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Abstract: Radio frequency identification (RFID) enabled retail store management needs workflow optimization to facilitate real-time
decision making. In this paper, complex event processing (CEP) based RFID-enabled retail store management is studied, particularly fo-
cusing on automated shelf replenishment decisions. We define different types of event queries to describe retailer store workflow action
over the RFID data streams on multiple tagging levels (e.g., item level and container level). Non-deterministic finite automata (NFA)
based evaluation models are used to detect event patterns. To manage pattern match results in the process of event detection, optimiza-
tion algorithm is applied in the event model to share event detection results. A simulated RFID-enabled retail store is used to verify the
effectiveness of the method, experiment results show that the algorithm is effective and could optimize retail store management work-

flow.
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1 Introduction

In recent years, supply chain management has been
changed rapidly due to the development of technologies
and consumer needs. In the retail store scenario, manage-
ment of stock based on contactless techniques such as ra-
dio frequency identification (RFID) would reduce out-of-
stock problems for retailers and suppliers. It is reported
that 8.3% of customers cannot find what they want while
shopping, which would cause a great loss of revenue
(about 4%) each yearl!.

Out-of-stock (OOS) can be generally defined as the
situation where consumers cannot find products they ex-
pect to buy on the shelf of a retail store during a shop-
ping trip. In the literature, OOS is categorized into two
cases: 1) the item or product is not in the store or in the
warehouse; 2) the item or product is not on the corres-
ponding shelf (out-of-shelf)% 3l but it is in the store,
maybe in another shelf, another place, but the consumer
cannot find the product in the right places.

RFID can be used to provide product visibility across
the supply chains and logistics with its unique and auto-
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matic object identification capabilities/l. RFID has gained
wide applications in retail store vendors such as Wal-
Mart and Metroll.

In a RFID enabled supply chainl® 7, RFID data can
be generated in a stream way which leads to heavy load
for the information processing engine to react in nearly
real time. Complex event processing (CEP) is a real time
computing paradigm which would detect patterns of in-
terest over boundless event streamsl®l. RFID CEP would
provide real time product status insight over the event
streams if the workflow is well managed within the in-
formation system.

Many research works of RFID in retail store have in-
vestigated the value of RFID to optimize shelf replenish-
ment in a retail store with model selection and workflow
reorganization®12l. In this paper, we focus on utilizing
CEP over RFID event streams to provide real time retail
store management decisions. First, we define retail store
backroom and the sales floor flows of goods with event
patterns over the streams. Then we present the corres-
ponding event query execution model with an optimiza-
tion method. Finally, simulation experiments are presen-
ted to verify the effectiveness of the proposed methods.

This paper is organized as follows. In Section 2, re-
lated works are discussed. Motivating example and as-
sumptions are described in Section 3. Patterns are defined
in Section 3. In Section 4, we present our CEP execution
model and optimization algorithm. The simulation study
is introduced in Section 5 and our conclusion is made in
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Section 6.

2 Related works
2.1 Complex event processing

CEP has been extensively studied in active databases
and message-based systems in the pastl!3-19. Unfortu-
nately, these traditional frameworks cannot satisfy the re-
quirements of RFID systems because their complex event
specification does not support value-based constraints and
sliding windows. Moreover, their implementations were
based on fixed data structures, such as treell%, directed
graph(lll, finite automatallfl, or Petri netl'®l, which can-
not flexibly accommodate the necessary extensions re-
quired by RFID CEP.

The non-deterministic finite automata (NFA) ap-
proach for RFID CEP was first proposed by [19], which
also presented the optimization technique of evaluating
value-based constraints and sliding windows earlier to re-
duce the size of intermediate results. The work20 of
tailored NFA framework from [12] is to facilitate the pro-
cessing of RFID complex events defined at the granular-
ity of objects. It also proposed several optimization tech-
niques to reduce memory consumption and improve sys-
tem throughput. Recently, the more general problem of
pattern matching over event streams has also been in-
vestigated in [21-23]. Other RFID complex event pro-
cessors developed include HiFil24 and Siemens RFID mid-
dlewarel25. The HiFi system aims to support efficient ag-
gregation of data generated by individual receptors dis-
tributed over a tree-structure network. The Siemens
RFID middleware uses an event-based framework to
transform raw RFID data into semantic data. Its event
processing is implemented by a graph computation mod-
el. Neither the HiFi system nor Siemens RFID middle-
ware provides necessary optimization techniques for huge-
volume event processing. Ray et al.26l optimizes nested
complex event queries utilizing caching technique. Unfor-
tunately, none of the works mentioned above considers
the effect of limited memory on processing efficiency. Re-
cent work of Qi et al.27l addresses pattern aggregation
during event detection. Instead of aggregating event pat-
terns in a post processing step, they construct pattern ag-
gregation online in the detection of event processing in
linear time. However, computing aggregation and evaluat-
ing CEP queries together would lead to system overhead
especially in a memory limited computing context.

Some works28-34 study CEP in a cloud environment,
big data and distributed computing scenarios. However,
event processing in distributed environments is complic-
ated to implement and needs to consider both memory
usage and communication cost in order to balance the
system load.

In [35], event-based control and filtering problems are
categorized and discussed for event-based networked sys-
tems, which is similar to the model used in this paper.

2.2 RFID data warehousing

There are also some worksi3638] on warehousing and
querying massive RFID data. These works assume the
presence of a cleansed RFID database which records the
durations items stay at different locations. The RFID
path pattern query is then evaluated on the database
through data warehousing techniques. Note that con-
structing such database requires nearly all RFID read-
ings (except the redundant ones) to be recorded and the
authors did not address its performance issues. In con-
trast, RFID complex event processing is directly ex-
ecuted over streaming RFID readings. It can effectively
filter RFID events and only forwards meaningful com-
plex events to backend databases.

2.3 Stream data processing

Another research area related to RFID CEP is
streaming data management3941. The proposed systems
were mainly designed for relational data and their opera-
tions did not support some critical specifications of RFID
complex events, such as sequence constraints and nega-
tion event. Cao and Rundensteiner4?] exploit intra-stream
and inter-stream correlations to partition the query into
an optimal query plan and obtain pruning opportunities
to delete intermediate join results. The limited-memory
optimization techniques proposed for streaming data pro-
cessing[43-46] therefore cannot be applied directly in RFID
CEP. There are also some worksl47 49 on optimizing se-
quence queries in relational databases. Sequence query is
different from CEP in that it targets a consecutive se-
quence of relational tuples and allows backtracking on the
input during processing. Moreover, the proposed optimiz-
ation techniques for sequence query were tailored for rela-
tional database management system (RDBMS) environ-
ment, thus not applicable to CEP.

Chow et al.[3%% propose a real-time RFID based know-
ledge system to solve logistics process management prob-
lems. Input of the knowledge-based decision system would
be some high level of complex events detected from the
middleware level over RFID data streams. Zhu and
Huanglll aim to extract rules from data streams. Rules
can be considered as high level of condition which can be
also used in some Petri net based event detection engines.

2.4 RFID supply chain and retail store
management

Retail store management utilizes automatic data col-
lection techniques to accelerate process tracking. Differ-
ent levels of tagging mean different kinds of management
complexity and user experience. Choi et al.52 use item-
level RFID tagging methods to enhance customer shop-
ping experience in retail stores. Customer shopping beha-
vior is collected using RFID and fuzzy screening al-
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gorithms are utilized to analyze customers' preferences.
Condea et al.53 consider RFID for retail store automatic
shelf replenishment decisions based on RFID case-level
tagging. Metzger et al.[’4 compare the performance of dif-
ferent RFID-based shelf replenishment policies, they find
that different levels of tagging leads to different decision
making. For example, false negative readings exist preval-
ently in RFID-enabled applications, Sorensen et al.[53] in-
vestigate the impact of false-negative RFID reads on the
performance of shelf inventory control policies. He et
al.[b% investigate supply chain management based on arti-
ficial intelligence method-rough set, which is different
from the stream-based method in this paper. Yang and
Zhaol57 study supply chain network equilibrium with rev-
enue sharing contract to adjust the contract parameters
to achieve the new coordinated state through bargaining.
This work is a predictive model to detect sudden de-
mand increase in a supply chain while in this paper, we
use a stream model to detect long-running events over a
period of time. Deng et al.l’8) propose control transfer to
solve the sharing problem of tickets among different serv-
ers of different departments, however, the model is not a
stream model as used in this paper. Peng et al.’ invest-
igate some optimization methods in a RFID based sys-
tem, which can be considered as baseline work of this paper.

Generally, retail store practitioners tend to utilize
business database software to manage the whole supply
chain, which would be expensive, complex to deploy, hard
to extend and manage. However, as retail store data col-
lection techniques develop quickly, high speed data
volume and varying user demands would make the tradi-
tional system overloaded, it is reasonable to manage the
information over different semantic levels. Streaming-
based methods (e.g., complex event processing) would
change the retail store data management with light-
weight and easy-to-use algorithms. In this paper, we con-
sider using event processing methods (stream-based) to
optimize the retail store management. Especially, we fo-
cus on algorithm optimization in a middleware level
which can be easily integrated into an existing retail store
management system.

3 Motivation example and event model
3.1 Motivation example

In the supply chain and retail management scenarios,
RFID aims to provide item, case and pallet level of
product visibility at every monitoring point along the life-
cycle of the control workflows.

Generally, a RFID application system is composed of
RFID transponder (tag), RFID reader, RFID antenna
and software system. In the supply chain, product suppli-
ers attach tags to different level of logistic objects (items,
cases, pallets, shipments and cargos). In this paper, we
assume RFID tags are formatted by the electronic
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product code (EPC) standard. The RFID reader reads
tags EPC code through antennas mounted on different
points.

We consider the RFID-enabled retail store scenario
that item level, case level of products are tagged. RFID
readers are mounted on the backroom entrance, on the
backroom to sales floor entrance, on the sales floor
shelves, on the checkout and on the exit door. The RFID-
enabled retail logic used in this paper is shown in Fig. 1.
In this scenario, we suppose each product in the sales
floor is tagged. In the back room, incoming deliveries are
monitored through the dock door RFID reader. Products
are packed into cases. Both products and cases are
tagged.

3.2 RFID-enabled retail store shelf replen-
ishment process

When products are delivered to the retail store
through the dock door, the dock door RFID reader cap-
tures the event and integrates each case tag (Here we as-
sume that products arrive at the back door in cases). The
RFID system filters RFID readings and updates the stock
information in the decision system. When products are
moved into the sales floor from the backroom, the RFID
reader at the backroom to sales floor entrance captures
RFID readings of each case.

The decision support system will keep the informa-
tion of the shelf replenishment and update related inform-
ation lists. The RFID tagged cases would be returned
back to the back door.

From Fig.1 and the above replenishment process, we
can see that objects and cases movement and status need
to be monitored in a continuous way. In the event pro-
cessing domain, these movements are defined as patterns
with event operators. In Section 3.3, we will use a declar-
ative pattern definition language to define common pat-
terns used in retail store replenishment monitoring.

3.3 Event model and pattern definition
language

A complete RFID system consists of tags, interrogat-
ors, middleware, backend databases and applications.
RFID tags are usually attached to physical objects and
have memory storing the information about their corres-
ponding objects. RFID interrogators remotely read the in-
formation contained in tags through radio signals. They
are usually installed at critical business locations to mon-
itor target objects. RFID middleware sits between hard-
ware and software. It is responsible for filtering raw read-
ings and transforming them into data suitable for end ap-
plications. CEP has been specifically proposed to address
the issue of how to transform primitive events into se-
mantically meaningful complex events. Its results can be
directly forwarded to end applications or stored in
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Fig.1 Motivating example of a RFID-enabled retail store

backend databases for future use.

Definition 1 (RFID reading). Typically, a RFID
reading contains data of the form (Oid, Rid, Rtime) as
well as other information (attributes), where Oid
uniquely identifies an object, Rid refers to an interrogat-
or, and Rtime records the reading’s occurrence time.

Definition 2 (Event type). Event type is defined as
a specification or class label of objects that have the same
semantic meaning.

Definition 3 (Primitive event/Atom event).
Primitive event/Atom event is an event which cannot be
divided into smaller events.

Every event is an instance of an event type. For ex-
ample, in a RFID-enabled super market, RFID reading
(10 000, Shelf4, 2011-07-11 20:23:34) denotes good with
ID 10 000 on Shelf4 is read at time 2011-07-11 20:23:34,

here Shelf4 is event type of this primitive event. In this
paper, for the purpose of illustration, we use uppercase
letters A, B and C, etc. to denote event types, and lower-
case letters a, b and c, etc. to denote event instances of a
specific event type.

Definition 4 (Complex event). Complex event is
an event which is a combination of primitive events
and/or complex events connected by event operators.

Primitive events describes When and Where informa-
tion about an object, while complex events tell us How
and with Whom these events happen. So the context and
semantic meaning of complex events are useful for de-
cision making. For example, in a RFID-enabled super
market, RFID readings of a good at the shelf and the exit
point without checkout point would generate complex
event — Some good is likely to have been stolen.
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Definition 5 (Event operator). Event operator is
defined as a function that transforms the input events
(primitive or complex events) into another event.

Commonly used event operators in complex event spe-
cification languages are AND operator, OR operator,
NOT (negation) operator, SEQ (sequential) operator, etc.
AND operator requires two events to have the same
Rtime (timestamp). For OR operator, one of the sub-
events occurring would trigger a complex event. NOT
(negation, “!”) operator is a unary operator, it judges an
event's negative occurrence at a given time.

RFID complex event specification usually involves at-
tribute value comparison and large sliding window. A
shoplifting monitor in a retail store, for instance, requires
to the detection of a sequence of occurrence and non-oc-
currence events with the same Oid. Note that many lan-
guages[12 13, 48, 49 have been proposed to specify complex
event over sensor data streams, among which stream-
based and shared event processing (SASE)['? is a typical
one. SASE extends traditional complex event languages
developed for active databases to accommodate special re-
quirements of RFID applications. It is declarative and has
a flexible evaluation framework based on NFA. It has the
overall structure of :

EVENT <event pattern>

[WHERE <qualification>]

[WITHIN <window>]

Note that the EVENT clause contains a sequence con-
struct in particular order, whose components are the oc-
currences or non-occurrences of primitive events. The
WHERE clause filters events through predicate con-
straints which involve attribute value comparison. The
WITHIN clause specifies the sliding window during which
the whole sequence of events should occur. We use
SASE+ to define patterns in a RFID enabled retail store.

The commonly used patterns (queries) in retail store
management are shown as follows:

1) Misplaced items in a store.

Query 1:

PATTERNSEQ(PredefinedShelfReading ps,

OtherShelfReading os, ! (ANY(CounterReading,

PredefinedShelfReading) cp) )

WHERE ps.shelf id # os.shelf id AND ps.shelf id =

cp.shelf id

WITHIN 40 minutes

Query 1 specifies a misplacement of an item by first
checking the RFID reading of an item with predefined
shelf location ps (this information would be fetched from
a data base query or in a cached data structure in
memory), followed by a RFID reading of the same item
ID at another shelf os, which is not followed by any read-
ing of the item at a checkout counter or back at shelf
pslel. The predicate “ps.shelf id # os.shelf id” guarantees
that the PredefinedShelfReading and OtherShelfReading
events refer to different shelves. SEQ is an event operat-
or which is used to define events occurred in a sequential
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time order. The “!”

ent of SEQ. Query 1 means, if an item with tagID1 is
predefined to be located at shelf 1, then with 40 minutes,
there’s no checkout RFID reading and back to shelf 1
reading of tagID1, but there exists a reading of tagID1
with another shelf ID, this means that item with tagID 1
is misplaced, maybe a stuff member of the retail store is
needed to put the item back.

operator defines a negative compon-

2) Shopping behavior detection.

Query 2:

PATTERNSEQ(ShelfReading x, CounterReading y,

ExitReading z)

WHERE x.id = y.id AND x.id = z.id

WITHIN 8 hours

In Query 2, if an item is read at the shelf (not neces-
sarily the predefined shelf), the read at the checkout
reader (counter) followed by the exit reader (in order to
detect shoplift behavior), then this item is in a normal
shopping style.

In order to do replenishment, the decision support sys-
tem should keep the normal shopping pattern count num-
bers and update inventory number to remind the man-
ager if some item is going under certain predefined
threshold.

3) Inventory shrinkage detection.

Query 3:

PATTERNSEQ(ShelfReading x, CounterReading y,

ExitReading z) as P1

WHERE x.Tagid = y. Tagid AND x.Tagid = z.Ta-
gid AND x.Tagid. ItemType = ItemList[¢].ItemType

AND count(P1) > ItemList[¢].ItemType.threshold

WINTHIN 8 hours

In Query 3, suppose each item on the shelf has an
Itemtype attribute which we can query from the local in-
formation system and cache into the memory for a real
time event detection reference. For each item with Item-
Type[i], we have kept the corresponding replenishment
threshold in a list and load it into the memory for verific-
ation. Function count is used to aggregate the normal
shopping pattern numbers in order to make replenish-
ment alerts for a specific item.

4 FEvent evaluation model

4.1 NFA based evaluation

To evaluate the queries as defined in the above sec-
tion, we should parse these queries into a query plan and
utilize an evaluation model to run these queries over
RFID event streams. We follow the NFA based model
proposed in SASE!Y and SASE+® with some minor im-
provement of data structures. To illustrate the evalu-
ation model we take Query 3 for example.

An event query is parsed into a NFA which is imple-
mented with stack data structure as shown in Fig. 2.
Each stack corresponds to an event type which is the
RFID reader type, for example counter reader, exit door



S. L. Peng et al. / Optimization RFID-enabled Retail Store Management with Complex Event Processing 57

B-tree

PATTERN SEQ (Shelf Reading x, Counter Reading y,
Exit Reading z) as P1

WHERE x.Tagid = y.Tagid AND x, Tagid = z.Tagid
AND x.Tagid. Item type = Itemlist []. Item type

AND count (P1)>Itemlist [7]. Item type. threshold
WLNTHIN 8 hours

0001 0003

0008 ~~~|0005| |0009| |0020| |0015|~~~ |0011| |0023|

Time

TagID

X Y
x.Tagid = y.Tagid

z

x.Tagid = z.Tagid

Fig. 2 Evaluation model of Query 1 in a RFID-enabled retail store

reader, shelf reader, etc. In this paper, we organize all the
objects with a B+ tree data structure as the object is first
placed into the retail store information system in Fig.2.
There is a pointer from leaf nodes of the B+ tree to the
stack data structure which means the evaluation status of
that TaglID. For example, in Fig.2, an item with TagID
“0001” has an arrow with stack x, this means the evalu-
ation model detects a prefix pattern “x” of SEQ(Shel-
fReading x, CounterReading y, ExitReading z) in Query 2
with the first event type. For an item with TagID
“0005”, it points to the stack y, which means the evalu-
ation model detects a prefix pattern “xy” of SEQ(Shel-
fReading x, CounterReading y, ExitReading z). For Ta-
gID “0023”, there exists a pointer to stack z which means
the evaluation model detects a full pattern of SEQ(Shel-
fReading x, CounterReading y, ExitReading z), the com-
plex event can be output.

For different event queries, the event model would ini-
tiate a similar data structure as shown in Fig.2 to keep
the intermediate pattern match results until the end of
the sliding window. As we can see from Query 1 and
Query 3 in the above section, they have common sub-ex-
pressions which we can use to optimize the evaluation
process as shown in Fig. 3.

To share intermediate pattern matches, we take ad-
vantage of pointers to keep similar sub patterns relation-
ships between different queries as shown in Fig.3. As for
Query 2, event type “ps” has the same semantic mean-
ing with event type “x” in Query 3, so they can share the
same pointer. Negation event type “Y” has the same se-
mantic meanings as Query 3. So we utilize pointers to
keep the relationship to evaluate two queries with same

sub-expressions. This kind of mechanism saves us a copy
of the original event streams and gives us a fast response
to multiple event queries in parallel.

4.2 Window join-based evaluation

Window-based stream join[l6l is used as counterpart.
We briefly describe the workflow of algorithm as shown
in Fig.4.

In window-based stream join event detection algori-
thms, the sub events are detected two each time. For ex-
ample, if the complex pattern is SEQ(A, B, C), the al-
gorithm would firstly do SEQ(A, B) and then SEQ((A,
B), C). So the input of stream join algorithm is two
streams, with two different sliding windows applied over
each stream as shown in Fig.4. The join algorithm is de-
scribed in the following steps with pattern SEQ(A, B):

1) Check there exists an input tuple s in one of the in-
put streams A or B.

2) For every partially processed event in the hash par-
tition of A or B, do the following 4 steps:

3) Match in memory events of one stream against the
corresponding disk-resident events of the other stream
that lie within the sliding window.

4) Flush the largest hash partition of A or B.

5) Update the join clock.

6) Release output from the output buffer that has
timestamp.

For stream join, the algorithm first copies the stream
in the window into a temporal data structure and joins
the stream with the original stream in timestamp order.
This mechanism will result in multiple stream scanning.
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formation system. Queries are always described with SQL
or T-SQL. SQL and T-SQL can also be used to express
complex events described in previous section, however,
the structure of these queries may become complex and
the execution engine may need to be optimized to run
these long queries over unbounded event streams. As we
utilize a declarative language to express complex pat-
terns and run these queries over event streams with slid-
ing windows, we need to set up a middleware layer be-
fore the primitive events are sent to the decision systems
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Fig. 4 Window based stream join for event detection
5 Experimental study
5.1 Experiment setup

Although many retail stores have applied RFID in the
automatic management system, they usually take advant-
age of integrating the RFID solution with the current in-
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according to [15]. The structure of the simulated system
is described in Fig. 5.

We simulate the RFID-enabled retail store with the
structure as shown in Fig.5. In a RFID scenario, raw
RFID data cannot be pushed directly into the informa-
tion system due to large volume, fast speed and low-level
semantics!®. So we constructed a middleware layer to
buffer and preprocess the raw data. Context information
of the retail system is stored in the middleware layer, es-
pecially in the event detection engine to optimize the de-
tection process. Partial matches (intermediate matches)
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Fig. 5 Simulated RFID-nabled store with a middle ware layer

are managed especially due to sharing requirements. The
simulated scenario has 12 event types (readers or reading
logic points) and about 100 — 500 kinds of products. The
logic units used in the simulation are in the form of case
level and item level in the back room. The simulated
RFID-enabled retail store is implemented with C# on a
laptop with 4 GB memory and two 2.6 GHz processors.

We use stream joinl'6l and basic NFA evaluation mod-
els as our counterpart. We tested response time on differ-
ent scales of event streams and sliding windows. Memory
usages of the algorithms are also tested. To test the re-
plenishment effect with event processing in retail stores,
we set different shelves’ replenishment thresholds for dif-
ferent products. Querys 1 and 3 are used as the replenish-
ment complex patterns.

5.2 Experimental results on response time

We use an NFA evaluation model similar to SASE[: 14
and an improved one with an auxiliary data structure B+
tree, and we compare the stream join algorithm with the
two algorithms.

The first experiment is shown in Fig.6. Response time
is tested over different sizes of streams in a window. The
window size is set as 8 hours as we think generally a re-
tail store would at least serve for 8 hours a day. From
Fig.6, we can see that stream join consumes more time as
stream size increases and NFA with a B+ tree auxiliary
data structure outperforms the other two methods due to
the sharing between different event instances and the de-
letion of partial matches with the help of an ordered B+
tree.

To test the scalability of the proposed algorithm on
different lengths of the shared sub-expressions, we fix the
stream size and vary the pattern length. The result is
shown in Fig.7. Two queries of length 5 are tested with
different length of shared sub-expression. The stream size

is set to 50000 events. As we can see from Fig.7, when
two queries share no sub-xpressions, NFA models spends
less time than the B+ tree based NFA method. This is
because the B+ tree based method needs some time to
build the tree and maintain the tree. As sub expression
sharing increases, the B+ tree based NFA outperforms
the NFA method as the sharing data structure reduces
time to create and maintain new instances. But, when
share length becomes the same as the pattern itself, we
need to keep the relationship between different event
types, which will need more time to maintain the states
of each event instance.
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Fig. 6 Response time comparison, sliding window: 8 hours,
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Fig.7 Respose time for scalability test, sliding window: 8
hours, pattern: SEQ, length: 5, share subexpresion length 1-4

5.3 Experiment on replenishment decision
support

For replenishment tests, we use a SQL-based trigger
to define a replenishment query, then we compare the
SQL queries with the event pattern queries Querys 1
and 3 over average response time. The replenishment
threshold of each product is loaded into memory, both
SQL and NFA based algorithm can read the data. In this
experiment, we set the stream data size as 50000 events
and vary the product numbers from 200 to 600, and we
use P = 0.2 and 0.5 to denote the probability a product is
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likely to be replenished.

From Fig.8, it is noted that the SQL based trigger re-
sponses are slower than the stream-based method be-
cause the inner optimization of SQL is limited for those
kinds of complex queries and NFA based method is easy
to define complex queries and has a more efficient data
structure to manage the event detection process.

o V222

Average replenishment
response time (ms)

Product number/P/Event size

Fig. 8 Average reposne time for replenishment

5.4 Experiment on shopping behavior de-
tection

For in-shop behavior detection, we focus on shoplift-
ing as described in Query 2 in the previous section. The
shoplifting query needs streams from shelf, counter and
exit door. The stream from the shelf exhibits greater
amounts than the other two points. So we need to cache
events of shelf and remove outdated events when the slid-
ing window slides forward. We set the sliding window
length as 1 hour. The algorithm simulates 10 hours of
shopping activity. Shoplifting events account to 0.1% of
the total transaction.

We have verified the CPU time and memory used
with different size of stream in the window. For CPU
time, the stream size varies from 2 to 20 (x 10%) while for
the memory usage test, we set the stream size as 10 — 100
(x 10%). From Fig.9, we could see that, the NFA based
method performs faster shoplift response than the SQL
based and stream-based methods. But as we could see
from Fig.10, the NFA based method utilizes much more
memory than other methods since the NFA model needs
to cache the intermediate results until the sliding win-
dow forwards to the next circle even if we used some data
structure to store and sort the intermediate results in or-
der to accelerate the event detection process.

5.5 Experimental on pattern aggregation

For aggregation pattern analysis, we utilize the pat-
tern that the pallet is read at reader A followed by Read-
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Fig. 10 Memory usage for shoplifting detection

er B and finally read at a loading dock. We assume that
there are many objects in the retail store that could pass
through A and B, but only part of them pass through the
loading dock. This kind of scenario is common in supply
chain management systems so we could utilize the optim-
ization algorithm to delete intermediate pattern matches
in order to accelerate event detection. The event query is
described in Query 4 as follows.

Query 4:

PATTERN Count(SQE(A as a, B as b, loading
Dock as 1d)

WHERE a.TagID = b.TaglD = 1d.TagID

AND a.packaging level = “pallet”

AND

{PATTERN

(StartLoading s, RfidReading + pp] ], EndLoading c)

WHEREId

AND s.session_id = c.session_id

AND ppli].packaging level = “pallet”

In Query 4, pallets that go through readers A, B and
the loading dock are counted. This pattern includes a
nested pattern that counts pallets at the loading dock
door and an aggregation count over the overall pattern.

In this experiment, we set the event stream as 200000,
and vary the selective possibility of the stream ratio that
one object passes through A, B and the docking door to
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simulate different scenarios. As shown in Fig.11, the
NFA-based method outperforms the other methods while
the SQL-based is the most time-consuming one due to the
current SQL database system lacking special optimiza-
tion for this kind of complex query. The stream join also
works better than the SQL-based method. With the op-
timization in the NFA-based model, the event detection
process can be optimized without waiting for the com-
plete detection of complex events, thus the response time
is lowered. The memory consumption of three methods
are similar to the above experiments, so we omit the fig-

ure here.
5000 —5-SQL
4500 |—%—NFA
4000 | —A— Stream join
Z 3500 |
g 3000 }
S 2500 |
S 2000
1500 ¢
1000 F . . . . . .
02 03 04 05 06 07 08
Stream ratio (%), event stream size 20x10*
Fig. 11  Average reposne time for aggregation pattern detection

6 Conclusions

In this paper, we investigate the problem of event de-
tection-based RFID retail store management. We use a
declarative event definition language to define a control
flow of the retail store and propose an evaluation model
and optimization algorithm. Experiments on a simulated
retail store verify that our method is effective and effi-
cient. In the future, we would generalize the method in a
distributed supply chain management system and take
account of a greater level of RFID tagging and applica-
tion.
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