼� | 
= | cos𝛼𝛼 − cos(𝛼𝛼 + |∆𝛼𝛼|)|. (34) 
The absolute deviation of the 𝑦𝑦-axis is 

∆𝑦𝑦 = |𝑦𝑦𝛼𝛼 − 𝑦𝑦𝛼𝛼� | 
= |sin𝛼𝛼 − sin(𝛼𝛼 + |∆𝛼𝛼|)|. (35) 

For 𝛼𝛼 = 90°, (34), and (35) can be simplified as ∆𝑥𝑥 = sin |∆𝛼𝛼|  and ∆𝑦𝑦 = 1 − cos |∆𝛼𝛼| , 
respectively. Moreover, to prove ∆𝑥𝑥 ≥ ∆𝑦𝑦, the range of ∆𝛼𝛼 can be determined as 

∆𝑥𝑥 ≥ ∆𝑦𝑦 
sin∆𝛼𝛼 ≥ 1 − cos∆𝛼𝛼 
sin∆𝛼𝛼+cos∆𝛼𝛼 − 1 ≥ 0. (36) 

(36) holds if ∆𝛼𝛼 falls within -90° ≤ ∆𝛼𝛼 ≤ 90°. The deviation graphs of ∆𝑥𝑥 (solid) and ∆𝑦𝑦 
(dashed) against the angle deviation (∆𝛼𝛼) is shown in Figure 15. The condition ∆𝑥𝑥 ≥ ∆𝑦𝑦 holds 
for |∆𝛼𝛼| ≤ 90°, while the condition ∆𝑥𝑥 < ∆𝑦𝑦 holds for |∆𝛼𝛼| > 90°. Referring to Figure 15, for 
𝛼𝛼 =90°, ∆𝛼𝛼 has a range of angle deviation between −1.96° ≤ ∆𝛼𝛼 ≤ 6.23°, where the range is 
still narrower than the required range. Thus, the phenomenon of the deviation of the axis ∆𝑥𝑥 is 
greater than that of the axis ∆𝑦𝑦. 

 
Figure 15. Deviation of x and y-axes around 𝛼𝛼 = 90°. 
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B.4. MAE with Error Control 
 As discussed in Section 6.2.1, errors occurred in the estimation of speed and direction. Since 
the estimation of the 𝑥𝑥- and 𝑦𝑦-axes was a function of velocity and direction, any error in 
estimating the velocity and direction caused errors in the estimation of the 𝑥𝑥- and 𝑦𝑦-axes. 
Therefore, controlling the speed and direction errors was important. Error control was conducted 
by limiting the error to the estimated speed and direction. The error control was measured using 
the MAE for the 𝑥𝑥- and 𝑦𝑦-axes. The MAEs were calculated using three experimental scenarios, 
i.e., no error control, speed error control, and direction error control (Figure 16). In the scenarios 
of speed and direction error control, the maximum error limits of both were 10%. The solid and 
dashed lines in Figure 18 indicate the MAE of the x and y axes, respectively. Closer to the solid 
lines, the direction error control scenario produced the smallest MAE compared with the speed 
error control and no error control scenarios. For example, at 𝐿𝐿  5 m, the MAEs for no error 
control, speed error control, and direction error control were 1.26, 0.87, and 0.5 m, respectively. 
The same phenomenon also occurred on the dashed lines, for which the direction error control 
indicated the smallest MAE value. These results implied that the direction error control was 
better than the speed error control. 
 After we observed that the direction error control can significantly reduce the MAE, the 
subsequent experiment aimed to observe the effect of direction error control, which was divided 
into a maximum of 10%, 7.5%, and 5% (Figure 17). The solid and dotted lines show the MAE 
on the 𝑥𝑥- and 𝑦𝑦-axes, respectively. Closer to the solid and dotted lines with the triangle marker, 
the maximum 5% direction error control resulted in the smallest MAE. This result corresponded 
with the expectation that the smaller the direction error, the smaller the estimated error on the 𝑥𝑥- 
and 𝑦𝑦-axes. 

 
Figure 16. MAE of x and y-axes with speed and direction error controls. 
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Figure 17. MAE of x and y-axes with various direction error controls: 
 ≤ 10%,≤ 7.5%, and ≤ 5%. 

7. Discussion 
 The main objective of this research was to detect the location of moving targets on a water 
surface. The proposed solution is an algorithm that can calculate the coordinates of the target, 
i.e., 𝑥𝑥- and 𝑦𝑦-axes. The algorithm was implemented in the target detection system, and its 
performance was measured using the MAE parameter. The evaluation of MAE on the distance 
between sensors indicated that the greater the distance between sensors, the greater the MAE. 
This result was not surprising because as the distance between the sensors increases, the wave 
magnitude generated by the moving target decreased. This implied that a tighter sensor 
deployment in the region of interest can increase the detection accuracy of the target location. 
The interesting result from this study was the 𝑥𝑥-axis MAE, which was always greater than that 
of the 𝑦𝑦-axis. This phenomenon is explained in Section 6. 2. 3 based on the principle of the Abbe 
error. Moreover, this phenomenon has potential benefits in explaining the problem of 
measurement accuracy in other research topics, such as a parallel coordinate measuring machine 
(PCMM). 
 Additionally, this study confirmed that errors occurring in the estimation of the target speed 
and direction can cause errors in the estimation of the target location. To minimize location 
estimation errors, speed and direction error control is necessary. The results indicated that 
direction error control has a greater effect than speed error control in reducing the MAE on the 
𝑥𝑥- and 𝑦𝑦-axes. These results suggest that increasing the accuracy of detecting the location of 
moving targets could focus on mitigating errors in a particular direction. The mitigation of the 
direction estimation error, based on (5), can focus on increasing the timestamp accuracy of each 
sensor. 
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 The limitation of this research is that the experiment was conducted on a relatively calm 
water surface to enable the sensors to easily recognize the existence of the target based on the 
threshold magnitude of the water waves. Experiments on dynamic water surfaces, such as at sea, 
will challenge sensors in recognizing the presence of a target. Sensors will require to use another 
method, such as the water wave spectrum threshold. In addition to these limitations, the proposed 
algorithm for calculating the target location can be applied directly. Thus, locating moving 
targets in a dynamic water environment using the water wave spectrum threshold is still an open 
problem. 
 
8. Conclusions 
 The purpose of this research was to detect the location of a moving target on a calm water 
surface using a wireless sensor network (WSN). This study proposed an algorithm that can 
calculate the target coordinates. The experimental results indicate that the proposed algorithm 
can locate moving targets with the smallest mean average error of 0.25 m. This research has 
contributed to the topic of detecting moving targets using WSNs by determining the location of 
these targets. The more attributes of the target are known, the more comprehensive the detection 
system will be. Subsequent research will involve detecting the target location on a dynamic water 
surface and determining its correlation with the MAE. 
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