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ABSTRACT
Radio Frequency Identification (RFID) technology gains
momentum and every day we witness more and more ap-
plication domains. These systems however generate a huge
volume of data and management of such vast volume of
data is a challenge. It is even bigger challenge to extract
patterns and relations, which represent a knowledge that is
implicitly stored in such spatio-temporal data. This knowl-
edge cannot be obtained using a simple queries. While a
significant work has been devoted toward general data min-
ing a limited work was directed toward mining of spatio-
temporal RFID data. In this work, we present method
which efficiently cluster vast volume of RFID data by ap-
plying K-means method only to fraction of whole data cov-
ering all locations. In empirical study we show that our
method is efficient and at the same time has a property of
high accuracy.
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1 Introduction

One of the faster growing technologies is the Radio-
frequency Identification (RFID) technology. It is an au-
tomated method used to identify and trace objects using
RFID tags and readers. The main reasons for expansion
and introduction of RFID technology is its simplicity to
automatically identify items at their locations with a lit-
tle manual labour ensuring automation. Moreover, RFID
technology is able to identify items from a distance even if
they are invisible. This makes it distinct from other tech-
nologies, such as bar code technology, where the bar code
needs to face a scanner light. Therefore, RFID technology
is very likely to replace the bar code system in the near
future. RFID technology consist of RFID reader, RFID
tags, and RFID Middleware. The RFID reader performs
a scan by sending the radio waves and listens to responds
from tags located within the range of the reader and inter-
prets them [1]. The Middleware is used immediately be-
fore the storage of the data to provide a general filter of
unwanted data and further preprocess the data. There are
already many systems where RFID technology is success-
fully employed, such as: baggage handling at the airports,
transportation, distribution, retail and consumer packaging,
security and access control, library system, and health care.

Often scanning and presence of many tags, as it would
be the case in retail applications, generates enormous vol-
ume of data. There are indication that the Walmart, a big re-
tailer in USA, generates 7 Terabyte of RFID data every sin-
gle day [6]. Management of such vast volume of data rep-
resent challenge itself. However, efficiently acquiring valu-
able information from such volume of data is even a bigger
challenge. To reduce the volume and work on processed
data Data Warehousing systems are introduced. Addition-
ally, data mining and knowledge discovery techniques help
in solving problem related to the vast volume of data by
extracting the knowledge from RFID data and finding the
relationships between its items. Also, knowledge discovery
techniques could be useful in summarising RFID data into
several clusters based on their similarities. For example, re-
tailer’s items could be grouped into clusters regarding how
long they stay at different places, such as; distributed cen-
ters, storages or supermarkets. The discovery of such in-
formation can be very useful in more efficient shipping of
these items.

There are a lot of methods and algorithms presented
in literature for obtaining knowledge from data, however
there are limited research directed toward data mining of
spatio-temporal RFID data [5], [6]. Issues related to this
data are vast volume and dimensionality. Selecting the ap-
propriate method is very important in order to reduce the
cost and to achieve required goal [4]. Most often there is a
need to summarize the huge volume of RFID data into few
groups based on their similarity and dissimilarity. For that
reason in this work we have used clustering method. Also,
among the clustering techniques we have chosen K-Means
clustering, due to the fact that k-means is well know tech-
nique and widely used especially with a large number of
variables. Moreover, K-means produces clear and united
clusters [2].

In this paper, we present efficient method for cluster-
ing RFID data, which is based on K-means algorithm. Our
method work only with fraction of randomly selected data.
It is important to mention that all locations of readers need
to be covered. Once when initial centers are allocated all
data can be assigned to appropriate clusters. In experimen-
tal study we show that our method is efficient and accurate
and requires only only one full scan of whole data set.

The reminder of the paper is organized as follows: in
Section two, we present a brief background and mention
related work. In Section three, we present the core of our



method and show how it can be efficiently applied to RFID
data. In Section four we explain the experiment and analyse
results. And finally in Section five we conclude the paper.

2 Knowledge Discovery From RFID Data

Knowledge discovery from RFID data is a new and chal-
lenging area of research; thus the literature related to min-
ing RFID data is relatively limited. One of the main chal-
lenges in RFID systems is the vast amount of data gener-
ated by RFID applications. The need for high-level queries
to access such voluminous RFID data poses great chal-
lenges to traditional relational and data warehouse tech-
nologies.

The majority of the work in mining RFID data is
aimed at reducing the size of the RFID data, or introduc-
ing new data models. New models, such as the path cube
preserves the object transition information, while allowing
for multi-dimensional analysis of the path dependent ag-
gregates [6]. The path cube tends to compress and aggre-
gate the paths traversed by items in the system, along time,
location and product related dimensions. This cube allows
a wide range of Online Analysis Process (OLAP) queries
to be answered efficiently.

Another data model, the workflow cube summarizes
the major patterns and significant exceptions in the flow
of items through the system [6], [5]. The workflow cube
attempts to aggregate item flows at different levels of ab-
straction, depending on the item-related dimensions and the
location-related dimensions.

There are two main differences between the Workflow
and path cube. Firstly, the workflow does not consider ab-
solute time, it only considers relative durations. Secondly,
the measure of each cell is a workflow and not a scalar ag-
gregate, such as sum or count, which would be typical in
the path cube. The workflow approach takes advantage of
the following abilities:

• It reduces the size of the data by computing only the
cells that contain a minimum number of paths, ensur-
ing that they are not redundant.

• It shares the computation between the frequent cells
and the frequent paths. The shared computation ends
by reducing the number of scans of the path database,
by maximizing the amount of data collected during
each scan.

• It uses the path and item views, which help to reduce
the search space. To speed up the cube computation,
the use of pre-counting high abstraction level item
sets will help to reduce the large size of the candidate
space, without having to collect their counts.

2.1 Fast and Exact K-Means Clustering

Fast and Exact K-Means (FEKM) is an efficient algorithm
which uses the K-means technique to cluster data. It re-

Figure 1. Execution Time for the
Efficient Enhanced K-Means Clustering
Algorithm

quires only few passes on the entire database to obtain
high quality clusters. Even though K-means clustering is
one of the most studied and communally used approach,
it still suffers from the need to make several iteration be-
fore it turns the row data into clusters. However, this prob-
lem becomes worse when the K-means algorithm is used
with a huge volume of data, as it needs to scan the whole
dataset for every iteration it makes. The FEKM algorithm
successfully overcomes this problem, as it requires only a
few passes over the database to produce the exact clusters
generated by the original K-means. It starts by selecting
a sample data which represent the whole datasets and runs
the original K-means algorithm on it. The computed cen-
ters are stored after every iteration, to be used later. Next,
a new pass is run over the database to identify and store
the points that will most likely change the clusters as their
centers may change; these points are used to adjust cluster
centers. The FEKM algorithm is one of the most suitable
algorithm to mine RFID data; the reason being that it was
designed to mine large volumes of data.

2.2 An Efficient Enhanced K-Means Clustering Algo-
rithm

In this work, authors presented alternative algorithm which
cluster dataset efficiently and produces high quality clus-
ters, with significantly better performance than the K-
Means algorithm. The main idea of the efficient and en-
hanced K-Means clustering algorithm is as follows; instead
of calculating the distances between data point and all cen-
ters for every iteration, which is very expensive especially
for huge datasets, it records the distance to the nearest clus-
ter so it can be used in the next iteration. If the new distance
is less than or equal to the previous distance, the point stays
in its cluster, and there is no need to compute its distances



Figure 2. Preprocessed RFID Data

to the other cluster centers [3]. The efficient and enhanced
K-Means clustering algorithm performs faster than the K-
Means algorithm as it can be seen in Figure 1.

3 Modified of K-Means Algorithm

The RFID data, which are generated from RFID ap-
plications, are a stream of tuples in the form (EPC,
Location, Time). Such a format clearly indicates that
the RFID data are spatio-temporal, as they contain both
spatial and temporal aspects. However after preprocessing,
to reduce the volume of data, data is converted to intervals,
which basically indicates facts validity time Figure 2.

In RFID systems space is usually fixed and associated
with the physical location of the RFID readers. The RFID
tagged item passes by the reader (within it’s range) and is
identified at that specific time. Capturing the first and last
time the particular item appeared at specific location repre-
sents the interval or validity of fact. When space and time is
considered as orthogonal, this spatio-temporal data can be
represented in two dimensional space, where one dimen-
sion is time and the other is location. Figure 3 illustrates
such a representation of RFID data. To simplify the graph-
ical representation the model shows time as an ordered list
(0, · · · , n), where n ∈ (0,∞) and every location is allo-
cated with a unique integer number.

The RFID data can be clustered according to their lo-
cation and the time they spend at every location. Such huge
amounts of RFID data are thus grouped into several clusters
in order to identify the behavior, similarities and dissimilar-
ities between the different clusters.

The Algorithm 1 represents modified K-means algo-
rithm. Modification was done in order to reduce number
of scans required to allocated all data in clusters. The ex-
periment showed that the fraction of data was sufficient to
find the cluster centers for the whole RFID data set. So,
instead of running the modified clustering K-Means algo-
rithm on the whole data set (which is very expensive) it was
run on a fraction of randomly selected data, uniformly for
all locations, then once again when the modified K-means
algorithm was completed and assigned clusters centers. In
the next step, it only runs through all the data set once, in

Figure 3. Spatio-Temporal
Representation of RFID Data

contrast to the other K-Means algorithms. The experiment
showed that the randomly chosen fraction of all the data in
the case, when all locations are considered, fairly and ac-
curately represents the whole data set and obtains highly
accurate results. It is important to note that the algorithm
was modified to accommodate both the spatial and the tem-
poral sides of the RFID data.

Modified FEKM algorithm starts by finding the initial
centers by using a randomly generated fraction of the orig-
inal data. As mentioned earlier, every location is equally
represented, however the time line is randomly chosen.
Different techniques exist to allocate the initial cluster cen-
ters, however finding the minimum and maximum values,
and selecting some other values in between so the distance
between them is equal, guaranties a high level of accuracy
by the algorithm. The cluster centers were recalculated un-
til all the new and old cluster centers were the same, indi-
cating that no points in the two dimensional space changed
cluster. At every loop, the confidence radius for each clus-
ter was founded. Finally, the whole data set was clustered
using the previous information. The following pseudo code
explains the algorithm:

4 Experimental Evaluation

In order to demonstrate the suitability, accuracy and effi-
ciency of the proposed algorithm extensive experimental
evaluations were conducted. A number of different loca-
tions with the items moving between them were consid-
ered. In absence of real data, the RFID data were randomly
generated. The proposed algorithms were developed in
PL/SQL as packages within Oracle 10g RDBMS. WEKA
[7], an open source data mining software developed by the
University of Waikato, was used to visualize the RFID data.



Algorithm 1 Pseudo Code of the Modified
FEKM Algorithm
Input:
Data set Di, Fraction of data set
considered δ
Locations Loc
Output:
k Cluster Centers
Begin
Initial Centers ← NULL;
Allocate Initial Centers based on
fraction of data
from every location
max rows ← select count(*) from Di;
finished := false;
WHILE finished=false
for each Loc randomly allocate
δ*Max rows rows do
Initial Centers ←
Find Initial Centers(Si);

end for
if ALL Old AVG(center point)= new
AVG(center point) then
finished:=true;

end if
END WHILE
Allocate all Di into initial clusters
for each Di do

Assign Di to Cluster no
for each Cluster no do
if (Old Cluster no - Di) > (new
Cluster no - Di) then
Assign Di to new Cluster no;

end if
end for
Update CONF RADINS

end for
CA table ← NULL;
CA table[Center] ← Initial Centers;
for each Center do

CA table[CONF RADINS] ←
AVG(Center Points)

end for
End

4.1 Scenario

We decided to use scenario related to the retail industry,
because of the recognised significance that the RFID tech-
nology offers to the industry. A number of distributed cen-
ters and supermarkets were considered. I assume that the
RFID readers were fixed and located at the entry and exit of
the previous places. The readers recorded the items move-
ments and enabled the business to track how long a partic-
ular item stayed at a particular location. The collected data
and the need to process the data by converting it into the
interval model resulted in a huge database containing the
RFID data in the form (EPC, Location, Time in,
Time out). The intention was to mine the data and dis-
cover any possible clusters; the result was a summary of
the entire database, placed into groups, in relation to their
similarity and dissimilarity.

This scenario was chosen because RFID technology is
becoming more and more popular in the retail industry. Ad-
ditionally, such RFID applications generate a huge volume
of data. Data mining of such data is thus very computation-
ally expensive, and there is a need to develop efficient data
mining techniques. The large retailers, Walmart for exam-
ple, are already using RFID technology. Even just tagging
only at the pallet level it is expected to generate terabytes
of RFID data every single day [5].

4.2 Data set

To test the performance of the data mining methods on the
RFID data, and in the absence of real data for the scenario,
we randomly generated data in a number of tables, with
differences in the number of rows only. Data were already
processed and therefore time was represented in interval
format as shown in Figure 2. To test the affect of number
of rows in tables we also considered differed number of
rows.

The locations were explicitly defined and associated
with unique numbers for the RFID readers, for instance:
main center - MC; distributed center - DC; and supermar-
kets - SM.

4.3 Environment

All the experimental results presented in this Section were
computed on a Sun Fire V880 server with 8 x UltraSPARC-
III 900MHZ CPU using 8GB RAM, running Oracle 10g
RDBMS. The database block size was 8K and the SGA size
was 100MB. At the time of testing, the database server had
no other significant load. Oracle RDBMS built-in methods
was used for the statistics collection, analytic SQL func-
tions, and the PL/SQL procedural runtime environment.

4.4 Results and Analysis

In this section we presents the results and analysis of num-
ber of experiments. The experiments were run on a variety



Figure 4. CPU Usage as a Factor of
Number of Rows

Figure 5. Physical Disk I/O as a
Factor of Number of Rows

of RFID data sizes to identify computational cost of cluster-
ing when the data size increases. The CPU usage, Physical
disk I/O and time required to complete particular algorithm
were captured using built in Oracle statistics. All results
presented in this section were captured when only 1% of
all data are used to create cluster centers.

In Figure 4, the CPU usage for our modified FEKM
K-Means and the enhanced K-Means are compared with
the Original K-means. It is clear that the new approaches
require significantly less CPU. This is because our ap-
proaches need only one loop to allocate all the data to the
appropriate clusters while the allocation of the cluster cen-
ters is limited to only a fraction of the data. Enhanced K-
Means algorithms requires less CPU usage than our modi-
fied FEKM, as it does not required as many calculations

Figure 5 shows the physical disk I/O for both algo-
rithms compared to the original K-Means. Both approaches
require more physical disk reads, particularly with a higher
number of rows, because the database large pool in the Or-
acle System Global Area - SGA was big enough to hold se-
quential searches for all the data. When loop is completed
as a full table scan another loop for the original method
does not require additional physical disk read as the data

Figure 6. Running Time as a Factor of
Number of Rows

Figure 7. Error Rate

are already in the SGA’s large pool. The new algorithms
randomly scans the data, it requires indexes to allocate par-
ticular row of data and store it in the database buffer cache.
Due to the aging of buffers, some data blocks need to be
physically read more than once. However, it is important
to highlight that the real systems would have a table size,
which cannot be stored whole in the database large pool
and consequently they will need to perform physical disk
read of one data block more than once, for every itera-
tion. Furthermore, our modified FEKM algorithm required
slightly less physical disk I/O when compared to the En-
hanced K-Means, this is because the Improved Categorical
K-Means need another iteration.

The time required to finish a particular algorithm and
to allocate all the rows of the data into appropriate clusters
is shown in Figure 6. The new approaches outperform the
other methods considered, by a factor of five for three mil-
lion rows; this result is in line with the usage of CPU. Also,
our modified FEKM algorithm requires less time than the
enhanced K-Means algorithm. This is because our method
scans whole data set only once while performs clustring
only on fraction on data.



The accuracy of our new method was investigated
with respect to the error in identifying the cluster centers
compared to the cluster centers allocated with original K-
means algorithm. We investigated different percentage of
whole data sets 10%, 5%. 1% and 0.5%. The error rates
in our modified FEKM algorithm were calculated as a fac-
tor of the percentage of the whole data (Figure 7). Also
we varied number of rows to identify influence of number
of rows together with percentage of data to the accuracy in
allocating clusters, we used 100,000 and 300,000 rows In
Figure 7 can be seen that the errors are in range of 0.09
% to 0.109% while comparing to allocating clusters with
original K-mens algorithm on whole data set.

As a conclusion, our modified FEKM K-Means al-
gorithm performs better than the enhanced K-Means al-
gorithm and as expected much better than the original K-
Means. The results demonstrate that it can be efficiently
applied to spatio-temporal RFID data.

It is important to note that 1 % of whole data set en-
sures high accuracy with error rate similar to 5 and 10%
of whole data. Therefore in our experiments we concluded
that the 1% of randomly selected data is sufficient to clus-
ter whole data accurately enough. Also, it can be seen in
Figure 7 that in case of higher number of rows error rate
is slightly lower, this is because of increased number of
samples randomly taken is higher for same percentage and
higher number of rows in table, which ensures higher accu-
racy.

WEKA is an open source software developed by the
University of Waikato to perform data mining tasks [7].
With WEKA, the data can be either uploaded or accessed
using JDBC. Many data mining algorithms are available in
WEKA, however it offers possibility to incorporate and use
own algorithms as well. In Figure 8 can be seen a snapshot
of WEKA and how we visualised our clustered data.

5 Conclusion and Future Work

In this study we explored issues related to the efficient min-
ing of huge quantities of spatio-temporal RFID data. We
investigated which existing algorithms for mining spatio-
temporal data would be applicable on RFID data and in-
vestigated in what sense it should be modified in order to
be efficient on vast volume of RFID data.

In intensive experimental study we showed that our
modified algorithms can be efficiently applied to RFID
data. Our algorithm required significantly less CPU usage,
which resulted in less time being needed to complete the
allocation of all the data into appropriate clusters. The em-
pirical study shows that the improved methods is efficient
and have a high accuracy level.

Additionally, we performed tests to identify what is
the minimum fraction of data that ensured sufficient accu-
racy. We concluded that 1% of whole data set is optimal
and it guaranties sufficient accuracy with the error rate of
about 1%.

Figure 8. An Example of Visualizing
RFID Data Using WEKA
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