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Abstract: Handwriting recognition of medical prescriptions has been a challenging
problem over the recent years with constant research in providing possible
accurate solutions. Indecipherable handwritten prescription and inefficacy of
Pharmacist to understand the medical prescription can lead to serious and harmful
effect to the patients. In this paper, a document retrieval approach based on word
spotting for medical prescriptions is proposed. The proposed approach involves
extracting the domain specific knowledge of doctors by recognising printed text on
letterhead part of the prescription in order to narrow down the search operation for
word spotting in handwritten portion of the prescription. Handwritten word spotting
performs on offline text portion using Hidden Markov Model. Experiment is
performs on 500 prescriptions with a large heterogeneous medical data in varied
environment to evaluate the effectiveness of the algorithm and thereby reveal the
cognitive interpretation of Handwritten Prescriptions.
Keywords: Handwritten recognition; Medical prescription; Word spotting;
Line segmentation.

1 INTRODUCTION
Interpretation of handwritten documents has been
one of the most active areas of research in the last
decades due to its large scope of practical
applications. Handwriting recognition is challenging
because of the large variability of writing styles,
cursive nature and vocabulary size [3, 6, 17].
Though high recognition rates are achieved in
character recognition, offline text recognition is not
easy where the existing recognition systems cannot
meet the requirements for real applications. The

techniques in this field have been used in
applications such as automatic address reading [12,
18, 22], bank check processing [5] and recognition
of text filled in by hand on forms [15], but it is
rarely applied in doctors' handwritten prescriptions
because of great challenges in readability using
naked eye [8].While checking patients, doctors
write reports and prescribe the medicines and in
many hospitals, printed medical prescription
formats are used which is easy to keep records of
these datasets as well as for analysis of various

mailto:csuvro.n@gmail.com


Mukherjee et al., Advances in Industrial Engineering andManagement, Vol. 6, No. 2 (2017), 90-96

91

medicines prescribed by practitioners across the
world. The statistical analysis of medicines provides
a good idea about that particular brand of medicine
which is most widely preferred as well as those
which are of less preference. Difficulty arises when
handwritten prescription evaluation comes into play
as OCR of such documents will fail most of the
times.

A medical prescription is usually a letterhead of
personal or organizational template, partitioned into
two parts-a printed letterhead part an the top of the
document containing the doctor’s name, designation,
doctor’s registration number, organization name, etc.
and a handwritten part with patient’s name, report
findings of the patient and prescribed medicine
names.

Fig. 1. An example of a Prescription from our dataset.

Fig. 1 shows an example of a medical prescription
where the medicine names (‘ROLFS D’LOXOF
750’ ‘LORNOXI CAM 8’) and the disease
diagnosed (‘Multiple joint pain’, ‘chilled fever’)can
be identified as shown by arrow points.The patients
face lot of problems to understand the report
because of the sloppy handwriting of doctors and
unstructured text. Misreading might lead to
mistreatment that can affect the patients and is a
disaster for healthcare.

There are many challenges faced by doctor’s
handwritings which makes it very difficult to be
understood by any other available systems. Word
spotting usually detects words or phrases in speech
messages and also mark out words in typed text
documents. It was first proposed for off-line

handwritten documents where indexing a key-word
becomes prominent. Handwritten word spotting is
traditionally viewed as an image matching task
against a query with a set of candidate words stored
in a database [2, 7]. Keyword spotting was done for
“street names” [22] and Holistic techniques are
presented [9, 23], where an image is described with
a single feature vector. There exists another type of
approach [10, 13, 14] which describes a word image
as a sequence of character labels. Chen et al. [8]
introduced doctor’s handwriting recognition using
online information.

This paper is aimed at automatic transcription of
handwritten prescriptions, which pose great
difficulties in readability, with the help of keyword
spotting. A new approach is proposed by
incorporating medical knowledge into text
recognition process. From the printed letterhead part
of the prescription the attributes of the doctor
(discipline, department and designation) are
retrieved with the help of an OCR specially
designed for printed text recognition. The doctor's
domain thus extracted is indexed with the search
keyword of disease or medicine. It follows an
offline handwritten word spotting using Hidden
Markov Model to search the queried keywords in
the written text portion of the prescription. Word-
spotting approach given in Fig. 2. is developed to
improve the word searching without recognition.

Fig. 2. The flowchart of the proposed word spotting system in
handwritten portion of medical prescriptions.

The rest of the paper is organized as follows:
Keyword spotting approach is described in Section
II. In Section III, the knowledge extraction from
letterhead part of prescription is explained followed
by data details and experimental details of the



Mukherjee et al., Advances in Industrial Engineering andManagement, Vol. 6, No. 2 (2017), 90-96

92

proposed system in Section IV. Finally, conclusions
and future work are presented in Section V.

2 KEYWORD SPOTTING
Word spotting is considered for the purpose of
retrieving keywords from handwritten prescription
images. The advantage of word spotting is that it
allows users to search for arbitrary keywords in the
document without transcribing the handwriting. In
our system we consider the keywords as disease or
medicine names and the spotting approach will
match word images extracted from prescription. A
score will be assigned to the word image that
represents the likelihood of the image being the
same keyword. If this likelihood is greater than a
certain threshold, the image is returned as a positive
match. The matching is performed using Hidden
Markov Models (HMM). As processing steps, the
input images are normalized in order to cope with
the writing variations. Next features are extracted
using a sliding window from the image.

2.1 Feature Extraction
PHOG [20] is the spatial shape descriptor which
calculates the feature of the image with the help of
spatial layout and local shape of the object and also
comprising of gradient orientation at each pyramid
resolution level. PHOG feature has been found
efficient in our word spotting system where for
feature extraction the sliding window is divided into
several pyramid levels. The grid has 4N individual
cell at N resolution level (i.e. N=0, 1,2,..). From
these individual cells, the histogram of gradient
orientation of each pixel is calculated and is
quantized into L bins where each bin denotes some
particular octant in the angular radian space. The
concatenation of all feature vectors at each pyramid
resolution level gives the final PHOG descriptor. L-
vector at level zero represents the L-bins of the
histogram. Any individual level has dimensional

feature vector where N is the pyramid
resolution level (i.e. N=0, 1, 2….). So, the final
PHOG descriptor consists of

dimensional feature vector,

where K is the limiting pyramid level. Here we have
limited the level to K=2 in our implementation and
we considered 8 bins and 360º/45º of angular
information. Hence (1×8) + (4×8) + (16×8) =
(8+32+128) = 168 is the dimensional feature vector
for individual sliding window position of the
proposed system.

2.2 Hidden Markov Model
Hidden Markov Model is applied based sequential
classifier for word spotting application. It is used to

model sequential dependencies. HMM is defined by
its initial state probabilities, state transition matrix
and output probability matrix. A separate Gaussian
Mixture Model (GMM) is defined for each state of
model. The recognition part is performed using the
Viterbi algorithm and the entire process is
performed with the HTK toolkit [1].

2.3 Score Normalization
In Score Normalization, during the training process,
character HMMs are trained based on transcribed
text line images. At the recognition stage, the
character HMMs are connected to a keyword text
model in order to calculate the likelihood score of
the input word image. This likelihood score is
normalized with respect to a general filler model
before it is compared to a threshold. The score S(X)
of image X for keyword W is based on posterior
probability p(W|X).

log p(W|X) = log p(X|W) + log p(W) - log p(X) (1)

From Bayes’ rule in (1), the prior p(W) can be
integrated into a keyword specific threshold that is
optimized at training stage generating (2).

S(X) = log p(X|W) − log p(X) (2)
For arbitrary keywords we assume equal priors.
p(X|W) is modelled using a HMM and p(X) is
modelled with a Filler model. The score S(X) is
then compared with a threshold T. The optimal
value of T can be determined during training
according to the user needs.

3 KNOWLEDGE EXTRACTION
Text images extraction from the prescription starts
before the word spotting is applied. The document
image is first converted into binary image using
global histogram-based binary method. The word
spotting approach searches the keyword in binary
text images and the binary document is segmented
into individual text lines using a probable line
segmentation algorithm [4]. Hence, some
components of a line are obtained from smoothed
text regions of document with precision. The upper
and lower boundary information of a text line is
obtained from background regions. Foreground
seed components and boundary information are
used to segment the text-lines. The words are
segmented from text lines using a run-length
smoothing algorithm.

3.1 Printed and Handwritten Word Separation
A number of papers on handwritten and machine
printed text identification exist where the
classification is performed at text line, word, or
character level [14]. Usually, printed text words are
typically arranged regularly along a straight-line,
while handwritten text are irregular with varying
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baseline. Hidden Markov Model based classifier
has been applied successfully for line and word
level handwritten as well as machine printed text
classification [16, 19].

In the proposed system we apply HMM based
approach at word level classification stage. The
sliding window based feature extraction is applied
after normalizing the text height. PHOG features,
described earlier, are extracted in each sliding
window and the feature sequence is fed to HMM
classifier. The HMM predicts the mode of the text
word whether it is machine printed or handwritten
the results of which is shown in Fig. 3. If it is
machine printed text, we use an off-the-shelf OCR
tool for recognition. For handwritten text words,
written by Doctors for prescribing the medicines,
system is enabled to look for the target words in
accordance to word spotting approach.

Fig. 3. Examples of (a) Machine printed and (b) Handwritten
text words separated by the proposed system.

3.2 Machine Printed Text Recognition
Handwritten medical prescriptions are primarily
categorized into its printed part and handwritten
part. As described earlier, the printed section
contains information about the doctor’s name,
organization, specialization (department or
discipline) which is later used for searching and
sorting process. This section is recognized with the
help of “Tesseract” OCR. Printed word images are
fed into OCR which extracts and recognizes the
required text as in Fig. 4. The ASCII text obtained
from OCR are then searched to find the words of
doctor’s specialization and department list.
Sometimes Tesseract may lead to partial
recognition and searching through a particular
keyword then creates a problem with generation of
minute error as shown in Fig. 4. To avoid this error,
a string matching algorithm with edit distance has
been integrated to predict the word present in the
archived datasets.

Fig. 4. Printed text and corresponding OCR output results.

3.3 Knowledge Propagation

The handwritten part is considered to retrieve the
disease or medicines extraction and the information
from printed letterhead part is used to narrow down
the target documents. As mentioned earlier, the
printed part is recognized with the help of Tesseract
and the searching procedure is performed on the
resultant files where corresponding department or
discipline is found. The process is designed to
search keywords of medicine or disease names in
the prescription sets where the searched word is a
user input. A database is created by linking the
keywords of medicine or disease names with their
corresponding department, i.e. the department of
medical science under which the disease is
categorized in. For example, if we search a
medicine e.g., ‘TGTOR’ which is generally
prescribed by the doctors when an individual has
‘Cholesterol problem’ and this lies under the
department of ‘Cardiology’. Thus while searching
the medicine name taken as user keyword, the
process is developed to sort out with respect to its
reference disease along with the corresponding
department where ‘department name’ is the key for
search in the resultant files, ‘department name’
being the recognized doctor’s specification. Thus,
the system searches the medicine accordingly and
refers to the corresponding prescriptions available
in the dataset, in which the medicines can be found
and the word spotting is done on the referred files.

4 EXPERIMENT AND RESULTS
4.1 Experimental Data Set
Medical prescriptions are not easily available where
doctors write the prescriptions and hand it over to
the patient and rarely do they keep a copy of it.
Prescription contains the medical details of an
individual which in terms of medical professionals
is a confidential entity. For our experiment, we have
collected 500 prescriptions written by doctors. The
documents contain handwritten text lines ranging
from 6 to 25. These were collected from 230
patients of different profession. A wide variety of
prescriptions have been collected which includes
different departments like orthopaedics, dental,
medicine, ENT, cardiology, eye, paediatrics,
dermatology and gynaecology. There appear
diseases like periodontitis, fever, fracture, heart
attack, chicken pox, infections, diarrhoea,
pregnancy, URTI, etc. Some of the medicine names
like, metrogyl, hifenac, lancet, calpol, pacimol,
crocin, augmentin, etova, estovon, panedo, asfer,
asilac, cifran, etc. Experiments are conducted to
evaluate the efficiency and effectiveness of the
proposed system and approach. The present study
includes 11 department names (doctor's
specialization), 25 disease names and 145 medicine
names.



Mukherjee et al., Advances in Industrial Engineering andManagement, Vol. 6, No. 2 (2017), 90-96

94

4.2 Test on Printed and Handwritten Text
Seperation
The printed header (letterhead) parts and the
handwritten parts are separated first. Then we
classify the Letterhead and handwritten part into
two classes by using HMM to proceed with
knowledge propagation. We have used PHOG
feature for this purpose. According to the class of a
testing sample, we fed them either into a printed
text OCR engine (i.e. Tesseract in our case) for
medical field categorization described in section III,
or into a word spotting system for finding out the
names of the medicines. We performed our printed
and handwritten separation experiment on 1523
samples (of both types) as training data and 916
samples as testing data. We achieved an accuracy of
97.5%. Fig.5. shows some examples where our
approach separates correctly.

Fig. 5. Qualitative results identifying the text lines correctly.

4.3 Test on Printed Word Recognition
For extraction and recognition of information about
the doctor’s specifications, name, the letter-head of
a medical prescription is used and hence it is used
while searching a medicine in the handwritten part
by word spotting. The experiment is conducted with
the help of Tesseract which recognises the printed
text in the image by extracting it in the form of
blocks and gives a corresponding output. It is noted
that, using Tesseract, we achieve 82.76% of
accuracy in our dataset. The errors are generated
mainly due to scanned images having low
resolution. Sometimes due to slant and skew of
word image, it produced error. Also, when the
background is dark compared to foreground, the
binarization process failed which lead to wrong
recognition. After applying the edit distance based
string matching some errors were corrected. During
matching with a list of words, it predicts the correct
word. We have achieved an accuracy up to 90.4%
on department name search retrieval.

4.4 Test on Word Spotting
We have considered the IAM English sentence
dataset [21] to train the HMM-based system. 170
keywords have been used in our experiment. These
contain both disease and medicine names. Total
1,058 images are obtained using our word
segmentation algorithm. PHOG features are
extracted from these word images and HMM based
word spotting is applied for word spotting. Some
examples of qualitative results are shown in Fig.6.

For comparison, we have considered LGH [2]
feature for word spotting. Similar to PHOG, a
sliding window is shifted from left to right of the
word image with overlapping the present between
two consecutive frames. Each sliding window is
divided into 4x4 cells and from each cell histogram
of gradient (with 8 bins) is computed. The size of
the feature dimension is 128. To summarize the
performance of a system with a single figure, the
average precisions (AP) is measured for the 170
keywords and the mean is reported. It is referred as
mean AP or mAP. Word spotting performance with
different Gaussian numbers is detailed in Table I.
These results are obtained with 8 Gaussian Mixtures
and State number 6. Table II shows the mAP with
best performance obtained using PHOG features. It
is to be noted that with knowledge information
using department and discipline word from printed
letterhead, the overall accuracy has been improved
by 6.8%.

Table 1. MAP values in HMM using different gaussian.

Printed Text
used in Spotting Feature 8 G 16 G 32 G

NOT USED

LGH 0.542 0.532 0.517

PHOG 0.566 0.549 0.531

USED
LGH 0.583 0.577 0.572

PHOG 0.634 0.625 0.617

Table 2. MAP values with PHOG features.

Printed Text used in
Spotting

MAP

NOT USED 0.566

USED 0.634

Fig. 6. Qualitative results of the System showing capability to
detect Keywords.

4.5 Error Analysis
Few areas where errors are common, special care
has been taken to ensure the accuracy of the
experiment. The first error occurs in the primary
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step where a hazy picture i.e. a picture with noise
may result in faulty recognition or even no
recognition. Thus images are scanned taking special
care with proper resolution values so that noise
level is irradiated. Handwritings are of great
variations and hence recognition is a complex
process. Due to multiple slant and skew, as in Fig. 7.
the segmentation of lines becomes nearly
impossible and these factors also affect the
procedures in word spotting, i.e. it may lead to
wrong prediction by HMM output and the spotted
word may be incorrect.

Fig. 7. Examples where system fails in detecting complex
handwritten text.

5 CONCLUSION
The paper is proposed by concentrating on
keyword spotting based approach for information
retrieval from handwritten medical prescription
images. It includes a new retrieval technique of
medicine as well as disease names in the
prescription archive. The experiments reveal that
the keyword retrieval accuracy in handwritten
documents has been improved by 6.8% using the
knowledge extraction from printed letterhead.

This system aims to eradicate the problems that a
patient faces while reading a prescription because
of poor handwriting of doctors. Moreover,
hospitals have started maintaining a digital
prescription dataset which is quite useful while
retrieving the medical history of any patient and
while referring a patient from one hospital to
another. The proposed system will allow to keep
the records of handwritten medical prescriptions
which can be used for academic purposes, i.e.
while studying the case history of a patient, for
legal purposes and research work. Additional
analytics software can be introduced which will
help in understanding the medicine values, usage
and further details. The automatic transcription of
such prescriptions can be processed in future and
more useful features can be added to it in order to
make it more accurate.
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