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Abstract—Automatic identification based on radio frequency
identification (RFID) is progressively being introduced into
industrial environments, enabling new applications and pro-
cesses. In the context of communications, RFID rely mostly on
Frame Slotted Aloha (FSA) anticollision protocols. Their goal is
to reduce the time required to detect all the tags within range
(identification time). Using FSA, the maximum identification
rate is achieved when the number of contending tags equals the
number of contention slots available in the frame. Therefore, the
reader must estimate the number of contenders and allocate that
number of slots for the next frame. This paper introduces the new
MFML-DFSA anticollision protocol. It estimates the number of
contenders by means of a maximum-likelihood estimator, which
uses the statistical information from several frames (multiframe
estimation) to improve the accuracy of the estimate. Based on
this expected number of tags, the algorithm determines the best
frame length for the next reading frame, taking into account
the constraints of the EPCglobal Class-1 Gen-2 standard. The
MFML-DFSA algorithm is compared with previous proposals
and found to outperform these in terms of (lower) average identi-
fication time and computational cost, which makes it suitable for
implementation in commercial RFID readers.

Index Terms—Anticollision protocol, dynamic frame slotted
aloha (DFSA), EPCglobal, maximum-likelihood estimation, radio
frequency identification (RFID).

I. INTRODUCTION

ADIO-FREQUENCY IDENTIFICATION (RFID) is en-
R abling a paradigm shift in key areas of manufacturing
and process automation. The goal of RFID is to allow the iden-
tification of products, objects, or people nearby by means of
radio-frequency (RF) links [1]. The communication takes place
between small and inexpensive devices called fags, which are
attached to the items to be tracked, and readers, which collect
and manage information about those items. Most RFID systems
are passive, that is, the tags are battery-less and are solely pow-
ered by the RF signals of the readers. This work focuses exclu-
sively on this kind of RFID systems. Passive tags are intended to
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identify people, animals, pallets, or other objects. Readers con-
tinuously transmit RF signals asking tags to identify themselves
and thereby defining checking areas. Typical reading ranges
are a few meters in the best conditions. When tags cross these
checking areas they are powered by the reader signals and send
their stored information back to the reader, thereby identifying
the objects to which they are attached. Compared to other iden-
tification technologies like barcodes, RFID permits automatic
identification without human intervention and without the need
for a line-of-sight between the reader and the tags. RFID is used
in a wide range of industrial fields, such as traceability manage-
ment [2], supply chains [3], indoor positioning [4], and so forth.
Besides, active research in various key areas such as physical
design [5], communication protocols [6], security [7], and mid-
dleware development [8] is underway to improve RFID perfor-
mance and reduce deployment and operation costs, which is es-
sential for industrial use.

The identification process involves communications be-
tween the reader and the tags and takes place in a shared
wireless channel. Basically, the reader interrogates tags nearby
by sending a Query packet (the exact format of this packet
depends on the particular identification procedure). Tags are
energized by the reader’s signal and respond to this request with
their identification. When several tags answer simultaneously,
a collision occurs, and the information cannot be retrieved.
Therefore, an anticollision mechanism is required when mul-
tiple tags are in range. In addition, the extreme simplicity
of the tags places considerable constraints on the design of
collision-solving methods, whose intelligence must rely almost
exclusively on the reader.

Anticollision algorithms for passive RFID systems can be
classified into two groups: tree-based protocols and Aloha-
based protocols.

In tree-based anticollision protocols (e.g., [9]), the reader
consecutively splits the tag set into disjoint subsets until,
eventually, a set has a single tag whose identification can be
obtained without collisions. This procedure is repeated until
the identity of all tags is retrieved. As a result, identification
time may be too long. These protocols are attractive for specific
applications such as access control systems. They are mainly
used in low-frequency (LF) and high-frequency (HF) RFID
implementations.

Aloha-based protocols, also called probabilistic or random
access protocols, are the most prevalent in the UHF band. They
are designed for situations in which the reader does not know
exactly how many tags will cross its checking area. The most
common Aloha RFID protocol is Frame Slotted-Aloha (FSA),
a variation of Slotted-Aloha. As in Slotted-Aloha, time is di-
vided into time units called slots. However, in FSA, slots are
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Fig. 1. FRSA operation.

subject to a superstructure called a “frame.” The reader starts the
identification process with an identification frame by sending a
Query packet with information about the frame length (K slots)
to the tags. The frame length is kept unchanged during the whole
identification process. At each frame, each unidentified tag se-
lects a slot at random from among the K slots to send its identi-
fier to the reader. FSA achieves reasonably good performance at
the cost of requiring a central node (the reader) to manage slot
and frame synchronization. FSA has been implemented in many
commercial products and has been standardized in the ISO/IEC
18000-6C [10], ISO/TEC 18000-7 [11], and EPCGlobal Class-1
Gen-2 (EPC-C1G?2) standards [12].

When tags outnumber available slots, identification time in-
creases considerably due to frequent collisions. On the other
hand, if the slots outnumber the tags, many slots will be empty
in the frame, which also leads to long identification times. Dy-
namic FSA (DFSA) protocols were conceived to address this
problem. They are similar to FSA but the number of slots per
frame is variable. In other words, parameter K may change from
frame to frame in the Query packet to adjust the frame length.
Fig. 1 shows an example of a generic DFSA protocol, where
after many empty slot occurrences in the first frame the reader
reduces the frame length for the second frame to decrease the
identification time for the remaining tags.

DFSA operation is optimal in terms of reading throughput
(rate of identified tags per slot) when the frame length equals
the number of contenders [13]. Moreover, note that maximizing
reading throughput is equivalent to minimizing identification
time, that is, the time required to identify all the tags in a pop-
ulation. The challenge is to minimize identification time by se-
lecting the best frame length for each frame, which will depend
on the number of contending tags. Therefore, the reader should
ideally know the actual number of competing tags and allocate
that number of slots to the next frame. However, the number of
contenders is unknown and must be estimated somehow. Some
simple DFSA algorithms (see Section III) use heuristics to se-
lect the value of K directly. However, the selection is usually
performed in two steps (we call this operation indirect selec-
tion). First, the reader estimates the number of tags (7;) that
competed in the previous frame ¢. Thus, the expected number
of contenders in the next frame is (7; — s;), where s; denotes
the number of tags successfully identified in the previous frame.
The frame length in the next frame (K1) is selected as a
function of n; — s;. There are different ways to compute 7;,
mainly heuristics, Minimum Squared Error (MSE) estimation,
and Maximum-Likelihood (ML) estimation.

IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS

Besides, to estimate 7;, DFSA readers use different informa-
tion. In a given frame 1, it is possible to monitor three variables:
the number of slots filled with a single transmission (s;), the
number of empty slots (e;), and the number of slots with colli-
sion (¢;). Note that K; = s; + e; + ¢;. Since the readers always
know the frame length (K;), two variables out of {s;,e;,c;}
give full information about the events in the frame (full-frame
information estimation). However, many DFSA algorithms only
use one of these variables, either ¢; or s;. Indeed, information
from several frames, 7,¢—1,¢—2, . . . can be used (multiframe es-
timation). Multiframe (MF) estimators usually provide an esti-
mate 7 of the initial number of tags in the identification process.

The accuracy of the estimator will be directly related to the
information available. Single-frame estimation makes sense for
a continuous flow (of tags that continuously enter and leave the
coverage area), since in this case frame information quality de-
creases with time. In contrast, MF is advisable if new tag popu-
lations do not appear until the previous set has been completely
identified. Note that the reader may also enforce this behavior.
For instance, if a conveyor belt is carrying the tags, the reader
may stop it when necessary.

Different DFSA algorithms have been proposed to optimize
the identification process based on the previous concepts. The
most relevant ones have been studied in depth in a previous
study by our group [14]. The shortcomings identified in that
work (see Section III) motivated us to propose a new DFSA al-
gorithm that improves the estimation of 7 and provides an op-
timal criterion to select K. Besides, in this paper, we explicitly
address the computational feasibility of our algorithm.

The new estimator is a MF DFSA algorithm based on a ML
estimation of 7, which we call MFML-DFSA. The implementa-
tion is addressed in the context of the EPCglobal Class 1 Gen 2
(EPC-C1G2) [12] standard (see Section II). Thus, frame length
cannot be an arbitrary natural number, but a number in the set
{K =29 :Q =1,...,15}. We must remark that while pre-
vious work simply selected the frame length as the nearest value
in that set to the estimated number of contenders, we demon-
strate (in Section IV-A) that this assignment is suboptimal and
explicitly compute the optimal () value as a function of the ex-
pected contenders. Therefore, MFML-DFSA may be directly
adopted by current EPC-C1G2 RFID reader devices, without
modifications at the tag side. The results (Sections V and VI)
show that MFML-DFSA achieves shorter identification times
than previous DFSA proposals.

The rest of this paper is organized as follows. Section II
describes the EPCglobal Class-1 Gen-2 standard, currently
used in UHF RFID passive systems. Section III discusses
the state-of-the-art in DFSA algorithms. The MFML-DFSA
algorithm is thoroughly explained in Section IV. Section V
discusses its implementation, particularly its computational fea-
sibility. Section VI evaluates the performance of MFML-DFSA
and the main DFSA alternatives. Finally, Section VII concludes
this paper.

II. EPCGLOBAL CLASS-1 GEN-2

EPCglobal, an industry-oriented organization, has developed
the Electronic Product Code (EPC) standard EPCglobal Class
1 Gen 2 (EPC-C1G2) [12]. EPC-C1G2 proposes an anticolli-
sion mechanism for passive RFID systems based on a variation
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Fig. 2. EPCglobal Class-1 Gen-2: Fixed frame length procedure.

of FSA. Fig. 2 illustrates the operation of this mechanism. In
the resting state (no ongoing identification process), the reader
monitors the environment to detect new tags, with continuous
Broadcast packet transmissions. Tags within range reply imme-
diately. If several tags answer simultaneously, a collision occurs.
When the reader detects the collision it starts a new identifica-
tion process following an FSA schema. Moreover, EPC-C1G2
allows two identification procedures.
* Fixed frame length procedure (fixed EPC-C1G2): all iden-
tification frames have the same number of slots.
» Variable frame length procedure (variable EPC-C1G2): the
reader can change the number of slots per frame dynami-
cally (DFSA operation).

A. Fixed Frame Length Procedure

An identification frame starts when the reader transmits a
Query packet, including a four-bit field with parameter () €
[0,...,15], stating that the length of the frame will be K =
2@ slots. Tags within range receive this packet and generate a
random number 7 in the interval [0, 2% — 1]. This number rep-
resents the slot within the frame where the tag has randomly
decided to send its identification number ID = 7. The reader
controls the beginning of each slot by transmitting a QueryRep
packet, except in the first slot (slot #0), which starts automati-
cally immediately after the Query packet. The tags use r to set a
counter, which is decreased upon reception of a new QueryRep.
When the counter reaches 0, the tag transmits its identifier ID,
which corresponds to the random value that was initially calcu-
lated. Note that it must also be equal to the slot number in the
frame. After the ID is transmitted, four situations are possible.

 If several tags select the same slot, a collision occurs, and
the reader is unable to decode an ID packet. The reader
reacts by starting a new slot with a QueryRep packet (see
slot #0 in Fig. 2). Affected tags update their counter to
r = 2% — 1. That means that they will not contend again
until the next frame.

» If a single tag responds but the reader cannot decode its
ID packet, then, after a bounded time, the reader considers
that the slot has expired and starts a new slot by sending
a QueryRep packet. In this case, the tag also updates its
counter to r = 29 — 1 when QueryRep is received.

 If the reader correctly receives the ID that matches the cur-
rent slot number, it responds with an Ack packet. Although

all tags receive the packet, only the winner answers with
a Data packet (including its EPC code, which is its actual
identification code). If the reader receives the Data packet
correctly, it answers with a QueryRep packet, thus starting
anew slot. Besides, the winning tag quits from the identifi-
cation process (see slot #1 in Fig. 2). However, if the reader
does not receive a correct Data packet within a bounded
time, it considers that the slot has expired and sends a Nack
packet. Again, only the involved tag updates its counter
value to 7 = 29 — 1. Thus, this tag will not contend again
in this identification frame (see slot #2 in Fig. 2). After this,
the reader also sends a new QueryRep packet to begin the
new slot.

* If the reader does not receive a packet before a given dead-

line, it is assumed that the slot is empty (see slot #3 in
Fig. 2), and the reader starts a new one by sending a new
QueryRep packet.

This procedure continues until the identification frame fin-
ishes. Then, the reader sends a new Query packet to start a new
frame. Unidentified tags compete again in the new frame, se-
lecting a new random r value. Eventually, all tags are identified
and the procedure ends. This takes place when all the slots are
empty in a frame.

B. Variable Frame Length Procedure

To mitigate the poor efficiency of EPC-C1G2 with fixed
frame length, the standard proposes a variable frame length
procedure, named variable EPC-C1G2 or variable EPC. Al-
though EPC-C1G2 is seamlessly compatible with DFSA
protocols that dynamically select () in every new frame, the
variable EPC method operates by resetting the frame whenever
a slot ends. Note that in EPC-C1G2 the frame structure can also
be adjusted by resetting the identification frame by sending a
new Query packet with the same () value or a new one instead
of the next QueryRep packet when a slot ends. In this paper,
we denote this slot-by-slot operation as Q-slot, and the normal
frame-by-frame operation as Q-frame operation. The variable
EPC procedure operates in a Q-slot fashion, selecting the new
(@ value at the end of each slot by means of the algorithm
depicted in Fig. 3: when a slot ends, the reader checks if it was
empty, successful or affected by a collision. Accordingly, the
reader updates a floating point variable Q)g,. Then, the nearest
integer to Q¢ is selected as (), and a new Query packet with
that value is sent. Variable C in (0.1, 0.5) (see Fig. 3) controls
the selection of the frame length. It can be tuned dynamically
to improve performance. However, the standard leaves the
selection of C' values open.

III. RELATED WORK

The most relevant DFSA algorithms have been studied in
[14]. In this section, we briefly review that study, together
with the conclusions drawn. We also emphasize the key dif-
ferences between MFML-DFSA and other DFSA algorithms.
Table I shows the characteristics of the most remarkable DFSA
proposals according to the criteria described in the previous
sections. The characteristics of the MFML-DFSA proposal
are summarized as well in Table I. We consider four major
groups of protocols, each stemming from a different operative
root: variable EPCglobal protocols, indirect heuristics, error
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TABLE I
COMPARISON OF DFSA PROTOCOLS
Protocol Operation Multi-Frame Estimation Full-Frame Information () Selection 7 Computation
Dynamic EPC [12] Q-slot No - Heuristic -
Dynamic EPC protocol family Q+_ 115] Qslot No B Heur}sqc B
Optimum-C [16] Q-slot No - Heuristic -
SCS [17] Q-slot No - Heuristic -
Schoute [18] Q-frame No No Indirect Heuristic
Lower Bound [19] Q-frame No No Indirect Heuristic
Indirect heuristics Wang [20] Q-frame No No Indirect Heuristic
C-ratio [21] Q-frame No No Indirect Heuristic
Chen-1 [22] Q-frame No Yes Indirect Heuristic
Error minimization estimators MSE-Vogt [19] Q-frame No Yes Indirect MSE
MSE-SbS [23] Q-slot Yes Yes Indirect MSE
Chen-2 [24] Q-frame No Yes Indirect ML
. P . SbS [6] Q-slot Yes Yes Indirect ML
Maximum likelihood estimators Chen3 [27] Q-frame No Yes Indirect ML
Floerker [28] Q-frame Yes Yes Indirect ML
MFML-DFSA Q-frame Yes Yes Indirect ML

minimization estimators, and maximum likelihood estimators.
We review them all, focusing on those based on ML estimators,
since they achieve the best performance as noted in [14].
Section VI compares them with our approach.

A. Variable EPCglobal Protocol Family

As described in Section II, EPC-C1G2 proposes a vari-
able frame-length mechanism as an alternative to the fixed
frame-length schema. It adjusts the frame length slot-by-slot
(Q-slot operation) following the heuristic shown in Fig. 3. In
this schema, the value of parameter C affects the computation
of Qg and thus the value of (). Since the value of C is open
in the standard (as stated in the previous section), different
alternatives to set it dynamically have been proposed, such as
the Q*~ algorithm [15], the Optimum-C protocol [16], and the
Slot-Count-Selection algorithm [17]. The performance of these
algorithms is limited, as discussed in depth in [14].

B. Indirect Heuristics

Indirect heuristics estimate the number of contenders by
means of oversimplified formulas, and then adjust the frame

length (K) to the nearest power of two. Most proposals of this
type only use information from the last frame (see Table I).
As we stated in [14], their performance is poor compared with
statistical estimation methods. Some examples of this family
are the work by Schoute [18], the Lower Bound estimation [19]
or the procedures proposed by Wang [20], Cha [21], and Chen
[22].

C. Error Minimization Estimators

In [19], Vogt proposed a procedure based on MSE estima-
tion, which minimizes the Euclidean norm of the vector differ-
ence between actual frame statistics and their expected values.
The statistics considered are the number of empty, successful,
and collision slots. However, the expected values are computed
assuming a simplification of independent binomial distributions
of the tags in each slot, giving rise to inaccurate results. In [23],
the authors introduce another MSE estimator procedure. They
propose a Q-slot operation based on the error function in [19],
but extended to several frames.
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D. ML Estimators

The idea behind this group of estimators is to compute the
conditional probability of an observed event (or set of events),
and selecting as 7; (or 72 in case of MF estimators) the value that
maximizes this probability. The main problems with these algo-
rithms are the exact formulation of this conditional probability
and their computational cost, which may render them unusable.

In [24], the authors proposed an ML algorithm derived from
the occupancy problem described in [25]. When a frame 7 ends,
the RFID reader computes the probability of finding e; empty
slots when the frame length is K; and selects 7; as follows:

fi; = argmax {P(K;, e;,n;)} ey
n;>si+2c;
(1 K & (1K, - gy
P Ki. 19 Tg ) — . . N 2
r(Ki ei,mi) e K J;_ (4 —e)(K; —j)! @

Note that this is an exact computation, unlike in Vogt’s work
[19], which assumed independent identically distributed (iid)
binomial distributions of tags in each slot.

In [26], the authors presented an algorithm similar to the one
in [24]. In addition, in [26], the authors remark that (2) is un-
feasible for large values of K; and n; and propose the following
heuristic estimator as an alternative:

o log(;(i)
ni_m.

Nevertheless, this heuristic is erroneous when e; = 0, be-
cause the term log(0) appears in the numerator.

The Slot-by-Slot (SbS) ML estimator in [6] uses the number
of empty slots and identified tags. The authors propose this al-
gorithm as a Q-slot mechanism. The probability formula in [6]
can be reduced to

3

Koln! min{c;,n;—s;} 1)z
Pr(K;, e;,5i,n;) = etlsii'l(l" ( Z!)
g z=0
min{c; —z;,n;—s;} j
(Ki —1)
STy
=0
L \mi—Ssi—]

gt (ei =z = j)H (ni — si = j)!

However, the original formula (like the reduced one) is er-
roneous. It returns negative probabilities in some cases (e.g.,
c=1,8=1,¢ =1, K; =4,forn; > s; +2-¢).

In [27], the author models the probability of event {s;, e;,¢; }
as a multinomial distribution problem (note that this is an
approximation of the actual probability). The probabilities of
empty, successful, and collision slots are denoted as pg, p1, and
p>2. These probabilities are computed in [27] obtaining
K;!

€ S C.
——— D' P1' P> (5)
e,'sl'c,' 071 P22

Pr(Ki7 €iy Siy ci) =

forn; > s; +2-¢;.
Finally, the estimator in [28] uses statistical information from
several frames (in fact, it is the only MF Q-frame schema so

far that uses full information from each frame to estimate the
number of contenders) to update the initial tag probability dis-
tribution according to expression (6)

Pr(n; | frames; ;)
= aPr(n; |framesy.;—1)Pr(K;, e;, si,¢:|n)  (6)

where « is a normalizing constant whose value is not defined.
Pr(n; | frames;.;) denotes the a-posteriori probability distri-
bution of the number of contenders (n;) after the ith frame,
whereas Pr(n; | frames;.;_1) denotes the a-priori distribution
before that frame. The formulation of Pr(K;,e;, s;,¢; |n) is
given in [28]. In this framework, at the end of each frame ¢, the
reader extracts 7; as the mode of the a-posteriori distribution.
However, in the first iteration, since the a priori distribution is
not available, the authors assume directly that the likelihood is
the a posteriori distribution.

This last proposal has similarities to ours since it is also a MF
full-information proposal. However, the computational cost of
their estimator is higher, which notably increases the identifica-
tion time of the algorithm (see Section VI).

IV. MFML-DFSA ALGORITHM

In this section, we describe our MFML-DFSA algorithm
to compute the optimal frame length that maximizes the
throughput. Let us call n the initial number of tags to identify.
In our model, we assume that all tags remain in the identifica-
tion area at least until their identifiers are correctly received,
and that new tags do not enter the identification area during the
reading process. The goal is to identify the n tags in the shortest
time (equivalently, slots) possible. The identification process
requires a series of consecutive reading frames (i = 1,2,...)
for all tags to be identified. At the end of frame ¢, the reader
knows the number of identified tags (s;), the number of slots
with collisions (c¢;) and the number of empty slots (e;). Then,
at the end of frame ¢, MFML-DFSA proceeds as follows.

* 7, the most likely number of tags at the beginning of the
identification process, is computed by means of the ML
estimator, as a function of the set {(Kj,s;,cj,¢;);7 =
1,...,1} (see Section IV-A).

* The most likely number of tags that will compete in the
next frame (7 + 1) is njy1 = 72 — Y5, s; (the estimated
total number of tags minus those already identified).

 Then, K;1 = 29+ is accordingly selected to maximize
the expected throughput at frame ¢ 4 1 (see Section IV-B).

A. n Computation

Let P(N, K, s, c, ¢) be the probability of obtaining a sample
of s slots filled with exactly one reply, c slots with a collision and
e empty slots, if N tags compete for identification in an arbitrary
frame of K slots. This probability is computed in Appendix A,
yielding

P(N,K,s,c,e)

_ K! (E+N-1\"'(N-s—c-1
— slele! N N —s—2c
KI(K - 1) TILCN "5 g0

- slelel(c — 1)! Hé\gj\ﬁzlb ' )
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Equation (7) can be computed for N > s + 2c, since NN is
at least the sum of the tags identified plus the colliding ones (at
least two per collision). Let us remark that the previous formula
is exact, unlike the simplifications in previous work discussed
in Section III.

After the first frame of the identification process, the proba-
bility of event {( K7, s1,¢1,e1)} if n tags contend is

prob{(Ki, s1,c1,€1)} :P(n72Q1731,01,61). (8)
After the second frame

prOb{(K17 51, C1,€1)7 (K27S27 C2, 62)}
= P(n,2%s1,c1,€1)

XP(n—81,2Q2,82,02,€2). (9)

Note that the identification frames are independent. There-
fore, the probabilities of the observed events are independent as
well. Then, after the ¢ frames, if the initial number of tags is n,
the probability of a given set of events {(Kj, s;,¢j,€ej) : j =
1,...,4} is calculated as

i J
HP (n — Zsu_1,2Qj,sj,cj,ej) .
=1

u=1

(10)

Let us remark that in frame j the number of tags that have not
been identified yetis n — Y7 _, s,_1, being so zero for consis-
tency. Therefore, 7 is computed as the value that maximizes the
probability given in (10), yielding its ML estimator

i J
f = argmax H P (n — Z Su_1,299 55,¢j, ej)
u=1

n>max;—1,.. i Mn;j j=1
(1)

where n; = 2¢; + Zi:l Swu, that is, the minimum number of
tags known to have contended at frame j based on the number
of slots with collisions and single responses.

B. Q Selection

The expected throughput of an FSA system is S(N,K) =
(N/K)(1 — (1/K))N=1, as shown in [13], and it reaches its
maximum S(N, K) = e ! if N = K, for high N values (see
also [13]). However, the number of slots per frame for EPC-
CIG2 must be in {29 : Q@ = 0,...,15}. Therefore, in this
case, the throughput is

N \"' N 1\ V!

12)

For each value of ) there is a set of values of IV for which @
attains maximum throughput. Fig. 4 illustrates this statement.
These sets have the form [Npin(Q),...,29, ..., Nmax(Q)],
where Nppin(Q) and Nyax(Q) are the minimum and maximum
number of tags for which ) provides the best throughput (see
Fig. 4). Note that the sets are compact and always contain
the point with maximal throughput (N = K = 29), since it
maximizes S(N, K).
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Fig. 4. Throughput versus N for different ) settings. Each curve shows the
expected throughput for a given value of (). Note how each value of () provides
the maximum throughput for a set of values of V. In the figure, the set of values
of N between Npyin (@ = 6) and Npax (@ = 6) achieve maximum throughput
at () = 6.

Our goal is to compute the borders of each set to determine
where a given () value maximizes throughput. Let us note that
the maximum value of N for ) — 1 is one tag less than the
minimum value for @, i.e., Npax(Q — 1) = Nupin(Q) — 1.
Therefore, Nimax(Q — 1) must be the largest integer fulfilling
inequality (13)

S(Nmax(Q - 1)7 Q-1 > S len(Q)72Q) =
S(Nmax(Q_1)7 Q 1) >S Nmax(Q_1)+172Q)
(13)
Hence
B Nanax(@-1)—1
Nmax(Q 1) (1 _ 1 )
2Q-1 2Q-1

Numax(@=1)+1 (1 Nonax (Q—1) y
2Q 9 . (14

In other words, given a value of @), we find the highest value
of N that makes the throughput using ) — 1 greater than the
throughput using Q. Therefore, to calculate the optimal sets, we
follow the next algorithm:

1) Set @ = 1 and N = 1. Obviously, for this particular case

Numin(1) = 1.
2) Do N = N + 1, and check if inequality (14) is fulfilled .
a) If not, Nyin(Q + 1) = N and Npax(Q) = N — 1.
b) Otherwise, repeat.
3) Do @ = @ + 1 and repeat until Q = 16 (computation can
be accelerated!).

Table II summarizes the results for an arbitrary frame 4. Note
that selecting the nearest valid frame-length to n; as K is a sub-
optimal choice (e.g., if n; = 90, the nearest valid K is 26 — 64;
however, the optimal K is 27 = 128).

In addition, note that there is no information available be-
fore the reading procedure starts, therefore, ()1 must be selected
from other criteria. Currently, commercial RFID readers select

>

If after this step NV is directly set to 2@ 41, since Npax (@) > 29 as stated
previously
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TABLE II
OPTIMAL (); VERSUS 1; RANGE

n; range

n; =1

1<n; <3

3<n; <6

6 <mn; <11

11 <n; <22

22 < m; < 44

44 < n; < 89

89 < ny; <177

177 < n; < 355
355 < n; <710

10 710 < n; < 1420
11 1420 < n; < 2839
12 2839 < n; < 5678
13 5678 < m; < 11357
14 11357 < m; < 22713
15 22713 < ny

I

Nl e N N e I

Q1 = 4 by default, independently of the population of tags in
their range. This work shows that better values of (); can be
selected if the number of contending tags in the first frame is
known to lie within a certain interval (see Section VI).

V. EFFICIENT IMPLEMENTATION

Regarding algorithm implementation feasibility, the fol-
lowing iterative method is proposed. Note that maximizing the
probability given in (10) is equivalent to maximizing its loga-
rithm. Moreover, the logarithm of the product of probabilities in
(10) can be expressed as the sum of their logarithms. To speed
computations up, the RFID reader keeps an array with prede-
fined computations of > _; log(u) forn = 1,..., 2% +nypax,
where ny,x denotes the maximum number of competing tags
and must be tailored to the scenario. Let [,, be the nth position
in this array, and let us define an array p,, with n,,.x positions
that are initially set to zero, and let n.,;, = 1. Then, after frame
1, it is necessary to: ‘

1) Update nmin, Mmin = Max{nmin, 2¢; + Z;’:1 s}

2) Compute the logarithm of the last term in product (10) for

N = Nmin, - - - » Pmax- Lhat is, compute
log | P|n— Z Su—1,29, 54,05, (15)
u=1
Note—see (7)—that this is the sum of a constant
2@i1(29@ — 1)!
log [ 22 = DL
sileilei!(e; — 1)!

- l2Qi + lZQi—l —_ lSi —_ lci —_ lei —_ l&;*l; (16)
plus a factor that varies with n’ (being n’ = n —
Z:l,:l Su_l)

n' —s;—c;—1
=n/—s5;—2¢,—1 @
IOg Ha—n .7Q.2 i—1
n/4+2%i —1 b
b=n’+1
- ln’—s7—c7—1 - ln’—s1—2(z,—2 - lnl+2Qi_1 + l'n,’~ (17)

Therefore, this step requires at most 5 + 47, Sums.

TABLE III
TYPICAL VALUES OF EPCGLOBAL CLASS-1 GEN-2 PARAMETERS

Parameter Symbol value
Electronic Product Code EPC 96 bits
Initial Q value Q1 4
Reference tlmc': mterva] for a data-0 in TARI 12.5us
teader-to-tag signalling
Tlme_ mleryal for a data-0 in reader-to- DATAO 1.0 TARI
tag signalling
Tlme' mter‘val for a data-1 in reader-to- DATA1 1.5 TARI
tag signalling
Tag-to-reader calibration symbol TRcal 64 s
Reader-to-tag calibration symbol RTcal 31.25 us
Divide ratio DR 8
Backscatter link frequency LF DR/Trcal
Number of subcar'ner f:yc]es per symbol M 1248
in tag-to-reader direction
Reader-to-tag rate Rtrate 64 Kbps
Tag-to-reader rate Trrate LF/M
Link pulse repetition interval Tpri 1/LF
Tag-to-reader preamble TRP 67 :

. . T - R
Tag-to-reader end of signalling EoS 2T i
Delimiter Del 12.5 ps

Del + DATAO+ TRcal +

Reader-to-tag preamble RTP RTcal
Reader-to-tag frame synchronization RTF RTP - RTcal
Tlme since reader transmission to tag T max(RTcal,10 T,.;)
response
Tl.me' since tag response to reader trans- T 5T
mission
Time a reader waits after T before it
. T3 5Tpri
issues another command
Minimum time between reader com- T 2RTcal
mands
Query packet Query 22 bits
QueryAdjust packet QueryAdjust 9 bits
QueryRep packet QueryRep 4 bits
Ack packet Ack 18 bits
Nack packet Nack 8 bits

3) Then, the sum of logarithmic probabilities is updated, p,, =
pn +log(P(n— Y"1 _; Su—1,29,8;,¢;,¢;)). The estima-
tion of the initial number of contenders corresponds to

n = argmax p. (18)

NE[Nmin,Mmax)

Therefore, n;y; is computed as 1 — ijl
requires 7nmy,ax Sums and comparisons.

4) Finally, the best value of Q);41 is selected from Table II as
a function of 7;11.

s;. This step

VI. PERFORMANCE EVALUATION AND BENCHMARKING

The performance of MFML-DFSA and the main DFSA alter-
natives (see Section III-D) has been evaluated by means of a dis-
crete-event simulator, developed in C++ within the OMNeT++
framework [29]. We have considered a scenario with a single
passive reader and a set of tags that enter the reader coverage
area and do not leave it until all the tags are successfully identi-
fied. The simulator computed the total number of slots required
to identify the whole tag population. This experiment was re-
peated (note that each run was independent) until a confidence
interval for the mean value was achieved with 95% confidence
degree. The physical configuration parameters of the commer-
cial UHF (868 MHz) Alien 8800 reader [30] (see Table III) were
used. The simulator had been validated previously by means of
laboratory test beds based on that reader [31]. Moreover, the
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TABLE IV
COMPARISON OF COMPUTATIONAL COST
Scenario 1 Scenario 2
Protocol Order FLOP/frame | Reading time increase (%) | FLOP/frame | Reading time increase (%)

SbS [6] O(n) 1.3-107 ~ 3% 3.7-10% ~ 24%
Chen-3 [27] O(n) 7-10° < 1% 7-10° < 1%
Floerker [28] | O(n?) 4.4-107 ~ 11% 3.6 - 107 > 100%
MFML-DFSA | O(n) 10° < 0.1% 6-10° < 0.1%

[ . . . : :
\ Iy

Optimal =——t—
MFML-DFSA Q1=4 --oe--

Average number of slots required per tag reading

i I i I I L
100 200 300 400 500 600 700 800 900 1000
Number of tags (n)

Fig. 5. Average number of slots required per tag reading versus 7.

=
aQ

optimal ) selection criterion (Table II) was used in all cases to
focus the analysis on the performance of the estimation schema.

Fig. 5 shows the performance of MFML-DFSA starting with
Q1 = 4, 8,10, compared to the best DFSA algorithms ([6], [27],
[28]) studied in [14]. These algorithms start with Q1 = 4. The
optimal ); from Table II is selected from the expected n; in
all cases. As a reference, we also depict the performance of an
optimal DFSA algorithm, i.e., one with perfect knowledge of
the competing tags in each frame. Our proposal outperforms
previous ones in all cases when Q1 = 8 if N > 100. Regardless
of the initial (); value, MFML-DFSA always performs better
when n > 500. If Q1 = 4, MFML-DFSA outperforms other
ML estimators for a broad range of n values (if n < 300 or n >
400). Indeed, it can be observed that MFML-DFSA approaches
the optimal bound in a range of values of n (e.g., for 700 < n <
1000 if @Q; = 10), illustrating that MFML-DFSA effectively
exploits a rough knowledge about the initial number of tags (i.e.,
a relatively wide range).

The identification time results in Fig. 5 do not include the
computation time for estimating the number of tags, selecting
Q, etc. Note that these decisions must be taken at the end of
each frame, before a new Query packet is sent. The reader can
delay the transmission of those packets (since the tags do not
transmit until a packet is received). However, this may increase
overall identification time. In order to provide some insight into
performance in real situations, we have selected two examples
where the computational cost has been calculated. The examples
are as follows.

¢ Scenario 1. At the end of the ith frame (with K; = 128),

the reader has collected the following statistical informa-
tion: e; = 48, ¢; = 30, and s; = 22. Note that, with
this configuration, n > 2¢; + s; = 82. The algorithm
iterates for every possible value of n up to a given 7y,

and the optimum is extracted. In this scenario, we assume
Nmax = 100. Then, the worst case requires (100 — 82) =
18 iterations.

* Scenario 2. At the end of the ith frame (K; = 512), the
reader has collected the following statistical information:
e; = 170, ¢; = 192, and s; = 170. In this case, we assume
Nmax = 1000. Then, (1000 — 554) = 446 iterations are
necessary.

The following assumptions have been considered to compute

the cost.

* A computational power of 1 GFLOPS (10° FLOating Point
Operations per Second) is considered, which is represen-
tative of the performance of an average Digital Signal Pro-
cessor (DSP). DSPs are common in RFID hardware such
as the Alien 8800 [30].

e The MF algorithm [28] and our proposal do not require
recomputing the sum from the first iteration to the last one.
Instead, they only update previous computations to take
into account the last frame.

* Finally, we have assumed a computational cost of 50 FLOP
for power, logarithm, and exponential operations and 100
FLOP for factorial operations.

Table IV summarizes the approximate number of computa-
tions required per frame in both scenarios. Additionally, the time
required to perform these computations is expressed relative to
frame length, as a percentage. Despite being O(n), the approach
in [6] has a high computational cost, which increases total iden-
tification time. Indeed, the approach in [28] has an unacceptably
high computational cost in some cases, which prevents real im-
plementation in its current algorithmic form. MEML-DFSA has
a low computational cost in both scenarios. Therefore, we can
claim that the entire MFML-DFSA process is not computation-
ally demanding and, for current commercial CPUs, extremely
large ranges can be analyzed in ~1 us (note that the typical slot
duration is 3 ms).

VII. CONCLUSION

The strengths and weaknesses of the DFSA algorithms
studied in [14] have been reviewed. Departing from this review,
we propose a new feasible MFML-DFSA algorithm that em-
ploys statistical information from several previous frames and
uses a ML estimator to compute the expected number of com-
peting tags. The results show that MFML-DFSA outperforms
the current DFSA proposals, achieving better identification
time for a low computational cost. Its implementation is com-
putationally feasible and it does not require any modification
to tag operation, therefore satisfying the EPC-C1G2 standard.
MFML-DFSA can be directly implemented in current RFID
readers allowing seamless adoption by RFID vendors. As
future work, we will study the applicability of MFML-DFSA in
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dense reader environments, where schedulers are mandatory to
coordinate the readers [32], [33]. These schedulers may benefit
from improved estimators such as MFML-DFSA.

APPENDIX A
COMPUTATION OF P(N, K, s, ¢, ¢)

To compute the probability P(N, K, s,c,e), henceforth
P(N,K), we apply the technique in [34], where the authors
formulate probabilistic transforms for urn models that convert
the dependent random variables describing urn occupancies
(slot occupancies in our case) into independent random vari-
ables. Due to the independence of random variables in the
transform domain, it is simpler to compute the statistics of
interest, and get the desired result afterwards by inverting the
transform.

Let P(N, K) be the probability of interest and P(A, K) its
transformation, where A is a parameter that is only meaningful
in the transform domain. Note that there is no dependence on
the number of balls (tags), /V, in the transform domain.

The procedure is as follows: first, the appropriate transform
for a particular urn model is selected. In our case, the K urns
(slots) are distinguishable and the N balls (tags) are indistin-
guishable, since we are only interested in the number of balls
within each urn. In this case, the independent random variables
Z1,...,Zk describing the occupancy of an urn in the trans-
form domain are geometrically distributed with mean A [34].
That is, P(Z; = n) = (1 — A)A". Second, the probability of
interest P(\, K') is computed in the transform domain. In our
case, given a frame of length K, the probability of having s urns
with one ball, ¢ urns with several balls, and e empty urns is

K! s
P(\K) = s!c!e!P(Z =1)°P
x (Z >1)°P(Z = 0)°
K' 51\ 2¢c e
zswdal—AM)V(l—A). (19)
Finally, the inverse transform is computed as
~1
_(K+N-1
P(N,K) = ( N )
x PWYI{P(Y, K) /(1= )N} (20)

with [AN]{h(\)} denoting the coefficient of AV in the power
series {h(A)}. In our case, rewriting (19) as a power series in A

K (K+N-1\"
P(N,K) = slele! < N )
nI~ (K—s—e+l—1Y ifsioe
x [AM] Z( T )A”“ @)

1=0
and extracting the coefficient of A\ for the appropriate N value

N = [+ s + 2¢, we obtain the result in (7).
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