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a b s t r a c t
Recent developments in recognition of cursive scripts rely on implicit feature extraction methods that
provide better results as compared to traditional hand-crafted feature extraction approaches. We present
a hybrid approach based on explicit feature extraction by combining convolutional and recursive neural
networks for feature learning and classiﬁcation of cursive Urdu Nastaliq script. The ﬁrst layer extracts
low-level translational invariant features using Convolutional Neural Networks (CNN) which are then forwarded to Multi-dimensional Long Short-Term Memory Neural Networks (MDLSTM) for contextual feature extraction and learning. Experiments are carried out on the publicly available Urdu Printed Text-line
Image (UPTI) dataset using the proposed hierarchical combination of CNN and MDLSTM. A recognition
rate of up to 98.12% for 44-classes is achieved outperforming the state-of-the-art results on the UPTI
dataset.

1. Introduction
Feature extraction is one of the most signiﬁcant steps in any
machine learning and pattern recognition task. In case the patterns
under study are images, selection of salient features from raw image pixels not only enhances the performance of the learning algorithm but also reduces the dimensionality of the representation
space and hence the computational complexity of the classiﬁcation task. As a function of the problem under study, a variety of
statistical and structural features computed at global or local levels have been proposed over the years [1,2]. Extraction of these
manual features is expensive in the sense that it requires human
expertise and domain knowledge so that the most pertinent and
discriminative set of features could be selected. These limitations
of manual features motivated researchers to extract and select automated and generalized features using machine learning models,
especially, for problems involving visual patterns such as object detection [3], character recognition [4] and face detection [5].
A number of studies have shown that convolutional neural network (CNN), a special type of multi-layer neural network, realizes
∗
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high recognition rates on a variety of classiﬁcation problems. CNN
represents a robust model that is able to recognize highly variable
patterns [6] (such as varying shapes of handwritten characters)
and is not affected by distortions or simple transformations of the
geometry of patterns. In addition, the model does not require preprocessing to recognize visual patterns or objects as it is able to
perform recognition from the raw pixels of images directly. Moreover, these visual patterns are easily detected regardless of their
position in the image by observing CNN’s shared weight property.
In shared weights property, the CNN model uses replicated ﬁlters
that have identical weight vectors and have local connectivity. This
weight sharing eliminates the redundancy of learning visual patterns at each distinct location, consequently limiting each neuron
in the model to have local connectivity to a local region of the
entire image. Furthermore, weight sharing and local connectivity
reduces over-ﬁtting and computational complexity, giving rise to
increased learning eﬃciency and improved generalizations for
machine translation. Due to this robust weight sharing property
of CNN architecture, it is sometimes known as shift invariant or
shared weight neural network or space invariant artiﬁcial neural
network. The general architecture of a CNN model illustrated in
Fig. 1. The ﬁrst layer, generally termed as the feature extractor
part of the CNN, learns lower order speciﬁc features from the raw
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Fig. 1. General architecture of CNN [7].

image pixels [6]. The last layer is the trainable classiﬁer which is
used for classiﬁcation. The feature extractor part also comprises
two alternate operations of convolution ﬁltering and sub-sampling.
The illustrated model shows a convolution ﬁltering (C) of size 5 ×
5 pixels and a down sampling ratio (S) of 2, represented by C1, S1,
C2 and S2 respectively.
In a number of studies, CNN model has been used to extract
features while another model is applied for classiﬁcation [8–10].
These include applications like emotion recognition [11], digit and
character recognition [12–15] and visual image recognition [12].
Huang and LeCun [6] conclude that CNN learns optimal features
from the raw images but it is not always optimal for classiﬁcation.
Therefore, the authors merged CNN with SVM, i.e. the features extracted by the CNN are fed to the SVM for classiﬁcation of generic
objects. These generic objects included animals, human ﬁgures, airplanes, cars, and trucks. The hybrid system realized a recognition
rate of upto 94.1% as compared to 57% (only SVM) and 92.8% (only
CNN).
In [8], Lauer et al. employed CNN to extract features without
prior knowledge on the data for recognition of handwritten digits.
Combining the features learned by the CNN with SVM, the authors
report a recognition rate of 99.46% (after applying elastic distortions) on the MNIST database. In another similar study, Niu and
Suen [9] employed CNN as a trainable feature extractor from raw
images and used SVM as recognizer to classify the handwritten
digits in the MNIST digit database. This hybrid systems realized a
recognition rate of 94.40%.
Donahue et al. [10] investigated the combination of CNN and
LSTM (Long-Short-Term-Memory network) for visual image recognition on UCF-101 database [16], Flickr30k database [17] and the
COCO2014 database [18]. The combination reported promising
classiﬁcation results on these databases. In another interesting
work [19], authors report the combination of convolution and
recursive neural network for object recognition. CNN is used
for extraction of lower features from images of RGB-D dataset
followed by RNN forest for feature selection and classiﬁcation.
Similarly, Bezerra et al. [20] integrated a multi-dimensional recurrent neural network (MDRNN) with SVM classiﬁers to improve the
character recognition rates. In [21], Chen et al. proposed T-RNN
(transferred recurrent neural network). The authors extracted
visual features using CNN and detected fetal ultrasound standard
planes from ultrasound videos reporting very promising results.
In a later study [22], the authors combined a fully convolutional
network (FCN) and recurrent network for segmentation of 3D
medical images. The proposed technique was evaluated on two
databases and realized promising results.

Accurate sequence labeling and learning is one of the most
important tasks in any recognition system. The sequence labeling needs not only to learn the long sequences but also to distinguish similar patterns from one another and assign labels accordingly. Hidden Markov models (HMM) [23], Conditional Random Field (CRF) [6], Recurrent Neural Network (RNN) and variants
of RNN (BLSTM and MDLSTM) [4,24–26] have been effectively applied to different sequence learning based problems. A number of
studies [27–30] have concluded that LSTM outperforms HMMs on
such problems.
This paper presents a new convolutional–recursive deep learning model which is a combination of CNN and MDLSTM. The proposed model is mainly inspired from the one presented by Raina
et al. [31] and is applied to solve character recognition problem
on Urdu text in the Nastaliq script. The proposed system employs
CNN for automatically extracting lower level features from a large
MNIST dataset. The learned kernels are then convolved with text
line images for extraction of features while the MDLSTM model is
used as the classiﬁer. Each (complete) text-line image is fed as a
sequence of frames denoted by X = (x1 , x2 , . . . , xi ) with its corresponding target sequence denoted as T = (t1 , t2 , . . . , t j ). The input
sequence of frames (X) is the set of all input character symbols
from the text line images and target sequence is a set of all sequence of alphabets of labels (L) in ground truth or transcription
ﬁle, i.e., T = L∗ . The size of target sequence set (T) is less than or
equal to input sequence set (X), i.e., |T| ≤ |X|.
Let the data sample be composed of sequence pairs (X, T) taken
from the training set (S) independently from the ﬁxed distribution
of both sequences DX × T . The training set (S) is used to train the
sequence labeling algorithm f: X → T and then assign labels to the
character sequence of the test set (S ) having sample distribution
(S ∈ DX × T ). The label error rate (Errorlbl ) is computed as follows.

Er ror lbl =

1 
ED(h(X ), T )
T


(1)

(X,T )∈S

where ED(h(X), T) is the edit distance between the input character sequence (X) and the target sequence (T) and is employed to
compute the error rates.
The main contributions of this study include:
• Demonstration of how convolutional–recursive architectures
can be used to effectively recognize cursive text which forbids traditional feature learning due to the large number of
classes/recognition units involved.
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Fig. 2. An overview of convolutional–recursive deep learning model: a single CNN layer extracts low level features from Urdu textline. Six ﬁlters (K1–K6) taken form the
ﬁrst layer of CNN and ﬁlter with the contoured image. The convolutionalized images and contour representation of textline are given as input to a MDLSTM with random
weights. Each of the neurons then recursively maps the features into a lower dimensional space. The concatenation of all the resulting vectors forms the ﬁnal feature vector
for a Connectionist Temporal Classiﬁcation (CTC) output layer.

• Addressing the challenge of learning feature extraction from
a huge number of ligature classes (over 20,0 0 0 in Urdu) by
proposing a novel transfer learning mechanism in which representative features are learned from only a small set of classes.
• Showcasing the generalization of the feature extractor by training it on isolated handwritten English digits and then applying
it for cursive Urdu machine printed text recognition.
• Evaluation performed on a benchmark UPTI dataset, thereby facilitating more informative future evaluations.
The rest of this paper is organized as follows. Section 2 details the proposed methodology of combining CNN and MDLSTM
for character recognition. Experimental results along with a comparison with the existing systems are presented in Section 3 while
Section 4 concludes the paper.
2. Convolutional–recursive MDLSTM based recognition system
In this section, we present the novel convolutional–recurisve
deep learning technique proposed in this study. The proposed technique for recognition of Urdu text lines relies on machine learning
based features extracted using the CNN. Features are learned using
the MNIST digit database [32]. The ﬁrst convolutional layer of the
CNN learns generic features from images of digits. These features
are then computed for Urdu text lines and are fed to the MDLSTM
for learning higher level transient features and classiﬁcation. Prior
to feature extraction, the text line images are normalized in size
by preserving the aspect ratio while the pixel values in the image
are standardized using mean and standard deviation. The general
idea of learning the features through CNN and performing classiﬁcation using LSTM is illustrated in Fig. 2. The details on different
key steps of the technique are presented in the following sections.
2.1. Dataset
We have realized the proposed system on Urdu Printed Text Image (UPTI) dataset [33]. The database comprises more than 10,0 0 0
Urdu text lines generated synthetically in Nastaliq font from a

Table 1
Distribution of UPTI dataset in training, validation and test sets.
Sets

Text lines

Characters

Training set
Validation set
Test set

6800
1600
1600

506,569
137,785
126,985

well-known Urdu newspaper (Jang).1 This dataset covers a wide
range of topics on political, social, and religious issues. The distribution of the database into training, validation and test sets is
summarized in Table 1. In supervised classiﬁcation, class labels are
required to be generated for data elements in the input space. This
is known as ground truth or transcription. LSTM being a supervised
learning model, also requires the ground truth values for each image in the input space. In our study, the shape variations of a
character including beginning, middle, ending and isolated forms
(of a basic character such as “ ”) are grouped into a single class
and are assigned one label. This produces a total of 44 unique labels at character level transcription. Among these labels, 38 labels
represent basic characters, 4 labels represent the commonly occurring secondary characters (noonghuna, wawohamza, haai, and
yeahamza), 1 label for SPACE and 1 extra label for the blank. The
ground truth transcription of each text line is provided as an input
to the network along with the sequence of feature vectors. An example text line and its ground truth transcription are illustrated in
Fig. 3.
2.2. Normalization and standardization
Data normalization, in general, refers to ﬁt the data within
unity and is mostly realized using the following equation.

Xnew =

1

X − Xmin
Xmax − Xmin

http://jang.com.pk

(2)
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kernels (K1–K6) as shown in Fig. 6. These kernels are then used to
convolve the Urdu text line images (m) and result in convolutionalized text line images mK1 = m ∗ K1 , mK2 = m ∗ K2 , ...mK6 = m ∗ K6
for training the MDLSTM as discussed in the next section.
2.4. Learning and training using MDLSTM
Fig. 3. A sentence in Urdu: (a) Text line image. (b) Ground truth or transcription.

Fig. 4. Sample images of digits (0–9) from the MNIST dataset.

In our case, we deal with 8-bit grayscale images having pixel values in the interval [0–255]. We normalize the pixel values by dividing each value by 255 hence ensuring that the normalized pixel
values are in the interval [0–1]. Likewise, we also carry out standardization of the pixel values. Standardization provides meaningful information about each data point and gives a general idea
about the outliers (values above or below a z-score). Standardization is carried out by subtracting the mean intensity from each
pixel value of the image and dividing by the standard deviation
of the pixel values as summarized in the following equation.

Xnew =

X −μ

σ

(3)

Where
X represents a data point
μ The average of all the sample data points
σ The sample standard deviation
The X s (average) and σ x, s (standard deviation) are later reused
in normalizing the test and validation data.
2.3. Feature extraction using CNN
We employed a ﬁve layered CNN model (Fig. 1) for extraction of
generic and abstract features from 60,0 0 0 handwritten digits images of the MNIST database. The major motivation of using this
database for learning of features is that segmentation of text into
words or sub-words is a challenging problem in cursive scripts
like Nastaliq. Since CNNs require labeled training data in a large
amount, manually creating segmented data from Nastaliq ligatures
is not feasible. Our hypothesis is that the isolated digits consist of
strokes (horizontal, vertical, diagonal, circular and oval etc.) which
also make the foundation of any other writing style such as Urdu
Nastaliq script – essentially writing is stroke-based in all scripts
and languages. Sample digit images of the database are illustrated
in Fig. 4. On the training set, we realized an error rate of 0.11%
(classiﬁcation rate of 99.89%) on the MNIST dataset as illustrated
in Fig. 5.
The ﬁrst convolution layer C1 of the CNN extracts abstract and
generic features such as lines, edges and corner information from
the raw pixels of the image. The inner layers are known to extract
relatively low level features. We, therefore, selected features from
the ﬁrst convolutional layer C1 in the form of convolution ﬁlters or

As discussed earlier, the system is trained using a multidimensional LSTM. LSTM represents a variant of the recurrent neural networks (RNN) [34]. Recurrent neural networks are artiﬁcial
neural networks with cyclic paths or loops. The loops not only allow dynamic temporal behavior of the network but also enable the
network to process arbitrary sequences of inputs through internal
memory. These networks, however, cannot learn long term dependencies. The problem was addressed by introduction of LSTM–RNN
[35] which are capable of retaining and correlating information for
longer delays. The basic unit of LSTM architecture is a memory
block with memory cells and three gates (input, forget and output).
The standard one dimensional LSTM network can also be extended
to multiple dimensions by using n self connections with n forget
gates [36].
To train the LSTM on Urdu text lines, we ﬁrst ﬁnd the skeletonized image of each line. The six kernels (K1 − K6 ) extracted
through CNN are then used to convolve the skeletonized images of
text lines. The skeletonized image of a text line (Fig. 7(b)) and the
six convolved images (Fig. 7(c)–(h)) are used as features and are
fed to the MDLSTM for training as outlined in Fig. 2. As discussed
earlier, the kernels are extracted using the MNIST database as the
digit images share many common strokes with the Urdu text and
are already segmented.
The values of different parameters for MDLSTM classiﬁer are
shown in Table 2. The extracted feature vector is divided into 4
× 1 small patches having a height of 4 rows and width of 1 column and fed to the MDLSTM with the corresponding ground truth.
The MDLSTM model scans the input patch in all four directions.
The network comprises 3 hidden layers of LSTM cells having sizes
of 2, 10 and 50 respectively. All these hidden layers are fully connected and each of them is further divided into two sub-sampling
layers having sizes of 6 and 20 respectively. The sub-sampling layers are feed-forward tanh layers. The features are collected into 4
× 2 hidden blocks and these blocks are then fed to the feed forward layer which employs tanh summation units for the cell activation. The MDLSTM activation ﬁnally collapses into a one dimensional sequence. The Connectionist Temporal Classiﬁcation (CTC)
layer [37] then labels the contents of the one dimensional sequence. The CTC output layer has the same number of labels (L)
of target sequences (T) with one additional label for blank/null,
hence the total labels (L ∗ ) are L ∪ {blank/null}. Each element of L ∗
is known to be a path for each input character sequence x and
is denoted as η. The CTC output layer computes the conditional
probabilities for η against each input sequence x as shown in the
following.

p(η|x ) =

N


Yηt t

(4)

n=1

Where Yηt t is output activation against input unit at time t.
We have used gradient descent optimizer to reduce the loss.
The loss is obtained by Connectionist Temporal Classiﬁcation (CTC)
loss function. Assuming S to be a training set containing pairs of
input and target sequences (X, T), provided |T| ≤ |X|, the objective
function  for CTC is the negative log probability of the network
correctly labelings all of S.

=−


(X,T )∈S

ln p(T /X )

(5)
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Fig. 5. Error rate of CNN on 60,0 0 0 samples images from MNIST dataset on different number of epochs.

Fig. 6. Selected feature kernels K1, K2, K3, K4, K5 and K6.

Fig. 7. Urdu text line (a) Original image (b) Skeletonized image (c)–(h) Six convolutionalized images representing results of ﬁltering the skeletonized text lines image (m)
with each of the kernels (K 1–K 6) extracted by CNN.
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Table 2
Parameters values for training the MDLSTM network using automatic features extracted by CNN.
Parameters

Values

Horizontal sampling

Vertical sampling

Input block size
Hidden block size
Subsample sizes
Hidden sizes
Learning rate
Momentum
Total network weights

4×1
4 × 2 and 4 × 2
6 and 20
2, 10 and 50
1 × 10–4
0.9
143,581

1
2
–
–
–
–
–

4
4
–
–
–
–
–

Fig. 8. Training of MDLSTM on different number of epochs using CNN features.

Table 3
Accuracies achieved by hybrid
Urdu recognition system.
Set

Accuracy (%)

Training
Validation
Testing

99.4
98.73
98.12

The network is trained by using gradient descent optimizer
with a learning rate of 1 x 10−4 and a momentum of 0.9. First,
 is differentiated with respect to the outputs. Backpropagation is
then used through time to ﬁnd the derivatives with respect to the
weights.
The total number of weights of the network cells are 143,581.
The training was stopped when there was no improvement in the
error rate of validation set for 30 consecutive epochs.
The curves for character error rates on different number of
epochs for training and validation sets are illustrated in Fig. 8. The
classiﬁcation rates read at 99.40% and 98.73% on training and validation sets respectively on epoch 128. Table 3 summarizes the
character error rates on training set and validation set for best network.
3. Results and comparative analysis
Table 4 compares the performance of the proposed technique
with the existing systems evaluated on the UPTI database. These
include implicit segmentation based approaches [38–41] and the
segmentation free approach using context shape matching technique presented in [33].

The meaningful comparisons of our system are possible with
the work of Ul-Hassan et al. [38] and Ahmed et al. [39] where the
authors employed BLSTM on raw pixels. Ul-Hasan et al. [38] reported an error rate of 5.15% while Ahmed et al. [39] achieved an
error rate of 11.06%. BLSTM scans images in only horizontal dimension hence it is likely to make errors in the presence of excessive
dots or diacritics or vertically overlapped ligatures. It should, however, be noted that in [38], authors employ 10,064 text lines with
46% in the training set, 34% in the validation set and 20% in the
test set. In [39], authors employ the extended version of the UPTI
database where different degradations are applied to the original
text lines to increase the database size. A total of 27,195 text lines
are employed in [39] with 45.6% in training set, 43.9% in validation set and 10.4% in the test set. Further comparison is possible
with our previous works [40,41] where we extracted manual features and employed MDLSTM using the same UPTI dataset. Recognition rates of 94.97% and 96.4% are reported in [40,41] respectively. The experimental protocol in [40,41] is exactly the same as
in the present study. Our proposed technique realizes better performances reporting an error rate of 1.88% using CNN based features as compared to 3.6% and 5.25% in the work of Naz et al.
[40,41], representing an over 50% reduction in the error rate. The
authors in [33] employed segmentation free approach to extract
contour features and then applied context shape matching technique. Recognition rates of upto 91% are reported in this study.
Fig. 9 shows the recognition results of different systems [38–
41] on two sample text-line images from the UPTI dataset. It can
be noticed that the BLSTM could not learn some complex ligatures
as compared to the MDLSTM network, though it is more eﬃcient
with respect to the execution time. The character “noon” ( ) in the
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Table 4
Comparison of Urdu recognition system on UPTI dataset.
Systems

Segmentation

Features

Classiﬁer

Accur. (%)

Ul-Hassan et al. [38]
Ahmed et al. [39]
Naz et al. [40]
Naz et al. [41]
Sabbour and Shafait [33]
Proposed

Implicit
Implicit
Implicit
Implicit
Holistic
Implicit

Pixels
Pixels
Statistical
Statistical
Contour
Convolutional

BLSTM
BLSTM
MDLSTM
MDLSTM
BLSTM
MDLSTM

94.85
88.94
94.97
96.4
91
98.12

Fig. 9. Recognition results of different systems on sample Urdu text-lines from UPTI
dataset.

second word (
“bay” (

) is deleted. In the third word (

) is replaced with “teh” (

). In word (

),

), the char-

acter “hamzawawo” ( ) is missed in the recognition step in UlHasan et al.’s network [38] as shown in Fig. 9(b). The proposed
system recognized the lines correctly and there is just one error in
ﬁrst sentence that is the deletion of the character “hamzawawo”
) as shown in Fig. 9(f) while the second text( ) in word (
line is perfectly recognized.
4. Conclusion
We proposed a convolutional–recursive deep learning model
based on a combination of CNN and MDLSTM for recognition
of Urdu Nastaliq characters. The CNN is used to extract low
level translational invariant features and the extracted features
are fed to MDLSTM. The MDLSTM extracts high order features
and recognizes the given Urdu text line image.The combination
of CNN and MDLSTM proved to be an effective feature extraction
method and outperformed the state of the art systems on a public dataset. Without extracting traditional features, convolutional–
recursive deep learning (CNN–MDLSTM) based system achieved accuracy of 98.12% on UPTI dataset.
While the present study employs CNN for feature extraction
and MDLSTM for classiﬁcation, it would also be interesting to train
the complete framework (CNN+LSTM) and compare the performances with other models. It is also worth investigating to extend
the proposed combination of CNN and MDLSTM model to other
applications. The application of this work is easy to extend to the
sub-set of Urdu like printed/synthetic scripts such as Arabic and
Persian. We can also apply this model to handwritten Urdu, Arabic
or Persian language after studying the different handwriting styles
of characters by writers in these languages.
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