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Abstract—RFID Tag detection/recognition is one of the most
critical issues for successful deployment of RFID systems in
diverse applications. The main factors influencing tag detection
by RFID reader antenna include tag position, relative position
of reader, read field length, etc. In this paper, we analyze
the characteristics of tag detection for a carton box object
on a wooden pallet by an experimental approach based on
tag signal strength, and we propose a method for predicting
detection related directly to the strength of tag signal using
an intelligent machine learning technique called support vector
machine (SVM). The use of the proposed method is able to save
time and cost by quick prediction of tag detection. Extensive
experiments showed that the proposed approach can predict tag
recognition for a carton box object with an accuracy at 95%
for various reader heights and read field lengths. The proposed
approach is effective for determining the best tag detection
influencing factor conditioned on the target object with the help
of detectability prediction.

Index Terms—RFID, SVM, intelligent prediction of tag detec-
tion, influencing factor.

I. INTRODUCTION

RFID (RADIO FREQUENCY IDENTIFICATION) works
based on radio communication for tagging and identi-

fying stationary or mobile objects. Using a special antenna
device called RFID reader, RFID technology allows objects to
be labeled and tracked as they move from one place to another.
A typical RFID system consists of tag, reader, middleware,
application program, and server [1]. The application program
typically handles a specific task, such as keeping track of the
inventory in a warehouse or reordering the items removed from
the shelves in a retail store based on inventory database. It also
takes an appropriate action according to the data extracted
from the tags attached on the target items such as retail prod-
ucts, pallets, cartons, shipments, or trucks. The middleware
acts as a bridge interfacing the hardware components of the
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lower layer of the system architecture with the application
program of the higher layer. In some works reported in the
literature the application program and middleware together
are considered as middleware as a whole. An RFID tag is
a small radio frequency based chip possibly coupled with
a microprocessor, which can communicate wirelessly with
a RFID reader. The RFID reader is a powered RF device
communicating with the tags on the wireless loop and one
or more computers on the other side of wired infrastructure.

In supply chain management and factory automation, it is
possible to track the cartons and pallets by attaching a tag to
each of them. Information of an object such as ID and time-
stamped location data can be written into the tag, and then read
out from it later. Extracting data from a tag using a reader is
very sensitive to several factors such as the type, location,
and direction of the tag, material of the pallet, type of the
contents inside the carton box, and distance between the tag
and reader [2] [3] [4]. The location and direction of a tag are
two most important factors determining the successful rate in
reading RFID tag information. An RFID tag contains a unique
ID and other data which are read by RFID reader and then
transmitted to the database (DB) server. To successfully read
the tag ID is also called ”RFID tag detection (or recognition)”.
The probability of successful tag recognition depends on the
strength of tag signal sensed by RFID reader. The stronger
tag signal received by RFID reader yields the higher tag
detection rate performed by RFID reader. ”Detection rate” and
”detectability” are synonyms in this paper. Tag detectability in
fact gives a ratio of all tag detection trials to the number of
successful tag detection trials.

The distance between reader and tag is called the read field
length. A relatively long distance between them provides a
convenient working space. A relatively long read field length
is desirable as long as the RFID reader can recognize the
tags. The major problem associated with the deployment of
the RFID systems in a working environment is the failure in
detecting the tags. For quality of service (QoS) concern of a
RFID system, tag detection at a very high successful rate will
be required. The solutions for solving tag detection failure
problem have been sought in the literature based mostly on
the hardware of the RFID systems [5], while little has been
done in maximizing the readability in a cost-effective way [6]
[7] [8]. It has been suggested in the literature that finding
the location and direction of RFID tag allowing maximum
readability is not easy but requires time consuming trial-and-
error procedures.

Location and direction of a tag on an object and relative
position of the reader significantly influence the readability of
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the tag, i.e., tag detection. Proper conditions or factors giving
the best tag detection (100% detectability) should be analyzed
and obtained before an RFID system is implemented. This
analysis is usually performed by very time consuming trial-
and-error procedures, also called “experimental approach”.
Currently, there is no standard established for specifying tag
and reader positions, and very little research and virtually
no systematic analysis on this issue has been reported so
far [7] [8] [9]. Nevertheless, this is a crucial issue for the
RFID systems before they can be widely used in practice.
Thus, those problems have motivated us to conduct research
on experimental analysis of tag detection and to propose
some intelligent RFID tag detection method. In this paper,
we will carry out the study in the following two steps. First,
the relation of reader and tag positions with respect to tag
detection is systematically investigated by an experimental
approach that requires time consuming trial-and-error pro-
cedures. Then, we propose an approach for predicting tag
detection related directly to the strength of tag signal using an
intelligent machine learning technique called “support vector
machine” (SVM) in order to eliminate tedious and time-
consuming trial-and-error procedures required for measuring
tag signal strength corresponding to various tag positions on
target objects. Successful tag detection depends on the strength
of tag signal sensed by RFID reader. In other words, if the
strength of tag signal received by RFID reader is above a
certain level, a tag is considered to be detected by the RFID
reader. This is the reason why we predict the strength of tag
signal to know whether or not a tag is detected. We summarize
the main goals and contributions of this work as follows:

a) We conduct a systematic experimental analysis (based
on trial-and-error procedures) of tag detection for pas-
sive RFID with a fixed tag attached on a carton box.

b) The goal of the systematic experimental analysis is to
find the best tag detection influencing factors.

c) We propose a time saving and cost effective intelligent
RFID tag detection prediction method using support
vector machine algorithm.

d) The goal of the proposed intelligent method based on
SVM is to predict tag detection in finding out what
position of tag and what height/distance of reader should
be without conducting experimental analysis.

Here the location of a RFID tag, height of the RFID reader,
and read field length are considered as the major variables
influencing the strength of received tag signal during tag
detection process. The strength of tag signal with different
reader heights and read field lengths can be accurately pre-
dicted by the proposed SVM approach. Jo et al. presented
a back-propagation (BP) learning-based RFID tag detection
approach in 2007 and 2008, respectively [7] [8]. It is noted
that the performance result (with 90% accuracy) of the work
carried out in 2007 was not as good as that using the SVM-
based method (with 95% accuracy) proposed in this paper.
The testbed environment (with water containing object on
a conveyer) of the work done in 2008 was different from
that considered in this research. In order to facilitate the
SVM model to accurately predict the tag signal strength, it
is required to train it using the existing tag signal strength

data obtained through the experimental approach. Prediction
of tag signal strength to replace the time consuming trial-and-
error procedures (i.e., experimental approach) for tag detection
allows us to make it easier to find the best influencing factors.
The simulation results show that RFID tag detection prediction
accuracy of the proposed intelligent approach can be as high
as 95%, which is a very good figure.

The rest of the paper is outlined as follows. The background
and testbed environments considered in this study for RFID tag
detection are discussed in Section II. The proposed schemes
such as linear and non-linear SVM models are introduced
in Section III. The performance evaluation with the results
obtained from both experimental approach and proposed in-
telligent SVM approach are presented in Section IV, followed
by the conclusions and remarks on the future works given in
Section V.

II. PRELIMINARIES FOR RFID SYSTEMS

A. Structure of RFID Systems

In a typical RFID system, passive tags are attached to the
cartons on wooden pallet while a vertical polarization antenna
is attached to the RFID reader. The RFID reader and a tag can
communicate with each other with different frequencies, and
currently most RFID systems operate on unlicensed spectrum
bands. The commonly used frequencies include low frequency
band (125 KHz), high frequency band (13.56 MHz), ultra high
frequency band (860∼960 MHz), and microwave frequency
band (2.4 GHz). The typical RFID readers are able to read
the tags only on a single frequency, but multimode readers
are becoming cheaper and more popular and they are capable
of reading the tags at different frequencies [10].

The factors influencing tag detection include: (i) the con-
tents of the object, (ii) the type, location, and direction of a
tag, (iii) the material of pallet, (iv) the read field length, (v)
the height, power, type, gain, and the number of antennas,
(vi) the frequency range, (vii) the height and power of reader,
and (viii) the working environment of the RFID system, etc.
Among them, the location and direction of tag, reader height,
and read field length are three most important factors. They are
thus selected as the influencing factor variables in modeling
and analysis of the scheme proposed in this paper.

In the study carried out for finding the best tag position
of an object (e.g., a carton box here), the goal is to select
one of the six sides of the box, i.e., front (F), left (L), right
(R), back (BK), bottom (BT), and top (T), with the strongest
allowed tag signal. The tag strengths corresponding to various
tag locations on one of the six different sides, antenna height,
and read field length are collected and analyzed in this study.
The RFID systems used in the experiments are Intermec IF 4
for RFID reader, RFID patch antenna, and Rafsec ShortDipole
for tags, and their specifications are given as follows:

a) RFID Reader: 902∼928 MHz frequency, reading rate of
50 tags/sec.

b) RFID Antenna: 865∼928 MHz frequency, 6 dBi gain,
vertical polarization.

c) RFID Tag: 915 MHz frequency, EPC Class 1 Gen 2,
Rafsec ShortDipole product.

d) A single RFID antenna is used with an RFID reader.
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Fig. 1. The RFID tag detectability testbed environment.

B. Operational Environment

Without losing generality, the contents inside the cartons
are assumed to be neither metal nor water, such as books
or cloths. The experiment carried out was conducted with a
typical load/unload dock of a building. Four cartons form a
layer of 2 × 2 array and ten layers of them are stacked on
a wooden pallet, as shown in Fig. 1. The size of a carton is
52 cm × 36 cm × 22 cm. In order to check the sensitivity
of antenna height with respect to tag readability, the antenna
is placed at three different heights; 0 m (the bottom of the
stack), 1.1 m (the middle point of the stack), and 2.2 m (the
top of the stack). The read field length varies from 1 m, 1.5
m, to 2 m. The antenna height and length of read field vary
while the tags are located at different sides of each carton.
Next, we will present the proposed approach for predicting
the tag signal strength and tag detection capability.

III. THE PROPOSED SCHEME

To detect RFID tags efficiently, an intelligent prediction
method is proposed. The proposed approach uses support vec-
tor machine (SVM) to predict the strength of tag signal for tag
identification. In this section, we present two different models
applied for the tag strength prediction, including linear model
and support vector machine model. In the next section, the
performance evaluation of the proposed approaches is given.
As we did not know whether the experimental tag detectability
data can be explained by a simple linear regression model yet,
we checked it first by the regression analysis before going to
the SVM approach which can be well fitted to a non-linear
classification problem.

A. Linear Regression Prediction Model

First, multiple linear regression method is applied to check
if the prediction model is linear. The general multiple linear
regression formulation fitting the model can be written as:

𝑧 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + ⋅ ⋅ ⋅+ 𝛽𝑘𝑥𝑘 + 𝜀, (1)

where 𝛽0 is a constant, the unknown parameters 𝛽𝑖 (𝑖 =
1, . . . , 𝑘) are regression coefficients, 𝑥𝑖 is the regressor vari-
able, and 𝜀 is a random prediction error component such
that we have 𝐸[𝜀] = 0 and 𝑉 [𝜀] = 𝜎2. Assume that all

of them are uncorrelated. The model describes a hyperplane
in a 𝑘-dimensional space of the regressor variables [11]. A
multiple linear regression model for our problem, based on
the experimental data of the RFID tag strength, is proposed
as follows:

𝑧 = 𝛾 +
4∑

𝑖=1

6∑
𝑗=1

10∑
𝑘=1

𝛽𝑖𝑗𝑘𝑥𝑖𝑗𝑘 + ∅1𝑦1 + ∅2𝑦2 + 𝜀, (2)

where 𝛾 is a constant, 𝑦1 stands for the height, 𝑦2 is the
read field length, ∅1 and ∅2 are regression coefficients, 𝑥𝑖𝑗𝑘
is the tag position (such that 𝑖 is a box position index, 𝑗
stands for tag side, and 𝑘 represents layer), and 𝜀 is a random
error. We would like to check how closely the model can be
linearly fitted to the RFID tag strength data using SPSS [12].
The statistical results obtained from SPSS show that it is not
appropriate to predict the RFID tag strength by the linear
model with a very low 𝑅 square value of 0.244 with a
standard error of 0.712. Here, the 𝑅 square value represents
the percentage of the variability in the data used by the linear
model [11]. Standard error is a measure of the precision
(standard deviation) of the sample (tag strength data) mean.
For a better understating of 𝑅2, let us suppose that there is
a single dependent variable or output 𝑧 which depends on 𝑘
independent regressor variables (input data), 𝑥1, 𝑥2, . . ., 𝑥𝑘
(for our case, 𝑥𝑖𝑗𝑘 , 𝑦1, 𝑦2).

𝑅2 =

𝑛∑
𝑗=1

(𝑧𝑗 − 𝑧)2

𝑛∑
𝑗=1

(𝑧𝑗 − 𝑧)2
, 0 < 𝑅2 ≤ 1 (3)

where 𝑧 is the mean of 𝑧 and 𝑧 is the predicted value of
𝑧, respectively. The quantity 𝑅2 is called the coefficient of
determination which is often used to judge the adequacy of a
linear regression model [11]. If the regressor 𝑥 is a random
variable, then 𝑅 is just the correlation between 𝑧 and 𝑥. For
example, if 𝑅2 = 0.9337, then 93.37 percent of the variability
in the data is accounted for by the linear regression model.
It is generally said that the linear regression model can be
recommended for predicting the output if 𝑅2 is higher than
0.7. A low 𝑅 square result means that the linear regression
model does not fit well to the experimental data. Therefore,
we conclude that the multiple linear regression approach is
not appropriate for solving this problem.

B. Support Vector Machine Model

The SVM (Support Vector Machine) technique has been
successfully applied to a wide range of non-linear classifi-
cation problems. The SVM was originally derived from the
statistical learning theory [13], and has been widely applied
to the real-world applications recently. It has been used for
novelty detection and many other applications [14]. The neural
networks have also been successfully applied for classification
and regression problems. However, it has been generally ac-
cepted that the SVM technique outperforms the neural network
methods for solving the classification problems [15] [16] [17]
[18]. Compared to the neural networks, the SVM model allows
to train a model with a smaller amount of training datasets
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Fig. 2. Support vectors and optimal classification hyperplane for the
case of two classes.

with a large dimension to achieve global optimality. It is also
relatively easy to equalize the error.

1) Separable Case: We start with a simple example case
where the training datasets are linearly separable. The main
idea with the SVM is to find an optimal classifier or an 𝑁 -
dimensional hyperplane that maximizes the margin between
two classes while minimizing the upper bound of error, as
shown in Fig. 2.

There is no need to minimize the error in the linear
classification case because all examples can be separated
completely by a linear separator. With two classes, let 𝑥 ∈ ℜ𝑛

and 𝑦 ∈ {−1, 1} be the training instances for input and
target, respectively. We also introduce 𝑤 ∈ ℜ𝑛 and 𝑏 ∈ ℜ
which are weight vectors and bias, respectively. The separating
hyperplane can be expressed in terms of 𝑤 and 𝑏 as:〈

𝑤, 𝑥
〉
+ 𝑏 = 0,

𝑤1𝑥1 + 𝑤2𝑥2 + ⋅ ⋅ ⋅+ 𝑤𝑛𝑥𝑛 + 𝑏 = 0,
(4)

where 𝑤 is normal to the hyperplane. The decision function
of Eq. (4) for the optimal hyperplane is

𝑓(𝑥) = 𝑠𝑖𝑔𝑛
〈
𝑤, 𝑥

〉
+ 𝑏 = 0. (5)

Let us label the training dataset as {𝑥𝑖, 𝑦𝑖} 𝑖 =

1, 2, ⋅ ⋅ ⋅ , 𝑙, 𝑥𝑖 ∈ ℜ𝑛, 𝑦𝑖 ∈ {1,−1}. As shown in Fig. 2, ∣𝑏∣
∥𝑤∥

is the length of the perpendicular line from the hyperplane to
the origin. ∥ 𝑤 ∥ is the Euclidean norm of 𝑤. In particular, the
margin between the plus plane and minus plane is 2

∥𝑤∥ . The
data points lying on the plus plane and minus plane closest
to the hyperplane, are called support vector. The plus plane
and minus plane are parallel to each other, i.e., they have
the same normal and no training data points fall between
them. For the linearly separable cases, the SVM algorithm
simply finds a separating hyperplane of the maximum margin,
i.e., maximizing 2

∥𝑤∥ . This can be performed by minimizing

∥ 𝑤 ∥2 with all training data satisfying the objective function,

Eq. (6) and the constraints, Eqs. (7) and (8):

min
∥ 𝑤 ∥2

2
, (6)

subject to

𝑥𝑖 ⋅ 𝑤 + 𝑏 ≥ +1, for 𝑦𝑖 = +1, (7)

𝑥𝑖 ⋅ 𝑤 + 𝑏 ≥ −1, for 𝑦𝑖 = −1. (8)

Eqs. (6) and (7) can be formulated into one set of inequalities,
or

𝑦𝑖(𝑥𝑖 ⋅ 𝑤 + 𝑏)− 1 ≥ 0, for ∀𝑖 (9)

2) Non-Separable Case: As shown in Fig. 2, 𝜉𝑖 and 𝜉𝑗 lying
across the plus plane or minus plane generate errors because
the linear hyperplane can not classify them. We can slightly
modify the optimization problem to add a penalty called the
slack variable 𝜉𝑖 for violating the classification constraints, or

min
∥ 𝑤 ∥2

2
+ 𝐶

𝑙∑
𝑖=1

𝜉𝑖, (10)

subject to the relaxed classification constraints:

𝑦𝑖(𝑥𝑖 ⋅ 𝑤 + 𝑏)− 1 + 𝜉𝑖 ≥ 0, (11)

where 𝜉𝑖 ≥ 0 is the distance of error vectors to their correct
places, and

∑𝑙
𝑖=1 𝜉𝑖 is a parameter which controls the trade-off

between the margin and the error. A dual Lagrange multiplier
optimization problem of the primary optimization problem,
Eqs. (10) and (11), can be formulated as follows:

max 𝐿𝐷(𝛼) =
𝑙∑

𝑖=1

𝛼𝑖+
1

2

𝑙∑
𝑖=1,𝑗=1

𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 (𝑥𝑖 ⋅𝑥𝑗), (12)

subject to

𝑙∑
𝑖=1

𝛼𝑖𝑦𝑖 = 0, and 0 ≤ 𝛼𝑖 ≤ 𝐶. (13)

It is noted that the Lagrange coefficient, 𝛼𝑖, is bound by
the trade-off parameter 𝐶. The concept of the non-separable
case can be extended to the non-linear classification problem
through mapping of the non-linear training datasets into a
much higher dimensional space, i.e., 𝑥𝑖 → Φ(𝑥𝑖). The non-
linear input space is mapped into the linear feature space so
that the data can be separated by the linear optimal hyperplane.
The decision function for the optimal hyperplane can be
written as

𝑓(𝑥) =

𝑙∑
𝑖=1

𝛼𝑖𝑦𝑖

[
Φ(𝑥) ⋅ Φ(𝑥𝑖) + 𝑏

]
. (14)

The mapping is easily made by a kernel function, 𝐾(𝑥, 𝑥𝑖) =
Φ(𝑥) ⋅ Φ(𝑥𝑖) [19] [20]. The kernel functions to be used in
this research can be polynomial function and Gaussian radial
basis function (RBF) which are good enough for predicting
non-linear tag detection rates.
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IV. PERFORMANCE EVALUATION

A. Experimental Approach

To verify the performance of the proposed intelligent pre-
diction approach, the prediction accuracy is calculated by
comparing the results of the experimental method to those
of the proposed approach. First, an experiment was conducted
with a single carton box to identify the best tag location at a
side of the carton box. Here, each side of the box is partitioned
into a grid of squares of exactly the same size as the tag. The
tag is located at each grid point and the tag signal strength
is measured. The strength of tag signal is analyzed by the
Instant EPC Hotspot which provides tag signal strength in
both visual and numerical modes. The measured tag strengths
turn out to be the same regardless of the position on a side of
the carton box. Therefore, one position of the grid of a side
can be randomly selected. We next find the best side for tag
detection among the six sides of a carton.

In each picture of the data for six sides shown above, the
horizontal stripe represents the data where tags in a row are
located at the upper and lower positions of each respective
side. The lighter stripe of more than 4 dB tag strength
represents stronger signal than the darker stripe, implying
better tag detection. It is noted that the front and back sides
yield the strongest signal (higher than 9 dB). On the contrary,
the top and bottom sides show darker stripes, implying that
the reader might fail to read the tags.

The test for tag detectability was then taken for the cartons
stacked in ten layers on a pallet as shown in Fig. 1. The
measured tag signal strength is classified into three grades,
depending on the magnitude of signal such as Grade-A, Grade-
B, and Grade-C, and we explain it as follows.

a) Grade-A: Over 9 dB tag strength which is high enough
for tag detection.

b) Grade-B: 4 dB ∼ 9 dB tag strength which has no trouble
to be recognized.

c) Grade-C: Below 4 dB tag strength which is insufficient
for tag detection.

The tables given below show the tag strength for different
tag locations, reader heights, and read field lengths. It is noted
in Fig. 1 that four cartons are laid out in a layer as a 2 × 2
array, and each of them is marked as Front Left, Front Right,
Back Left, and Back Right positions. Grade-A and Grade-B
entries in the table represent tag detection capability while
Grade-C cells do fail to detect the tag. The tag detectability
test was conducted with the antenna height of 0 m, 1.1 m,
and 2.2 m, and the read field length of 1 m, 1.5 m, and
2 m, respectively. We measured tag signal power by using
Instant EPC Hotspot, varying with different influencing factor
conditions in the environment as shown in Fig. 1. We tried
to place a tag on each of six sides of a carton box and
then measured the tag signal power. This measurement was
repeated with different reader heights and read field lengths.
The experimental results were then analyzed to find the best
condition for tag detection.

1) Case-1: Height=2.2 m, Read Field Length=1 m: Table I
illustrates the test results. Since the antenna is located at the
same height as the top layer (the 10th layer), most tags in the
upper layers (the 6th ∼ 10th layers) are recognized except for

the tags at the bottom (BT) or top (T) side of the box. We can
thus identify that the direction of tag is quite sensitive to the
readability. Of course, if the read field length is shorter than
one meter, more tags could be read even though less work
space is allowed. The tags attached to the front (F) or back
(BK) side of the carton show little difference with respect to
tag detection. The bottom and top sides are not recommended
as the place for tag attachment.

2) Case-2: Height=2.2 m, Read Field Length=1.5 m: Since
antenna gain is reduced due to increased read field length in
this case, a smaller number of tags are recognized if compared
with Case-1. In general, similar results as Case-1 are obtained
as summarized in Table II.

3) Case-3: Height=1.1 m, Read Field Length=1 m: As
illustrated in Table III, the largest number of tags are rec-
ognized in this case of all three cases compared so far, since
the antenna height is equal to the middle position of the stack
and the read field length is the shortest. The desirable sides
are again front and back sides regardless of the position of the
carton in a layer. The tag strength of the 1st, 2nd, 8th, and
10th layers is not strong enough, which might be compensated
by reducing the read field length or placing another antenna.

Similar test results were obtained for other values of reader
height and read field length. The top and bottom side tags
are hardly recognized while the tags at all other sides are
recognized easily. The antenna height which is equal to the
middle point of the stack is preferred to detect the largest
number of tags as expected. A short read field length controls
the trade-off between the detectability and space requirement.

B. Intelligent Prediction Approach

The experimental approach described above is very time-
consuming, and substantial amount of manual operations
should be required for accurate experiment results with various
reader heights and read field lengths. We now perform tag
detection using the proposed intelligent SVM approach. The
accuracy of the intelligent prediction of RFID tag detection
with the proposed approach is verified by the simulation re-
sults. The simulation was carried out using SVMlight Version
6.01 [21]. The first step of simulation is to train the intelligent
SVM model using the tag detection data obtained from the
experimental approach described earlier. The second step is
to let the trained SVM model detect the tag by predicting the
tag signal strength. The prediction accuracy is calculated by
comparing the predicted tag detection data with the actual tag
detection data.

We use two kernel functions such as polynomial function
and Gaussian radial basis function (RBF). The polynomial
kernel function is

𝐾
(
𝑥, 𝑥𝑖

)
=

(
𝑥 ⋅ 𝑥𝑖 + 1

)𝑑
, (15)

where 𝑑 is a non-negative integer representing the degree of
polynomial kernel function. The RBF kernel is

𝐾
(
𝑥, 𝑥𝑖

)
= exp

{
𝛾
(
− ∥ 𝑥− 𝑥𝑖 ∥2

)}
, 𝛾 ≥ 0, 𝛾 =

1

2𝜎2
.

(16)
A total of 4800 training examples are used. According to the
results of RFID tag detection obtained by the experimental
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TABLE I
MEASURED TAG STRENGTHS FOR CASE-1.

Lay Front Left Box Front Right Box Back Left Box Back Right Box
er F BK L R T BT F BK L R T BT F BK L R T BT F BK L R T BT
1 C C C C C C C C C C C C C C C C C C C C C C C C
2 C C C C C C C C C C C C C C C C C C C C C C C C
3 C C C C C C C C C C C C C C C C C C C C C C C C
4 C C C C C C C C C C C C C C C C C C C C C C C C
5 C C C C C C C C C C C C C C C C C C C C C C C C
6 A B C C C C A B C C C C B B C C C C B B C C C C
7 A B C B C C A A B C C C A B C B C C A B B C C C
8 A B B B C C A A B B C C A A B B C C A A B B C C
9 A B B B C C A A B B C C A A B B C C A A B B C C
10 A B B B C C A A B B C C A A B B C C A A B B C C

TABLE II
MEASURED TAG STRENGTHS FOR CASE-2.

Lay Front Left Box Front Right Box Back Left Box Back Right Box
er F BK L R T BT F BK L R T BT F BK L R T BT F BK L R T BT
1 C C C C C C C C C C C C C C C C C C C C C C C C
2 C C C C C C C C C C C C C C C C C C C C C C C C
3 C C C C C C C C C C C C C C C C C C C C C C C C
4 C C C C C C C C C C C C C C C C C C C C C C C C
5 C C C C C C C C C C C C C C C C C C C C C C C C
6 C C C C C C C C C C C C C C C C C C C C C C C C
7 B C C C C C B C C C C C C C C C C C A B C C C C
8 A B C B C C A B B C C C B C C C C C B C C C C C
9 A A B B C C A A B B C C A A B B C C A A B B C C
10 A A B B C C A A B B C C A A B B C C A A B B C C

TABLE III
MEASURED TAG STRENGTHS FOR CASE-3 [8].

Lay Front Left Box Front Right Box Back Left Box Back Right Box
er F BK L R T BT F BK L R T BT F BK L R T BT F BK L R T BT
1 C C C C C C C C C C C C C C C C C C C C C C C C
2 B C C B C C B C C B C C C C C B C C C C C B C C
3 A A A A C C A A A A C C A A B A C C A A A B C C
4 A A A A C C A A A A C C A A B A C C A A A B C C
5 A A A A C C A A A A C C A A B A C C A A A B C C
6 A A A A C C A A A A C C A A B A C C A A A B C C
7 A A A A C C A A A A C C A A B A C C A A A B C C
8 A A A A C C A A A A C C A A B A C C A A A B C C
9 B C C B C C B C C B C C C C C B C C C C C B C C
10 C C C C C C C C C C C C C C C C C C C C C C C C

approach, the output grades of top (T) and bottom (BT) sides
of all boxes are eliminated from training because the data are
identical regardless of the antenna height and read field length,
being not meaningful for training. As mentioned earlier, in this
paper, the grade (class) of both A and B of RFID tag strength
allows the detection of RFID tag, while the grade of C does
not. Table IV lists all possible combinations of the grades of
measured and predicted signal strength. Thus the target output
considers two classes, i.e., tag detection (’A’ and ’B’ are equal,
above 4 dB) or not (’C’, blow 4 dB).

Fig. 3 shows the SVM tag detection prediction model
proposed in this paper. The training examples consist of five
input features (variables) of read field length (𝑥1), antenna
height (𝑥2), box position (𝑥3), box side (𝑥4), and layer (𝑥5).
The output (target) variable (𝑦) is successful detection (above
4 dB tag signal power) or not. The input variables and target
variable pairs of the training set determine the unknown
parameters of the decision function, 𝑓(𝑥), and the objective
function in the decision block. As an example of training,
a training data set, a training pair of three input variables

TABLE IV
PREDICTION ACCURACY.

Measured signal strength Predicted signal strength Accuracy
A A Correct
B B Correct
C C Correct
A B Correct
B A Correct
A C Incorrect
C A Incorrect
B C Incorrect
C B Incorrect

𝑥1 = 1.5 m (read field length), 𝑥2 = 2.2 m (antenna height),
and 𝑥3 = 1 (front left box position), 𝑥4 = 6 (bottom (BT) box
side), and 𝑥5 = 5 (the 5th layer) with output 𝑦 = 1 (successful
detection) will be applied to determine all unknown variables
of the decision function 𝑓(𝑥), which is used to optimize the
object function.

The prediction accuracy is verified with different kernel
parameter values, or 𝑑=1, 2, 3, 4, for the polynomial function
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Fig. 3. Proposed SVM tag detection prediction model.

kernel and 𝛾=0.01, 0.1, 0.5, 1, 5, 10, 15 for the RBF kernel.
We use the cross-validation to tune the parameters of the
kernel functions and the trade-off parameter, {𝐶, 𝑑, 𝛾} [22].
The cross-validation is to find the parameters yielding the
optimal solutions. The hybrid algorithm is applied here for
the cross-validation [23]. Different degrees of the polynomial
function, 𝑑, are applied with a fixed 𝐶 value, {𝑑 = 1, 2, 3, 4 ∣
𝐶 = 2000}. Li. et al. showed that a relatively large 𝐶
value of 2000 can work well for most cases [24]. With 𝑑
value giving the best result (𝑑 = 3 in our problem), we
proceed with different 𝐶 values {0.01, 0.1, 100 ∣ 𝑑 = 3}.
In the same way, the hybrid-algorithm is applied for RBF
kernel: {𝛾 = 0.01, 0.1, 0.5, 1, 5, 10, 15 ∣ 𝐶 = 2000} and
{𝐶 = 1, 10, 50, 100, 500, 1000, 2000 ∣ 𝛾 = 0.1}.

The accuracy of the trained intelligent SVM model is
verified by new test examples which have not been used for
training. The tested parameter pairs (i.e., height and read field
length) are (0 m, 1.3 m), (0 m, 1.7 m), (1.1 m, 1.3 m), (1.1
m, 1.7 m), (2.2 m, 1.3 m), and (2.2 m, 1.7 m). A total of 960
samples were used to verify the prediction accuracy of the
proposed SVM approach. The trained SVM model predicts the
tag signal strength class corresponding to the input features for
each pair (of height, read field length). The predicted grades
are then compared with the measured ones.

C. Prediction Results and Analysis

We first conduct the prediction with the polynomial func-
tion kernel. Using the hybrid algorithm of cross-validation,
the RFID tag signal for each position with different values
of antenna height and read field length is predicted with
𝑑 = 1, 2, 3, 4 and fixed 𝐶 = 2000 as the first step.

The accuracy of prediction is presented in Fig. 4a. The
accuracy of prediction accounts for the performance of the
proposed SVM model. The accuracy of prediction is the ratio
between all test samples and correctly predicted samples. The
shaded bars represent different 𝑑 values.𝑋-axis stands for pair
of height and read field length.

It is noted that the cubic function kernel with 𝑑 = 3 shows
better performance than the other cases. Thus, we proceed

TABLE V
PREDICTION ACCURACY OF THE PROPOSED MODELS.

(Height, Length) Prediction Accuracy
Polynomial (𝑑 = 3) RBF (𝛾 = 0.1)

(0 m, 1.3 m) 𝐶 = 0.01 𝐶 = 50
95.63(86.88) 96.25(88.75)

(0 m, 1.7 m) 𝐶 = 0.01 𝐶 = 10
93.75(85.00) 95.63(86.88)

(1.1 m, 1.3 m) 𝐶 = 0.1 𝐶 = 500
88.75(75.63) 90.63(81.25)

(1.1 m, 1.7 m) 𝐶 = 100 𝐶 = 100
67.50(65.00) 88.75(76.25)

(2.2 m, 1.3 m) 𝐶 = 0.1 𝐶 = 1000
95.00(85.63) 96.25(90.00)

(2.2 m, 1.7 m) 𝐶 = 100 𝐶 = 100
83.13(78.75) 87.50(78.75)

with different trade-off values 𝐶 = 0.01, 0.1, 100 with the
fixed 𝑑 (=3) in the second step. The results of prediction with
the cubic function are provided in Fig. 4b.

The results with 𝐶 = 0.01 and 0.1 are relatively good for
all (height, length) pairs except for (1.1 m, 1.7 m). However,
the tag detectability of (1.1 m, 1.7 m) pair can be predicted
well by the RBF kernel presented as follows.

Now we are ready to conduct the tag detection prediction
with RBF kernel in the same way as the polynomial function
kernel. We use {𝛾 = 0.01, 0.1, 0.5, 1, 5, 10, 15 ∣ 𝐶 = 2000},
i.e., applying SVM with different 𝛾 values and a fixed large 𝐶
value of 2000. The results of the prediction accuracy are shown
in Fig. 5a. For a short read filed length of 1.3 m, 𝛾 values of
0.1 and 0.5 provide better results than other 𝛾 values, such as
1, 5, 10 and 15. 𝛾 values of 1, 5, 10 and 15 are more effective
for a longer distance (i.e., 1.7 m). Since 𝛾 values of 0.1 and
0.5 yield good results, we apply 0.1 for 𝛾 in the following
case study.

We next check the prediction accuracy with
different 𝐶 values and fixed 𝛾=0.1, i.e., {𝐶 =
1, 10, 50, 100, 500, 1000, 2000 ∣ 𝛾 = 0.1}. The results
are shown in Fig. 5b.

As observed from Fig. 5b, a 𝐶 value with 𝛾 = 0.1 does
not significantly influence the accuracy of prediction. Table V
compares the polynomial and RBF kernel models of SVM.
It is noted that the RBF kernel model gives more accurate
prediction than the polynomial function Kernel. The prediction
accuracy is higher than 90% except for (1.1 m, 1.7 m) and (2.2
m, 1.7 m) pairs. However, the prediction accuracy for both
pairs can be improved to 95% with 𝛾 = 10 and 𝐶 = 2000,
and 93.13% with 𝛾 = 1 and 𝐶 = 2000, respectively. The
prediction accuracy of the proposed scheme is sufficiently
high, being enough to be implemented in real environment.
It is said that more than 85% of prediction is desirable for
the practical field application. For our problem, we suggest
that more than 90% of prediction be applied to the practical
field because a failure of RFID tag detection may miss the
important tag information. However, if multiple tags are used,
due to fail-safe it is not necessary that prediction accuracy
should be made that high. On the other hand, multiple tags
will give higher costs. According to the previous researches,
it is generally considered that the RBF kernel performs better
than the polynomial function kernel. In our problem, the
RBF kernel shows a better performance than the polynomial
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Fig. 4. Prediction accuracy results-I.

function kernel too.

Based on our simulations with RBF kernel function,
there is no significant dependency in prediction accuracy
between kernel parameter/trade-off parameter and read filed
length/antenna height pair. Thus, we could not run simulations
with pre-knowledgeable and pre-determined kernel/trade-off
parameters but we were suggested to proceed to find the
best prediction with some variable kernel/trade-off parameters.
However, it is noted that the prediction accuracy shows
instability for all length/height pairs if 𝛾 is below 0.1. In order
to find appropriate parameters for the best and most stable
prediction accuracy, we have to resort to a time-consuming
trial-error method with all possible cases. However, to avoid
the time-consuming trials, it is suggested to apply the cross-
validation to save time considerably as shown in this research.

V. CONCLUSIONS

Position of a RFID tag on an object and the relative
position of reader antenna significantly influence tag readabil-
ity. In this paper we have analyzed the factors influencing
tag signal (eventually influencing tag detectability) based on
the results obtained by experiments. Then we propose an
intelligent method using SVM for the prediction of RFID tag
detectability. Extensive simulations have been conducted to
verify the prediction accuracy of the proposed approach. It
predicts tag detectability fairly accurately for various values
of reader height and read field length. Based on the predicted
tag detectability, the best tag position, reader height, and read
field length that maximize the number of recognized tags can
be found. The proposed approach has been tested for the
RFID tag on a carton box with non-water/non-metal contents.
More studies on different kinds of contents such as metal,
water, and clothes will be carried out in the future. Other
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Fig. 5. Prediction accuracy results-II.

different environments to be considered for further research
include asphalt-paved road nearby traffic lights and container
ship yard and so on. In particular, we have experienced some
difficulties in tag detection which is very sensitive to the
asphalt-paved road environment with traffic lights. Thus, we
will do further research on the tag detection problems in the
other environments in the future.
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