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Optimal Framed Aloha Based
Anti-Collision Algorithms for RFID Systems
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Abstract—The anti-collision algorithm is an important part
of the Radio-Frequency Identification (RFID) system. Of the
various possible algorithms, the Framed Aloha based (FA)
algorithms have been most widely used due to their simplicity
and robustness. Previous studies have focused mainly on the
tag population estimation, choosing the frame size based on the
classical results of Random Access (RA) systems. We show that
a new theory is needed for algorithm design for RFID systems,
because RFID and RA systems are fundamentally different. The
Philips RFID system is studied in this paper. We model the
reading process as a Markov Chain and derive the optimal
reading strategy by first-passage-time analysis. The optimal
frame sizes are derived analytically and numerically.

Index Terms—RFID anti-collision algorithms, framed Aloha,
optimization.

I. INTRODUCTION

N the past few years, Radio-Frequency identification
I (RFID) tags have found more and more everyday applica-
tions, ranging from inventory and tracking to electronic tickets
and keys. The capability of tags varies widely, depending on
the application. Active tags embedded with power supply and
their own CPUs can process data and initiate transmission.
Passive tags (including Class 1 and Class 2 tags in EPCglobal
standards [2]), however, have only bare-bone functionality and
no embedded power supply. Some passive tags can merely
transmit a particular bit-string when probed by a reader. But
they have the advantage of being relatively cheap, and for this
reason passive tags are gradually replacing barcode tags in
ever-widening range of applications.

In RFID systems, tags share a common communication
channel. Therefore, if multiple tags transmit at the same
time, their packets will collide and get lost [1]. Since passive
tags cannot sense the media or cooperate with one another,
the RFID reader needs to coordinate their transmissions to
avoid collisions. Depending on the working principles used,
previous-published RFID anti-collision algorithms can be di-
vided into three main classes: Tree based algorithms [5][6],
Framed Aloha (FA) based algorithms [8-16] and Interval
based algorithms [7]. Of these three classes, only FA based
algorithms are widely used in RFID communication standards
[2-4], because of their simplicity and robustness.
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Although variations on the working mechanism of FA based
RFID systems have been reported in previous studies, they all
share some basic properties. In this section we use the Philips
system [4] to introduce these properties. We focus only on the
anti-collision part as the complete communication process is
much more complicated.

1) The RFID Reader starts a frame by broadcasting the

“begin-round” command with an integer parameter ‘L’.
Upon hearing this command, unsilenced tags generate a
random number from 0 to L — 1. Those generating ‘0’
reply immediately.

2) If only one tag replies, the reader can identify it and send
back the “fix-slot” command. On hearing this command,
the replied tag will be silenced, i.e. will not respond to
future commands, while the other tags decrease their
counter values by 1 and reply if the counters reach 0.

3) If multiple tags reply or no tag replies, the reader will
send back the “close-slot” command. On hearing this
command, all the unsilenced tags will decrease their
counters by 1 and reply if their counters reach 0. The
collided tags will be available for reading in another
frame.

4) After one frame ends, the Reader will begin a new frame
by broadcasting the “begin-round” command, and this
cycle will continue until no collision is detected.

This kind of RFID system is usually called the Basic FA-
based RFID system, or the Philips system. It is important
to differentiate between an ‘RFID system’ and an ‘RFID
algorithm’. The former is usually designed in standards or
product manuals. It specifies the reader’s command set and the
tag’s reply function. The latter is designed only for the RFID
reader. It tells the reader when and how to use the commands
to achieve efficiency. Besides these basic operations in the
Philips system, some advanced RFID systems incorporate
other commands, such as the ‘split’ command in [8] (asking
the collided tags to back off 1 or 2 slots to reply again) and
the ‘Frame-size adjust’ command in the EPCglboal system
[13][14][15] (terminating the current frame and letting all the
unsilenced tags regenerate their counter values according to a
new L). These advanced commands can improve performance,
but at the cost of greater system complexity.

As mentioned earlier, the communication time between the
tags and the reader is slotted. Conventionally, the time from
the point that the reader sends out a command to the point
that the tags finish replying their information is called a time
slot (slot for short). The time taken by the reader to identify a
group of tags is conventionally called the reading time, and is
measured in slots. In Basic FA-based RFID systems, the goal
of algorithm design is to find the optimal L that can maximize
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the reading efficiency 7 defined as

- The number of tags
~ The expected reading time

n

Unfortunately, a function between 7 and L is not explicitly
available. Previous studies [8-15] have therefore used the
frame-local efficiency

U — The number of tags identified in the current frame

The current frame size

as a substitute for algorithm optimization. In the Random
Access theory, a classical formula to calculate the frame-local
efficiency U with terminal population N and frame size L is
given in [10] as:

N-—1
U(N,L) = N (1 - l) . (1)

L L

In (1), U can be maximized by setting the frame size equal
to the terminal number, or L = N. On this basis, previous
algorithms [8-15] either directly set the frame size L equal to
the expected tag population E[N] or try to find an optimal
L to maximize U for a given probability distribution of N.
However, these approaches are not suitable because maximiz-
ing U in every frame does not necessarily maximize overall
efficiency. Overall efficiency is equal to frame-local efficiency
only when all the frames are identical. Since the tag population
decreases frame by frame as identified tags are silenced by
the RFID reader, optimizing L based on (1) will only yield
a frame-local optimal result. We will show in Section II.C
that the concatenation of locally optimal results are usually
significantly inferior.

In this paper, we propose a method for choosing the
globally optimal frame size for the Philips system. We model
the reading process as a Markov Chain and optimize the
reading strategy through first-passage-time analysis. The op-
timal frame sizes can be obtained either analytically or via
a recursive program. Simulation results demonstrate that the
use of the optimal frame size delivers a better performance
than previously-published algorithms. The methodology in this
paper can be applied to the EPCglobal system. Some partial
results are presented in [22].

In Section II, we survey these previously-published algo-
rithms and expose an unjustified assumption used in previous
attempts at reading strategy optimization. In Section III, a new
model is proposed to derive the optimal reading strategy. In
Section IV, we verify the optimal frame sizes by computer
simulation and compare the performance of the optimal al-
gorithm with its predecessors. In Section V, we provide an
example of the application of the optimal reading strategy.

II. SURVEY OF PREVIOUS STUDIES

In this section, we survey previous studies in this field and
show why a new theory is needed.

In real applications, the number of tags is unknown be-
fore identification. A proper FA algorithm therefore always
contains two parts: Population Estimation and Frame Size
Determination. The first part is used for estimating the tag
population based on tags’ replies, while the second part is used
for choosing the frame size using the estimation. Depending
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on which estimation methods are used, algorithms can be
divided into the max-likelihood approach and the probability
distribution approach.

A. The Max-likelihood Approach

Schoute [10] noticed that when N is large and L suitably
chosen (say L ~ N), the number of tags contending each slot
has a Poisson distribution with mean 1. So in the Population
Estimation part, his algorithm uses N = round(2.39s..),!
where s. is the number of collided slots in the last frame.
On this basis, in the Frame Size Determination part, the frame
size is set as L = N. This choice is obviously based on (1).
It tries to maximize the instantaneous throughput by setting
the frame size equal to the expected terminal number.

Vogt [11] improved the Population Estimation strategy of
Schoute’s algorithm by also using the statistics of empty slots
se and singleton slots sg. Tag population is estimated to be
the value N that minimizes the error between the observed
values of s., s5, S. and their expected values using N. In the
Frame Size Determination part, it also uses L = N.

Kodialam [16] proposed a new Population Estimation strat-
egy based on the Central Limit Theorem. That is when the
number of contending tags is large enough, the number of
collision slots and empty slots in a frame should obey the
Normal distribution. This method makes it possible to obtain
the estimation accuracy as well as the max-likelihood tag
population. But after deriving N, it also sets L = N.

Another example is the Q algorithm in EPCglobal standards
[2]. The reader maintains a floating-point variable Q. It
decreases a typical value C' when no tag replies, increases
C when multiple tags reply, and stays unchanged when only
1 tag replies.” The tag population is estimated as round(297/»)
while the frame size is set to 2%, where Q) = round(Q ;). In
[13][14], the efficiency of the Q algorithm was obtained with
different choices of C' and Q)f, and a number of suggestion
were made for improving the estimation strategy.

In summary, algorithms of this type compute the maximum-
likelihood tag population N based on the reading results and
set L = N as the frame size. They may adopt different
approaches in the Population Estimation part, but follow the
same strategy in the Frame Size Determination part.

B. Probability Distribution Approach

Floerkemeier [12][15] assumes that a rough estimation of
the target group size is always available in the form of a
distribution Pr{N = n}. As a new Population Estimation
strategy, it updates the population distribution by Bayesian
method at the end of every frame. Based on this distribution,
the Frame Size is chosen as

Nm,az
L™ = argrglg%(E[U] = argmax Z;O U(N =n,L)Pr(N =n),

2
where Y is the set of possible frame sizes while N,,,, is a
practical limit of the tag population.

IFor the first frame where s, is not available, N is obtained from the initial
estimation of the tag population.

2In EPCglobe standards, it is recommended that 0.2 < C < 0.5 and the
initial Q ¢, = 4
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This approach can track the value of N more accurately.
Since a random variable N is completely specified by its
distribution, and Bayesian method ensures no information loss
in estimation, the Population Estimation part of Floerkemeier’s
algorithm is flawless, but the use of (1) in the Reading Strategy
Determination part is still unwise. We explain why in the
following section.

C. The Need for a New Theory

Previous studies have focused on the Population Estimation
and have suggested a number of ways of obtaining a more
accurate estimation. For the Frame Size Determination part,
these studies all assumed that optimal performance can be
achieved by maximizing the frame-local efficiency U. As we
mentioned before, (1) is obtained from the theory of RA
system. Since a terminal in RA systems would still attempt
the channel after a successful transmission, the ‘contending
group’ can be assumed unchange during a long enough period.
The long-term efficiency of a RA system is therefore equal
to the expected frame-local efficiency U calculated by (1).
However, in RFID systems, identified tags are silenced by the
reader, so that the tag population decreases during the reading
process. When the frames are not identical, a concatenation
of locally optimal solutions is not globally optimal. Suppose,
for example, the target group size is distributed as

099 , n=0
PT{N_”}_{ 001 , n=10
From (2), the suitable frame size should be L = 10, as it
can maximize the throughput of the current frame. However,
since this group is very likely empty, it is better to use L =
1 to check whether it contains tags or not, even though the
throughput of this checking frame is 0.

III. READING STRATEGY OPTIMIZATION

We now present our optimal strategy for Frame Size Deter-
mination. In this paper, we derive the optimal strategy only
for the Basic FA based RFID system. The application of this
theory to the EPCglobal system is in [22].

A. The Optimal Strategy

To choose a suitable frame size L, the reader needs the
information of the target group size. As discussed in Section II,
this information can be fully described by a probability distri-
bution. In applications, a rough distribution is often available
as the reader has information of its previous readings. In the
worst case where IV is completely unknown, a uniform distri-
bution on [0, N,,4.] can be assumed as we cannot favor any
value over the others. The value of this N,,,, 1S determined
by the nature of the application concerned. For example, for
a typical supermarket shopping cart, N,,,, can be safely set
to 1000.

During the reading process, let Bel(N) denote the belief of
N, or the conditional distribution of N based on all available
information [17]. To simplify the notation, let v,, = Bel(N =
n) and v = (v, 1, - - . , Umaz ). Obviously the accuracy of the
belief affects the reading efficiency. Let T'(n|v) denote the
average reading time, measured by slots, for these n tags when
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the initial belief is v. The expected reading time for a group
with population distribution v is then

Nmaz

Z v, T(n|v).

n=0

Our goal is to find the optimal frame size L* that can
maximize the overall efficiency for any given distribution v,
or

T(v) =

E[N
L* = argmaxn = arg max {L} . 3)
LeY

Lex | T(v)

Since E[N] = Ziv;‘f’ nv,, independent of the frame size L,
(3) becomes

L* = arg min {T(v)}. 4)

It should be noted that (4) is different from (2), as it is
designed to maximize the overall efficiency instead of the
frame-local efficiency. Thus L* is the global optimal frame
size. To find it, however, requires the function of T (v).
We now show how to derive this function from the reading
mechanism of basic FA based RFID systems.

In an intelligent system, the optimal decision only depends
on the current information, or the belief of all the relevant
variables [17]. When applied to RFID systems, the optimal
frame size only depends on Bel(N). We let V; = Bel(N;) =
(U0, V1, - .., Umaz) denote the state of the reading process at
the end of frame j, where IV; is the unresolved tag population
at the end of frame j. Since identified tags are silenced by the
reader, we always have N; > N, 1. Further, let

Nmaz
(% > 0, Z v; = 1}
i=0

denote the set of all possible states. For a group with the
initial estimation Pr(N), let Vi = Pr(V) be the initial state
and Vr = (1,0,0,...,0) be the terminating state.

Theorem 1: Following a distribution-based anti-collision

algorithm, the reading process VoViVs...Vr is a Markov
Chain.
Proof: Let V; = (vo,v1,. .., Umaz) € ¥ be the current state.
For a distribution-based algorithm, the next frame size [ should
be fixed given V. Let Vj 11 = (ug, U1, . . ., Umaa) be the belief
of tag population at the end of frame j + 1. Obviously Vj
depends on the reading results of frame j + 1 as well as the
previous beliefs.

In frame j + 1, let random variable Sy, S7, S. denote the
number of empty slots, singleton slots and collided slots. Since
So + S1+ S, =1 and Sy, S1,Sc > 0, there are at most
(1-12-2) = 1(I1+1)(I+2) different outcomes in frame j-+1. Thus
for a given frame size, there are at most 4 (I+1)(I+2) different
choices of V41 that satisfy Pr(Vj41 | V;V;—1...V;) > 0.

In every frame, tags randomly choose their transmission
delay. Using the urn problem terminology, the probability that
s1 urns (slots) contain only 1 ball (tag), s. urns contain more
than 1 balls and the others are empty can be obtained in [18]
as:

VS {(/U0>’U1>~-~>’Umax)

Pr{Sc=s¢ 51 =s1|Nj=n,L=1}= 5)

l n! Z n — s1
50,81, 8¢ | (n— s1)l" mi, ma,...,Msc)’

mi,mag,...,mse>2,
mi+mot-dmse=n—s1
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where mi,ma, ..., ms. denote the number of tags in each of
the s. collided slots. Further, we can substitute the belief of
N to obtain

Pr{S.=s.,S1=s1|L=1}= 6)
an(lm
Z vy, Pr{Sc=s.51 =81 | Nj =n,L=1}.
n=0

At the end of frame j 4+ 1, we can obtain the values of s,
s1 and s.. By Bayes formula, the posterior distribution of IV;
can be updated as.:

vi = Pr{N;=i|S.=5.,85 =s1,L=1}
PI‘{SCZSmsl :Sl‘Nj :Z7L:l} Uy
Pr{S.=s.,51=s1|L=1}

As tags in the singleton slots are successfully identified and
silenced, we have N; 1 = IN; — s with distribution given as

(N

U; = PI"{Nj.H :i|Sc:80,51:81,L:l}
= Pr{Nj:i+81|SCZSC,81:81,LZZ}
= 112+31, 1=0,1,2,... 8
Note the transition probability from state V; =
(UO7U17~-~7Umam) to ‘/j+1 = (u07u1a-~-aumar) =

Pr{Nj41 | Sc = 56,51 = s1,L = 1} is just Pr{S, =
S¢, 51 =81 | L = 1}. As specified in (5) and (6), this transition
probability does not depend on states V;_1Vj_a...Vy. The
states VoV1 Vs ...V then form a Markov Chain. [l

For a given state V;, let S(Vj, [) C ¥ denote the set of
possible V1, or

S(Vi, 1) = {v3+1 e : Pr(Vipr |V, L=1) > o}.
As shown in Theorem 1, |S(V;, I)] < 4(I + 1)(I + 2). Let
T,(V;) denote the expected first passage time from V; to Vi
using the optimal reading strategy, or

To(V;) = min T(V;).

According to the Markov Chain theory [19], we have
To(V)

= The reading time for the next frame + The expected
remaining reading time after the next frame
= The optimal frame size for the next frame
+ Z Pr(the process moves to Vj41)
Vit1€Y
#(The expected first passage time from Vj41 to Vr)
= L'+ > Pr(Vit1 |Vj, L") To(Visa)

Vj41€8(V;, L*)

= mlin{l+ > Pr(wﬂvj,zm(ml)} ©)
Vit1€8(Vj, 1)

In (9), the state V; 11 € S(V}, 1) and the transition probability
Pr(Vj+1]Vj, 1) are given by (8) and (6).

This formulation is often called the Adaptive Markov Deci-
sion Process [20]. We now show how to solve (9) analytically
and numerically.
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B. The Analytical Solution of L*

In this section, we show how to solve (9) by some examples.
Since (9) is a recursive function, we begin from small N4,
cases.

Case 1: Nyge = 2
In this case, the tag population can only be 0, 1 or 2. Given
V; = v = (vo,v1,v2), the probability of different outcomes
of frame j 4+ 1 can be obtained from (6) as:
PI'{SC = O,Sl = O|L = l} = V0,
PI'{SC = O,Sl = 1|L = l} = V1,
Pr{S. =0,8 =2|L =1} = ZLu,;
PI{SC = 1751 = 0|L = l} = %’Uz.
From (7) and (8), we get the belief of N;;; as

Pr{Nji1 =0[S.=0,851 =s1,L =1} = 1;
PI‘{NJ‘+1 = 2|SC = 1751 = O7 L= l} =1.

Thus V;11 has only two possible choices independent with
the value of [ as

S(Vi, 1) = {(1,0,0), 0,0, 1)}

and the transition probability is

[—1

Pr ((17070)‘(7]07’017’02)7 l) = I Vo +v1 + Vg
1

PI' ((0707 1) ‘ (/1)07’017’02)7 l) - 7/1)2

Substituting them into (9), we have

To(v) min {l + %m 7;((0,0, 1))

-1
72 +v1+ 00)7;((170,0))}

. )
= min {1+ 7},

+(
(10)

where 7:,((1,0,0)) = 0 as (1,0,0) is the terminating state

while 7, QT(O7 0,1)) = 4 is the expected contention time for a

group with exactly 2 tags, which can be obtained in ‘Case 3’.
Solving (10) yields:

* 1 ) /U2<l

L B { 2 ) /1)222
N 1+ 4vs R ’Ug<l

%(V) - { 2—|—2’U2 , ’UQZ%

To compare, we derived the frame size and average contention
time of Floerkemeier’s algorithm from (3) as

. 1 , U1 > U3

L= { 2 , U1 S’U2

N 1+ 4vy , U1 > Vg

Tsv) = { 24202 , vy <w

Therefore, when the distribution v satisfies v1 < vo < 0.5,
we have T;(v) > T,(v), or Floerkemeier’s strategy is not
optimal.
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Fig. 1. The solution set for Nyqz = 3 case.

Case 2: Nz = 3
Next, we move on to N,,,, = 3 and derive the recursive
function as

%(V) _ Hllin {l + 12U3(l — 1) V2 V3

a2 Bmwh. an

where u is the distribution of N;;; on condition that S, =1
and S; = 0 in frame j + 1, or

l’l)2 V3
= = 0 O .
u (u07u17u2>u3) ( 5 Uy U3 + lU27 v3 i lUg)

Solving (11), the optimal reading strategy can be similarly
obtained as:

1 , ved;

L = 2 , VvEby

3 , VEb3
1+(vz+’03)f(v;’fv3> , VED
To(v) = 2+3v3+i(2v2+v3)f(21,:iv3) , vED
34 Sus + 5(3v2 +v3)f (3U;iv3) ; vEds

where f(z) is a recursive function as
%x +4 , O0<ax< %
Jw) = 3+§x+g(3—2x)f(ﬁ) , <z<l

while ®;,®, and ®3 are distribution regions specified in
Fig. 1.

For N, > 3 cases, the optimal strategies can be obtained
similarly, though the computation becomes more complex.

Case 3: Tag Population N known

We show this as a special case, because the result of this
case will be used in other tag population unknown cases. As
an example, to solve (10), we used 7:,((0, 0, 1)) = 4, which
is a result of NV known case.

Let F(n) denote the average reading time using the optimal
strategy for the tag population known case, or F(n) = T,(v)

when v, = 1. After one frame of reading, the population
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Fig. 2. The efficiency bound for Basic FA based systems and Random Access
systems when N is known.

decreases to n’ = n — s1, where s; is the number of singleton
slots. So the remaining reading time is F(n— s1). Substituting
F(n) and F(n — s1) into (9), we have

F(n) =
I l—s1
mlin {l + Z Z Pr{S. = s.,51 =s1 |} x F(n— 51)}
$1=0s.,=0

The explicit form of the system equation after rearranging is

I l—sy

L+ > > Pr{Se = 5,8 =s1 | }F(n— s1)

F(n) = mlin 12150 .
1-— Z Pr{Sc =s.,51 =01}
Se=1

12)
Solving (12), the optimal frame size is obtained as L* = n
while the average reading time is

n n—sj
n 4+ Z Z Pr{S: = s¢,S1 =851 | L =n}F(n— s1)
]7(71) _ s1=1 s.,=0 _
1-— ZPr{Sc:sc,&:O\L:n}
se=1

13)
The algorithm efficiency 1 = ﬁ is shown in Fig. 2. We
can see that n is always above the efficiency upper bound of
Random Access systems [10]. This is also a proof that formula
(1) is not suitable for RFID systems.

C. The Numerical Solution of L*

In [20][21], a general method is proposed to solve the
optimal strategy in an Adaptive Markov Decision Process by
running an Iterative Program. Following the method in [21],
we show an outline of the solution as follows:

For a group of tags with initial estimation Vj, the average
reading time and optimal frame size can be derived from (9)
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as
T.(Vo) = min{l+ > Pr(Va Vo, DTo(VA) ¢
VieS(Vp,l)
L = a,rgmlin 1+ Z Pr(Vi| Vo, )To(Vh)
VieS(Va, 1)

Thus given the values of {7,(V1)}, where V4 € S(Vb, 1),
both 7,(Vp) and L* can be solved numerically. If V; is the
terminating state, we can simply use 7,(V7) = 0. Other-
wise, 7,(V1) should be similarly computed from the values
of {T,(V2)} where Vo € S(Vi,1). The process continues
until the terminating state Vr is reached. This program is
guaranteed to converge, because in a transient Markov Chain,

lim Pr(V; = Vp) = 1.
j—o0

The computation complexity is proportional to the number of
states. For a particular state V;, the number of states it will
visit after one frame is |S(V;,1)] < 3(I+ 1)(1+2) ~ N2
In other words, the number of states increases with O(N2?),
where « is the number of frames used to identify all the tags.
As derived in [10], the number of frames o ~ O(log N).
In sum, therefore, the computation complexity is O(N™°8 ),
This approach is prohibitive when N is large, so we go on to
introduce a more efficient and accurate approximation method
for the solution based on theorem 2. The proof is in Appendix

L.

Theorem 2: For a group of tags with population distribution
Pr(N) = v = (vg,v1,V2,. .., Umaz), variance Var(N) — 0
and expectation E[N] — k, its average reading time satisfies

Nmax

To(v) = > v Ge—s(h),
=0
where G,,(n) is defined in (15) and L = m +n, X =

min(L — Sy, 2551).

(14)

Based on Theorem 2, we can stop the iteration and cal-
culate the approximate value of 7,(v) by (14) as soon as
Var(N) < 0, where § is a small enough value. After each
frame, the feedbacks from the tags help the reader to update
the estimation and hence decrease the estimation variance.
According to [16], if the first frame size is appropriately
chosen, the reader can estimate the tag population within two
or three frames with an accuracy greater than 99.95%. In other
words, Var(N) will drop to 0.6 for a group of about 100 tags
within a few of frames. Thus the computation complexity is
reduced to O(N?), where 3 = O(1). The error bound of
this approximation is depicted in Fig. 3 for different variance
bound. As it shows, the error bound is nearly a constant as tag
population increases. For F[N] = 20 and Var(N) = 0.6, the
error bound is around 0.25, only 0.5% error compared with
F(20). The derivation of this error bound is in Appendix II.

A computer program based on the theorem discussed above
is shown in Fig. 4. The input is a vector v representing the
distribution of N. The program first checks its variance. If
it is smaller than a threshold §, the average reading time
is calculated from (14); if not, it is solved numerically. Our
experiment shows that the stopping condition will be fulfilled
after several frames.
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Funetion [Ty, L,]=0ptimalAloha(v) /[ realize(9)

if {var(N) < 4) /{ the stopping condition

T, =T(v); /[ using (14)
Ltu = E[_"\-'_];
return;

end if

I =round(E[N]); T, = o<

for L, =1 — Al 1+ Al // numerically find L*
T, =0,
for sy =0: L;

for s, =1: L, — 8
Caleulate Pr{s,, s;|L,} from (6);
Caleulate v from (7) and (8);
[T, Lu]=0OptimalAlohaiu);
T = Te + Pr{se, s1|Le }Tu;
end for
end for
(T, = T3)
Ty =Ty Ly = Ly;
end if
end for

Fig. 4. The iterative program to compute the optimal frame size.

IV. PERFORMANCE COMPARISON

To compare the performance of various algorithms in differ-
ent cases, we need a class of population distribution whereby
the mean and variance of N can be varied. In our computer
simulation, we choose

_ 2 [ 2(n=8+p" , 0<n<2B,
Pr{N =mn}= { “ 0 , others
(16)
where Z is the normalization constant, o and § are parameters.
It can be shown that E[N] = f independent of o while
the coefficient of variation ¢, can be changed from O to the
maximum value of 1 by setting different values of a. The
uniform distribution is a special case of (16) when o = 0. Note
that this distribution is chosen for convenience. The Poisson
distribution and Binomial distribution are not favored because
once the mean is given, the variance is fixed.
We first set E[N] = 10 and change ¢, from 0.3 to I.
Fig. 5 shows the choices of the first frame size by Schoute’s,
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Fig. 6. Efficiency of different algorithms when E[N] = 10.

Vogt’s, Floerkemier’s and the optimal algorithms.?> Schoute’s
and Vogt’s algorithms always set the first frame size L =
E[N] = 10 regardless of the value of ¢,; Floerkemeier’s
algorithm sets L = 10 when ¢, < 0.5 and increases L with
¢y; the optimal algorithm also sets L = 10 for small ¢, but
decreases L with c¢,. Fig. 6 shows the efficiency (n = E[N])
of the four algorithms from computer simulation (10* samples
for each point) as a function of ¢,. We observe:

3We do not simulate Kodialam’s algorithm [16], because that algorithm is
designed only for estimating the tag population instead of identifying tags.

to 0.7 and 0.9 respectively. Fig. 7 shows the performance of
the four algorithms. Again, the optimal algorithm is performs
markedly more efficiently than all the others.

V. AN APPLICATION

The direct use of the optimal algorithm in real application
is not recommended, as it requires a lot of computation and
storage in the reader. However, the optimal frame sizes are
very useful for algorithm design.

As shown in Section IV, previous algorithms [10-12] are
quite efficient when the tag population variance is small. Since
the variance decreases after each frame of reading, a simple
and efficient approach is to use the optimal frame sizes for
the first several frames and revert to the previous strategies
thereafter.
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As an example, we improved Schoute’s algorithm by us-
ing L = L* in the first two frames. Thereafter, we set
L = round(2.39s.) as in Schoute’s algorithm. Specifically,
for the distribution in (16) with E[N] = 10 and ¢, = 0.8,
the reading strategy of the Improved Schoute’s algorithm is
shown in Fig. 8. It stipulates the use of a small frame size
(L = 2) for the first frame to check if N is “relatively” large
or “relatively” small. If collisions occur in both slots, N is
estimated as a large value and subsequently a large frame size
(L* = 15) will minimize collision. If a collision occurs in
only one slot, N should be relatively small and L* = 2 is
optimal. Fig. 9 shows that the improved algorithm can track
the performance of the optimal algorithm quite closely.

In practice, the reader does not need to store L*. For
inventory applications where many groups of tags are read
sequentially, it is more efficient to dynamically update the
estimation of /V and the choice of L. As an example, after 100
groups are identified, the reader may update the distribution
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of N using Bayes formula and recalculate L* for the next 100
groups.

VI. CONCLUSION

In this paper, we have proposed a new theory for the
FA based RFID anti-collision systems. Based on this theory,
we have analytically derived the optimal frame size and the
average reading time. Simulation results have confirmed that
this approach results in a significantly better performance than
previously-published algorithms have been able to achieved.
The methodology developed in this paper can be extended
to other RFID systems, including the Tree based systems,
Interval based systems and advanced FA based systems. An
example is in [22], where the optimal frame size is derived
with the inclusion of the ‘Frame-size Reset’ command. During
the course of our research, we were delighted to discover that
the Adaptive Markov Decision Process theory could be used
to solve our problem.

APPENDIX I

Lemma 1: Let v and u denote two distributions and v # .
We have

Noaz Nmax
To(v) = Z vnTo(n|v) < Z v To(n | ),
n=0 n=0

where T,(n|v) denote the average reading time of n tags
following the optimal strategy when the initial estimation is
V.

We do not have the space here to provide a rigorous proof,
but this lemma can be easily justified by intuition. For a group
with distribution v, the average reading time based on the
correct distribution v is always less than that based on the
wrong distribution u.

Lemma 2: For a group of tags with population distribution
Pr(N) = v = (vo,v1,02, ..., Umaz), variance Var(N) — 0
and expectation E[N| — k, the optimal frame size L* = k.
Proof: Let u = (ug, u1,us, . .., Umas) denote another distri-
bution with u; = 1. As derived in Section III.B Case 3, the
optimal frame size for u is L* = k and the average reading
time is F (k). From Lemma 1, we have

Z v To(n | 1)

= oy T,(k|u)+ Z v To(n|u)
n#k
= ’Uk]:(k) + (1 — )Y,

To(v) <

a7

where Y is averaged reading time on condition that N # k,

or
2 nzr 0nTo(n | )
Zn;ﬁk Un

On the other hand, if the first frame size is chosen as L =
m # k, we let T'(n| L = m) denote the average reading time
of n tags when the first frame size is m and the following
frame sizes are optimal. Obviously F(k) < T'(k|L = m)
because for k tags to read, the optimal frame size L* = k.
Based on these, we have the average reading time using L =
m as

Y = < 00
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t= ZUHT'(n |L=m)>vT (k| L=m)=uvF(k)+ v,

(18)
where A = T'(k|L = m) — F(k) > 0. Since A and YV
are both constant and v, — 1 when Var(N) — 0, we obtain
v A > (1 — v)Y. Combining with (17) and (18), we have
To(v) < t. Thus we claim that the optimal frame size L* = k.
O

Proof of Theorem 2:

As defined in Section III, G,,(n) is the average reading
time of n tags with the estimated group size distribution
v = (V0,V1,V2, ..., Umaz) satisfying 1) vy, — 1 and 2)
Var(N) — 0. In other words, G,,(n) is the average reading
time of n tags with the wrong information that there are n+m
tags. By Lemma 2, the optimal frame size for v is m +n. We
now derive the formulas of G,,(n) for different values of m.

Case 1: m > 0, or the estimated group size is larger than the
real one. After s; tags are identified in the current frame, the
real group size becomes n — s; while the estimated number
of remaining tags is n + m — s;. Based on the replies, the
reader will not detect the estimation mistake until all the tags
are successfully identified. Similar to (12), we have the system
function as

L L-—sp

Gm(n) =L+ Y > Pr{Se=sc,5 =s1|L}*Gn(n—s),

51=0 s=0

where L = m + n. Then we can obtain explicit form as (15)
by rearranging the terms.

Case 2: m < 0, or the estimated group size is smaller than
the real one. If the number of the collided slots s, < "'gm , the
reader will not discover the mistake and update the estimated
group size as n+m — s1. But the reader will know something
is wrong if the number of collided slots s, > "zm, because
n+m tags cannot produce so many collisions. Since Var(n) —
0, the estimated group size should be updated as N = 2s..

Similarly, we have the system function as

L X
L+ Y > Pr{Se,Si|L} % Gm(n — S1)

Gm(n) =
51=05,=0
m+1 n+m
- S1+k
+30) Prise = TR S0« Guln — ),
k=0 S1=0

where L =m +n and X = min(L — Sy, "_251 ). (15) can be
obtained by reshuffling the terms.

APPENDIX II

Consider two groups, Group A and Group B with tag pop-
ulation V4 and Np respectively. Suppose Group A satisfies:
E[N4] = k and Var(N4) = 6 > 0; Group B satisfies:
Np = k. Let v and u denote the distribution of N4 and
Np respectively. We can prove

Nmaz

To() S To(v) < > vaTo(n|u).

n=0

(19)
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The first inequality holds because when the expectation is
same, the group with known population needs less time. The
second inequality holds as a result of Lemma 1. By definition,
To(u) = F(k); To(n|u) = Gr—n(n). Thus (19) becomes
Nmax

Z Ungkfn(n)

n=0

According to (14), we use 7T, (v) = Zf:’gg“ UnGk—n(n) as
an approximation of 7,(v). Then the error bound of this
estimation can be derived from (20) as

F(k) < To(v) < (20)

NTTl(lI

To(0) = To ()| < |F(R) = > onGrn(n)]. Q1)
n=0
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