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Abstract

We present location clustering as a technique to significantly reduce the computational requirements

of WLAN location determination systems. We provide two algorithms, namely, Joint Clustering and

Incremental Triangulation, and describe their tradeoffs between computational cost and location deter-

mination accuracy. Both techniques reduce computational cost by more than an order of magnitude,

allowing non-centralized implementation on mobile clients and enabling new context-aware applica-

tions. We present a performance comparison of the two techniques in an actual testbed implementation.

∗Also affiliated with Alexandria University, Egypt.
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1. Introduction

As ubiquitous computing becomes more popular, the importance of context-aware applications increases

[1]. This in turn fuels the need to determine the user location, with which the system can provide

location-specific information and services.

WLAN location determination systems [2–11] use an underlying wireless data network, such as

802.11, to estimate the user location. WLAN-based techniques provide more ubiquitous coverage and

do not require additional hardware for user location determination, thereby enhancing the value of the

wireless data network.

WLAN location determination systems usually work in two phases:offline training phase andonline

location determination phase. During the offline phase, the signal strength received from the access

points, at selected locations in the area of interest, is tabulated resulting in a so-calledradio map. During

the location determination phase, the signal strength samples received from the access points are used to

“search” the radio map to estimate the user location.

Since mobile devices are energy-constrained, it is important to reduce the computational requirement

of the location determination system to extend the life of their batteries.

In this paper, we introduce clustering of radio map locations as an approach to reduce the computa-

tional requirements of the location determination algorithms. The proposed algorithms reduce compu-

tational requirements by running the location determination algorithm for only a small subset (a cluster)
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Figure 1. Horus Components: the arrows show information flow in the system. Shaded block
represent modules used during the offline phase. In this paper, we describe the clustering component
of the Horussystem (shown in thick lines).

of the radio map locations, saving significant amount of computation. Achieving such clustering is chal-

lenging given the noisy characteristics of the wireless channel. We describe two general approaches to

clustering: explicit clustering and implicit clustering, both applicable to any of the current radio map

based approaches. We also describe the tradeoffs between the computational cost and location determi-

nation accuracy for the proposed techniques.

Results from 802.11-equipped iPAQ implementations in the context of the Horus probabilistic WLAN

location determination system [2–5] show that both algorithms reduce computational cost by more than

an order of magnitude without sacrificing accuracy.

The rest of the paper is organized as follows. In the next section, we present a brief introduction
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of the Horus WLAN location determination system. Section 3 presents the noisy characteristics of

the wireless channel that make the clustering problem challenging. In Section 4 we present the details

of radio map construction and location estimation with the explicit clustering and implicit clustering

techniques. In Section 5, we describe the evaluation of the techniques in the context of the Horus WLAN

location determination system and the obtained results. Finally, we discuss related work in Section 6

and conclude the paper in Section 7.

2. The Horus System

Horus [2–5] is a probabilistic location determination system. The main goal of the system is to identify

the noisy characteristic of the wireless channel and to develop techniques to handle them. Fig. 1 shows

the components of theHorus system. The system uses the signal strength information returned from

different access points to infer the user location and to provide an API for the user applications to use

the system functionality.

The system works in two phases:

1. Offline phase: to build the radio map, cluster radio map locations, and do other preprocessing of

the signal strength models.

2. Online Phase: to estimate the user location based on the received signal strength from each access

point and the radio map prepared in the offline phase.

The radio map stores the distribution of signal strength received from each access point at each loca-

tion.

TheClusteringmodule is used to group radio map locations based on the access points covering them.

4



Alg. 1 x= HorusGetLocation (s, X, P RM )
Require:

s : Measured signal strength vector fromk access points (s = (s1, ..., sk)).
X : Radio map locations.
RM : A radio map based function, whereP RM(sa, a, x) returns the probability of receiving signal
strengthsa from access pointa at locationx ∈ X.

Ensure:
The locationx ∈ X that maximizesP (x/s).

1: Max← 0
2: for l ∈ X do

3: P ←
k∏

i=1

P RM(si, i, l)

4: if P > Max then
5: x ← l
6: Max ← p
7: end if
8: end for

Clustering is used to reduce the computational requirements of the system and, hence, conserve power.

This module is the subject of this paper.

The Discrete Space Estimatormodule returns the radio map location that has the maximum proba-

bility given the received signal strength vector from different access points. An outline of the algorithm

used is given in Algorithm 1. We use this algorithm as the baseline for comparing the performance of

the proposed clustering techniques.

TheSmall-Scale Compensatormodule handles the small-scale variation characteristics of the wireless

channel [4].

The Continuous Space Estimatortakes as an input the discrete estimated user location, one of the

radio map locations, and returns a more accurate estimate the user location in the continuous space [5].
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Figure 2. Wireless channel characteristics.

3. Wireless Channel Characteristics

Fig. 2(a) gives a typical example of the normalized histogram of the signal strength received from an

access point at a fixed location. People moving in the environment, doors opening and closing, and other

changes in the environment can explain such temporal changes shown in the figure.

We also performed an experiment to test the behavior of access points with different average signal

strength at the same location. During this experiment, we sampled the signal strength from each access

point at the rate of one sample per second. Fig. 2(b) shows the relation between the average signal

strength received from an access point and the percentage of samples we receive from it during a period

of 5 minutes. The figure shows that the number of samples collected from an access point is a monoton-

ically increasing function of the average signal strength. Assuming a constant noise level, the higher the

signal strength, the higher the signal to noise ratio and the more probable it becomes that the 802.11b

card will identify the existence of a frame.

To summarize, figure 2 highlights the characteristics of the wireless channel: (1) At a fixed location,

the signal strength received from an access point varies with time. (2) The number of access points
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covering a location varies with time.

4. Radio Map Locations Clustering

4.1. Approach

We define aclusteras a set of locations sharing a common set of access points. We call this common set

of access points thecluster key. The problem can be stated as: Given a locationx, we want to determine

the cluster to whichx belongs. The noisy characteristics of the wireless channel described in Section 3

make clustering a challenging problem because the number of access points covering a location varies

with time.

We present two approaches:

• Explicit clustering: Here the system must determine the clusters during the offline training phase

as a separate step.

• Implicit clustering: Here, no special processing is performed in the offline phase. However, during

the location determination phase, the system performs clustering implicitly.

The details of the algorithms are given next.

4.2. Explicit Clustering

One way to do clustering is to group locations according to the access points that cover them. i.e. two

locationsx1 andx2 are placed in the same clusteriff the set of access points covering these locations are

identical. However, this approach for clustering has problems when applied in a real environment. As

shown in Fig. 2(b), an access point may be missing from some of the samples and, therefore, using the
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entire set of access points that cover a location for clustering may fail to find the correct cluster due to

the missing access point.

Instead, we use a subset of this set containing onlyq elements and the problem becomes: Given a

numberq, we want to put all the locations that shareq access points in one cluster. Therefore, we have

2 sub-problems: (1) How to determine the value ofq? and (2) Whichq access points to choose for

clustering?

For the first sub-problem, we need to chooseq such that all locations are covered by at leastq access

points most of the time. This factor lessens the effect of variability in the number of access points with

time. This suggests that the value ofq should be less than or equal to the minimum number of access

points covering any location in the radio map. Moreover, we need a value forq that distributes locations

evenly between the clusters to reduce the required computations. Experiments showing the effect of the

parameterq on performance are given in Section 5.

The solution for sub-problem 2 is related to the solution of sub-problem 1. If the number of access

points covering a location is varying with time, which access points should we choose? Intuitively, we

should choose the access points that appear most of the time in the samples. Fig. 2(b) suggests that we

should choose to use theq access points with the largest signal strength values at each location.

To summarize, for a given locationx, we use the set of theq strongest access points covering this

location to determine the cluster to which it belongs. Therefore, the cluster key in theExplicit Clustering

approach is the set of theq access points used to group the locations in this cluster.

We call the modified location determination algorithm, that uses theExplicit Clusteringtechnique, the

Joint Clusteringalgorithm (Algorithm 2). The algorithm is identical to the previously describedHorus

algorithm with the exception of reducing the radio-map space to a single cluster.
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Alg. 2 x=JC GetLocation(s,X,RM ,Cluster,q)
Require:

s : Measured signal strength vector (s = (s1, ..., sk)).
RM : Radio map.
Cluster : Clustering function whereCluster(k) is the set of radio-map locations whose key isk.
q : Number of access points to use in clustering.

Ensure:
Estimated locationx.

1: OrderedS ← s sorted in a descending order.
2: CandidateList ← Cluster(OrderedS(1..q))
3: x ← GetLocation(s, CandidateList, RM).
{Get the candidate location using standard algorithms}

4.3. Implicit Clustering

One can look at the clustering problem from a different viewpoint. Each access point defines a subset of

the radio map locations that are covered by this access point. These locations can be viewed as a cluster

of locations whose key is the access point covering the locations in this cluster. If during the location

determination phase we use the access points incrementally, one after the other, then starting with the

first access point, we restrict our search space to the locations covered by this access point. The second

access point chooses only the locations in the range of the first access point and covered by the second

access point and so on, leading to a multi-level clustering process.

Notice that no preprocessing is required in the offline training phase. During the online phase, a

locationx belongs to a cluster whose key is access pointa if there is information about access pointa at

locationx in the radio map.

We call the modified location determination algorithm, that uses theImplicit Clusteringtechnique,

the Incremental Triangulationalgorithm (Algorithm 3). The algorithm works as follows. Given a se-

quence of observations from each access point, we start by sorting the access points in descending order

according to the average received signal strength. For the first access point, the one with the strongest
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average signal strength, we calculate the probability of each location in the radio map set given the ob-

servation sequence from this access point alone. This gives us a set of candidate locations (locations

that have non-zero probability). If the probability of the most probable location is “significantly” higher

(according to a threshold) than the probability of the second most probable location, we return the most

probable location as our location estimate, after consulting only one access point. If this is not the case,

we go to the next access point in the sorted access point list. For this access point, we repeat the same

process again, but only for the set of candidate locations obtained from the first access point.

Alg. 3 x= IT GetLocation (s, X, RM , Threshold)
Require:

s : Measured signal strength vector (s = (s1, ..., sk)).
X : Radio map locations.
RM : Radio map.
Threshold : Stopping threshold.

Ensure:
Estimated locationx.

1: OrderedS ← s sorted in a descending order.
2: CandidateList ← X
3: CurrentAP ← 1.
4: Done ← false.
5: while Not Done do
6: for l ∈ CandidateList do
7: s̄ ← OrderedS(1..CurrentAP ).
8: p(l) ← probability of locationl usingGetLocation(s̄, CandidateList, RM).

{Get the probability using standard algorithms}
9: end for

10: sortp in a descending order and sortCandidateList accordingly.
11: if (p(CandidateList(1))−p(CandidateList(2))

p(CandidateList(1))
> Threshold ‖ CurrentAP == k) then

12: Done = true
13: else
14: CurrentAP = CurrentAP + 1.
15: CandidateList ← Elements with non-zero probability ofCandidateList.
16: end if
17: end while
18: x ← CandidateList(1)

This process of calculating the probabilities and determining the significance of the most probable
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location is repeated incrementally, for each access point in order, until the location can be estimated or

all access points are consulted. In the latter case, the algorithm returns the most probable location in the

candidate list that remains after consulting all the access points. We call our approach theIncremental

Triangulationtechnique.

4.4. Discussion

Both clustering techniques reduce the search space and thus lead to a reduction of the computational cost

of location determination techniques employing these clustering approaches. Moreover, using clustering

helps in scaling the system to a larger coverage area.

TheExplicit Clusteringdivides the radio-map spaceX in a number of flat clusters. However, theIm-

plicit Clusteringtries to use the access points incrementally, one after the other, until it can estimate the

location with certain accuracy leading to clustering at multi-levels and hence to a more reduced search

space than theExplicit Clusteringapproach, and hence fewer number of operations, on the average, per

sample. However, treating each access point incrementally, instead of using the joint distribution, leads

to the loss of some information and thus the accuracy of theImplicit Clusteringis lower than theExplicit

Clusteringtechnique.

5. Experimental Evaluation

In this section, we discuss the experimental testbed and evaluate the performance of the Joint Clustering

and Incremental Triangulation techniques.
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Figure 3. Floor plan for the testbed. Readings were collected in the corridors and inside the rooms.

5.1. Experimental Testbed

We collected 200 samples at each radio map location, one sample every 100 milliseconds. The cards

used were Lucent Orinoco silver NICs supporting up to 11 Mbit/s data rate [12].To test the performance

of the system, we used an independent test set that was collected on different days, time of day, and by

different persons than the training set.

We performed our experiment in the south wing of the fourth floor of the A. V. William’s building in

the University of Maryland at College Park. The layout of the floor is shown in Fig. 3. The wing has

a dimension of 224 feet by 85.1 feet. The technique was tested in the University of Maryland wireless

network usingCiscoaccess points. The entire wing is covered by 21 access points. The radio map

has 110 locations along the corridors and 62 locations inside the rooms. On the average, each location

is covered by 6 access points. TheHorus system was running onWindows XPprofessional operating

system.

To measure the performance of the proposed techniques, we used two metrics: (1)Accuracy: This

measure is defined as the percentage of time in which the technique gives the correct location estimate

within a certain distance and (2) theNumber of operations per location estimate: This measure is defined

as the total number of operations (multiplications) performed for a single location estimate. This is
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(b) average number of operations per location estimate.

Figure 4. Effect of the parameter q on the performance of the JC technique.

important in minimizing computation time, but more so in minimizing the power consumption.

5.2. Joint Clustering Technique

Fig. 5.2 shows the effect of the parameterq on the average distance error. We can see that asq

increases, the accuracy of the system slightly increases. Since, clustering reduces the search space,

clustering can enhance the system accuracy.

Fig. 4(b) shows the effect of the parameterq on the average number of operations per location esti-

mate. Asq increases, the average number of operations per location estimate decreases. For this range

of q values, asq increases, the average cluster size decreases and hence the system uses a fewer number

of operations per location estimates.

5.3. Incremental Triangulation Technique

Figures 5(a) and 5(b) show the effect of the parameterThreshold on the performance. For small values

of the Threshold parameter, the decision is taken quickly after examining a small number of access
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Figure 5. Effect of the parameter Threshold on the performance of the IT technique.

points. As the threshold value increases, more access points are consulted to reach a decision. As the

number of access points consulted increases, the number of operations per location estimate increases

and the so does the accuracy.

6. Related work

Radio map-based techniques can be categorized into two broad categories: deterministic techniques

[6–8] and distribution-based techniques [2–5, 9–11]. Our work lies in the second category. However,

none of the previous systems take into account the computational burden of the location determination

algorithm. Our work is unique in introducing clustering of radio map locations as an approach to reduce

the computational requirements of the location determination techniques, enhance accuracy, and increase

the scalability of the system. Therefore, our location determination system combines both merits: high

accuracy with significant reduction in computational cost.
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7. Conclusions

In this paper, we presented clustering of radio map locations as an approach to reduce the computational

requirements of the location determination algorithms and achieve scalability. We also showed that

clustering of radio map locations is a challenging problem with the noisy characteristic of the wireless

channel. We describe two general approaches to clustering:Explicit ClusteringandImplicit Clustering.

The results show that using clustering reduces the average number of operations per location estimate

by more than an order of magnitude. TheExplicit Clusteringtechnique gives slightly better accuracy

than theImplicit Clustering technique. However, The average number of operations performed per

location estimate for theImplicit clusteringtechnique is much lower than the corresponding number of

theExplicit Clusteringtechnique.

Such energy saving allows the system to be implemented on energy-constrained mobile devices and

thus increases the scalability of the system in terms of the number of supported users. The proposed

clustering techniques can be applied to all the current WLAN location determination systems to reduce

their computational cost and enhance their accuracy.
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