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Abstract

Wi-Fi Access Point (AP) optimization approaches are used in indoor positioning systems for
signal coverage enhancement, as well as positioning precision improvement. Although the
huge power consumption of the AP optimization forms a serious problem due to the signal
coverage requirement for large-scale indoor environment, the conventional approaches treat
the problem of power consumption independent from the design of indoor positioning systems.
This paper proposes a new Fast Water-filling algorithm Group Power Constraint (FWA-GPC)
based Wi-Fi AP optimization approach for indoor positioning in which the power consumed
by the AP optimization is significantly considered. This paper has three contributions. First, it
is not restricted to conventional concept of one AP for one candidate AP location, but
considered spare APs once the active APs break off. Second, it utilizes the concept of
water-filling model from adaptive channel power allocation to calculate the number of APs for
each candidate AP location by maximizing the location fingerprint discrimination. Third, it
uses a fast version, namely Fast Water-filling algorithm, to search for the optimal solution
efficiently. The experimental results conducted in two typical indoor Wi-Fi environments
prove that the proposed FWA-GPC performs better than the conventional AP optimization
approaches.
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1. Introduction

In the past decade, the indoor positioning systems based on Wi-Fi network have caught

significant attention [1-5]. Since the Wi-Fi Access Points (APs) are widely deployed in public
hotspot areas, many kinds of positioning schemes with various signal measurements, like the
Received Signal Strength (RSS), Signal-to-noise Ratio (SNR), Time-of-arrival (TOA), and
Angle-of-arrival (AOA), are developed [6-12]. Among them, the RSS is more favored in
indoor Wi-Fi positioning due to the free and easy access to Wi-Fi RSS, as well as cost
efficiency in RSS recording [13-16].

The two main categories involved in RSS based indoor Wi-Fi positioning are the location
fingerprint and trilateration based positioning schemes [17-22]. The former one estimates the
target locations by matching the newly recorded RSSs against the pre-constructed radio map,
while the latter one conducts the positioning based on the calculation of the distances from at
least three hearable APs to the target. Both of them suffered from the positioning ambiguity as
the AP number increases. To address this problem, some literatures used AP optimization
approaches to improve positioning precision, which ignored the fact that the huge power
consumption of the AP optimization forms a serious problem.

Power consumption in positioning system usually refers to time overhead which exists in
two phases, the off-line calibration phase and on-line positioning phase. The off-line phase
involves in the AP optimization and database construction and the on-line phase involves in
data processing of estimating the position. This paper considers the power consumption of AP
optimization in the off-line phase. AP optimization process aims at constructing a specific
objective function which focuses on the demanding factors, and then searching for the optimal
solution via searching algorithm which produce the most of the power consumption.

In the past decade, the Wi-Fi AP optimization has been studied extensively. The author in
[23] proposed an AP filtering approach that aims at simplifying the positioning radio maps,
and meanwhile improving positioning accuracy by removing the useless APs which do not
contribute significantly during the positioning. These APs can be clearly identified and
removed from the radio map by setting the RSS level based on threshold. SNR maximization
based AP placement scheme was proposed in [24]. It regarded the location discriminant
information and degree of unstable measurements as the signal and noise respectively. The
principle of this scheme is to maximize the signal and minimize the noise simultaneously. In
[25], the author attempted to deploy a WLAN which guaranteed the requested communication
Quality of Service (Qo0S), as well as reduced the localization error. It introduced two indicators
to evaluate network throughput and positioning accuracy, which significantly contributed to
the optimization model. The author in [26] proposed an AP placement optimization approach
based on the lowest positioning error bound which was derived by the theoretical relationship
between positioning error and various signal distributions by using Fisher Information Matrix
(FIM). In addition, the authors in [27] invented a weighted kernel function by which the
impact of different APs is differentiated. It can help a lot in improving the accuracy of indoor
WLAN localization. However, these approaches do not take the power consumed by the APs
into account and may lead to the huge power consumption problem.The authors in [28-32]
claim that the huge power consumption problem definitely exists when there are a large
number of candidate APs in target environment. We clarify that the goal of this paper is not to
treat the problem of power consumption independent from the design of an indoor Wi-Fi
positioning system. But instead, we propose a hew AP optimization approach, which not only
improves the positioning accuracy, but also reduces the power consumption by choosing the
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best group of candidate AP locations.The performance of RSS based indoor Wi-Fi positioning
significantly depends on the environmental and measurement properties such as physical
layout. In our experiments, the proposed FWA-GPC is examined in two typical indoor Wi-Fi
environments. We also compare the proposed approach with three conventional AP
optimization approaches, including the Random [33], which chooses AP locations randomly,
Max Mean [34], and Information Gain-based (InfoGain) [35] approaches. Max Mean
approach assigns the higher importance to the candidate AP locations which make the RPs
have stronger average signal strength values. InfoGain approach distributes higher confidence
to more discriminative candidate AP locations, and then the candidate AP locations with the
highest InfoGain is selected as the optimal AP locations. The experimental results show that
the conventional approaches undergo performance degradation due to the lack of the joint
consideration of location fingerprint discrimination and power consumption.

The remainder of the paper is organized as follows. In Section 2, we review the
Water-filling Model from three aspects: Model construction, Conventional solution, and Fast
solution. On the base of above description, Section 3 presents our AP optimization approach,
which combined with water-filling model and fast solution. The extensive experiments are
provided in Section 4. Finally, we conclude the paper and provide the future directions in
Section 5.

2. Review of Water-filling Model

Our system chooses the best group of candidate AP locations which most contributes to the
location fingerprint discrimination and power consumption for indoor positioning. It is based
on the concept of water-filling model, which has been widely used in adaptive channel power
allocation [36-38]. The basic idea of this model is to allocate power to each channel according
to the channel condition for the sake of maximizing system capacity. Here, a general
introduction to water-filling model used for power allocation is given below.

2.1 Model Construction

It is all known that in the multi-channel wireless system with a given total power constraint at
the transmitter, allocating equal power to each channel will result in the wastefulness of
system resources due to the frequency-selective difference among the channels. To solve this
problem, the optimal power allocation scheme is used to assist in obtaining good performance
of system capacity. The analysis about the relations between the power allocation and system
capacity is as follows.

The expression of system capacity, C , based on Shannon theory is:

C= Blogz(1+Ni) (D)

0

where B is bandwidth; P is signal power; and N, is noise power.

Supposing that there are two channels with signal power P, and P,, where P =P +p,,
respectively, we can calculate that

C=Blog, 1+ P2y~ Blog, @+ -2) + BlogL + —P2—) )
N, N, p,+N,

From (2), we can find that the first channel gives rise to the interference to the second
channel since the signal power of the first channel turns into the noise power with respect to
the second channel. Therefore, the power allocation scheme is widely considered as one of the
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key technologies for system capacity-achieving. In particular, the water-filling model, as one
of the quintessential adaptive power allocation schemes, allocates power on the basis of SNR.
The description of this model is shown in (3).

(Py++ p,) =argmax 3 Blog,(1+SNR,p,)
subject to: D" p, = P D, >0,(n=12, -+, N) @)

neN

where N is channel number; sNR is the SNR with respect to the n-th channel,
p,(n=12,--- N) isthe optimal power allocated to the n-th channel; and P, is the total transmit
power.

2.2 Conventional Solution

For the sake of generality, we modify (3) into a modified water-filling model

(p{,++ py) =argmax Y Blog, (1+SNR p;)

subjectto: > p; = B ()

neN

where p’ is the modified power of the n-th channel. Using the Lagrange multiplier approach
[39], we obtain

N N
|-=Z:1:B|092(1+5NRn pé)—ﬂ(g P —R) (5)

where 4 is Lagrange multiplier. By setting %: 0, we have
p

o _B SN (6)
op; In2 1+SNR,p;
We convert (6) into

B 1 1
e n=12--N 7
P =102 SNRn( ) (7)
Then, the optimal solution to water-filling model is
B 1 1
=[—x=-——],(n=12,--N 8
AT ) (®)

where the notation [e], = max(e,0) and x is water-filling level.

From (8), we can find that the value p,(n=12,---,N) is determined by water-filling level.

Therefore, the conventional solution is based on searching for the most proper water-level. As
one of the most representative algorithms used for solving this problem, the iterative
water-filling algorithm involves two main steps as follows.

N-k+1
Step 1: Initialize the parameter k =1, and then substitute (7) into >’ p; =P, to obtain

n=1

B N-k+1
- ("= 9
p= s ) )
P+ —
~ SNR

The value p!(n=12,---,N) can be calculated by substituting (9) into (7).
Step 2: Set Py 4., =0 and k =K +1 when the negative modified power exists, and then go back

to step 1 to recalculate the values g and p!(n=12,--N). This process ends until all the
modified power is nonnegative, as shown in Fig. 1.
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2.3 Fast Solution

Without iterative searching for water-level, the procedure of fast solution [40] is discussed as
follows.
From (7), we obtain
B 1 1

— xZ=p 10
2 % P TSNR (10)
Since the value x is a constant, one has
B 1 1Y 1 1 yo1
—x= ==Y (p,+——)=—(P — 11
N2 u Ng(p“+SNRn) N(T+HZ:1“SNRH) (1)
Substituting (9) into (11), we have
1 8ol 1
SRy —)- n=12--N 12
P, N(T+§SNRH) SNRn( ) (12)

Then, based on (12), two cases are considered respectively to obtain the optimal solution to
water-filling model.

Case 1: All the modified power p/(n=1,2,---,N) is not negative.

In this case, we set p, = p/(n=12,---,N), which means the solution to water-filling model
equals to the one to the modified water-filling model in (4).

Case 2: The negative modified power exists.

In this case, there are two main steps involved.

Step 1. Rank the modified power in descending order, Q >--->Q, , Where

Q,>0(n=12,--k) and Q, <0(n=k+Lk+2,---,N).
Step 2: Set the latter N —k modified power as zero and reduce each of the former k
N
modified power by 1 > (-Q,) simultaneously with the purpose of preserving the total
n=k+1

transmit power unchanged, as shown in Lemma 1. Then, save {Q, ---Q,} into the set of
modified power {p;--- py}-

Lemma 1: For any given value A ( OSAS% ), we notate {p/,n=12,--,N} and
{p,,n=1,2,---,N} as the solutions to the modified water-filling model as the total transmit
power equals to P, and P —NA respectively. When p/>A(n=12,---N), we set
P, =p,—-A(nN=L2,--,N).

Proof: Based on (12), when the total transmit power equals to P. —NA, we can calculate
that

1 1 . 1

1 v 1
pi=—(F -NA+> —)-———=—(P —)————A=p/ -A 13
o N(T +nZ:1:SNRn) SNR, N(T+§SNRH) SNR, Pr (13)

The purpose of Lemma 1 is to illustrate that for the fast solution to the modified
water-filling model, when the total transmit power is reduced by NA, the modified power for

each channel is reduced by A. In other words, when the latter N —k negative modified power

becomes 0, the total of the former k modified powers should be reduced by ZN: (-Q,) to

n=k+1

preserve the total transmit power unchanged. Then, each of the former k modified power will



1956 Pu et al.: Group Power Constraint Based Wi-Fi Access Point Optimization for Indoor Positioning

N
be reduced by the same amount of % Z -Q,)-

n=k+1
The two main steps mentioned before are named as cross-zero adjustment. It requires the
iterative process until all the modified powers becomes nonnegative, as shown in Fig. 2.

( Start ) ( Start )
\ J . /
‘ Initialize the parameter k=1 ‘ Calculate the modified power using (12) :
Set p' -0 pi(n=1--N) Save PH(U:L---,_N_) back to the
i Py corresponding modified powers set

st R=R-LY (R)n=Lk)
K&

B, N-kil NO : S
p=—-~———) Sequence {p/.-- Py} in descending
Calculate In2 Py Nzkll 1 order, notated as {R}\--- P(} and setthe T
T o SNR" @ corresponding subscripts in {l,,--+, 1} Assume P =0(n=L--K)
¢ //i\ P/ <0(n=k+1---N)
YES — P{ <0? —

Calcuatep, =2 x 2L (n=g.n T i Fi=00=k+1-N)
2 4 SNR ( End ) ( e )
AN /
Fig. 1. Flow chart of iterative water-filling Fig. 2. Flow chart of cross-zero adjustment
algorithm

3. Approaches Description

The conventional Wi-Fi AP optimization approaches for indoor positioning do not take the
power consumed by the APs into account, and it is generally based on a natural consideration
to choose as many as possible redundant APs to reduce the positioning ambiguity. However,
these approaches may suffer from the huge power consumption when the number of APs
chosen for positioning is significantly large. The concept of water-filling model from the
adaptive channel power allocation inspires us to develop a new AP optimization approach
which can improve the positioning accuracy, as well as reduce the power consumption.

3.1 Proposed Approach

As discussed earlier, the basic idea of the water-filling model is to allocate power to each
channel according to the channel condition for the sake of maximizing system capacity.
Similarly, we borrowed this concept from it to allocate APs to each candidate AP location for
the sake of maximizing location fingerprint discrimination. This paper views the total transmit
power as the total number of APs, channels as the candidate AP locations, Signal Noise Ratio
(SNR) of each channel which represents the contribution to system capacity as the
contribution of each candidate AP location which is designed to maximize location fingerprint
discrimination, power allocated to each channel as the number of APs allocated to each
candidate AP location, and system capacity as the location fingerprint discrimination.
Calculating importance of each candidate AP location and then ranking them is an intuitive
approach for AP optimization. It treats the problem of power consumption independent from
the design of indoor positioning systems, which may not favorable enough. The proposed
approach focuses on measuring the location fingerprint discrimination of each group of
candidate APs with a given total power, rather than assuming the equal power consumed by
each AP, and then selects the group with the maximum location fingerprint discrimination.
Unlike the conventional location fingerprint discrimination approaches, which calculate the
sum of Euclidean distances among all the Reference Points (RPs), a novel calculation
approach is proposed in this paper. It calculates the ratio of Euclidean distances within a
certain range. In practice, some APs that cannot be detected, would be given a minimum
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threshold, which will make significant contribution in the sum of Euclidean distances among
all the RPs, but result in poor localization performance. In addition, if the Euclidean distances
among the adjacent RPs are large, the localization errors could increase remarkably, such as
the representative K-nearest Neighbor (KNN) algorithm. Based on this, our approach aims to
minimize the sum of Euclidean distances among the RPs inside adjacency circle, as well as
maximize the sum of Euclidean distances among the RPs outside adjacency circle. The ratio of
the sum of Euclidean distances of RSS measurements outside and inside the adjacency circle
with a proper radius when the AP is deployed at the n-th candidate AP location is defined as
follows.

J
1

[Pm)-PMm]

I
w

(=12---N)
S [rm-PMmT (14)

i=1 jeD,

D, = Gi[J0r =X+ (3, - y))" < kD, ={i[d < Jox -x) (v, -y, )" < e}
where M and N stand for the number of RPs and candidate AP locations; D,, and D,, stand
for the sets of RPs inside and outside adjacency circle with respect to the circle center RP i ;
d is the radius of adjacency circle; g is a coefficient; P(n) is the RSS from the n—th
candidate AP location at RP i;and (x;,y,) isthe 2-D coordinate of RP i.
Maximizing the sum of » (n=12,--,N)in all the candidate AP locations, we have

7n=

=
|

N

N
f =max > w7, (n=12,N) (15)

n=1
where W, is the number of APs allocated at the n-th candidate AP location.

Although we borrowed the concepts of the adaptive channel power allocation to propose AP
optimization, the distinction also exists. Different from the continuity property of power
allocation, the discreteness property of AP optimization as well as upper-bound number of
APs at each candidate AP location should be considered in our system. The reason of probably
allocating more than one APs at one candidate AP location is that some important areas need
to be covered by multiple APs in case of AP failure.

Based on (3) and (15), we construct the water-filling model for the AP optimization based
indoor positioning as

N
{Wl' Y Wn}: arg max{z IOgZ(l+ j/an)} (n =12, N)
N n=1 (16)
subject to: Y w, =W, ;w, e{Z",0};w, <wj,,

n=1
where W; is the total number of APs also named as total power in the concept of adaptive

channel power allocation and W, is the upper-bound number of APs allocated at the n-th
candidate AP location.

3.2 Fast Version

Considering the computation efficiency, we propose a fast version of GPC, namely
FWA-GPC, to find the solution to the problem of AP optimization efficiently. It is improved
from the above fast water-filling solution, whose main idea is to start with the iterative
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cross-zero adjustment, upper-bound checking, and discrete adjustment until all the values
w, (n=1,--,N) meet the constraints. The process of the proposed FWA-GPC is described as

follows.
First of all, we modify (16) into

N
W), w}=argmax{> log, (1+y,w,)}
N n=1 (17)
subject to: Y w, =W,
n=1

where w' is the modified number of APs (hereafter referred to modified number) allocated at

the n-th candidate AP location without considering the discreteness property and
upper-bound of AP number at every candidate AP location.
Using the Lagrange multiplier approach, we have
1 1 1

=~ x=—-—(n=12,--N 1
W0 ) (18)
Based on (10) and (11), one obtains
Wr']:i(\NT+ii)_i(n=1’2,...,N) (19)
N n=1 7y ;/n

To meet the constraints in (16), the process of iterative cross-zero adjustment, upper-bound
checking, and discrete adjustment is needed. As mentioned above, after calculating the value

w;, by (19), two cases should be considered respectively during the cross-zero adjustment.
Case 1: All the modified number w!(n=1,2,---,N) is not negative.
In this case, we continue to the process of upper-bound checking.
Case 2: The negative modified number exists.
In this case, two main steps are involved.
Step 1: Rank the modified number in descending order and save the corresponding
subscripts into set {l,,---, 1, }. For simplicity, the modified number is notated as W,'>--->W,,

where W/ >0(n=1,2,--- k) and W/ <0(n=k +1,k +2,--,N).
Step 2: Set the latter N —k modified number W/(n =k +1,---,N) as zero and reduce each

N
of the former k modified number W'(n=1,2,---k) by 1 Z (-W.) simultaneously with the

n=k+1

purpose of preserving the total AP number unchanged. Then, save {W,,--- W, } into the set of
modified number {w],---,wy}. The pseudo-code of the process of cross-zero adjustment is

shown in Table 1.

We conduct the iterative cross-zero adjustment until all the modified number becomes
nonnegative. After the process of cross-zero adjustment, the upper-bound checking is needed
for the upper-bound constraint of AP number at every candidate AP location. At this point,
there are two cases to be considered respectively as follows.

Case 1: All the modified number w/(n=12,--,N) is not larger than the upper-bound value
WrTwax )

In this case, we continue to the process of discrete adjustment.
Case 2: There is one or more modified number w,(n=12,---,N) larger than w7 . .
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In this case, two main steps are involved.
Step 1: Find out the modified number which is larger than the upper-bound value and save
the corresponding subscripts and values into sets {J,,---,J,} and {W,;--- W} respectively.

Step 2: Modify w; (n=1,2,--t) into w,, and increase each of the other N —t modified

max

t
number by ﬁZ(w" -W”) simultaneously with the purpose of preserving the total number
L=l

of APs unchanged. The two steps above are named as the process of upper-bound checking,
and the corresponding pseudo-code is shown in Table 1.

We conduct the iterative upper-bound checking until all the modified humber is not larger
than the upper-bound value. After the process of upper-bound checking, we convert the
modified number into the discrete form. Then, two cases will be considered respectively.

Case 1: All the modified number is smaller than one.

In this case, we set w, =1(n=1,2,--W,) and w’ =0(n =W, +LW, +2,---,N).

Case 2: There is one or more modified number not smaller than one.

In this case, two main steps are involved.

Step 1: Rank the modified number in descending order and save the corresponding

subscripts into set {G,,--, G, } . Without losing generality, we notate the modified number as
W,> .- >W" , where 1<W,"<w,, (n=12,--r) and W"<l(n=r+Lr+2,-,N). Then, we
conduct the rounding down operation, notated as “| « |, on W,(n=1,2,---,r) to obtain

W)= W"|(n=1,--r) (20)

Step 2: Increase the value W' (n=r+1,r+2,---,N) by NLZ (W,"—|W,"]) to preserve the total
=r n=1

number of APs unchanged, and then save {w,7--- W.} into set{w/,---w,}. The two steps

mentioned above is named as the process of discrete adjustment, and the corresponding
pseudo-code is shown in Table 1.

Table 1. Pseudo-code of three processes

Cross-zero adjustment Upper-bound checking Discrete adjustment
1:Begin 1: Begin 1: Begin
2: Calculate w/(n=12,---,N) | 2: Set S« 0; t<«0 2:Rank {w, -, wy } in
by using (19) :for(n=1; n<N;n++) descending order, notated as
3:Ran{w/,---w.} in descending | 4:{ WY}, and  save the
order, notated as | 50 if wy>wp, then corresponding  subscripts into
{W,---W,}, and save the | 6: { set {G,,-- G, }
corresponding  subscripts | 70 S =Wy, —W; +S 3: if W™ 1then
into set {l,,---, 1, } 8 W W te+ 4: {
4: if W§ <0 then 9 I} 5 Set S«0
5 { 10: /} 6: for(n=1; W">1n<N; n++)
6: Set S« 0 11 q)<_%|—t 7 {A
7: for(n=N;W/<0;n--) 12:for (n=1:n<N: n++) 8:  W.<«Round down W,"
8: { ' 134 9 W W"+S S
io SV<V_’ _WE)+ S 14: if w, <w), then 10: 1}
; | . _
" N 150 { 11 S o0
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12: q)(_S/ 16: W «w +® 12: for(r=n; r<N; r++)
n 17 13:
13: for (k=1;K<n;k++) | 183 14 WH® W
14 19: End 5. 1}
15: W,/ -d >W,/ 16: else
16: I} 17: for (n=1; n<W,; n++)
17: 1} 18 {
18:for(n=1; n<N; n++) 19: 1W"
19: { _ "
200 W W’ 20 I}
ToTh n 21:; for(r=n; r<N; r++)
21 [} 22 {
22: End 23 0->W"
24: [}
25: [}
26:for(n=1; n<N; n++)
27 {
28 wg < W
29: [}
30: End

We conduct the iterative discrete adjustment until all the modified number becomes discrete.
Finally, the AP optimization for indoor positioning is obtained based on the optimal solution
to our proposed water-filling model. The flowchart of the proposed FWA-GPC algorithm is
shown in Fig. 3.

Note that our approach is able to perform more efficient when the upper-bound value is set
to be one at the expense of possible degradation of uncertainty of the locations for the spare
APs. In such scenario, after the process of the iterative cross-zero adjustment, we do not need
to conduct upper-bound checking, but continue to discrete adjustment. Understandably, there
is a modification of the process of discrete adjustment as follows.

Case 1: All the modified number is smaller than one.

In this case, we set w, =1(n=1,2,--W,) and w, =0(n =W, +L,W, +2,---,N).

Case 2: There is one or more modified number not smaller than one.

In this case, two main steps are involved.

Step 1: Rank the modified number in descending order and save the corresponding
subscripts into set {G,,---, G, }. Without losing generality, we notate the modified number as

W, --->W,, where W">1(n=1,2,--r) and W."<1(n=r+1Lr+2,---,N). Then, we set
W"=1(n=1,2,---r) (21)

Step 2: Increase the value W/'(n=r+1,r+2,--,N) by NLZ(\NH"’—l) to preserve the total
-r n=1

number of APs unchanged, and then save {W,7--- W/} into set {w/,---, wy}.
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” L Sequence {uf,—, Wl }in descending pP——
tart AW =Ym=L-. M7 " YES—+ orcler, notated as (-, ¥} and set the [« NO End
v‘ corresponding subscripts in (@, -, G} Vis
NO \ —
Calculate the modified weight nsing — —
formula (19) /,”"t"‘*k_‘ Sequence {wf,— W }in descending All {f, - } are discrete?
w (=1, ) — Allw £w (m=Ll,— NJT ———VES—» order, notated as fiF,x—, W} and set the |«——
v cotresponding subscripts i1 g .3
l ®o NO RN Save W{m=1-—N) backtothe
x _— T corresponding modified weights set
Sequence {#,—-ws} in descending Finding out W > Wl and saving ~ w17 — . — Y1)
> order, notated a5 (.- e} and set the the subscripts and values n i, J} _\r/ A
comresponding subscripts . {4, s} and ¥, W} respectively vis
T h 4
] l e WoEla=1n) Asnne Wo2lr=L)
/’ u‘!\ Set wj —w'- (m=1fand other ¥ <lr=r+l—.N) W <lfm=r+l,- 1)
Sl —¢ modified weight -
= N—f modifi weng'v,h Set B 1 Z("'—LWT(": 41,28 | NO Set e ifn=1,7)
L, e ) R -
- A L . = -
. . Nt xo W= |F(r=12 B T D=l )
Assume WIZ0(R=1--5 l x
W <0(a=k+l N} ¥ES
L= Save Wlm=1—MN) backtothe —
Set W =W!- = 2 CFYr=1.0) corresponding modified weights set
-] e
W =0(mn=k+L - N) . =KX=l
: '
Save W(m=L-- N back to the Al {u], i} are discrefe?
comresponding modified weights set \r/— w! =0(m= I, +1 )
s = Fir=1,-N) I
Set ! ==L~ ;) —
L] ) End
w, == Fy 41— )

Fig. 3. Flowchart of the proposed FWA-GPC algorithm

4. Experimental Classification Results and Analysis

4.1 Experimental Setup

To evaluate the performance of the proposed approach, we conduct the experiments on the
same floor in a building, where the dimensions are 64.6m by 18.5m, as shown in Fig .4. Due to
the space limitation, there are in total seven candidate AP locations, which are labeled as @,
@, ..., @ respectively. We select a SAMSUNG mobile phone with Samsung Exynos CPU
4412 and 1 Gigabyte memory to record the Wi-Fi RSS data by using our developed software.
This software is capable to report the RSS (in dBm) and the corresponding MAC addresses of
the hearable APs, as shown in Fig. 5. There are in total 363 RPs (with “-”) separated with the
same interval 0.6 m. At each RP, we record 60 RSS samples under each measuring time (i.e.,
in the morning, afternoon, and night) and each direction (i.e., to the east, south, west, and north)
for the testing. In addition, we evaluate the proposed approach by the comparison with the
conventional Random, Max Mean, and InfoGain approaches in the aspects of positioning error
and power consumption.

Z@)L:Z
[Jarea1 Areal [ JAreas [Jaread [ Areas ] :
Fig. 4. Environmental layout Fig. 5. Some photos about the data

recording and our software

4.2 Discussion of value d

To investigate the impact of value d in objective function on AP optimization and positioning
accuracy, we adopt four configurations in the experiment, where the value d equals 1 m, 3 m,
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5 m, and 7 m respectively. The value £ is set as 2 and spare APs are not considered (i.e.
wh =1). Table 2 illustrates the optimal group of candidate AP locations under different AP

number as the value d varies from 1 m to 7 m. Obviously, different value d results in
different optimal groups of candidate AP locations.

Table 2. Optimal groups of candidate AP locations under different value d

Number of APs Optimal candidate AP location IDs
d=1m d =3m d =5m d=7m
1 ©) ) ® ®
2 06 O® O 90
3 OB OE® OO @O
4 D@D O@B® BPOE® BWEe®
5 O@e®® O@BG® OEEO®O BWEO®D
6 OEWED | VBEBED | KBWEEH | @BWEE®

Fig. 6. shows the impact of value d on positioning accuracy under different number of APs.
It illustrates the Cumulative Distribution Functions (CDFs) of errors when the optimal groups
of candidate AP locations are selected.
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Fig. 6.

CDFs of errors under different value d

To be clearer, in Fig. 7, the mean error versus number of APs under different value d is

given.
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Fig. 9. Mean errors versus AP number under

Fig. 7. Mean error versus number of APs under
different value S

different value d

From Fig. 6 and Fig. 7, we observe that i) the positioning accuracy gradually improves as
the number of APs increases; ii) the steepness of the curve of mean errors generally decreases
with the increase of AP number; and iii) the value d has significant impact on the AP
optimization for indoor positioning especially under the small number of APs.

4.3 Discussion of value g

To investigate how the value £ in objective function affects the AP optimization, we vary the
value S from 2 to 5. The value d is fixed as 3 and spare APs are not considered. Table 3
illustrates the optimal groups of candidate AP locations under different AP number.

Table 3. Optimal groups of candidate AP locations under different value /3

o
g 06

5
5 05

&£
o]
o

Number of APs Optimal candidate AP location I1Ds
p=2 B=3 p=4 B =5
1 ) ©) ® ®
2 06) O® ©6) ©6)
3 OE® OE® OEG OO
4 O2B® ORGE ORGE B®EO®
5 O2RG® ORBE® ORGE® ORBED
6 OGO | VBB | VEGEED O @6®
@

Likewise, the optimal groups of candidate AP locations are different with respect to
different value £ under the same AP number. Fig. 8 and Fig. 9 show the CDFs of errors and

the mean error versus number of APs under different value /S respectively.
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The experimental results indicate that the value g has significant impact on AP
optimization for indoor positioning especially under the small number of APs.

4.4 Discussion of value w_

The experiments conducted above do not consider the spare APs, that is to say, there is only
one AP at every candidate AP location. But in some circumstances, it is indispensable to
consider the spare APs. For instance, the candidate AP locations AP(4) and AP(7) in area 3 can
be deployed with the spare APs to guarantee the quality of communication, but the key
problem is to choose the proper candidate AP locations to be deployed with the spare APs
from the viewpoint of positioning. In our system, we solve this problem effectively by setting

an upper-bound parameter w._ .

In our environment, there are two areas facing the alternative candidate AP locations, Area
1 and 3. For simplicity, we focus on these two areas with only one spare AP. Then, two cases
are discussed respectively as follows.

Case 1: Spare AP is in Area 1.

In this case, we set w'_ =2 and w’_ =2. Fig. 10 shows the two possible results of AP

optimization by the proposed FWA-GPC algorithm with the spare AP located in Area 1.

. ; & - _
iP"'"’”-" AP 5 Spare AP E 7] Aral Tp,im,,.'\. AP E’ Spare AP E T Area
(a) AP optimization 1 (b) AP optimization 2

Fig. 10. Two possible results of AP optimization with one spare AP in Area 1

Fig. 11 and Fig. 12 compare the positioning accuracy between two circumstances, in which
the primary APs at ® and ® are invalid respectively with no spare AP as a supplement in Area
1. Fig. 11 shows that the probability of errors within 4 m is about 68% when the AP at @ is
invalid, which is about 6 percentages lower than the one when the AP at @ is invalid. That is to
say, the AP at ® is more beneficial in positioning compared with the one at ® under AP
optimization 1. Likewise, as can be seen from Fig. 12, the AP at ® performs better than the
one at @ in terms of positioning accuracy under AP optimization 2. Consequently, we can
conclude that the proposed FWA-GPC algorithm is capable of choosing the most proper
locations for the spare APs from the viewpoint of positioning.
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COF o of arrere

Fig. 11. CDFs of errors under AP optimization 1

enues (m)

with no spare AP in Area 1

Case 2: Spare AP is in Area 3.
In this case, we set w!, =2 and w/_ =2. Fig. 13 shows the two possible results of AP

optimization by the proposed FWA-GPC algorithm with the spare AP located in Area 3.
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Fig. 13. Two possible results of AP optimization with the spare AP in Area 3

Fig. 14 and Fig. 15 compare the positioning accuracy between two circumstances, in which
the APs at @ and @ are invalid respectively with no spare AP as a supplement Area 3. These
results further demonstrate that our approach is promising with the spare APs optimization.
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Fig. 14. CDFs of errors under AP optimization 1
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The above experiments are about two quintessential examples to demonstrate that our
approach is effective for the spare APs optimization in Area 1 and 3. As a matter of fact, our
approach is not limited to these two areas. Gratifyingly, we can deal with it similarly to set an



1966 Pu et al.: Group Power Constraint Based Wi-Fi Access Point Optimization for Indoor Positioning

upper-bound parameter w" . Particularly, when all the candidate AP locations in the

max
environment are not restricted to only one AP, which means w;_=2(n=12,---,7), the total
power W, (i.e. total number of APs) will become pretty important to the AP optimization for

indoor positioning. Fig. 16 shows the number of APs deployed at each candidate AP location
as the total power increases from 6 to 8. From this figure, we can find that when the total power
is 6, the number of APs deployed at each candidate AP location is not larger than one, while
when the total power increases to 7 or larger, some candidate AP locations will be deployed
with more than one AP.

2 [ I I i Wi=6|
w7
s

Number of APs

0
1 2 3 4 5 6 7

Candidate AP location IDs

Fig. 16. AP optimization under different total power

4.5 Algorithms Comparison

In this section, we will continue to compare the CDFs of errors among different AP
optimization algorithms mentioned in the previous section 1. Fig. 17 shows the CDFs of errors
obtained by the conventional InfoGain, MaxMean, Random, and proposed FWA-GPC
algorithms.
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Fig. 17. CDFs of errors by different AP optimization algorithms
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From this figure, it is demonstrated that the proposed FWA-GPC algorithm outperforms the
other four in terms of positioning accuracy. As an example, probabilities of errors within 10 m
by the InfoGain, Max Mean, and Random are 62.50%, 81.00%, and 61% respectively, which
are smaller than the one by the FWA-GPC, 88.00%. The probabilities of errors within 5 m by
the InfoGain, Max Mean, and Random are about 14, 8.5, and 21.5 percentages respectively
lower than the one by the FWA-GPC.

Furthermore, by considering the 4 APs scenario, Table 4 shows some numerical results
about the positioning accuracy in terms of mean of errors, Standard Deviation (STD) of errors,
median of errors, 50% Circular Error Probable (CEP), 67% CEP, and 90% CEP. The CEP is
defined as the radius of the circle that has its center at the true location and contains the
location estimates with a probability. Table 4 shows a similar tendency that the proposed
FWA-GPC algorithm provides better positioning accuracy compared with the traditional ones.
Table 4. Numerical results about the positioning accuracy by different AP optimization
algorithms with four APs

Algorithms | Mean STD Median 50%CEP | 67%CEP | 90%CEP
FWA-GPC 2.77 3.74 2.00 2.30 3.10 5.10
InfoGain 3.46 3.43 2.6 2.70 4.00 7.40
Max Mean 3.58 4.17 2.68 2.75 3.80 6.70
Random 413 5.15 3.34 3.50 4.00 8.50

In Fig. 18, Fig. 19, and Fig. 20, the mean of errors, median of errors, and STD of errors
versus number of APs are illustrated respectively. These results strongly support that the
positioning accuracy generally improves as the number of APs increases. In addition, they
further demonstrate that the proposed FWA-GPC algorithm is capable to achieve the overall
best positioning performance. To verify the advantage of the FWA-GPC in power
consumption, Fig. 21 compares the power consumed by the FWA-GPC, CWA-GPC
mentioned in section 2, InfoGain, and Max Mean algorithms.

11

—+— FWA-GPC
InfoGain
Max Mean |

—+— Random

—+— FWA-GPC
10 InfoGain
Max Mean
9 —+— Random [

Mean errors
Median errors

&

3

. . L ! . L
1 2 3 4 5 6 1 2 3 4 5 6
Number of APs Number of APs

Fig. 18. Mean of errors versus number of APs Fig. 19. Median of errors versus number of APs
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optimization algorithms

From Fig. 21, we can find that the power consumed by the CWA-GPC increases steeply as
the number of APs increases since the CWA-GPC needs multiple iterations to find the optimal
value gz . In contrast, the power consumption by the FWA-GPC increases slowly, which

benefits from the dodge of searching for the optimal value g . In addition, the power

consumed by the InfoGain and Max Mean remains unchanged with the increase of AP number
due to the reason that these two algorithms require traversing all the candidate AP locations
regardless of AP number.

4.6 Testing Results in another Environment

To demonstrate the scalability of the proposed approach, we repeat the same experimental
procedure in another environment with the dimensions of 57 m by 25 m on the same floor in a
building. In this environment, the number of candidate AP locations is 9, as shown in Fig. 22.
Due to the space limitation, in this section, we only investigate the positioning accuracy and
power consumption by different AP optimization algorithms including the InfoGain, Max
Mean, Random, and proposed FWA-GPC algorithms.

Fig. 22. Layout of another environment

Similarly, we show the mean of errors, median of errors, and STD of errors versus number
of APs in Fig. 23, Fig. 24, and Fig. 25 respectively. Fig. 26 compares the power consumption
by the CWA-GPC, InfoGain, Max Mean, and proposed FWA-GPC algorithms.
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Fig. 25. STD of errors versus number of APs

Obviously, the above experimental results obtained in another environment demonstrate
that the proposed approach featured with well scalability compared with the conventional ones
in terms of localization accuracy and power consumption.

5. Conclusion

The proposed AP optimization approach, FWA-GPC, can be used to recommend the best
group of candidate AP locations which most contributes to the location fingerprint
discrimination and power consumption for indoor positioning. Although the huge power
consumption problem definitely exists when there are a large number of APs in target
environment, the conventional AP optimization approaches treat this problem independent
from the design of indoor positioning systems. Unlike the conventional ones, the proposed
FWA-GPC focuses on measuring the location fingerprint discrimination of the APs with a
given total power, rather than assuming the equal power consumed by each AP. The proposed
approach examined in two representative indoor environments covered by multiple Wi-Fi APs.
The experimental results report that the proposed FWA-GPC reduces the average positioning
error by 24.91%-29.24% and power consumption by 15.98%-30.03%, compared with the
conventional Random, Max Mean, and InfoGain approaches. Furthermore, exploring the AP
optimization approach for multi-floor indoor Wi-Fi environment forms an interesting topic in
future.
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