International Journal of Innovative
Computing, Information and Control ICIC International ©)2012 ISSN 1349-4198
Volume 8, Number 5(A), May 2012 pp. 2995-3013

AN AUTOMATIC DRUG IMAGE IDENTIFICATION SYSTEM BASED
ON MULTIPLE IMAGE FEATURES AND DYNAMIC WEIGHTS

RUNG-CHING CHEN!, YUNG-KUAN CHAN?, YING-HAO CHEN!
AND CHO-TsAN Bau'?

!Department of Information Management
Chaoyang University of Technology
No. 168, Jifeng E. Rd., Wufeng District, Taichung 41349, Taiwan
crching@cyut.edu.tw

?Department of Management Information Systems
National Chung Hsing University
No. 250, Kuokuang Rd., Taichung 402, Taiwan

3Taichung Hospital, Department of Health, Executive Yuan
No. 199, San Min Rd., Sec. 1, Taichung 403, Taiwan

Received January 2011; revised August 2011

ABSTRACT. For patients, correct drug information is important. However, patients al-
ways do not possess or comprehend professional drug facts. Many drug recognition sys-
tems offer keyword searches based on drug names, which may vary from product to prod-
uct. A more robust form of search would enable users to describe the features of drugs
based on their appearance. In this paper, we propose an automatic drug image identifi-
cation system (ADIIS) based on multiple image features. ADIIS is able to reduce drug
identification errors as well as provide more accurate drug information. In our primary
experiments, by using an image, the system is able to retrieve the top ten similar drugs,
enabling the user to identify the specific one. Ezxperimental results show that the first
drug of the ten identified by ADIIS was the correct drug in 92.6% of tests.
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1. Introduction. Accidental medication mishaps occur frequently, making medication
safety an important issue [1-5]. Hospitals currently provide a variety of drug counseling
in order to rectify these problems. However, many individuals also search for information
on their own.

Web searches for medicine information can be performed in two ways: (1) database
mapping and (2) keyword search [6]. Database mapping allows users to compare drug
images with database information [7]. However, this method is time-consuming and in-
efficient for drug searches. Keyword search is performed by entering specific words, such
as the drug name, color, shape, size, lettering and other features [7-10]. However, since
the search is user-defined and provides only limited features for the system, errors in
identification are frequent.

Several researchers have proposed drug identification systems using content based image
retrieval (CBIR). CBIR is a popular technology of image recognition [11,12] which extracts
physical features such as color or shape to describe an image of the object. These features
are then used for drug recognition. However, CBIR cannot effectively identify white
circular drugs because they cannot produce representative features when drugs have the
same shape and color.
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In this paper, we will propose an Automated Drug Image Identification System (ADIIS),
using content-based image retrieval to extract the features of drug images, and using neu-
ral networks, the fuzzy method and relevant feedback, perform drug recognition. The
features used to recognize drugs include colors, shapes, ratios, magnitudes and textures.
We use these five features in combination with dynamic weight setting for drug identi-
fication. The query image is matched with database images of drugs by the weighted
Euclidean distance to calculate similarity distance. The system then retrieves ten of the
images most similar to the target drug image, allowing the user to correctly identify the
drug and obtain information about it. The major contributions and advantages of this
paper are to construct an Automated Drug Image Identification System based on five
features and dynamic features’ weights to identify drugs and improve the recognition
accuracy of drugs even they are white circular drugs. Due to that general local clinic pro-
vides less than 300 different drugs in Taiwan, we collect the number of drugs’ images to
test the system. Hence, the system can be applied to clinic’s drug recognition for patients
and pharmacists.

The remainder of the paper is organized as follows. Section 2 describes relevant drug
identification techniques. Section 3 explains the preprocessing and features extraction
functions of our proposed system. Section 4 discusses the similarity measurement. Section
5 reports experimental results and discussions. Finally, conclusions and future work are
discussed in Section 6.

2. Literature Review.

2.1. Content based image retrieval. The term content-based image retrieval (CBIR),
also known as query by image content, is the application of computer vision techniques to
the image retrieval problem of searching for digital images in large databases. The term is
also used to describe the procedures necessary to retrieve images from a large collection,
based on the syntactic image features. It encompasses technologies, tools and algorithms
from areas such as statistics, pattern recognition, signal processing, and computer vision.
Though current CBIR systems typically use low-level features such as texture, color and
shape, systems that use high-level features such as texture are common. Not every CBIR
system is universal. Some systems are designed for a specific area, such as color matching,
and can be used to find parts within a medical database. Using CBIR, we exploit different
image processing techniques to extract the features of drugs to query a drug database.

2.2. Related of drug identification system. Many hospitals provide drug informa-
tion databases for people to identify drugs and their functions. Such drug identification
systems may be divided into two types [6]. The first is a list of drug names, where the
user selects a similar drug. The second system uses keyword search, including the name
(in Taiwan, both English and Chinese), shape, color, pattern and other features. The
latter system searches databases to find features of drugs that match the search results
[13]. Figure 1 shows a website for a drug identification system [14].

Zeno et al. [15] designed a drug identification system that combines IBM’s QBIC (Query
by Image Content) and the iMatch system. Zeno extracts features and follows the format
of MPEG-7. The features are entered into QBIC and iMatch to identify the specific drug.
However, Zeno’s proposed method only identifies a small number of drugs, a fraction of
the large and constantly expanding number of drugs used.

Hsieh et al. [6] proposed a Real Drug Image Identification System (RDIIS). RDIIS uses
the features of color and texture to search for images in a database. However, in the
RDIIS, many drugs have similar colors and shapes, meaning that the queried image is
often not found.
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FIGURE 1. Medication information website using name, form, color and brand

Lin et al. [16] proposed a tablet drug image retrieval system to raise the drug recognition
of white tablets. Lin’s system extracts features including the shape, color and size. It
uses neural networks and combines moment invariants and Zernike moments to identify
the drug. However, Lin’s method is not effective in identifying drugs, because many drugs
are similar, and have the same size and color. This system still cannot effectively extract
the representative features of drugs.

Xie et al. [17] captured drug features that users select for system identification, such as
drug size, shape, weight and color. Xie’s system provides a way for the user to select the
features extracted. Because of their popularity, white circular drugs and their features are
hard to represent, so the system cannot recognize the specific appearance of the drugs.

Given these problems, we propose a system using five features: color, shape, magnitude,
ratio and texture. We incorporate a dynamic weight setting for drug identification [18-22].
Table 1 shows the comparison of the above methods.

TABLE 1. Related drug identification image retrieval research

Features
Authors Shape | Magnitude | Color | Ratio | Texture
Zeno et al. (2001) V - Vv - Vv
Hsieh et al. (2005) - Vv Vv - Vv
Lin et al. (2007) Vv Vv Vv - -
Xie et al. (2008) Vv Vv Vv - -
Our system (ADIIS) | V Vv Vv Vv Vv

3. Preprocessing and Features Extraction. In this paper, we propose an Automatic
Drug Image Identification System to identify drugs. The ADIIS is shown in Figure 2. It
is divided into two phases, the learning phase and the recognition phase. We will describe
the functions of each block of the flowchart as follows.
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FiGure 3. Drug rotation angle for preprocessing

3.1. Pre-processing. In the pre-processing, the drug images will be normalized to an
800 x 600 image. Then the system automatically defines the drug, and draws a region
of interest (ROI). In the ROI, the drug is white and the background is black. Next, the
system will calculate the gravity of the pill [23]. The center of gravity is calculated by
rotating the white drug images until they align with the horizontal background graph
lines at an angle. We aligned the longer side of the drug to the horizontal axis and the
shorter side to the vertical axis. Figure 3 shows the image rotation for pre-processing.

As the drug images may have noise and/or blurred edges, the system uses median filters
to eliminate noise and effectively preserve the original texture [24]. In addition, we used
histogram equalization to enhance the drug shape and texture. Figure 4 shows the steps
of preprocessing.

3.2. Feature extraction. The system uses five features to recognize drugs: color, shape,
ratio, magnitude and texture. The features extraction and arrangement are specified
below.

3.2.1. Color feature. In this paper, we used the HSV color space as features for drug
identification because it is more stable than the RGB model and the Lab model [25].
The HSV color space is based on hue, saturation and the value of the intensity [26,27].
Drug colors are divided into the following ten colors: white, gray, black, purple, blue,
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green, yellow, orange, red and cyan [28]. Table 2 shows the relationship of colors and
their corresponding numeric values.

The transformation model is listed below. The images of RGB values were converted
into HSV values. The value of hue is obtained through Equation (1). The value of
saturation is obtained from Equation (3), and the value of intensity is obtained from
Equation (4). C; is the multiplication of imH;, imS; and imV; shown in Equation (5)
where i is the index of the ten colors. If a drug contains two colors on one side, the system
calculates the mixed color value C), using Equation (6).

. 0, if imB < imG
imH = { 360 — 0, if imB > imG (1)

where imR, imG and imB are the image R, G and B color values and 6 is defined as in
Equation (2).

6 ool { L ((imR — imG) + (imR — imB)) }
[(imR — imG)? + (imR — imB)(imG — imB)]?

(2)

3
mS =1-— in(imR,imG,imB 3
im B+ imG 1 imB) X [min(imR, imG,imB)] (3)
1
imV = g(imR +imG + imB) (4)

The values of imH, imS and vmV are the picture’s H, S and V values after R, G and
B conversion.

Cm = CZ x Ki + Cj X KQ, where Cz > Cj (6)

C; and Cj are different colors in the same drug. K, is the weight of C;, while K5 is the
weight of C;. In general, K is set to zero and K5 to 1 when the drug only has one color.
If it has two colors, K; will be set to 100 and K5 to 10. In order to limit the image’s
color feature, we formalize each color feature to a real value between 0 and 1. When the
(', value exceeds 1, the tablet or pill has two colors. We define C; > C; that will let two
colors drugs have the same values; for example, {(red, blue)} and {(blue, red)} will have
the same value of C,,.
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TABLE 2. Ten colors mapping value

Color | Black | Green | Red | Blue | Orange | Gray | Yellow | Purple | Cyan | White
imH | 0.00 | 0.50 |0.08]0.67| 0.25 | 0.92 | 0.33 0.83 | 0.75 | 1.00
mmS | 1.00 1.00 | 1.00| 1.00 1.00 1.00 1.00 1.00 1.00 1.00
mmV | 1.00 1.00 | 1.00| 1.00 1.00 1.00 1.00 1.00 1.00 1.00
C; 0.00 | 0.50 |0.08|0.67 | 0.25 | 0.92 | 0.33 0.83 | 0.75 | 1.00
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FI1GURE 5. Five different types of EHD

Consider a drug composed of both red and blue. The red color value would be multiplied
by 0.08 while the blue color value would be multiplied by 0.67 (Table 2). Thus, C; is 0.67
and Cj is 0.08. The total value, 67.8, would be obtained using Equation (6). In our
system, when the color feature value is greater than 1, the drug is composed of compound
colors. Hence, using this equation, the system can identify a drug of compound colors.
DBy is used to represent the value of the color feature.

3.2.2. Shape feature. Canny edge algorithm is used to define the edge of the drug images
and convert them into binary images [29,30]. The edge is then divided into four equal
blocks. An MPEG-7 Edge Histogram Descriptor (EHD) [27] is used for the distribution
edge of the drug images [31-33]. Five types of drugs were used to indicate the various
shapes of possible edges. Figure 5 shows the five types of EHD.

The values of EHD are sent to a back-propagation neural network to classifier the shape
of drug [16]. The neural network has three layers. The input layer has four nodes, the
hidden layer has three nodes, and the output layer has 10 nodes. The output layer indi-
cates ten different shapes of drugs: triangular, square, pentagonal, hexagonal, octagonal,
rectangular, circular, irregularly-shaped, oval-shaped and long cylindrical [6]. We then
map the ten types onto numerical values between 0 and 1. Table 3 shows the mapping
results and Figure 6 shows the back-propagation neural network of the shape classification
of the feature. DB, is used to represent the value of the shape.

TABLE 3. Shape mapping values

Shape Value
Triangle 0.1
Square 0.2
Pentagon 0.3
Hexagon 0.4
Octagon 0.5
Rectangle 0.6
Circle 0.7
Irregular shape 0.8
Oval 0.9
Long cylindrical 1.0
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3.2.3. Ratio feature. Ratio is the rate of the maximum width divided by the maximum
length, shown in Equation (7).

max(width)

DB; =
> max(length)

(7)

Ratio can effectively strengthen the identification of drugs with the same shape but
different ratio. Figure 7 shows two drugs that have same shape but different ratios. The
ratio feature can be used to distinguish between capsules and tablets, but it is not useful
for circular tablets. The value is between 0 and 1.

3.2.4. Magnitude feature. We placed the drugs on a black sheet of paper with white grid
lines. Magnitude measurement is determined by the area of the grid lines covered by the
drug. The system uses the grid lines to measure the magnitude of each drug. Fach grid is
1 x 1 mm square. Due to fact that drugs are rarely black, the black background enhances
medication identification. Figure 8 shows the background of the drug images.

We adjust the size of the drug image according to the system settings. First, the drug
image is adjusted to the same scale as the system setting. Second, the drug is retrieved.
Third, the pixels of the drug are calculated. After detecting the size of the drug, we then
retrieve drugs from small to large in the database. The system selects the drugs with a
magnitude closely matching that of the measured drug. The Hamming distance is then
used to calculate the difference, as shown in Equation (8).

min{@, Dn}>

max{Q, D, } (8)

DB4:<
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FIGURE 8. Background of drug images (1 X 1 mm grid)
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In Equation (8), @ is the magnitude of the query drug, and n is an index. D, is
the magnitude of drug images with index n in the database. Thus, the value of DB, is
between 0 and 1. When the value of DB, is equal to 1, it means that the two drugs have
exactly the same magnitude.

3.2.5. Texture feature. The Gabor filter is used to calculate the drug texture [33-38].
First, the surface texture of the drug is converted into a binary image. Second, the Canny
edge algorithm is used to calculate the value of the edge pixels [39]. Third, the texture of
the drug edge is removed. Equation (9) shows the expression of the Gabor filter:

1 —1 (2% 2
o(@,y) = = (Z+5 9
60 = (5, ) 0 (5 (%)) 0
In this equation, z, y is the input image, and o is bandwidth of Gaussian filter [37].

Last, g,(z,y) is processed in a two-dimensional Gabor filter in Equation (10).

G(z,y) = g,(x,y) exp(2mjW (z cos 0 + ysin 6)) (10)

In this equation, W is the frequency of the input texture image and 6 is the image
frequency of the projection direction. The output value is between 0 and 1. Figure 9
shows a Gabor filter [31]. DBs is used to represent the feature.

4. Similarity Measurement and Relevance Feedback.

4.1. Similarity measurement. When the system completes the features extraction of
test drugs features, the vector of features is defined as follows:

feature(Q;) = (q1, 42, ¢3, 44, G5) (11)
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¢1 is the color feature of test drugs, ¢ is the shape feature, ¢3 is the ratio feature, ¢4 is
the magnitude feature and g5 is the texture feature.
In addition, the features of drugs in the database are represented as follows:

feature(DB}) = (DB}, DB}, DB}, DB}, DBY) (12)

n is the index of images in database. DB7 is the color feature, DB is the shape feature,
DB? is the ratio feature, DB} is the magnitude feature and DB? is the texture feature.

The white circular tablet drugs appear to be difficult to recognize due to the fact that
many are similar in size, color and shape. Determining the surface texture of the drugs is
useful in correctly verifying these drugs. To be able to effectively identify these drugs, the
weight of Euclidean distance is used as shown in Equation (13). Our experiments indicate
that the square of m is 1.6 can obtain better results. We use the dynamic weights of the
features to improve the accuracy of the system identification:

Sim? = (iw X (Xi)m> 5 (13)

where
w1+w2+w3+w4—|—w5:1

Y, X, =0 when ¢y == DB} // the same color
"7 1 X1 =1 when ¢ # DB? // different color

X, — Xo=0 when g == DB} // the same color
27 ] Xy=1 when ¢ # DB} // different color

wy is the weight of the color feature, wy is the weight of the shape feature, ws is the weight
of the ratio feature, w, is the weight of the magnitude feature and wjy is the weight of the
texture feature.

To obtain the drug image in the database which matches the features of the queried
drug images, the system uses the weighted FEuclidean distance to measure the similarity
between the test image and the candidate image. Weights are set based on fuzzy rules.
This decision proves the definition of the internal parameters. For example, color, shape
and ratio features are valueless for white circular drugs, so they are set to 0.

Rule 1: IF color is white and shape is circular;
THEN ws is K, wy is 1 — K, and wy = wy = w3 = 0;
where K = M&g'l
K is decided by the magnitude and texture. M is the magnitude value. If the size
is larger, the weight of the texture is smaller. Figure 10 is shows the adjustment of

relations of the weight between the magnitude and texture and the linear equation
K = M—0.1

In a(i)éfition, when the shape of the test drug is oval, and has two colors, the system

classifies it as a capsule and increases its weight based upon its color features.
Rule 2: IF shape is oval-type and C), > 1;

THEN w1 is Kl, W4y is1l— Kl, and W9y = W3 = Wy — 0,

where K| = K., x (C, — 0.8)

K, is the weight value. K., = 0.098. When the weight of the color is larger,
the weight of the magnitude is smaller. Figure 11 shows the adjustment of the
relations between color and magnitude. Determining the texture of the capsule drugs
is difficult, so the system did not consider texture when determining classification.
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The Euclidean distance value is smaller when the test drug image is similar to the
drug in the database. According to the results of the calculation, the system selects
the most similar drug images and outputs the top ten most similar drug images
to the users. The output information includes drug images and drug names. The
similarity measurement workflow of the system is shown in Figure 12. First, the
feature values of the drug’s image are entered into the system. Next, the system
processes shape and color recognition. If the color is white and circular, Rule 1 is
used to set the magnitude and texture weights, by following the dynamic value to
adjust the weight of K. If the drug’s color is compound and its shape is oval, Rule 2
is used to set the weights of color and magnitude. When the shape is neither circular
nor oval, then the weights are equal and set to 0.2. The next step is to select the
candidate of magnitude, and calculate the similarity of the drug image to the images
in the database. The drug feature’s values and weights are then uploaded to the
system, which calculates the similarity measurement. Finally, the system outputs
the rankings of matching drugs to the user.

4.2. Relevance feedback. In CBIR and other image retrieval systems, one difficulty is
how to use the low-level image features to describe the high-level visual images that users
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define [39-42]. In other cases, the programs use an algorithm or similarity measurement
to measure the similarity of retrieved images to query images. Generally, only one or
two algorithms are used to estimate similarity in their system. Hence, if the system only
uses a similarity measurement to determine that two images are related, it is difficult to
meet the needs of different users. Therefore, some systems offer an interactive approach
for retrieved images. This interaction, termed relevance feedback, means that the system
adds the users subject to the image identification. The relevance feedback is divided into
two types, positive and negative. A positive image is related to query image, while a
negative image is unrelated. First one is positive relevant. It selects some positive images
about user’s query image from query results. The second is negative relevance. It selects
some negative images about user’s query image from query results. When the system
checks the database again it will use the positive/negative feedback.

In general, there are two approaches to the use of relevant feedback. One approach
uses feedback to adjust several parameters of the similarity measurement [6,41], such as
weights. The other approach uses the concept of probability [6]. It obtains the probability
of every image in database, return high probability images to the user.

In this paper, we used the similarity measurement to identify drugs and to adjust the
feature weights. If we use the first approach, it may be overstep the region of weight value
when the system identifies white circular drugs and capsules. Thus, we use the second
method to compensate for the semantic gap. Conditional probability was used to find
candidate drugs, seen in Equation (14).

Pb(A;) = Y Pb(4;|B,)Pb(B,) (14)

A; is ith candidate drug image. Pb(A;) is the probability of ith candidates. B,, was the
positive candidates. The steps of the relevance feedback are listed as follows:

(1) The system will confirm the positive and negative relevant feedback that users provide.

(2) The system matches the features of the feedback and the candidate drugs and then
gives the weight values of the relevance to the candidates images. Weights close to
1 mean that candidate drugs are positive and close, while weights close to zero show
images that are negative and unrelated.

(3) Finally, the system outputs the high probability candidate drugs to users, and deletes
the low probability candidates.

Figure 13 shows the workflow of the relevance feedback. First, the system records the
feedback information about positive and negative drug images. Second, if users set the
value to ‘null’, the system will not calculate the probability values of Pb(A;). Third,
the feedback information helps map features of candidates whose selection is then based
on our similarity measure. We map each candidate and confirm whether it is positive
or negative. Fourth, if the candidate is positive, we use the positive images to query
the system. These results are ranked based on the similarity values. If the candidate is
negative, we delete this candidate from the output results. Finally, we output the top ten
positive images for the user. If the results do not meet the needs of the user, our system
gives users the ability to provide feedback again. If users select the ‘Null’ button for all
results the system is finished with its identification.

5. Experiments and Discussions. The system was implemented in Matlab7.0. Table 4
lists the hardware of the experimental environment. The drugs were provided by Taichung
hospital in Taiwan. 263 drugs were used in this paper, including medicines for diabetes,
blood pressure, colds and antibiotics. Of these, 82 were white circular drugs, while 48 were
capsule drugs. Two images were taken of each drug to document both sides, resulting in
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526 drug images. The accuracy rate of the system is calculated according to the following
formula:

The Number of Correct Classification Images

Accuracy = (15)

Total Number of Query Images

TABLE 4. Computer hardware used in the experiment

Hardware Specifications
CPU AMD 1.6 GHz
Video Controller 256 MB
Memory 1 GB
Hard disk 80 GB

In the similarity measure, the drugs are divided into general drugs, white circular drugs
and capsules. The weights of features are based on these classifications. We use cross-
validation to validate the classification accuracy of the system. First, we divide the drugs
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into groups A and B. Group A is the training data, used to provide the system with
information for drug classification. Group B is the test data. In this step, the average
recognition accuracy is 97% for general drugs, for white circular drugs, 100%, and for
capsules, 96%. Second, we use group B as the training data and group A as the test data.
In this step, the average recognition accuracy rate is 98% for general drugs, for white
circular drugs it is 100%, and for capsules it is 97%.

Our system for the classification of the three types of drugs offers good results. The rea-
son why general drugs have lower accuracy than cylindrical drugs is the capsule. Capsules
have 97% accuracy since some capsules are the same color at both ends.

In addition, we design five experiments to test the accuracy of our system and check the
accuracy after we add relevance feedback how the accuracy is enhanced. Due to that most
of drugs recognition systems only test for randomly selecting drugs test, hence we compare
our method with Hsieh’s method which the better method has been published until now.
The five types of experiments are randomly selecting drugs test, the white circular drugs,
non-white circular drugs, all circular drugs and capsules. The detail experiments are
shown as the following.

5.1. Experimental 1: randomly selecting drugs. This test was performed ten times.
Thirty drug images were selected randomly each time. For example, in Test 1, we used
thirty drug images as test images. Twenty eight drugs were recognized in rankl, the
remaining two were determined to be rank2 and rank3. Table 5 shows the average accuracy
results and Figure 14 shows the results of four test runs. We can see that by rank6 all
drugs had been successfully identified by the system. The average recognition accuracy
rate is 92.6% for rankl1.

In Table 5, the accuracy value of Test 8 is lower than the other tests, because it has
three similar white circular drugs and one capsule was a similar color to the database
in rankl. In rank2, the system remains unable to identify the four drugs. In rank3, the
system identified two drugs, but in it two drugs were not successfully identified. By rank6
all drugs had been successfully identified. The identification results of our system are
better than those of the proposed systems of Lin [16] and Hsieh [6].

In this experiment, our system is able to identify drugs with an accuracy rate of 92.6%
in rankl, while Hsieh’s [6] proposed system only identified 82.82%. Hsieh’s proposed
system cannot effectively identify white circular drugs, lowering its recognition rate. Our
system adjusts the differing weights based on the drugs, to enable it to process a wide
variety of drugs.

TABLE 5. Accuracy of ten test runs

Rank | Test 1 |Test 2| Test 3| Test 4| Test 5| Test 6 | Test 7| Test 8| Test 9 | Test 10 | Average
Rankl| 93 90 93 97 90 93 93 87 93 97 92.6
Rank2| 97 93 97 100 97 93 97 87 97 100 95.8
Rank3| 100 93 97 100 100 97 97 93 97 100 97.4
Rank4| 100 100 100 100 100 100 100 97 100 100 99.7
Rank5| 100 100 100 100 100 100 100 97 100 100 99.7
Rank6| 100 100 100 100 100 100 100 100 100 100 100

We used the feedback to adjust our system. Table 6 shows the results of the relevance
feedback in this experimental. It shows that the recognition rate is enhanced by relevance
feedback. In Test 8, there are three similar white circular drugs, and their texture features
are not significant. However, our system can reduce identification in the rank and the
results are shown among the top four outcomes.
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FIiGURE 14. Randomly selected results of three test runs

TABLE 6. Relevance feedback by randomly selecting result

Rank |Test 1|Test 2| Test 3| Test 4| Test 5| Test 6 | Test 7| Test 8| Test 9| Test 10 | Average
Rankl| 97 97 93 100 93 93 93 93 97 97 95.3
Rank2| 100 100 97 100 97 100 97 97 100 100 98.8
Rank3 | 100 100 100 100 100 100 97 100 100 100 99.7
Rank4| 100 100 100 100 100 100 100 100 100 100 100

5.2. Experimental 2: the drug is white and circular. Since the system has diffi-
culties recognizing white circular drugs, we designed another experiment to identify only
white circular drugs. In this experiment, we selected 82 white circular drugs from among
the 263 test drugs. The test was run ten times. Twenty drug images were randomly
selected from the 82 candidate drugs. This experiment confirms that our system can
effectively identify white circular drugs. Table 7 shows the experimental results of the ten
tests done on white circular drugs. Each test was performed by identifying 20 white cir-
cular drugs images, and was completed with an average accuracy rate of 80.5% in rankl.
Our system is able to identify 80.5% of white circular drugs in rankl, while Hsieh’s pro-
posed system only identified 74%. Therefore, our system’s identification of white circular
drugs is better than Hsieh’s.

TABLE 7. The accuracy of ten times test of white circular drug results

Rank |Test 1|Test 2| Test 3| Test 4| Test 5| Test 6 | Test 7| Test 8| Test 9| Test 10| Average
Rankl| 80 75 85 80 75 85 90 70 80 85 80.5

Rank2| 90 85 90 90 85 85 90 80 85 90 87
Rank3| 95 90 100 95 90 95 95 95 85 90 93
Rank4 | 100 90 100 100 95 100 100 100 90 95 97
Rank5| 100 100 100 100 100 100 100 100 90 100 99
Rank6 | 100 100 100 100 100 100 100 100 90 100 99

Rank7| 100 100 100 100 100 100 100 100 95 100 99.5
Rank8| 100 100 100 100 100 100 100 100 95 100 99.5
Rank9 | 100 100 100 100 100 100 100 100 100 100 100

In this experiment, the test images included drugs with the same magnitude and non-
texture drugs. The accuracy value of Test 7 is lower than the other tests because it
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TABLE 8. Relevance feedback: white circular drug results

Rank | Test 1 |Test 2| Test 3| Test 4| Test 5| Test 6 | Test 7| Test 8| Test 9 | Test 10 | Average

Rankl| 90 85 90 85 80 90 90 85 80 95 87
Rank2| 100 95 95 95 90 90 95 95 85 100 94
Rank3| 100 100 100 100 95 100 100 95 90 100 98
Rank4| 100 100 100 100 100 100 100 100 90 100 99

Rank5| 100 100 100 100 100 100 100 100 95 100 99.5
Rank6| 100 100 100 100 100 100 100 100 100 100 100

contained many drugs with the same magnitude as well as non-texture drugs. However,
our system was able to identify drugs with an accuracy rate of 100% in rank9. This
system demonstrates that size and texture are important features when drugs have the
same color and shape features. In the experiment, we found that if the drugs have the
same shape and color, and the surface has no texture, the system still found it difficult
to identify the drugs.

We used the feedback to adjust the white circular drug identification. Table 8 shows the
results of the relevance feedback in this experimental. Our system improves the ranking
of the correct results: all are shown in the top 6 outcomes. Test 9 contains four similar
white circular drugs, and their texture features are not significant.

5.3. Experimental 3: the drug is not white but shape is circular. We also tested
non-white circular drugs and all circular drugs. In this experiment, there were 74 non-
white circular drugs. The test was performed five times. Twenty drug images were
randomly selected. Table 9 shows the results of non-white circular drugs. The results
show that our system is able to effectively identify non-white circular drugs.

We used the relevance feedback to adjust the non-white circular drug identification
results. Table 10 shows the results of the relevance feedback in non-white circular drugs
identification. Our system used the relevance feedback to help drug identification reach
nearly 100%, with the correct drug almost always displayed in the first or second outcome.

TABLE 9. Accuracy of the non-white circular drug test

Rank | Test 1 | Test 2 | Test 3 | Test 4 | Test 5 | Average
Rankl | 95 90 100 100 100 97
Rank2 | 100 95 100 100 100 99
Rank3 | 100 100 100 100 100 100

TABLE 10. Relevance feedback for non-white circular drug test

Rank | Test 1 | Test 2 | Test 3 | Test 4 | Test 5 | Average
Rank1 | 100 95 100 100 100 99
Rank2 | 100 100 100 100 100 100

5.4. Experimental 4: all circular drugs. This test includes all circular drugs that our
system is able to effectively identify. Twenty drug images were selected randomly from
among 156 drugs. Table 11 shows the results of ten tests of circular drugs.

In Test 9, the system identifies all of the drugs within rank7. Because Test 8 contains a
white circular drug and a non-texture drug, its accuracy value is lower than the other tests
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in rank1, for some white circular drugs in this test. Thus, it can identify the drug correctly
in rankl. We used the relevance feedback to adjust the circular drug identification results.
Table 12 shows the results of the relevance feedback in circular drug identification.

In this experiment, without relevance feedback our system accuracy is 85.5%. When
we use relevance feedback, accuracy rises to 93.5%. White circular drugs affect the identi-
fication of circular drugs, but the system remains able to identify the drug within rank5.

TABLE 11. Circular drug test accuracy

Rank |Test 1| Test 2| Test 3 | Test 4 | Test 5| Test 6| Test 7| Test 8 | Test 9 | Test 10 | Average
Rankl| 90 85 85 85 85 90 90 75 85 85 85.5
Rank2| 90 90 90 85 90 90 95 90 85 90 89.5
Rank3| 95 90 100 90 95 95 95 95 90 90 93.5
Rank4 | 100 90 100 90 95 100 100 100 95 100 97
Rank5| 100 100 100 100 100 100 100 100 95 100 99.5
Rank6 | 100 100 100 100 100 100 100 100 95 100 99.5
Rank7| 100 100 100 100 100 100 100 100 100 100 100

TABLE 12. Relevance feedback in circular drug results

Rank |Test 1|Test 2| Test 3| Test 4| Test 5| Test 6 | Test 7| Test 8| Test 9| Test 10 | Average
Rankl| 95 95 95 95 90 95 100 85 90 95 93.5
Rank2| 100 95 100 95 95 100 100 95 90 95 96.5
Rank3 | 100 100 100 100 95 100 100 100 95 100 99
Rank4| 100 100 100 100 100 100 100 100 95 100 99.5
Rank5| 100 100 100 100 100 100 100 100 100 100 100

5.5. Experimental 5: the capsules. In this experiment, we select 48 capsules from
among the 263 drugs for the test. This test was performed five times, and twenty drug
images were randomly selected. Table 13 shows the results of the capsule test. The
average recognition accuracy rate is 93% for rank1. The system identifies capsules within
the top 4 of all retrieved drug identifications. We use the relevance feedback to adjust
the capsule identification results. Table 14 shows the results of the relevance feedback
in capsule identification. Our system used relevance feedback to help drug identification
attain nearly 100% recognition, with all correct results falling in either rankl or rank?2.

TABLE 13. Capsule test results

Rank | Test 1 | Test 2 | Test 3 | Test 4 | Test 5 | Average
Rankl | 95 90 90 95 95 93
Rank2 | 95 95 95 100 100 97
Rank3 | 100 100 95 100 100 99
Rank4 | 100 100 100 100 100 100

6. Conclusions and Future Work. In this paper, we have proposed an automated drug
image identification system using multiple image features that adjusts the features weights
to identify drugs. In our system, users input a drug image onto the black background. Our
system will then automatically identify the drugs users provide. The average recognition
accuracy rate is 95.3% in rankl of random selection tests using relevance feedback to



3012 R.-C. CHEN, Y.-K. CHAN, Y.-H. CHEN AND C.-T. BAU

TABLE 14. Relevance feedback: capsule results

Rank | Test 1 | Test 2 | Test 3 | Test 4 | Test 5 | Average
Rankl | 95 100 95 100 100 98
Rank2 | 100 100 100 100 100 100

adjust the answers. The experiment confirms that our method for drug identification is
feasible and effective, especially for white circular drugs. However, the system still errs
with drugs of similar color, magnitude and texture.

In future work, we will explore the use of other digital devices such as mobile phones
to access and operate the system. We also recommend including more robust drug in-
formation, such as drug ingredients and side effects, to enhance the value of the drug
identification system.
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