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Abstract—This paper presents an algorithm to estimate the
position of an object in an industrial picking shelf based on low
frequency magnetic fields. The proposed algorithm was designed
as an improvement to the one used by the IndLoc system
which has been developed at Fraunhofer Institute for Integrated
Circuits. It reduces the calculation time by extracting a subtable,
a portion, from a simulated look-up table during each iteration.
The algorithm is tested on the IndLoc system which consists of
one AC current loop, 16 receiving coils and a passive localization
object that comprises three orthogonal coils. Additionally, time
measurements are carried out using different subtable sizes and
compared with using only one high-resolution look-up table.

Index Terms—LF magnetic field, localization, algorithm, in-
dustry 4.0

I. INTRODUCTION

In modern logistics companies the ordered goods are picked
and collected by employees from different shelves, then
shipped to their respective customers. To facilitate the picking
process and to support the employees with preventing wrong
picks, an assisting system is needed. The system shall locate
the employee’s hand and give him feedback if the performed
pick was wrong or right. For that purpose, the IndLoc system
has been developed at Fraunhofer Institute for Integrated
Circuits (IIS) to support the Industry 4.0 applications. The
IndLoc system is based on Low Frequency (LF) inductive
localization. Such systems can be used in non line of sight
environments because their magnetic fields are not affected
by many obstacles including the human body, unlike camera-
based localization systems, which require a clear line of sight
to perform properly. Additionally, camera-based localization
systems cannot be used in most companies as it is not allowed
to record footage of the employees due to privacy issues.
LF-based localization does not suffer from reflections and
multi-path propagation problems, which are present in the
radio-based localization systems [1]. All these advantages
enabled its usage in several other applications such as tracking
animals underground [2], goal line technology in football [3],
[4], underground localization in mines [5], the positioning of
electric vehicles for wireless charging stations [6] and the
localization of an indoor mobile robot [7].
One critical condition for preventing wrong picks in logistics
is that the localization must be accurate and the feedback

is given to the employee with minimum delay. The IndLoc
system locates the employee’s hand by measuring the magnetic
field of a passive object, which is mounted on the employee’s
wrist, via 16 receiving coils distributed around the shelf’s area.
The measured values are then compared with a look-up table
that includes calculated field values for predefined object’s
positions. The object’s position estimate is the table entry with
the minimum Euclidean distance.
This approach performs well on small tables with a low grid
resolution, depending on the CPU speed. However, for larger
tables with a higher grid resolution, more computations are
carried out and more time is needed to find the entry with the
minimum distance. Hence, the employee receives a delayed
feedback.
In this paper we present an adaptive localization algorithm
where the number of calculations to find the table entry with
the minimum Euclidean distance is reduced, which achieves
much faster and more accurate localization. The proposed
algorithm can be adapted and applied to any other system
where large 3D look-up tables are being constantly searched
to find the entry with a unique value.
The paper is structured as follows: Section II describes the
system setup as well as the problem under investigation.
Section III illustrates the proposed adaptive algorithm. In
Section IV, the performance of the algorithm is evaluated
and results from time measurements are provided. Finally,
Section V concludes the paper.

II. SYSTEM DESCRIPTION

The IndLoc system is a further development of the GoalRef
system described in [3], which consists of a reader, a 95 ×
102 cm rectangular exciter loop and eight pairs of orthogonal
receiving coils. Each pair consists of two 2×32 cm rectangular
coils with 20 windings each. As shown in Fig. 1, the exciter
loop and the receiving coils are integrated inside fiberglass
tubes that form a picking shelf. The shelf is divided into 9
individual compartments. The IndLoc system is currently at
the final stages of researching and its unit price should be
available soon.

Fig. 2 shows the passive localization object which can be
attached to the employee’s wrist. It consists of three orthogonal
circular coils, each with a radius of 2 cm and 20 windings.978-1-7281-1788-1/19/$31.00 © 2019 IEEE
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Fig. 1. The IndLoc system comprising an exciter loop and eight receiving
coil pairs integrated inside fiberglass tubes forming a picking shelf.

Fig. 2. Passive localization object compared with the size of a two Euro coin.
The object consists of three orthogonal coils each with a radius of 2 cm and
20 windings.

A. Methodology

The exciter loop carries an AC current Ip, with a frequency
of 119 kHz, which generates a primary magnetic field ~Hp. This
field induces a voltage Uc in the tuned localization object’s
coils according to Faraday’s Law, where ~A is the area vector
of the coil and µ is the magnetic permeability [8]:

Uc = −
d

dt

∫
µ ~Hp d ~A (1)

A current flows in each of the object’s coils due to the
induced voltage Uc, which produces a secondary magnetic
field ~Hs that induces voltages Ũ1, ..., Ũ16 in the sixteen
receiving coils. As shown in Fig. 3, the measured voltages
are sampled and provided to the reader hardware that per-
forms filtering, amplification and signal processing. The reader

forwards the processed samples via User Datagram Protocol
(UDP) datagrams to a personal computer (PC). On the PC, a
3D localization algorithm is running, which is implemented
in the Python programming language. For each sample, the
object’s position is estimated and forwarded to a Graphical
User Interface (GUI), which helps in monitoring the picking
process and gives feedback to the employee on the performed
pick.

Fig. 3. The measured voltages Ũ1, ..., Ũ16, due to a localization object
positioned at point P , are forwarded to the reader hardware. After filtering
and signal processing, the voltage samples are used to find an estimate P̂
for the object’s position. The GUI gives feedback to the employee on the
performed pick.

B. Generating a look-up table

The look-up table is generated as illustrated in Algorithm 1
and the induced voltages are calculated using the analytical
model described in [9].

Algorithm 1 Generating a look-up table
1: X = {x0, ..., xm}
2: Y = {y0, ..., yn}
3: Z = {z0, ..., zl}
4: table = [ ]
5: for x in X do
6: for y in Y do
7: for z in Z do
8: calculate induced voltages U1, ..., U16 from an

object positioned at (x, y, z)
9: append x, y, z, U1, ..., U16 to table

10: end for
11: end for
12: end for

Table I illustrates the structure of the generated table. The
order of the three loops of Algorithm 1 can be seen in the first
three columns of the table. The table’s number of rows r is
the product of the number of elements of the position sets

r = (m+ 1)× (n+ 1)× (l + 1) (2)



2019 International Conference on Indoor Positioning and Indoor Navigation (IPIN), 30 Sept. - 3 Oct. 2019, Pisa, Italy

where m,n, l are the indices of the last element in the X,Y, Z
position sets, respectively and they all start from zero. The
table’s number of columns c is 19 and its size can be expressed
as (r, c).

TABLE I
THE STRUCTURE OF THE GENERATED LOOK-UP TABLE USING

ALGORITHM 1.

C. Localization

The localization algorithm compares the measured voltages
from the receiving coils with each entry of the look-up table
as follows:

di(Ũ1, ..., Ũ16)
2 =

16∑
j=1

(Ũj − Uj,i)
2 (3)

where di is the sum of Euclidean distances between the
measured voltages by the receiving coils and the calculated
voltages Uj,i for coil number j in the table entry with index
i. The object’s position estimate P̂ = (x̂, ŷ, ẑ) corresponds
to the table entry with the minimum Euclidean distance. It
is necessary that each simulated table entry gives a unique
Euclidean distance value when compared with the measured
voltages. The index i∗ of such an entry can be expressed as:

i∗ = argmin
i

di(Ũ1, ..., Ũ16)
2 (4)

D. Problem description

During the aforementioned localization process, Eq. (3)
is executed r times. For higher resolution tables with large
X,Y, Z position sets, the number of calculations increases and
hence the localization algorithm takes more time to find the
entry with the minimum distance.

III. THE PROPOSED ALGORITHM

Instead of using only one look-up table during the localiza-
tion process, two tables with different X,Y, Z grid resolutions
are used. The first table table1 has a lower resolution than the
second table table2 and table1 ⊂ table2. table1 is used only
to get a first rough estimate of the object’s position which
is used afterwards to get a more accurate estimation using a
subtable from table2.

A. The algorithm’s work-flow

As illustrated in Fig. 4, table1 and table2 are loaded once
into memory at the start of the algorithm, and the object’s
position estimate P̂ is set to None. During each iteration,
the algorithm checks if there is already an estimate of the
object’s position P̂ and it sets table to table1 if there is none.
Each received sample from the reader is compared with all
table’s entries to estimate the object’s position. The estimated
position P̂ is fed back as an input to the if statement and P̂
is no longer equal to None. This leads to an extraction of a
subtable, which includes only few neighboring points of the
previously estimated P̂ , from the high resolution table2. In the
next step, the look-up table table is set to subtable and a new
position is estimated via comparing the current sample with
all subtable’s entries. The algorithm output is P̂ = (x̂, ŷ, ẑ),
which is forwarded to the GUI for monitoring the picking
process.

Fig. 4. Flowchart of the proposed adaptive algorithm.

B. Extracting a subtable

In order to extract a subtable from the high resolution
table2, two values are necessary. The first is the entry index of
the previously estimated position P̂ in table2. For any table2,
which was generated by Algorithm 1, the index ix,y,z of a
position entry (x, y, z) can be calculated as

ix,y,z =
(
ix × (n+ 1)× (l + 1)

)
+
(
iy × (l + 1)

)
+ iz (5)

where ix, iy and iz are the indices of the elements x, y, z in the
X , Y , Z-position sets, respectively. For example, the following
position sets X = {x0, x1}, Y = {y0, y1, y2} and Z = {z0},
have the values m = 1, n = 2, l = 0 from Algorithm 1. Using
Eq. 5, the index ix1,y2,z0 of the position entry (x1, y2, z0) can
be calculated by substituting the indices ix, iy , iz with 1, 2, 0,
respectively. This results in ix1,y2,z0 = 5.
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The second necessary value is the Cube Length (CL),
which is an odd integer number greater than 1 and defined
as the cube root of the number of neighboring points to
be included in subtable. For each subtable, Eq. 5 will be
executed CL3 times1 to find the index of each neighboring
point of the previous position estimate P̂ . Fig. 5 illustrates
an extracted subtable from a high resolution table2, with
CL3 = 33 and an estimated position P̂ at the center of table2.
The illustrated subtable consists of 27 (x, y, z) positions.

Fig. 5. Extracted subtable including with a total of 27 (x, y, z) positions
(= CL3), from a higher resolution table2

IV. ALGORITHM PERFORMANCE

A. Throughput

To evaluate the throughput of the proposed localization
algorithm, the object was positioned exactly in the center of
the IndLoc picking shelf and 10000 samples were recorded
from the reader hardware. Two look-up tables were generated
using Algorithm 1. The first table is table1, which has X,Y, Z
grid resolution of 3 cm and a total of CL3 = 153 positions.
The second table is table2 that has a grid resolution of
1 cm and a total of CL3 = 573 positions. To eliminate any
time delay caused by the reader hardware or software, the
recorded samples were loaded and provided to the localization
algorithm in a separate post processing stage. The algorithm
was implemented in the Python programming language. The
following time measurements were carried out on a Windows
PC with an Intel Core i7 processor operating at 3.40 GHz.
table1 and table2 took up a memory space of 660 KB and
36171 KB, respectively. According to the flowchart in Fig. 4,
the total calculation time tt, to estimate the object’s position
from one reader sample, can be expressed as

tt = tx + te (6)

where tx is the time to extract a subtable from a high
resolution table, and te is the time to calculate the minimum

1Depending on the previous position estimate P̂ (if it is in the center of
table2 or near it’s edges/corners) some of the neighboring points might be
outside the boundaries of table2. This results in a smaller subtable with
fewer neighboring points and a center point that is different from P̂ .

Euclidean distance between the sample and all the extracted
subtable’s entries.

The proposed algorithm was used with different subtable
sizes, starting from CL3 = 33 to CL3 = 573. For each
CL3 value, table1 was used only to estimate the object’s
first position from the first sample of the 10000. For each
subsequent sample, Eq. (5) was used to calculate the index
of each neighboring point within the specified CL3 value.
Afterwards, a subtable was extracted from table2 using the
calculated indices and used to estimate the object’s position
with an accuracy of ±1 cm. Additionally, tx and te were
measured and the average of their total tt was calculated for
each sample. Fig. 6 shows, that as the extracted subtable size
increases, both tx and te increase. For any CL3 value, tx was
found to be greater than te. Therefore, we define a threshold
value CL3

th, which is the maximum recommended CL3 to
be used with the proposed algorithm without introducing an
overhead on using only the high resolution table2 for position
estimation. As shown in Fig. 6, table2 with CL3 = 573 has a
tth ≈ 35.02ms, where tth is the time taken to find the entry
with the minimum Euclidean distance using (3) and (4). By
intersecting the horizontal tth with tt, we deduce CL3

th ≈ 313.

Fig. 6. The average calculation time per sample for different subtable sizes.

The throughput of the algorithm can be expressed as

Throughput =
1

tt
(7)

which is the number of the processed samples per second and
tt is calculated using (6) for a given CL3 value. Table II
includes the calculated Throughput for different CL3 values.
It indicates that using a subtable with a CL3 = 33 results in a
Throughput approximately 564 times greater than any of the
following cases: Case 1, using all the entries of table2 to find
the minimum distance for each sample without extracting any
subtable. Case 2, using the proposed algorithm with CL3

th =
313 and extracting a subtable for each sample.
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TABLE II
THE PROPOSED ALGORITHM’S THROUGHPUT.

CL3 Throughput (S/s)
33 16129.03
93 1666.66
153 347.22
213 106.72
273 49.67

CL3
th ≈ 313 28.55

B. Localization accuracy

To evaluate the accuracy of the proposed algorithm, two
movement scenarios were performed on an empty IndLoc
shelf. During each scenario 10000 samples were recorded
from the reader hardware. In the first scenario, the object’s
movement started from the bottom left corner of the shelf
towards the upper right corner. In the second scenario, the
object was moved from the top left corner of the shelf towards
the bottom right corner in a zigzag path. In post processing
the object’s positions were estimated using two approaches.
Firstly, the adaptive algorithm was used with a subtable size
of CL3 = 33. Secondly, all the entries of the high resolution
table2 were used to estimate the object’s positions. The
localization results from both approaches are compared in Fig.
7 and Fig. 8 from the two movement scenarios respectively.

Fig. 7. The localization results from the first movement scenario using the
proposed algorithm with CL3 = 33 and compared with using table2.

As can be seen in both Fig. 7 and Fig. 8, the proposed
algorithm with CL3 = 33 has produced the same results as
using all the entries of table2 except near the starting position,
where a low resolution table (table1) was used to estimate the
object’s initial position from the first recorded sample.

V. CONCLUSION

We have presented an adaptive algorithm for estimating
the position of a passive object within a magnetic field
environment. The algorithm’s performance has been evaluated

Fig. 8. The localization results from the second movement scenario using the
proposed algorithm with CL3 = 33 and compared with using table2.

using the IndLoc picking shelf. For different CubeLength
(CL) values, time measurements were conducted and an upper
limit on the extracted table size was deduced. Results show
that the proposed algorithm can achieve throughput up to 564
times greater than using only one fixed-size look-up table with
a high resolution X,Y, Z grid. Future work will comprise
analysis of the influence of metal objects such as packaging
of certain products on the algorithm’s localization accuracy.
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