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ABSTRACT

Asset tracking offers high potential to improvei@éncy of warehouse management. Typically thekiregis done
employing RFID technology. As yet however, most goack not prepared with RFID and it would requirgegiment in
costly hardware, infrastructure, and process atiapta WLAN-based asset tracking is getting reaslya aost-effective
alternative since software-only approaches are rhgmp mature. They can reuse existing standard Widghiices and
infrastructure for position sensing. In this paperpresent such a system — MagicMap — that we tieveloped for real-
time positioning based on WLAN signal strength neesients, and describe how it seamlessly integiates a
warehouse management scenario. Unfortunately, noetastruction of a warehouse and high dynamics addg
influence the WLAN signal dissemination and thukenthe approach generally difficult for such sc@marTo assess its
applicability, we have measured positioning accyiraied real-time capabilities of MagicMap in compari with two
similar systems (Ekahau and MobileLocator Lightlirtypical warehouse setup. Result show applicghilitall three
WLAN-based systems at an average positioning dewiadf 3-5 meters and a tracking delay below 15€osds —
provided some physical constrains are considered.
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1. INTRODUCTION

The implications of new technologies and e-commert¢he supply chain in general, and on warehouse
management in particular, became major researdbstapthe last years (see, e.g., Karmakar, N.220{u,
M.-L. L. et al. 2000). The service-oriented parawliglso has a strong impact on future trends in dhaa
(see Stantchev, V. and Scherz, M., 2004). Accortting SCM study of the ARC Advisory “the worldwide
market for supply chain management is expecteddw gt a compounded annual growth rate (CAGR) of
7.4% over the next five years”. The market is fasted to be $ 7.4 billion in 2008. One of the psses
where automation can lead to large scale savingsbatter time-to-market is asset tracking. A common
approach here is usage of RFID solutions. Whilemising, such solutions require complex infrastruetu
which makes their implementation and usage nomatrifhis is a very real obstacle for market growth
recent WMS study of the ARC Advisory Group (ARC 3D@ound out that “other add-on modules actually
are poised to grow much faster than RFID”. An iesting option is to track assets using WLAN signals
instead of RFID.

A bunch of systems for position sensing based diorsignals have been proposed, including WLAN
approaches (see Section 2). Since WLAN has not #esigned for position sensing, expectedly a nurober
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difficulties occur. For example, the 2.4 GHz WLAKeduency is highly sensible for hydrous material or
metal, and thus radio obstacles significantly disthomogeneous signal dissemination. WLAN-based
systems, accordingly, are not as accurate as sysspecifically designed for position sensing. Hogrgv
they suit perfectly for many cost-sensitive scesgthat do not depend on optimum precision — eafygcif

a WLAN infrastructure already exists and can sarnudtiple purposes. Currently, many companies in the
logistics domain consider WLAN for asset trackidmt still are uncertain about its suitability ineth
specific scenario.

To figure out whether WLAN positioning can accorshliasset tracking for warehouse management, we
employ our WLAN-positioning system, MagicMap (Secti3), describe its integration into warehouse
management (Section 4), investigate the signaludiahce resulting from obstacles (Sections 6), and
evaluate resulting accuracy and timing with respecoomparable systems (Section 7).

2. POSITION SENSING BASED ON RADIO SIGNALS

There are two basic approaches to locate objestdban radio signals: measuring angles betweeresend
and receiver, or evaluating the distance betweemti\ngle-based approaches require special antavittas
precise directivity of signal dissemination in arde accurately estimate the angles. Although psorgi
current costs, accuracy, and coverage of angledbsygstems exclude mass-market deployment. Distance-
based approaches instead, either use signal timie tw signal strength indications to calculate ghysical
distance between a node and the reference points Mfee or more reference points available, two-
dimensional positioning using trilateration is pbks Four or more reference points (multilaterafiallow
for higher accuracy and three-dimensional positigni

Real-time location sensing (RTLS) approaches tylyicaeasure time of arrival (TOA) or time differenc
of arrival (TDOA) and then derive time to air aratresponding physical distance. There are diffeReFitS
standards such as the air interface protocol aswpitd INCITS 371.1 (INCITS 2003). Companies sush a
WhereNet offer corresponding products. The "LacatReceivers" from AeroScout are also compatilite w
IEEE 802.11 and can sense the positions of anylae§LAN sender with a precision of approximately 3
meters using TDOA multilateration. Especially rekadnle is the Witrack system (Pflaum, A. et al, 2004
offers centimeter-precise position sensing of sobe#l and players in order to support referee slens. Of
course, that is only possible under obstacle-fieedf-sight conditions for signal disseminationofdover,
since radio waves disperse at approximately 30 emnanosecond, all TOA/TDOA approaches require
highly accurate clock synchronization and spectaiand costly infrastructure.

Signal strength-based approaches aim for positgmsisg without the need for special hardware and
precise clock synchronization. The simplest apgtoaaps the position to the cell of origin (COO)igading
the highest signal strength. COO technique is contynased in GSM telecommunication networks, because
of its simplicity and the low infrastructure reqainents. The positioning accuracy ranges from 100nm
cities) to multiple km (in rural areas) accordimgdell size and coverage. More precise positiorsiagnis
possible, if a quadratic decrease of signal sttermgr distance of radio wave spread is presumable.
Unfortunately, this theoretical relation is sigo#htly disturbed in practice by attenuation, diifms and
reflection (Nadeem, T. et al. 2003). Thereforegnfta radio map is created which requires an offline
calibration phase.

The WLAN standard according to IEEE 802.11 defiheacon-frames that are periodically transmitted
by the access points and from which the receivars estimate the signal strength calibrated in @cib
milliwatt (dBm). With its rapidly increasing deplment, WLAN also became very popular for signal-
strength-based position sensing and numerous WLAditipning systems have been developed. One of the
first such systems was RADAR from Microsoft ResbgiBahl, P. and Padmanabhan, V. N., 2000). It ases
radio map in the form of a raster of measured egfeg points. The position of the reference poirh e
most similar signal characteristics is chosen astipo estimation. This nearest neighbor approaethes
precisions of around 3 m. Higher precision can bwioed by the averagddnearest neighbor approach.
Different approaches (Castro, P. et al, 2001; Rdoset al. 2002) improve the position estimation by
interpolating the signal strength between the exfee points and choose the intermediate locatiah th
corresponds best to the measured value. Such apambpis used, e.g., by the Horus system (Youséef,
and Agrawala, A., 2005; Youssef, M. and Agrawalg,2004) of the University of Maryland. There, aage



positioning deviation is around 2 m under conveh@mditions, i.e., a sufficiently high number afrectly
positioned signal sources with non-disturbed sighssemination. The commercial system of the compan
Ekahau (Ekahau, 2005), which currently is the coneimé de facto standard, works similarly. More
advanced probabilistic positioning approaches wy estimate position using a maximum likelihood
estimation that at best explains the measurem@&agesian approaches (Maligan, D. et al, 2005) add
position probability distributions. Analytical tegigues (Krishnakumar, A. S. and Krishnan, P., 2CBw
for quantitative comparison of the approaches amuvsthat under ideal conditions, current approaches
already get close to the theoretical optimum.

However, there is only little knowledge about thewracy that these systems obtain under non-ideal
conditions, e.g., caused by moving radio obstasieh as pallets, containers, or forklifts. Obvigushis
highly depends on the specific application scenario

3. LOCATING OBJECTS WITH MAGICMAP

MagicMap is a cooperative context aware computipgieation that was introduced in Ibach, P.K. et al
2004 and Ibach, P.K. et al, 2005. Every node seitsenvironment and uses the observed data tolesdc
its location and situation. From that, locationfatton specific actions can be triggered. The sysiorks
cooperatively, i.e., nodes exchange their measuresm@mong each other, for example, to calculate the
overall system state or to compare a node's maasuts to those of neighboring nodes. Since somesod
may have only little processing capacity, calcolagi can be moved to any other, more capable device
without restrictions. Calculations can be done nelduntly on multiple nodes to improve fault tolerapmn
particular, to prevent a minority of malicious nede affect system stability.

As yet, intended devices are typically equippechv®F capability for wireless communication, e.g.,
GSM, WLAN, Bluetooth, or RFID, and can send or ieeedata to or from its neighboring nodes. The
current implementation uses WLAN equipped LaptdtiBAs, and Smartphones that exploit WLAN signal
strength to sense the environment and calculate fibsitions (see Figure 1). In principal howeweeyices
might observe their environment by any kind of sessincluding, optic, acoustic, or haptic sensfoosn
which they derive contextual knowledge and appaiprbehavior.

Figure 1. MagicMap screenshot: Nodes sense the Wigklived signal strength (RSSI) of neighboring sa@ecess
points, other clients, or previously measured ezfee points) and estimate the physical distanagrikg layout
algorithm moves the nodes with unknown positiorehghat length of edges best match the calculatgdigal distance.
Thus, the graph converges to a "magic map", whedes are located approximately at their true iphyposition.
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4. WAREHOUSE MANAGEMENT SCENARIO

We consider a use case of a warehouse managenwams{WMS) in a high rack warehouse with
external storage areas. When goods arrive at thehwase, storage workers acquire them into the ViiyIS
scanning a barcode attached to each product. FlieeWiMS assigns a place for each good to be stotea.
goods are transported by a storage worker withrldifioto the target location. If the target is bted in a
high rack, the storage worker scans the locatioicdae assigned to each high rack store place héer
delivered the cargo. Since the code relates tcamrately known position, a security camera casddected
and focused on the object to take a picture ofSkcuring the processes by cameras has proven to
significantly reduce transportation damages andrawg process traceability. However, some of thedgoo
are stored in the external storage area where finitdestore places exist. Here, item location cznie
assigned precisely, so it is hardly possible taigoa camera on it and take a clear picture of dnencodity.
When an order arrives at the warehouse, the syptarts out a list with the products, their barcqdasd
their locations in the warehouse or the exterraiaste area. A worker picks up all required goods soans
their barcodes into the WMS. Once he has finishaltecting them, he puts everything in a box with a
special number given by the WMS. Then the systeltls snother worker that the order is ready for
packaging. He takes the box and scans everythiagy ag make sure that nothing was forgotten or éost
makes the package ready for shipping. This proesemmonly known as picking in logistics and may
differ depending on the specific management proocétse warehouse company.

5. INTEGRATING WLAN-BASED ASSET TRACKING

MagicMap integrates into the warehouse scenaridobgting the WLAN-equipped mobile scanning
devices. When the barcode of an item is scannegaiition is known to be close to the scanningagev
which can be located employing WLAN. After iteme @canned into the system, MagicMap tracks them by
sensing the position of the WLAN-equipped scanrdegice, and commits the position to the server (see
Figure 2). This enables to track the goods exawtthr the security cameras taking a motion videdhef
delivery process. This is possible, since the WLddVice remains in the items proximity when transgahr
a second scan (at a different position) tells thgtesn when an item is released. Subsequent rebocati
assignments are handled in the same way. This engbat the current position of an item stored hen t
server is always its real-time position within tharehouse and also allows complex relocation saenar
according to specific objectives, e.g., storingniseby order of dispatch or optimal usage of stosgee.

Figure 2. Asset Tracking with MagicMap
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6. WLAN SIGNAL DISSEMINATION

The above scenario relies on accurate WLAN positmnSignal-strength-based trilateration is only
possible if the signal strength/distance relatippraximately obeys a quadratic decrease. Unforéynathis
theoretical relation is significantly disturbedgractice. Therefore, we have to ensure that oplatles where
WLAN positioning shall be employed, signal strengghsufficiently coherent with the distance between
sender and receiver. Therefore we conducted measuts in a warehouse near Cologne, Germany from the
company Lufapak during two days of normal warehayserations. The warehouse is used to store differe
kind of construction machinery parts of variousesizThe floor space is about 3000m?2 consistingb0D&?
high rack area and 500m? (12x42 meters) delivezg arhere the tests were done.

Figure 3. Signal strength map for each of the acpemts

Figure 4. Palettes with cast iron parts strongfpance signal dissemination



As can be seen in Figure 3, signal disseminationoishomogeneous but significantly influenced by
various materials. Particularly large accumulatbassets made from strongly attenuating matesaish as
iron, between AP and receiver result in signal damgFigure 4). Beside warehouse inventory, aldeot
factors affect signal dissemination, e.g., buildiognstruction and infrastructural setup. Constaorcti
elements such as steel girders may channel eleatnostic waves and thus deform the field in an ueetqul
way. Therefore, the highest signal strength locatian differ from the actual position of the APdie 5).
For exact position estimations the system wouldehavknow all factors that influence signal dissaation
given by some environment model. Obviously, in dgiaenvironments as a warehouse definitely iss it i
hardly possible to incorporate all these influegdiactors. MagicMap therefore pursues the approacimly
compute an average attenuation factor and subsalhnieslividual signal disturbance factors in a $tastic
noise parameter — admitting sacrificed accuracywéier, none of the currently available systems can
handle the dynamic environment problem where amrvavelming number of factors influence signal
dissemination and deteriorate accuracy of WLAN-Hgsesitioning. The following comparative evaluation
gives insights whether current systems can prokédelts that are precise and stable enough to e ins
this specific asset tracking scenario.

Figure 5. Steel girders can lead to deviation betw&P location and highest signal strength

7. COMPARATIVE EVALUATION OF WLAN POSITIONING SYSTEMS

We compared MagicMap with two reference WLAN pasithg systems — Ekahau (Ekahau, 2005) and
MobileLocator Light (Fraunhofer 11S, 2004). Ekahawa widely-used commercial system for signal gtien
based position sensing. It uses a radio map wirerce points and claims to offer the “most preceal-
time location tracking available on the market”. bileLocator Light is a system developed at Frauahof
Institut fur Integrierte Schaltungen. It uses arprapch similar to Ekahau but does not have its high
processing requirements. Therefore, MobileLocatght.can also run on mobile devices, such as PBAs.
flexible component-based architecture allows to lesnpmore powerful computers for calculation and
environment modeling or to store and update theasimap. Ekahau, instead, offers a network stunfbler
PDA Clients with Windows Mobile, which send sigrstifength data to a central server that calculatés a
visualizes their positions.

All systems were tested with the same environmedtsetup (Table 1). Test results show that MagicMap
deviation in this specific scenario varies betwéeénand 6 m (Table 2). Data from the client PDAhbves
greater variation and subsequently we have idedtifiossible hardware problems in that device. Toe¥e
we assess performance based on the results forPBtdich is an identical device (Dell Axim X50v). #d
the notebooks varied in their WLAN characteristesd we choose the ASUS notebook for system
comparison since it showed most stable resultsrafgeedeviation of MagicMap on the notebook was 394
(Table 2) which is slightly higher than the measudeviation of Ekahau (Table 3) and slightly lowean
the deviation of MobileLocator Light (Table 4). Wiall tested systems where showing pretty similar



average deviation of 3-5 m, deviation of MagicMaR @he PDA client) was the best in the test with an
average positioning error of 3.25 m. MagicMap neledely 9 reference points (Table 1) to achieve such
precision, while both other systems required thoeBve times more. That's because MagicMap emplays
hybrid algorithm: (1) multilateration to the accessints plus (2) weighted averag&ehearest neighbor
regarding the reference points. The sparse numbeference points simplifies automatic recalibyatof

the radio map, which can be done using the WLAMa@igtrength measurements of the scanner devices
whenever they scan a barcode not relating to an bat indicating a marker of a stationary and known
position.

All systems improve positioning stability by smoioidy temporal signal variations — which results in
some tracking delay (up to 150 seconds calibratioe). Due to the hybrid algorithm, overall positing of
MagicMap was more stable being fewer influenceddypamics in the environment (e.g., movement of
forklifts, goods, or personnel). In MagicMap, nodesd out their signal measurements periodicakyyet0
seconds. Lowering the update periods for timelimeasons has significant impact on system load pfiia
update periods that depend on the speed — longiedpdor stationary or slow objects and shorteiqus if
objects accelerate and move faster — can tacklginiainess issue. To arrive at real-time capahilés
intended in the video tracking scenario, additiggeformance optimizations are required.

Table 1. The infrastructure included one servereisd mobile Table 2. Test Results: MagicMap at 8 different

clients and access points positions
Roles Equipment Notebook PDA
Server 1 ACER Travelmate 4600 | Calibration | Deviation | Calibration | Deviation
Clients 1 ACER Travelmate 460 time time
1 Acer Extensa 2902LMi 90 s 1,5m 90 s 1,5m
1 ASUS 60 s 3m 45 s 1m
2 Dell Axim X50v 45 s 5m 30s 3m
Access Points 8 Netgear ME102 AP 120 s 6-8m 120 s 6-8m
1 Asus WL-500g 60s 5m 60s 5Em
. . 3 unknown preinstalled 120s >m 120s 15m
Reference Points for Radio M| 70
- - 90s 6m 120 s 3m
Reference Points for MagicMa® 150 7 150 7
Reference Points for Ekahau 48 S m S m
Reference Points for 30 Average 3.94m Average 3.25m
MobileLocator Light

Table 3. Test Results Ekahau (ASUS Notebook)

Table 4. Test results MobileLocator LigRDA)

Calibration time Deviation Calibration time Deviation
60 s 3m 15s 1-8m
60 s 8-9m 10s 1-4m
120 s 6m 10s 3-4m
60 s 3m 30s 0-1m
10s 1-3m 10s 10 m
90 s 2m 10s 0-1
120 s 2-3m 10s 1-3m
60 s 1-3m 10s 10 m
Average 3.62m Average 4.18m

8. CONCLUSION AND OUTLOOK

We have shown how WLAN-based position sensing ipliegble for asset tracking in warehouse
management. The dynamic environment which is tydimawarehouses, requires measuring and updating
reference points whenever assets are relocatedicigly. This recalibration process can be auttadan
the item scanning and tracking scenario. The inyat&d systems provided similar precision at aroB+in
average deviation. Our MagicMap solution providéghtly better average precision with the least anto
of reference points required. With growing prevakenf PDAs and Windows CE-based embedded devices



in supply chain management and warehouse managesoenarios, the result shows the possible gain in
efficiency that WLAN-based asset tracking can pdeviA definite advantage of WLAN over RFID solutson
is the easy and by far less costly integrationxisteng IT infrastructures.

Finally, there is a large field of research lefirtgorove positioning accuracy under dynamic envinent
changes. Currently, we are investigating threeoogti (1) adding sniffers (nodes that sense theakign
strength in real-time and thus eliminate the récation problem) to the system, (2) using symmeteer-to-
peer measurements of signal strength that canctaoliere information and thus will provide betteca@cy,
and (3) various ways to improve the positioningosthm itself, e.g., by incorporating a priori knisge
about walls, ways, and movements.
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