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A B S T R A C T

An IoT infrastructure to continuously monitor the fresh food supply chain can quickly detect
food quality and contamination issues and thereby reduce costs and food wastage. This, in turn,
involves several challenges including the development of inexpensive quality/contamination
sensors to be deployed in a fine grain manner in the food boxes, technologies for sensor
level communications, online data management and analytics, and logistics driven by such
analytics. In this paper, we study the issues related to the communication among sensing
modules deployed in the fresh food boxes and thereby an automated localization of the boxes
that may have quality/contamination issues. In this context we study the near-field magnetic
induction (NFMI) based communication and localization, as the ubiquitous RF communications
suffer high attenuation through the water/mineral rich tissue media. An accurate localization
of the sensors inside boxes within the food pallets is very challenging in this environment. In
this paper we propose a novel magnetic induction based localization scheme, and show that
with a small number of anchor nodes, the localization can be done without any errors for boxes
as small as 0.5 meter on the side, and with small errors even for boxes half as big.

. Introduction

Fresh food distribution and transportation is a huge and growing enterprise due to increasing consumption and expectations of
‘freshness’’ from the public. However, the fresh food transportation and distribution (T&D) suffers from dismal efficiency because of
nplanned and uninformed distribution, which leads to substantial food spoilage and wastage. Furthermore, fresh food is also directly
r indirectly responsible for a large number of food borne illnesses annually in the US and elsewhere. There is a recent move towards

‘physical Internet’’ [1] which attempts to bring some of the key attributes of Internet (resource/capacity sharing, standardized
ddressing, formats, and protocols, etc.) to distribution logistics. The physical Internet architecture is also extended for fresh food
ogistics to consider perishability/contamination centrally, devise mechanisms for their online sensing/communication, and exploit
he information for intelligent, proactive distribution that enhances food freshness and safety, reduces food waste, increases T&D
tilization and energy efficiency, and extends the sensor lifetimes as much as possible [2].

One of the key reasons of food wastage and loss in food logistics is the lack of quality related information (or shelf life of the
roducts) during the distribution stage. Because of this, typical food logistics adopt First-In–First-Out (FIFO) distribution mechanism
ith the assumption that the oldest product has shorter shelf life. For example in Fig. 1(a) a FIFO distribution would have shipped
allets 1–4 based on the order of arrivals. However, a better distribution planning can be adopted if the accurate, online food
ualities and known at the distribution end. An illustration of an intelligent, quality-aware distribution is shown in Fig. 1(b) where
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Fig. 1. Illustration of (a) FIFO vs (b) intelligent, quality aware pallet distribution in a food logistics. Here ‘‘SL’’ stands for shelf life. (a) A FIFO distribution
ships pallets 1–4 according to their order of arrivals, based on the false assumption that the oldest pallets have the shortest shelf life and should be shipped
first. However in reality destination 1 may take more transit time and have slower consumption rate, which may lead to quality loss and spoilage to the pallets
1 and 2. Therefore in an intelligent distribution, pallets 1 and 2 will be sent to destination 2 for faster consumption, whereas other pallets can be transported
to destination 1 as they have higher shelf life. In this case all the pallets are consumed before their expiry.
Source: The figure is adapted from ChainLink Research (www.clresearch.com) [3].

the distribution orders are adjusted based on the shelf life of the pallets, along with their estimated transit and consumption time,
which leads to successful delivery and consumption of the packages before their expiry. This simple example illustrates the necessity
of an online quality/freshness monitoring of the packages in food logistics to reduce the extent of delivery wastage.

In this paper we develop food quality sensing and communication mechanisms for monitoring perishability/contamination in
fresh food T&D pipeline, particularly during transport of food on carriers (e.g., trucks) or in warehouses. In particular, we explore
mechanisms to automatically monitor, sense and communicate the fresh food quality as measured by appropriate sensors enclosed in
the boxes that may be stored in a distribution center, warehouse or in transit in a truck, railcar, etc. This involves both the localization
of the boxes containing sensor modules that detect quality/contamination issues and its communication to a local hub node. The
communicated quality along with the positional identification of the boxes can be exploited to take proactive actions that can
considerably improve the logistics efficiency, by reducing the food waste or triggering an early warning in case of a contamination.

Because of the high water content, RF signals degrade rapidly in these environments; therefore, we use the near-field magnetic
induction (NFMI or simply MI) technology, which works quite well and provides adequate range for our application. NFMI
communication works on the principle of resonant inductive coupling (RIC), which involves two matched coils, each forming a
LC circuit with the same resonance frequency. RIC has been used successfully for extremely efficient power transfer over short
distances and is used for contactless mobile charging, car battery charging, etc. NFMI communication modulates the magnetic field
and forms the basis of near field communications (NFC) between mobile devices. NFMI communication has been studied in several
earlier works, including our survey paper [4], therefore the focus of this paper is largely on its application in fresh food logistics.
We demonstrate that the NFMI technology in the HF band (3–30 MHz) can be employed as a means of reliable communication in
food logistics. To localize the sensors inside food boxes, we propose a novel magnetic induction based localization scheme, named
MagLoc and study its accuracy via extensive simulations. The proposed MI based sensing and localization scheme can also be useful
in similar RF challenged applications, including smart farming or aquatic agricultural monitoring.

The outline of the paper is as follows. Section 2 discusses the overall background and motivation of the research. Section 3
describes the suitability of MI communications and a brief overview of its channel modeling. Section 4 formulates the localization
problem for locating the sensing devices. In this section we show that the localization problem is NP-hard, and present a heuristic
approach. Section 5 shows extensive simulation and experimental results to explore the effectiveness of the mechanism. Related
works are summarized in Section 6. The paper is concluded in Section 7.

2. Motivation and background

2.1. Emerging technologies for fresh food supply chain

Transportation and distribution of fresh food is a huge and growing enterprise due to both world wide sourcing of products and
increasing recognition of the benefits of fresh fruit/vegetable dominated diets. Fresh food includes a large spectrum of products
including raw and prepared (but not preserved) fruits, vegetables, fungii, dairy, seafood, meats, etc, with varying perishability
characteristics and handling requirements. There are also increasing expectations of ‘‘freshness’’ from the public, which conflict
with the goals of reducing food waste and its enormous environmental impact and cost. In the US, up to 40% of all food (and up
to 50% of fresh food) is wasted resulting in $165 Billion annual cost [5], which in turn wastes fresh water resources, fertilizers,
transportation/storage capacity, etc. Although the supply chain only accounts for only about 12% of the food waste directly, the
indirect waste (due to retailers/customers throwing away food that spoils early or simply does not look good) is much higher [6].
The fresh food supply chain remains extremely inefficient, with only about 10%–20% of the carrying capacity used effectively [1].

These issues are being tackled on multiple fronts. One is the increasing deployment of so called 3rd party logistics (3PL) which
allows a 3rd party to collectively serve the logistics needs of multiple customers and thereby wring out significant inefficiencies [7].
Several variants of the idea such as multiple companies sharing their delivery capacity without involving a third party are on the rise.
Another significant development is the borrowing of ideas from Internet to create what is known as ‘‘Physical Internet’’ that includes
2
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Fig. 2. (a) A smart and informed fresh food logistics. Communication infrastructure (b) inside a truck and (c) within a warehouse. In this figure, AOC denotes
Analytics & Operations Center. These figures have been adapted from multiple sources that are either free or supported by creative commons licences.

modularized containers, standardized addressing mechanisms, automated operations (e.g., packing/unpacking, loading/unloading,
sorting, positioning, etc.), and shared (rather than privately operated) logistics operations [1]. In the past, we have proposed
the Fresh Food Physical Internet (FFPI or 𝐹 2𝜋) to better integrate perishability into the physical internet [8]. Alongside, the
developments in IoT technologies enable comprehensive automated monitoring and decision making. It is this last aspect that the
we shall focus upon in this paper. Fig. 2(a) shows the conceptual view of the intelligent supply chain with all major components of
the logistics providing data to and being driven by comprehensive analytics of this data in a cloud.

2.2. Sensing and communications for fresh food supply chain

Given the increasing availability of inexpensive IOT devices with sensing and communications capabilities, it is possible to
deploy them densely for on-line monitoring of quality and contamination throughout the supply chain. This can play a central role
in reducing waste, increasing efficiency, and enhancing food safety [11,12]. Our vision is that all boxes carrying perishable products
will have one sensing node that detects crucial aspects of product quality including bacterial content, contamination etc. Recently
a significant amount of research efforts are going on to develop such cheap food sensors, such as C2Sense [13], FoodScan [14],
Salmonella Sensing System [15] etc. Table 1 summarizes some of these food sensors. Although many such sensors currently under
development target the end-customer (i.e., intended to be deployed in small retain packages that the retail customer can check
during purchase and while the product is in the refrigerator), our goal is its deployment in the supply chain which has different
deployment and usage requirements as discussed below.
3
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Table 1
Different sensor types.
Source: Data obtained from [9,10].

Trade name/Biosensor Organization

Time Temperature Indicator (TTI)

Fresh-check Temptime Corp.
Timestrip Timestrip Plc
OnVu Ciba Specialty Chemical and Freshpoint
MonitorMark 3M™, Minnesota
Tempix TEMPIX
FreshTag Vitsab

Indicator sensors

SensorQ DSM NV
RipeSense RipSense™
RediRipe University of Arizona

Contamination sensors

C2Sense C2Sense, Inc.
FoodScan MS Tech
Salmonella Sensing System Auburn University
Escherichia coli 0157:H7 in lettuce MIT
Escherichia coli O157:H7 and Salmonella in meat Michigan State University
Salmonella and Campylobacter in pork industry Georgia Research Tech Institute
Staphylococcal enterotoxin B and Botuminum toxin A in tomatoes, sweet corn,
beans and mushrooms

Naval Research Laboratory

Escherichia coli 0157, Salmonella, Listeria and Campylobacter Molecular Circuitry Inc.

The supply chain largely deals with moving and storing ‘‘pallets’’ or large packages consisting of rectangular arrangement of
maller retail level boxes that in turn contain end-customer level packages. For example, a retail box may contain 20 individual
ackages of chicken that the end customer buys. For supply chain monitoring, it is enough if each retail box contains only one
ensor; in case of a contact sensor, this sensor must be deployed in one of the customer packages inside the retail box, but other
ypes of sensors (e.g., gas emission sensors) may not need any physical contact. A pallet might consist of 5 × 5 × 5 arrangement of

retail boxes, and we assume by default that every box has a sensor. Since the packaging and palletization is increasingly done by
robotic mechanisms, it is possible to systematically insert one sensor per retail box in roughly the same position. However, while
the pallets are in the supply chain, it should be possible to read these sensors via wireless means. That is, each sensor is really a
sensing and communications (S&C) module with a suitable radio technology that can work through the media of fresh food, such
as NFMI.

We envision these local, short range communications to further connect to longer range communications so that the data can
eventually be deposited in a central place such as a cloud. However, in addition to communicating the quality data, we also need
to associate the reported data to the position of the reporting box. Such a correlation can be very useful as described later. Thus
the key problem addressed in this paper is localization of the sensors (or rather the boxes containing the sensors) under NFMI
communications. We believe that this is the first work on localization using NFMI in this challenging environment.

Our vision is to deploy the sensing and communications (S&C) modules throughout the supply chain so that most, if not all, fresh
food pallets in the supply chain carry them from source (where the pallets are initially prepared) until the destination (e.g., points
of depalletization and retail distribution). This means that the pallets will be monitored while being transported by any means
(e.g., truck, railcar, boat, etc.) or stored in a warehouse. In order to monitor the quality continuously, we need to deploy some sink
radio modules on the carriers and in warehouse rooms so that they can communicated with the S&C modules in the pallets. All
of these radios use the same technology, which we will largely consider as NFMI. Fig. 2(b) shows the overall architecture of the
proposed system within a truck carrying one or more pallets of boxes with one S&C modules per box. The sink (or anchor) nodes
are mounted on (or close to) the inner walls of the carrier; these nodes are equipped with both MI and WiFi interfaces. These nodes
can easily connect with a local hub such as the WiFi access point or smartphone and from there connect to the central Analytics
& Operations Center (AOC) that resides in the cloud for further analytics and action. Similar deployment happens in a cold-storage
warehouse room as well, which is shown in Fig. 2(c).

2.3. Role of localization in smart fresh food supply chain

Given the centralized availability of the quality/contamination data in the AOC, it is possible to do deep analytics and drive a
variety of decisions for reducing waste and enhancing the efficiency of the logistics. One important use of the information is the
proactive early distribution of the pallets that are experiencing quality issues. That is, instead of carriers following the predefined
delivery schedule and delivery points, the delivery destinations, schedules, and routes are altered (to the extent possible) so that the
transit time of pallets with quality issues is reduced (at the cost of delaying others). This relates to the notion of ‘‘lateral distribution’’,
i.e., distribution center to distribution center or even retailer to retailer distribution to reduce further quality loss and food wastage.
4



Internet of Things 19 (2022) 100552A. Pal and K. Kant
Fig. 3. (a) Temperature variation inside a pallet as the container temperature increases from top-left to bottom-right (reprinted with permission from [16]). (b)
The quality degradation of strawberries after 1 week of storage (reprinted with permission from [21], Photo Credit: Don Edwards, UC Davis).

With more significant quality loss, the product can often be directed to local food kitchens or sold to low end retailers in the
area. These actions can be further modified based on other factors such as weather, warehouse space availability, endpoint needs,
contractual flexibility, etc. More aggressive actions include adjustment of cooling in the carriers and warehouses to minimize their
energy consumption so as to maintain quality degradation within the acceptable bounds. Finally, if the contamination is detected
or there are signs of significant degradation, the product can be removed from the distribution pipeline so that its carbon footprint
and potential ill effects can be minimized. The analytics required to take these actions could be quite sophisticated and is crucially
dependent on timely quality/contamination information.

All of the actions above relate to entire pallets since they are not opened until the stage of local distribution. Thus simply knowing
how many boxes within a pallet have quality issue may be adequate — the identification of the corresponding boxes is not needed.
However, the localization, even if done approximately, can be useful in several respects as described below.

The most crucial use is in the analytics itself. The reason is that the temperature and other parameters inside a pallet vary from
box to box depending on their positions. This is shown in Fig. 3(a) where the temperature variation of 45 packages inside a pallet
was recorded over a period of 24 h [16]. As expected, the rate of temperature increase at the core of the pallet is lower than that
of outside. This temperature variation results in a wide variation in food quality, although the extent of this variation depends on
the food types. Fig. 3(b) shows the quality degradation of strawberries kept at three different temperatures over a period of one
week. After one week the strawberries stored at 0 ◦C remains fresh, while those of 20 ◦C spoiled completely. Thus knowing the box
position within the container can provide much more granular data and hence better analytics of the state of the pallet and how to
improve the logistics in the future.

Another reason for tracking box positions is that it helps immediate discarding or return of boxes with quality/contamination
issues at the point of depalletization. Without it, such boxes will be delivered to the retailer who then must inspect the contents and
take further action. Yet another reason is the more effective cooling management. If the position of the box reporting temperature or
quality issue is known, it is easier to conclude if the issue is related to cooling control or something else (e.g., precooling effectiveness,
starting quality, etc.) and this knowledge can be used to optimize cooling.

3. Wireless communication through food media

In this section we review some wireless communication technologies and argue that the NFMI technology is best suited for the
application. We also briefly review the channel modeling for this technology.

3.1. RF vs. Ultrasound vs. NFMI

Because of their ubiquity, short-range RF based communication such as BlueTooth Low Energy (BLE) would be a natural choice
for our application; unfortunately, RF is known to suffer high signal absorption in aqueous/tissue media of fresh food [17]. For
example in [18] the authors have shown that in tissue medium, the path loss at 0.5 m distance is 47–49 dB at 403.5 MHz. Similar
studies [19,20] have also reported that the attenuation values in tissue medium ranges from 20 dB at 100 MHz to 60 dB at 1 GHz
for distances less than 10 cm. Although the use of lower frequencies help reducing absorption, this will need bigger antennas and
will cause severe interference in a dense environment consisting of multiple boxes each having some sensing units.

Ultrasonic communication can work in aqueous and tissue medium; however, such communication is deeply affected by
multipath fading [22] due to the inhomogeneity of the tissue medium, presence of small organs, particles etc. which affects the
sound velocity. This makes the detection and decoding of the signal challenging at the receiver, due to numerous attenuated and
delayed versions of the same transmitted signal. Another issue of ultrasonic communication is that a significant portion of the energy
is absorbed (although lower then RF) and converted into heat when ultrasounds propagate, which leads to temperature increase
and thus quality loss of perishable products.

Compared to RF and Ultrasound, NFMI suffers from negligible signal fluctuations and multi-path effects, which are advantageous
for localization [23]. Along with these characteristics, the ability to use small coils (2.5/5.0 cm in our experiments), short
5
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Fig. 4. (a) The intersection angle between two unidirectional coils. (b) Illustration of two tri-directional coils. The arrows are showing the unit normal vectors,
perpendicular to the coil planes. (c) Spherical coordinate system where 𝐴 and 𝑂 are the positions of the transmitter and receiver respectively.

transmission range (e.g., 1.5 m), and a decent data rate (e.g., 596 Kb/s) makes NFMI suitable for our application. Apart from these,
ultra-low-power MI solutions also consume less power than RF and ultrasound over short distances. MI chipset may draw as little as 7 mA
for voice and data communication over a 1 m link, whereas RF systems require 10 times of this amount [24]. The reasons for such
low-power consumption are as follows. First, is the ability of MI communication in the carrier frequency of 11–15 MHz, which
offers tremendous advantages over 2.4 GHz RF system. For example, an on-chip amplifier operating at 2.4 GHz consumes several
mA current, whereas an 11.5 MHz amplifier consumes only few hundreds of 𝜇As [24]. Similar current savings are observed on other
blocks of the transceivers. The RF systems also require more complex and power-hungry processors as compared to MI. Finally, the
high-frequency RF systems may need higher power semiconductor processes such as silicon germanium (SiGe) or BiCMOS.

Acoustic transceivers are typically designed for long distance communication, with higher power consumption. For example,
in [25] the authors have designed acoustic transceivers for communicating distances over 30–60 m with a power consumption of
8 W. Similar power consumption is also reported for longer range acoustic communication in [26]. Also the propagation of acoustic
waves is slow (roughly 1500 m/s in water) as compared to electromagnetic waves, and the available communication bandwidth is
quite limited due to the difficulty of making high frequency acoustic signals [27]. MI communication is also shown to provide higher
data rate through materials than acoustic techniques [28]. The attenuation constant of acoustic signals also vary a lot depending on
the types of tissues or bones the signal is passing [29]. The MI channels also suffer from smaller signal fluctuations and multi-path
effects.

Although MI communication has been studied for some RF-challenged environments such as underwater [30], underground [31],
and Body Area Networks [23], its practical use in the very dense 𝐹 2𝜋 context poses several new challenges that we address in this
paper. A key challenge is to localize the shipping boxes so that the quality of the corresponding food packages can be tracked
in real time while on transit. We exploit the regular geometry of the shipping boxes and the information of their neighbor relationship
to develop a novel Magnetic induction based Localization scheme, named MagLoc. To the best of our knowledge, this is the first
proposal that explores the MI-based techniques for designing communication and localization mechanisms in this very challenging
operating environment of food quality monitoring systems.

3.2. NFMI communication overview

As stated earlier, NFMI works by the principle of resonant inductive coupling between two coils. Consider a transmit and receive
coil pair separated by distance 𝑟 with the plane of the coils tilted at angles 𝛽𝑡 and 𝛽𝑟 relative to the axis joining the coil centers, as
shown in Fig. 4(a). Then the magnetic field induced in a receiver coil due to the current flowing through the transmit coil is given
by Lenz’s law; the mutual inductance in between the coils can described as [32–34].

𝑀𝑡→𝑟 = 𝑀𝑟→𝑡 ≈
𝜇𝜋N𝑡N𝑟𝜌2𝑡 𝜌

2
𝑟

2𝑟3
|

|

|

|

cos 𝛽𝑡 cos 𝛽𝑟 −
1
2
sin 𝛽𝑡 sin 𝛽𝑟

|

|

|

|

(1)

Here 𝜌𝑥 and N𝑥 are the radius and the number of turns in the transmit (𝑥 = 𝑡) and receive (𝑥 = 𝑟) coils respectively, and 𝜇 is the
magnetic permeability of the medium. In this paper, we assume that the transceivers are of identical dimensions, i.e. N𝑡 = N𝑟 = N
and 𝜌𝑡 = 𝜌𝑟 = 𝜌.

It can be seen that the induced magnetic field (and hence the induced current) in the receive coil is maximum when the planes of
the two coils are aligned (i.e., 𝛽𝑡 = 𝛽𝑟 = 0), and goes down rapidly as the mis-orientation increases. In our application, it is important
that the induction be roughly isotropic so that the S&C modules can be ‘‘thrown’’ into boxes in any orientation. This requires a ‘‘ball’’
like structure with 3 orthogonal coils as shown in Fig. 4(b). Because of the orthogonality, the overall field is simply a superposition
of 3 fields. We have developed detailed equations for this case in [4]; here we only briefly illustrate some numerical results.

Fig. 5 shows the comparison of unidirectional and tri-directional coil transceivers with different coil orientations. 𝜇 and N are
assumed to be 4𝜋 × 10−7 Henrys/m and 10 respectively. We keep 𝑟 = 1 m and the source voltage of the transmit coil 𝑉𝑠 = 3 V in
Fig. 5. The load resistance of the coils is assumed to be of 1 Ω. In Fig. 5, we keep the coil position fixed, whereas the coil orientations
6



Internet of Things 19 (2022) 100552A. Pal and K. Kant
Fig. 5. Path loss in case of (a) unidirectional and (b) tri-directional coil transceivers. (c) CDF of path loss for unidirectional coil and tri-directional coil transceivers.
𝛾𝑥 and 𝛾𝑦 denote the relative angle of the coils with respect to the 𝑥 and 𝑦-axis respectively.

Fig. 6. (a) Path loss and its (b) CDF for tri-directional coil transceivers with different 𝜙 and 𝜃. 𝜙 and 𝜃 are the inclination and azimuth angle of the spherical
coordinate system respectively.

Fig. 7. Path loss with distance for tri-directional coil transceivers.

are varied with respect to its 𝑥 and 𝑦 axis. Notice that for the tri-directional coil, the orientation (𝛾𝑥 and 𝛾𝑦) in Fig. 5(a)–(b) denotes
the orientation of one of the three unidirectional coils. The other two coil’s orientation vary with respect to the first one, such
that all three coils are orthogonal. From this figure we can observe that tri-directional coil transceivers exhibits near-isotropic
transmission characteristics, which makes it suitable for our application. Also the tri-directional coil has lower path loss compared
to the unidirectional coil as seen from Fig. 5(c).

We next keep the receiver coil orientation fixed, and change its relative position in the 3D space by varying the 𝜙 and 𝜃, where
𝜙 and 𝜃 are the inclination and azimuth angle as shown in Fig. 4(c). The result is shown in Fig. 6, where 𝑟 is assumed to be of 1 m.
Fig. 6 demonstrates that as far as the distance in between the coils are the same, their relative positions in the 3D space do not
affect the received signal strength in between them.

Fig. 7 shows the path loss with different transceiver distances using tri-directional coil transceivers. From this figure we can
observe that with 𝑉𝑠 = 3 V, the transmission range of tri-directional coil transceivers are ∼2–3 m (considering 70 dB of loss) with
𝜌 = 0.025 m and even higher with larger coil radius, which is adequate for our applications.

In practice a network will consists of multiple nodes, therefore, there will be multiple such tri-directional coils with interdepen-
dent mutual inductances in between them. The mutual inductances between any two coils can be calculated using Eq. (1), which
can be utilized to calculate the induced current and received power. Using this the power received at each node is calculated by
adding the received power in its three coils.
7
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Fig. 8. (a) An illustrative example of the placement of the boxes and the sensor nodes. (b) Received power at the sensor nodes with different source voltages.

4. MagLoc : A MI based localization scheme

In this section we describe our MI based localization scheme MagLoc, its challenges and why the problem is unique as opposed
to other localization problems. We assume that at the time of localization the overall box placement architecture (i.e. the boxes are
kept in 10 × 5 × 5 grid architecture) is known to the central controller; this assumption is practically feasible in future smart food
logistics where the loading–unloading of the shipping boxes will be largely done in an automated fashion for well-planned, efficient
truck space utilization. However in a large food distribution chain it is difficult to keep track of exact box (or sensor) locations. To
cope up with this, we formulate the problem as follows. We assign virtual box (VB)-ids to the boxes enumerating their locations; for
example, VB-ids can be based on their center coordinates in 𝑥, 𝑦, 𝑧 axis w.r.t a reference point (i.e. in Fig. 2(b) the reference point
can be one of the bottom left corners of the truck where the boxes are kept). Thus, if we can assign the sensors to the VB-ids, then
we can localize the sensors (or the boxes) from their corresponding VB-id coordinates, w.r.t some reference point. Thus the purpose
of MagLoc is to identify from where (i.e. from which virtual box location) the sensed data is coming, or to identify the relative
positions of the shipping boxes having products that may have contamination or spoilage. In the following, we use the term virtual
box to denote that their locations are known (w.r.t some reference point).

4.1. A conceptual overview

Ideally for localizing the sensor nodes we need to estimate their distances from some reference points (or anchors), however
such techniques are not adequate in our application due to the following reasons:

1. In presence of multiple such MI coils, their interdependent mutual inductance make the distance estimate highly erroneous.
2. Finding the distance estimate requires precise knowledge of the channel parameters which is difficult to obtain in our applications,

as they vary depending on the types of the food products or whether the truck (or boxes) are fully loaded or not etc.
3. The distance estimate also requires the exact coil orientations, which is also not available in this scenario as different boxes can

be kept in different orientations during loading–unloading.
4. The magnetic signals in such environments are also influenced by the ferromagnetic walls (of the trucks, carriers etc.), which

makes the problem even more challenging.

Therefore in contrast to such distance based localization schemes [34,35], our objective is to collect the information of the received
power at the sensor nodes from an anchor to get their relative distance order with respect to that anchor and use this information
to localize them to the known virtual box positions. We argue in Section 4.4 that such an approach is robust even in presence of
the truck walls.

We first explain the concept of MagLoc using Fig. 8(a) where 5 cubic boxes with dimensions (𝛥) equal to 1 m are deployed side
by side. We assume that a sensor node is placed at the center of each box. There is one anchor node that transmits pilot signals; the
received power from these pilot signals are recorded by the 5 sensor nodes. Let us assume that 𝐵𝑖 and 𝑆𝑖 denote box-𝑖 and sensor-𝑖
respectively; box 𝐵1 is closest to the anchor whereas 𝐵5 is the farthest.

Fig. 8(b) shows that variation of the received powers at the sensor nodes with different voltage 𝑉𝑠. From Fig. 8(b) we can observe
the following characteristics. First, the receiver power at the sensor nodes increases with the increase in 𝑉𝑠. Second, the received
powers are consistent with the box distances from the anchor, i.e. the received power of 𝑆1 is the highest whereas that of 𝑆5 is
the lowest; in fact, this trend remains consistent with different 𝑉𝑠. Thus, if we maintain any constant 𝑉𝑠 at an anchor, then we can
obtain relative order of the sensor node’s positions from that anchor; which can be matched with that of the virtual boxes to get an
indication of which sensor nodes is kept in which virtual box. However, this order can be disturbed in presence of higher number
of sensor nodes, due to the mutual inductance in between their coils. Furthermore, the relative order may also be disturbed as the
propagation characteristics of the tri-directional coils are not completely isotropic, as observed in Fig. 5(b).

In order to study the impact of many sensors, we develop a factor called outlier factor which is defined as follows. Consider a
scenario where 𝑁 boxes (along with sensing devices) are placed in a 3-D grid such that the 𝑖th sensor node is placed in the 𝑖th box.
8
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Fig. 9. Variation of outlier factor with different 𝛥, in case of (a) 125 sensor nodes, and (b) 250 sensor nodes.

An anchor is placed at one corner of the grid with enough power to reach all nodes. We assume that S𝑖𝑔 is a matrix which is 1 if
the received power of sensor node 𝑆𝑖 is more than that of 𝑆𝑔 , and B𝑖𝑔 is 1 if box 𝐵𝑖 is closer to the anchor than box 𝐵𝑔 . With this
we define the outlier factor as

∑

𝑖
∑

𝑔 |S𝑖𝑔−B𝑖𝑔 |
∑

𝑖
∑

𝑔 S𝑖𝑔
, i.e. the outlier factor measures the level of inconsistencies between the power received

by the sensor nodes and their corresponding box distances from the anchor. For example in Fig. 8(b) the outlier factor is 0, as the
received power is consistent with the box distances from the anchor.

Fig. 9 shows the variation of the outlier factor with different 𝛥. We consider two cases: Fig. 9(a) shows the outlier factor with
a 3-D grid of 5 × 5 × 5 boxes, whereas Fig. 9(b) shows the scenario with 10 × 5 × 5 boxes. From Fig. 9 we can observe that even
with 𝜌 = 0.05 m and 𝛥 = 0.5 m, the outlier factor remains below 0.4 both in case of 125 and 250 sensor nodes, i.e. less than 40%
of the relative ordering are inconsistent whereas the rest are consistent. However the outlier factor is significantly low (below 0.2)
when the coil radius 𝜌 = 0.025 m. This is because higher coil radius leads to larger effect of mutual inductance in between the coils,
which results in higher outlier factor. Therefore, from this point onwards we keep the coil radius 𝜌 = 0.025 m because of its smaller
outlier factor and thus for better localization accuracy. The transmission range with 𝜌 = 0.025 m is 2–3 m which is adequate for
our purpose. In addition to that keeping the coil size small makes it easier to attach it in small food boxes.

4.2. Localization problem formulation

We assume that there are 𝑁 sensor nodes that are placed in 𝑁 shipping boxes. Also assume that 𝐴 anchors are placed at different
corners at the trucks (or warehouses) whose transmissions can be received by all the sensor nodes; this assumption can be feasible
in many scenarios as the anchors are not battery constrained and thus use higher 𝑉𝑠 to extend their transmission ranges. Later on
in Section 5.2.3 we will show that this assumption can be relaxed. While localizing the boxes, the anchor nodes broadcast pilot
signals, which carry the ids of the corresponding anchors; we assume that the pilot signals from different anchors are transmitted at
different time scales so that they do not interfere, which can be achieved by coordination among the anchors. Upon receiving these
pilot signals, the sensor nodes record the received power corresponding to these signals from different anchors and report them to
the sinks (which then report them to the central controller through WiFi interface) using multi-hop communications.

The central controller then exploits (a) the known virtual box locations and their relative distance order from each anchor, and
(b) the relative distance order of the sensor nodes from each anchor based on their received power from the anchors, to assign the
sensor nodes to the virtual boxes. The overall localization problem formulation at the central controller can be described as follows.
Assume that 𝑥𝑖𝑔 is a binary decision variable which is 1 if the sensor node 𝑆𝑖 is assigned to virtual box 𝐵𝑔 . Also assume that 𝑑𝑎𝑖
denotes the distance between anchor-𝑎 and the box 𝐵𝑖. S𝑎𝑖𝑓 is an input binary variable which is 1 if Pr𝑎𝑖 > Pr𝑎𝑓 , and B𝑎

𝑔𝑙 is also an
input binary variable if virtual box 𝐵𝑔 is closer to 𝑎 than box 𝐵𝑙, i.e. 𝑑𝑎𝑔 < 𝑑𝑎𝑙 . With these the problem of MagLoc can be formulated
as follows:

Maximize
𝐴
∑

𝑎=1

𝑁
∑

𝑖=1

𝑁
∑

𝑔=1

𝑁
∑

𝑓=1

𝑁
∑

𝑙=1
𝑥𝑖𝑔𝑥𝑓𝑙S𝑎𝑖𝑓B

𝑎
𝑔𝑙 (2)

where 𝑥𝑖𝑔 ∈ {0, 1} ∀𝑖 ∈ S , 𝑔 ∈ B and
𝑁
∑

𝑔=1
𝑥𝑖𝑔 = 1, ∀𝑖 ∈ S ,

𝑁
∑

𝑖=1
𝑥𝑖𝑔 = 1, ∀𝑔 ∈ B (3)

where S and B are the set of sensor nodes and boxes. The objective is to assign the sensor nodes into the virtual boxes such that
the similarities in between the distance order of the sensor nodes and the virtual boxes are maximized. For example assume that the
sensor node 𝑆𝑖 is assigned to virtual box 𝐵𝑔 , and the sensor node 𝑆𝑓 is assigned to virtual box 𝐵𝑙. In such a scenario, if Pr𝑎𝑖 > Pr𝑎𝑓
and 𝑑𝑎𝑔 > 𝑑𝑎𝑙 , then S𝑎𝑖𝑓 = 1 and B𝑎

𝑔𝑙 = 0. Thus the expression 𝑥𝑖𝑔𝑥𝑓𝑙S𝑎𝑖𝑓B
𝑎
𝑔𝑙 becomes 0, or there is a discrepancy in the distance orders

corresponding to this assignment. On the other hand if 𝑑𝑎𝑔 < 𝑑𝑎𝑙 , then 𝑥𝑖𝑔𝑥𝑓𝑙S𝑎𝑖𝑓B
𝑎
𝑔𝑙 equals to 1, which says that the assignment

conforms the corresponding distance orders. Constraints (3) ensure that a sensor node is assigned to exactly one virtual box and
vice versa.
9



Internet of Things 19 (2022) 100552A. Pal and K. Kant
Fig. 10. Rectangle rule for subgraph isomorphism with red & green nodes for graphs 𝐔 and 𝐕.

Fig. 11. Constructing the directed graphs of (a) B1 and (b) S1 corresponding to Fig. 8, whereas (c) represents a scenario where Pr 12 > Pr 11. 𝐵𝑖 and 𝑆𝑖 denote
virtual box-𝑖 and sensor node-𝑖 respectively.

Theorem 1. The problem of magnetic localization is NP-hard.

Proof. We first define the largest common subgraph problem (LCS) which is known to be NP-complete. Graph 𝐻 is said to be common
to graphs 𝐺1 and 𝐺2 if both 𝐺1 and 𝐺2 contain induced subgraphs isomorphic to 𝐻 . The maximum common subgraph problem can
be defined as follows: given a pair of graphs 𝐺1 and 𝐺2, find the largest induced subgraph common to both.

We now show that our magnetic localization problem contains the largest common subgraph problem as a special case. Assume
an instance of the magnetic localization problem with 𝐴 = 1, then S1 and B1 are two 𝑁 ×𝑁 adjacency metrices. We construct two
directed graphs 𝐔 and 𝐕 such that 𝑈𝑖𝑔 = S1𝑖𝑔 and 𝑉𝑖𝑔 = B1

𝑖𝑔 . Then a graph 𝐻 is the largest common subgraph of 𝐔 and 𝐕 if and only
if the maximum value of Eq. (2) is equal to the number of edges in 𝐻 . This can be verified by using the rectangle rule of subgraph
isomorphism as mentioned in [36], i.e. when 𝑥𝑖𝑔 = 𝑥𝑓𝑙 = 𝑈𝑖𝑓 = 𝑉𝑔𝑙 = 1 in (2) it forms a rectangle as shown in Fig. 10. Thus finding
the maximum of (2) is equivalent to finding the number of such rectangles. This is equivalent to finding the maximum number of
common links of 𝐔 and 𝐕, or in turn solving the largest common subgraph problem. Since the largest common subgraph problem
is NP-complete and a special case of the magnetic localization problem, thus our magnetic localization problem is NP-hard. □

4.3. Proposed heuristic

As the problem is NP-hard we propose a heuristic solution for assigning the sensor nodes to the boxes, which is discussed in
Algorithm 1. The idea is to consider B𝑎 and S𝑎 as two directed graphs, and then to best match the vertices of these two graphs.
For example, Fig. 11 shows the example of B1 and S1 corresponding to the box and sensor placement of Fig. 8. In Fig. 11(a) there
is a directed edge from 𝐵𝑖 to 𝐵𝑗 if 𝑑1𝑖 < 𝑑1𝑗 , whereas a directed edge between sensors 𝑆𝑖 to 𝑆𝑗 in Fig. 11(b) represents Pr1𝑖 > Pr1𝑗 .
Thus by computing the graph matching in between B1 and S1 we can find out that sensor nodes (𝑆1, 𝑆2, 𝑆3, 𝑆4, 𝑆5) are placed in
virtual boxes (𝐵1, 𝐵2, 𝐵3, 𝐵4, 𝐵5). On the other hand Fig. 11(c) represents the scenario where Pr12 > Pr11, thus there is a directed edge
between sensor 𝑆2 to 𝑆1. Solving the graph matching in between Fig. 11(a) and (c) reveals that (𝑆1, 𝑆2, 𝑆3, 𝑆4, 𝑆5) are placed in
(𝐵2, 𝐵1, 𝐵3, 𝐵4, 𝐵5).

We thus propose a graph matching scheme to find out which sensor nodes are placed in which boxes, by developing a heuristic
which is inspired by [36]. We first modify the objective function of Eq. (2)

𝐸 =
𝐴
∑

𝑁
∑

𝑁
∑

𝑁
∑

𝑁
∑

𝑥𝑖𝑔𝑥𝑓𝑙S𝑎𝑖𝑓B
𝑎
𝑔𝑙 (4)
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(

Fig. 12. The iterative procedure for assigning sensor nodes to boxes.

using Taylor series expansion as follows:

𝐸 ≈
𝐴
∑

𝑎=1

𝑁
∑

𝑖=1

𝑁
∑

𝑔=1

𝑁
∑

𝑓=1

𝑁
∑

𝑙=1
𝑥0𝑖𝑔𝑥

0
𝑓𝑙S

𝑎
𝑖𝑓B

𝑎
𝑔𝑙 +

𝑁
∑

𝑖=1

𝑁
∑

𝑔=1
𝑄𝑖𝑔

(

𝑥𝑖𝑔 − 𝑥0𝑖𝑔
)

where 𝑄𝑖𝑔 = 𝜕𝐸
𝜕𝑥𝑖𝑔

|

|

|𝑥𝑖𝑔=𝑥0𝑖𝑔
=

𝐴
∑

𝑎=1

𝑁
∑

𝑓=1

𝑁
∑

𝑙=1
𝑥0𝑓𝑙S

𝑎
𝑖𝑓B

𝑎
𝑔𝑙 (5)

In Eq. (5) 𝑥0𝑖𝑔 is assumed to be the initial estimate of 𝑥𝑖𝑔 . Thus maximizing the above Taylor expansion is equivalent to

Max
𝑁
∑

𝑖=1

𝑁
∑

𝑔=1
𝑄𝑖𝑔𝑥𝑖𝑔 ≡ Min

𝑁
∑

𝑖=1

𝑁
∑

𝑔=1
𝐶𝑖𝑔𝑥𝑖𝑔 (6)

s.t.
𝑁
∑

𝑔=1
𝑥𝑖𝑔 = 1,

𝑁
∑

𝑖=1
𝑥𝑖𝑔 = 1, 𝑥𝑖𝑔 ∈ {0, 1} (7)

where 𝐶𝑖𝑔 = M−𝑄𝑖𝑔 for any large number M. The purpose of replacing 𝑄𝑖𝑔 by 𝐶𝑖𝑔 is to convert the above problem as an assignment
problem which can be solved by using the Hungarian assignment scheme [37] in polynomial time.

We thus propose an iterative procedure as follows. We first start with an initial value of 𝑥𝑖𝑔 and expand the first order Taylor
series by taking the partial derivative to calculate 𝑄𝑖𝑔 using Eq. (5). We next use the Hungarian scheme corresponding to that 𝑄𝑖𝑔
to get an initial assignment by solving the assignment problem of Eqs. (6)–(7). This outcome of the assignment problem or 𝑥𝑖𝑔 is
next used to calculate the modified 𝑄𝑖𝑔 from Eq. (5). This process is repeated until the solution converges or a maximum number
of iterations max is reached. The iterative procedure is pictorially depicted in Fig. 12.

Algorithm 1 Proposed heuristic solution of MagLoc for assigning the sensor nodes to individual virtual boxes

𝐴: Number of anchors ⊳ INPUT
S𝑎: Order matrix of the sensor nodes corresponding to anchor-𝑎 ⊳ INPUT
B𝑎: Order matrix of the virtual boxes corresponding to anchor-𝑎 ⊳ INPUT
𝑥𝑖𝑔 : Whether or not the sensor node-𝑖 is in virtual box-𝑔 ⊳ OUTPUT

procedure MagLoc
𝑥0 is initialized to any random assignment matrix;

while 𝑥 is not converged or number of iterations < max do
𝑄𝑖𝑔 = ∑𝐴

𝑎=1
∑𝑁

𝑓=1
∑𝑁

𝑙=1 𝑥
0
𝑓𝑙S

𝑎
𝑖𝑓B

𝑎
𝑔𝑙 ∀ 𝑖, 𝑔;

Use Hungarian method to get an assignment 𝑥𝑖𝑔 ;
𝑥0𝑖𝑔 = 𝑥𝑖𝑔 , ∀ 𝑖, 𝑔;

end while
Return the assignment 𝑥𝑖𝑔 , ∀ 𝑖, 𝑔;
end procedure

4.4. Effects of the truck walls

In a food transportation scenario, the localization of boxes carried on a carrier (e.g., truck) may be disturbed by the ferromagnetic
mild steel) materials inside of the truck walls, since the anchors will be mounted on those walls. Using the so called image
theory [38], we show that the presence of a ferromagnetic wall will not have any detrimental effect on the localization accuracy. We
illustrate this using Fig. 13(a) where a coil carrying current 𝐼 is placed at a distance 𝑧0 from the truck wall of thickness 𝑤. According
11
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Fig. 13. (a) Illustration of image theory where the width of the ferromagnetic walls is 𝑤. (b) Effect of iron waveguide on transmission range.

Fig. 14. (a) Underwater environment for the comparison of propagation characteristics between RF and magnetic communications. (b) Comparison of RF RSSI
in air and water media. (c) Comparison of packet delivery percentage for RF and magnetic communication in underwater environment.

(with current 𝛼2𝑛−3(1−𝛼2)𝐼), for 𝑛 ≥ 2. Here 𝛼 = 𝜇𝑟−1
𝜇𝑟+1

, where 𝜇𝑟 is the relative permeability of the truck material. For ferromagnetic
materials with high 𝜇𝑟, 𝛼 ≈ 1, i.e. the secondary images become insignificant, whereas the primary image will only enhance the
magnetic signal. Thus, the relative ordering of sensors (derived from signal strength) will remain unchanged even in presence of
ferromagnetic walls.

To experimentally demonstrate the effect of image theory, we build a small prototype using the FlexMI/Freelinc boards plus
EMBware development boards [39]. The Freelinc Near Field Magnetic Induction based radios [40] have transmitters that are
equipped with 3-axis magnetic coils to provide near-isotropic communication characteristics. We place an iron plate behind the
transmitter to imitate the scenario of Fig. 13(a). Fig. 13(b) compares the transmission range of MI packet delivery ratio of MI
communication in air medium along with and without the presence of an iron waveguide. We have observed that using the iron
plate as an waveguide indeed enhances the transmission range by few centimeters. This is because an iron plate essentially acts like
a mirror which ‘‘reflects’’ the magnetic flux and strengthen the signal.
12
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Fig. 15. (a) Experimental setup for the comparison of propagation characteristics between RF and magnetic communications. (b) Comparison of RF RSSI in air
and chicken media. (c) Comparison of packet delivery percentage for RF and magnetic communication inside chicken medium.

The robustness of MagLoc even in presence of ferromagnetic objects makes this particularly suitable for our application,1 rather
than other distance based localization schemes studied in [34,35]. On the other hand for the trucks with wooden walls, the relative
permeability of the truck walls is so low that their effects become insignificant.

5. Performance evaluation

Ideally, the evaluation of the scheme should be done with a real food distribution environment with multiple food boxes stacked
inside a truck or in a warehouse, however, this is simply not possible in practice. As a result, we have done an experimental
comparison between RF and MI communication inside a lab environment to show the superiority of MI communication over RF in
aqueous and tissue medium in Section 5.1. Other than that the evaluation of MagLoc is largely based on simulations that account
for the MI communication characteristics in Section 5.2.

5.1. Experimental comparison between RF and MI

The primary factor affecting the propagation of electromagnetic waves through fresh food is the water and mineral content.
For example, strawberries, watermelon, spinach, broccolis contain ∼91%–92% of water, whereas apples, pears, pineapples contain
∼84%–87% of water [41]. Similarly different meat products contain ∼56%–71% water [42]. For the experiments we first used a
water filled glass tank of dimension 50 × 30 × 20 cm3, as shown in Fig. 14(a). We use the XBee module (www.digi.com/xbee) as
the RF transceivers, whereas the Freelinc boards are used a MI radios, both with a transmit power of 0 dBm.

We first compare the RF path loss in air and aqueous medium in Fig. 14(b). It is seen that received signal strength decay with
distance is rather slow in the air (−38 dBm at 50 cm), but very steep for water (−90 dBm at only 20 cm). This shows the key
limitation of RF communication in aqueous medium, which makes it unsuitable for use inside the food boxes. Fig. 14(c) shows the

1 MagLoc is also useful when all the nodes have identical orientations, which is possible for a futuristic, completely automated packing and loading–unloading
environment. In fact in case of identical node orientations, a single coil (instead of 3-coils) can also be used for successful communication and localization.
13
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Fig. 16. (a) Percentage of wrong assignment when 125 boxes are kept in a 5 × 5 × 5 grid. (b) Average normalized error.

Fig. 17. (a) Percentage of wrong assignment when 250 boxes are kept in a 10 × 5 × 5 grid. (b) Average normalized error.

comparison of packet delivery ratio of RF and MI communication in the aqueous medium. Notice that we did not plot the RSSI
measurements for MI communication in Fig. 14; this is because the Freelinc radios do not provide RSSI values. From this figure we
can observe that MI communication from the Freelinc transceivers can easily communicate up to a distance of 50 cm, whereas the
RF communication range is limited to about 20 cm. This clearly shows the superiority of MI communication in aqueous medium as
opposed to RF.

To demonstrate the effect of food medium on RF communication, we have conducted an experiment on whole chicken and
inserted the radios inside the chicken as shown in Fig. 15. Fig. 15(b) shows the received signal strength at the receiver with RF
radios in air and inside chicken medium. The signal strength drops to −93 dBm at 30 cm, and so no successful RF transmission can
take place beyond 20 cm. However, the Freelinc radios can easily penetrate through the tissue medium and thus can communicate
successfully within 1 m of transceiver separation as observed in Fig. 15(c).

5.2. Simulation results

We next evaluate the accuracy of the MagLoc scheme using Matlab simulations. We assume that some food boxes are kept in
a grid fashion, which is similar to that of Fig. 2(b). We vary the number of boxes to create two different scenarios: (a) in the first
scenario 125 boxes are placed in a 5 × 5 × 5 grid, whereas (b) in the second scenario we consider 250 boxes placed in a 10 × 5 × 5
grid. We assume that these boxes are cubic and symmetric with dimension 𝛥, however the proposed scheme can also be applied with
different box dimensions. In our simulation, we consider the worst case scenario where the minimum 𝛥 is assumed to be 0.25 m,
however, in reality typical food boxes are even more than 0.5–1 m. We record two performance indicators to evaluate the accuracy
of MagLoc: (a) the first one is the percentage of the sensor nodes that are assigned to wrong virtual boxes, whereas (b) the second
one if the normalized error which is equal to

(distance error between actual and prescribed box centers
𝛥

)

. Basically the normalized
error gives an estimation that if a spoiled package is not found in its prescribed box, then how many neighboring boxes need to be
searched to find that package.
14
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Fig. 18. (a)–(c) Percentage of wrong assignment with 125 and 250 boxes respectively, along with their (b)–(c) average normalized errors.

5.2.1. Results for 125 boxes
Fig. 16(a)–(b) show the performance of MagLoc in case of 125 boxes. From Fig. 16(a) we can observe that the percentage of

wrong assignment is zero as far as 𝛥 is more than or equal to 0.5 m. With 𝛥 = 0.25 m we can observe some wrong assignments,
which reduces by ∼55% as the number of anchors increase from 4 to 12. Fig. 16(b) demonstrates that the average normalized error
with different number of anchors and 𝛥. While comparing Fig. 16(a)–(b) we can observe that when the number of anchors is less
than 5 and 𝛥 = 0.25 m, the percentage of wrong assignment is above 40%. However even in such cases the average normalized
error is less than 2, i.e. the targeted box can be found within 2 boxes in the neighborhood of the prescribed box. Fig. 16(b) also
demonstrates that the average normalized error reduces by ∼85% when the number of anchors is increased from 4 to 12.

5.2.2. Results for 250 boxes
Fig. 17(a)–(b) demonstrates the performance of MagLoc with 250 boxes. From Fig. 17 we can observe that with 𝛥 = 0.25 m, the

percentage of wrong assignment is significantly high when the number of anchors is low. However the average normalized error
is still less than 2 in all cases. The amount of wrong assignment is reduced significantly (∼50%) when the number of anchors is
increased from 4 to 12. We have also observed that with 12 anchors and 𝛥 = 0.25 m (not shown in the figures), for more than 90%
of the sensor nodes the normalized error is less than 1, even the maximum error is less than 2.

From these evaluations we can conclude that using MagLoc the percentage of miss-assignment is significantly low and goes to
zero as long as the 𝛥 is more than or equal to 0.5 m. In a real food logistics, typically the large boxes carrying multiple small
food packages are indeed more than 0.5–1 m. In these scenarios, our MagLoc scheme can effectively localize the nearly spoiled or
contaminated boxes with sufficiently high level of accuracy so that they can be easily isolated.

5.2.3. Effects of partial transmission coverage of the anchor nodes
For Figs. 16–17 we assume that the pilot signal emitted by the anchors nodes can be received by all the sensor nodes. We now

show the effects of limited transmission coverage of the anchor nodes in Fig. 18. We assume that the anchors have a transmission
coverage of 𝜂𝛥𝓁 where 𝓁 is the maximum number of boxes along any grid axis, and 0 ≤ 𝜂 ≤ 1. The transmission coverage should
be sufficient enough to ensure that all the sensor nodes receive pilot signal from at least one anchor node. In Fig. 18 we kept 𝜂 above
0.5 to ensure this condition.
15
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Fig. 19. Similarity index with distance from different anchors, in case of (a) 125 nodes, and (b) 250 nodes.

By comparing Figs. 16–17 and 18 we can observe that the percentage of wrong assignment and the normalized error decreases
as 𝜂 reduces. With 125 nodes the percentage of wrong assignment is reduced by ∼25% when 𝜂 is reduced from 1 to 0.75, and even
further down to ∼53% with 𝜂 equal to 0.5. Similar characteristics are noticed for 250 nodes as shown in Fig. 18(c)–(d).

We explain this phenomenon with the help of Fig. 19. As the distance in between the sensor nodes decreases, the interaction
in between them increase as well as the discrepancies (or the outlier factor) of their respective distance orders as observed from
Fig. 9. We notice that the amount of discrepancies increase as the distance between the anchor and the sensor nodes increase. To
show this effect we place 125 sensor nodes in 125 boxes such that the 𝑖th sensor node is placed in the 𝑖th box. We assume 𝜌 and
𝛥 to be 0.025 m and 0.25 m respectively. We then calculate the amount of similarities in between the sensor node orders and the
box orders. We define a parameter named similarity index which is equal to

∑

𝑗 S𝑎𝑖𝑗B
𝑎
𝑖𝑗

∑

𝑗 B𝑎
𝑖𝑗

corresponding to all sensor nodes 𝑖. Fig. 19(a)
shows the variation of the similarity index in between S𝑎 and B𝑎 with the increase in distance in between the anchor and the sensor
nodes. Fig. 19(b) shows the same effect with 𝑁 = 250 nodes. From these figures we can observe that the similarity index goes down
as the distances between the anchor and the boxes increase. This significantly disturbs the accuracy of the proposed localization
scheme.

From Fig. 19(a) we can observe that after 1.5 m the similarity index drops below 0.6, whereas in Fig. 19(b) the index drops
below 0.6 beyond 2.5 m. Thus limiting the transmission coverage of the anchor nodes ignores the effects of mutual inductance and
discrepancies caused by the sensor from the faraway boxes. This significantly improves the accuracy of the proposed localization
scheme.

6. Related works

The article covers a wide range of research areas, including three primary areas of near-field magnetic communication, NFMI
localization and the localization of sensor nodes, which are quite well-mined. We thus summarize the key works in these areas
separately.

MI communications: Magnetic communication is proposed as an alternative to Bluetooth technology in RF challenged
environments [43,44]. As the path loss of the magnetic induction based communication is very high, in [45,46] the authors have
studied the effect of MI waveguide to enlarge the communication range in challenged environments. Later on magnetic induction
based communication has been utilized in various environments such as for underwater communications [47,48], underground
communications [46,49,50], mining disaster environments [51], underground animal tracking applications [52], pipeline monitoring
applications [35,53], body area networks [54,55] etc. The communication technology is standardized by IEEE 1902.1 standard in
2009; the standard specifies a near-field communication protocol called RuBee which operates at a low-frequency range of 30–900
kHz [56]. The sole purpose of RuBee is to support low data rate, RF challenging applications with small battery units that can
last for 5–10 years. For short range use cases, typical operating frequency of NFMI is 13.56 MHz [40]; at this frequency range, the
technology achieves a data rate of 400 kbps with a range of 1–2 m. Higher range of few tens of meter is achieved at lower frequency
range (i.e. 130 kHz as used in RuBee); at this range the NFMI range extends upto few tens of meter, however, the achievable rate
goes down.

MI based localization: MI based localization have shown promising performance in various challenging environments, including
indoor environment [57], underground environment [58,59], pipeline environment [60] etc. In these literature the authors have
introduced some localization techniques for MI environments similar to the RSSI techniques with modified channel models
specifically designed for MI communication. The main advantage of MI based localization as proposed in these literature is that,
it is less impacted by obstacles such as walls, floors, people etc. At the same time, the communication technology is less impacted
by multi-path effects as compared to RF, which improves the localization accuracy. However, MI positioning is greatly impacted
in presence of ferrous materials in the vicinity of the sensing devices [61]; which makes the previous methods inapplicable and
16
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erroneous in our food transportation environment. At the same time, these approaches use the knowledge of precise channel
parameters to localize the sensing nodes, which is also not available in our scenario. Our work is significantly different than
the previous approaches as we propose a relative order based localization technique rather than using the actual RSSI, which is
inappropriate in our proposed environment. Also contrary to the other approaches, in our scheme the exact knowledge of channel
parameters are not required.

Localization in sensor networks: In sensor networking context localization is well researched and a significant amount of
proposals exist in the literature; in fact a number of survey articles on sensor localization can be found in [62–64]. Existing sensor
localization schemes can be broadly categorized into range-based and range-free schemes [63,64]. Range based techniques include
RSSI [65,66], ToA, TDoA [67,68] and AoA [69,70] techniques. In RSSI, ToA and TDoA based approaches, the signal path loss or
propagation time in between the sensor nodes are translated into distance estimate, which are then used for node localization.
On the other hand, AoA based approaches estimate the angle at which signals are received from different sensor nodes and use
simple geometric relationships to calculate node positions. Range-free algorithms do not measure the distance or angle information
between unknown nodes and anchors, rather they estimate the distance between two nodes by the connectivity information [71,72],
the energy consuming information [73,74], or the area information of the superimposed region of the landmarks [75,76] etc. Our
proposed localization problem itself is different than the other approaches as it requires a mapping between the sensor nodes to
the shipping boxes, rather than obtaining the location estimates of the sensor nodes. The approach adopted in this paper is novel
compared to the existing approaches as it uses a relative estimate of distance orders between the individual sensor nodes and the
anchors, rather than using the traditional distance (or angle) estimate or connectivity information among the nodes.

7. Conclusions

In this paper, we developed an IoT based food quality sensing and communication mechanism in fresh food transportation
environments using MI-based communications. By considering the unknown orientations of the sensors and complex channel models
in food transportation environments, we proposed a localization scheme to localize the shipping boxes carrying perishable food
packages. The major outcome of the simulation experiments is the fact that the sensor nodes are localized with acceptable accuracy
as far as the box lengths have dimensions of 0.5 m or above. One of the implementation related issue of MagLoc is the deployment
cost of the sensing units and radio technology. However, due to the emerging paper/plastic based sensor and flexible circuits,
inkjet-printed on-chip sensors and antennas or multi-walled carbon nanotube based solutions are expected to realize such low-cost
solutions where the entire sensor and radio module is inexpensive enough to be embedded in retail level packages. In fact developing
paper based sensors and various forms of low-cost food sensing mechanisms are tremendously studied recently [77,78], and the
proposed work on integrating the sensing and communication technology can advance this research towards a more efficient and
smarter food logistics. However, it requires future research in many directions, including building inexpensive and very low-power
sensing, communication and battery technologies, developing ultra-low power communication protocol for long-term operation of
the sensors, exploring energy harvesting mechanism specifically for food transportation environment, along with an integrated
control of sensing, localization and food-preservation methods (like temperature, humidity control) to minimize the extent of
spoilage.
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