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ABSTRACT

Textual content appearing in videos represents an interesting index for semantic retrieval of videos
(from archives), generation of alerts (live streams) as well as high level applications like opinion
mining and content summarization. One of the key components of such systems is the detection
of textual content in video frames and the same makes the subject of our present study. This
paper presents a robust technique for detection of textual content appearing in video frames. More
specifically we target text in cursive script taking Urdu text as a case study. Detection of textual
regions in video frames is carried out by fine-tuning object detectors based on deep convolutional
neural networks for the specific case of text detection. Since it is common to have videos with caption
text in multiple-scripts, cursive text is distinguished from Latin text using a script-identification
module. Finally, detection and script identification are combined in a single end-to-end trainable
system. Experiments on a comprehensive dataset of around 11,000 video frames report an F-measure
of 0.91.

1 Introduction

In the recent years, there has been a tremendous increase in the amount of digital multimedia data, especially the video
content, both in the form of video archives and live streams. According to statistics [6], 300 hours of video is being
uploaded every minute on the YouTube. A key factor responsible for this enormous increase is the availability of
low-cost smart phones equipped with cameras. With such huge collections of data, there is a need to have efficient
as well as effective retrieval techniques allowing users retrieve the desired content. Traditionally, videos are mostly
stored with user assigned annotations or keywords which are called tags. When a content is to be searched, a keyword
provided as query is matched with these tags to retrieve the relevant content. The assigned tags, naturally, cannot
encompass the rich video content leading to a constrained retrieval. A better and more effective strategy is to search
within the actual content rather than simply matching the tags i.e. Content based Image or Video Retrieval. CBVR
systems have been researched and developed for long a time and allow a smarter way of retrieving the desired content.
The term content may refer to the visual content (for example objects or persons in the video), audio content (the
spoken keywords for instance) or the textual content (News tickers, anchor names, score cards etc.). Among these, the
focus of our current study lies on textual content. More specifically, we target a smart retrieval system that exploits the
textual content in videos as an index.

The textual content in video can be categorized into two broad classes, scene text and caption text. Scene text (Figure 1)
is captured through camera during the video recording process and may not always be correlated with the content.
Examples of scene text include advertisement banners, sign boards, text on a T-shirt etc. Scene text is commonly
employed for applications like robot navigation and assistance systems for the visually impaired. Artificial or caption
text (Figure 2) is superimposed on video and typical examples include News tickers, movie credits, score cards, names
of anchors etc. Caption text is generally correlated with the video content and is mostly applied for semantic retrieval of
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videos.

Figure 1: Examples of Scene Text

Figure 2: Examples of Caption Text

The key components of a textual content based indexing and retrieval system include detection of text regions [36],
extraction of text (segmentation from background) [37], identification of script (for multi-script videos) [25] and
finally recognition of text (through a video OCR) [16]. Among these, we focus on detection of text in the current
study. Detection of text can be carried out using unsupervised [4, 8, 3], supervised [63, 18, 32] or hybrid [36, 53]
approaches. Unsupervised text detection employs image analysis techniques to discriminate between text and
non-text regions. Supervised methods, on the other hand, involve training a learning algorithm with examples of text
and non-text regions to discriminate between the two. In some cases, a combination of the two techniques is em-
ployed where the candidate text regions identified by unsupervised methods are validated through a supervised approach.

This paper presents a comprehensive framework for video text detection in a multi-script environment. Though we
primarily target cursive caption text, since video frames frequently contain text in more than one script, text in the
Roman script is also detected by the proposed technique. The key highlights of this study are outlined in the following.

• Development of a comprehensive dataset of video images with ground truth information supporting evaluation
of detection and recognition tasks.

• Adaptation of various deep learning based object detectors for detection of textual content.
• Combination of text detection and script identification in a single end-to-end system.
• Validation of proposed technique through an extensive series of experiments and a comprehensive performance

comparison of various detectors.

The paper is organized as follows. In the next section, we present an overview of the current state-of-the-art on detection
of textual content in videos. In Section 3, we introduce the dataset developed in our study along with the ground
truth information. Section 4 presents the details of the proposed framework while Section 5 presents the experimental
protocol, the realized results and the corresponding discussion. Finally, Section 6 concludes the paper with a discussion
on open challenges on this subject.
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2 Background

Detection of textual content in videos, images, documents and natural scenes has been investigated for more than four
decades. The domain has matured progressively over the years starting with trivial image analysis based systems to
complex end-to-end learning based systems. We discuss notable contributions to text detection in the following while
detailed surveys on the problem (and related problems) can be found in [40, 60, 68, 72, 48].

Text detection refers to localization of textual content in images. Techniques proposed for detection of text are typically
categorized into unsupervised and supervised approaches. While unsupervised approaches primarily rely on image
analysis techniques to segment text from background, supervised methods involve training a learning algorithm to
discriminate between text and non-text regions.

Unsupervised text detection techniques include edge-based methods [4, 8, 3, 20, 24] which (assume and) exploit
the high contrast between text and its background; connected component based methods [27, 28, 31, 39] which
mostly rely on the color/intensity of text pixels and texture-based methods [2, 22] which consider textual content
in the image as a unique texture that distinguishes itself from the non-text regions. Texture based methods have
remained a popular choice of researchers and features based on Gabor filters [11], wavelets [64], curvelets [14], local
binary patterns (LBP) [1], discrete cosine transformation (DCT) [75], histograms of oriented gradients (HoG) [9] and
Fourier transformation [51] have been investigated in the literature. Another common category of techniques includes
color-based methods [65, 66, 50] which are similar in many aspects to the component-based methods and employ color
information of text pixels to distinguish it from non-text regions.

Supervised approaches for detection of textual content typically employ state-of-the-art learning algorithms which
are trained on examples of text and non-text blocks either using pixel values or by first extracting relevant features.
Classifiers like naive Bayes [52], Support Vector Machine [74], Artificial Neural Network [67, 36] and Deep Neural
Networks [30] have been investigated for this problem over the years.

In the recent years, deep learning based solutions have been widely applied to a variety of recognition problems and
have outperformed the traditional techniques. Among deep learning based techniques adapted for text detection, Huang
et al. [21] employed sliding windows with CNNs to detect textual regions in low resolution scene images. Likewise,
fully convolutional networks are explored for detection of textaul regions in [73] and the technique is evaluated on
various ICDAR datasets. A similar work is presented by Gupta et al. [15] where CNNs are trained using synthetic data
for detection of text at multiple scales from natural images. Another method called ‘SegLink’, is proposed in [49] that
relies on decomposing the text into segments (oriented boxes of words or lines) and links (connecting two adjacent
segments). The segments and links are detected using fully convolutional networks at multiple scales and combined
together to detect the complete text line. In [57] vertical anchor based method is reported that predicts text and non-text
scores of fixed size regions and reports high detection performance on the ICDAR 2013 and ICDAR 2015 datasets. In
another notable work, Wang et al. [61] present a framework based on conditional random field (CRF) to detect text in
scene images. Authors define a cost function by considering the color, stroke, shape and spatial features with CNN for
effective detection of textual regions.

Among other end-to-end trainable deep neural networks based systems, Liao et al. [32] present a system called
‘TextBoxes’ which detects text in natural images in a single forward pass network. The technique was later extended to
‘TextBoxes++’ and was evaluated on four public databases outperforming the state-of-the-art. He et al. [18] improved
the convolutional layer of CNNs to detect text with arbitrary orientation. EAST [76], is another well-known scene text
detector that provides promising results in challenging scenarios. In another study [63], an ensemble of Convolutional
Neural Networks (CNNs) is trained on synthetic data to detect video text in East Asian languages.

The literature is relatively limited once it comes to detection of cursive caption text. Among one of the preliminary
works, Jamil et al. [26] exploit edge based features with morphological processing to detect Urdu caption text from
a small set of 150 video frames. The same study was extended by Raza et al. [54] and evaluated on a larger set of
1000 video frames reporting a recall of 0.80. The dataset of images termed as IPC Artificial Text dataset [54] was
also made publicly available. In a later study [41] by the same group, the authors proposed a cascaded framework
of spatial transforms to detect caption text in five different scripts including Arabic and Urdu. In a relatively recent
work on detection of Arabic caption text, Zayene et al. [70] employ a combination of stroke width transform with a
convolutional auto-encoder and evaluate the technique on a publicly available dataset AcTiV-DB [71]. In one of our
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previous works [36], we investigated a combination of image analysis techniques with textural features to detect textual
regions in video frames and realized an F-measure of 0.80 on 1000 images.

Summarizing, it can be concluded that the problem of text detection has been dominated by the application of different
deep learning based techniques in the recent years. The availability of benchmark datasets has also contributed to
the rapid developments in this area. While detection of text in languages based on the Latin alphabet has received
significant research attention and is very much mature, detection of cursive text still remains a relatively less addressed
and challenging issue. Development of a (generic) text detector that could work in multi-script environments also
remains an open problem.

In the next section, we introduce the dataset that has been collected and labeled as a part of this study.

3 Dataset

Availability of labeled datasets is of utmost importance for algorithmic development and evaluation of any computerized
system. From the perspective of Urdu caption text detection, a dataset of 1000 labeled video frames has been made
publicly available [54]. A collection of 1000 frames, however, seems to be very small to generalize the findings for
practical applications. We, therefore, collected and labeled a comprehensive dataset of video frames allowing evaluation
of text detection and text recognition tasks. We collected a set of 46 videos from four different News channels in
Pakistan. All videos are recorded at a resolution of 900 × 600 and a frame rate of 25 fps. Frames in these video
contain textual content in two languages, (cursive) Urdu and English. The collected video frames are labeled from two
perspectives, detection and recognition. For detection, the bounding rectangle of all text regions in a frame is labeled
and stored. Similarly, for recognition, the transcription of each text line is stored as ground truth.

In the literature, several evaluation metrics have been proposed to evaluate the performance of text detection
systems [26, 35, 62]. In our system, for evaluation of the text detection module, we employ the most commonly used
area based precision and recall measures reported in [26] and defined as follows.

Let AE be the estimated text area given by the system and AT be the ground truth text area, then the precision P and
recall R are defined as:

P =
AE ∩ AT

AE
(1)

R =
AE ∩ AT

AT
(2)

The precision and recall measures can be combined in a single F-measure as follows.

F =
2 × Precision × Recall

Precision + Recall
(3)

The same idea can be extended to multiple images by simply summing up area of intersection and dividing by
the total ground truth area (in N images) for recall and the total detected area for precision. To compute these
measures, for each frame, we need to store the actual location of the textual content. The text detected automatically
by the system can then be compared with the ground truth text regions to compute precision, recall and F-measure.
The idea is illustrated in Figure 3. Figure 3-a illustrates an example where the text regions detected by the
system are shown while Figure 3-b illustrates the ground truth text locations for the given frame. The detected and
ground truth text regions can be compared to compute the metrics defined earlier and quantify the detection performance.

To facilitate the labeling process and standardize the ground truth data, a comprehensive labeling tool has been developed
that allows storing the location of each textual region in a frame along with its ground truth transcription. The location
is stored in terms of the x and y coordinates of the top left of the bounding box along its width and height. The ground
truth information of each frame is stored as an XML file that comprises frame meta data and the information on textual
regions. A screen shot of the labeling tool is presented in Figure 4 while the ground truth information of an example
frame is illustrated in Figure 5.

It is known that videos typically contain 25–30 frames per second; consequently, successive frames in a video contain
redundant information (both visual and textual content). From the view point of automatic analysis systems, frames
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Figure 3: Text regions in an image and the corresponding ground truth image

Figure 4: Screen shot of ground truth labeling tool for text data

Figure 5: An XML file containing ground truth information of a frame

with unique content are of interest. Hence, each single video frame does not need to be labeled as major proportions of
such frames will have exactly the same textual information. In our study, we have extracted more than 11,000 frames
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from videos with an attempt to have as much unique text as possible. The statistics of videos, frames and text lines of
our dataset are presented in Table 1. Inspired from the Arabic caption text dataset AcTiV-DB [71], we have named the
our dataset UTiV (Urdu Text in Video). The dataset along with its ground truth has also been made publicly available1

to support quantitative evaluation of text detection and recognition tasks.

Table 1: Statistics of labeled video frames
S# Channel Videos Labeled Images Urdu Lines English Lines
1 Ary News 7 3,206 10,250 3,605
2 Samaa News 13 2,503 10,961 4,411
3 Dunya News 16 3,059 10,723 8,861
4 Express News 10 2,424 8,536 6,755

Total 46 11,203 40,470 23,632

4 Methods

This section presents the details of detecting textual content from video frames. Detection relies on adapting object
detectors based on deep convolutional neural networks for text regions. Once the text is detected, script of the detected
text is identified by employing the ConvNets in a classification framework. Subsequently, text detection and script
identification are combined in a single end-to-end system that detects the textual content along with its script. Details
are presented in the following sections.

4.1 Deep Learning based Object Detectors

Deep neural networks enjoy a renewed interest of the machine learning community thanks primarily to the availability
of high performance computing hardware (GPUs) as well as large data sets to train these systems. A major development
contributing to the current fame of deep learning was the application of ConvNets by Krizhevsky et al. [29] on the
ImageNet Large Scale Visual Recognition competition [46], which greatly reduced the error rates. Since then, CNNs
are considered to be state-of-the-art feature extractors and classifiers [55, 56] and have been applied to a variety of
recognition tasks [5, 58, 10].

While traditional CNNs are typically employed for object classification, Region-based Convolutional Networks
(R-CNN) [13] and their further enhancements Fast R-CNN [12] and Faster R-CNN [45] adapt CNNs for object
detection. In addition to different variants of R-CNN, a number of new architectures have also been proposed in the
recent years for real time object detection. The most notable of these include YOLO (You Only Look Once) [42] and
SSD (Single Shot Detector) [34]. Each of these object detectors can be trained to detect C object classes (plus one for
the background). The output of the detector is the location of the bounding box (four coordinates) containing one of the
C classes as well as the class confidence score.

In our study, for detection of textual content in a given frame, we investigated a number of CNN based object detectors.
Although, many object detectors are trained with thousands of class examples and provide high accuracy in detection
and recognition of different objects, these object detectors can not be directly applied to identify text regions in images.
These models have to be tuned to the specific problem of discrimination of text from non-text regions. The convolutional
base of these models can be trained from scratch or, known pre-trained models can be fine-tuned by training them on
text and non-text regions. In our study, we investigated the following object detectors for localization of text regions.

• Faster R-CNN

• Region-Based Fully Convolutional Networks (R-FCN)

• Single Shot Detector (SSD)

• You Only Look Once (YOLO)

For completeness, we provide a brief overview of these object detectors in the following sections.

1http://cbvir.media-tics.net/
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4.1.1 Faster R-CNN

Faster R-CNN [45] is an enhanced version of its predecessors R-CNN [13] and Fast R-CNN [12]. Each of these
detectors exploits the powerful features of ConvNets for object localization as well as classification. R-CNN was one
of the first attempts to apply ConvNets for object detection. An R-CNN scans the input image for potential objects
using Selective Search [58] that generates around 2,000 region proposals. Each of these region proposals is then fed
to a CNN for feature extraction. The output of the CNN is finally employed by an SVM to classify the object and a
linear regressor to tighten the bounding box. R-CNN was enhanced in terms of training efficiency by extending it to
Fast R-CNN [12]. In Fast R-CNN, rather than separately feeding each region proposal to the ConvNet, convolution is
performed only once on the complete image and the region proposals are projected on the feature maps. Furthermore,
the SVM in R-CNN was replaced by a softmax layer extending the network to predict the class labels rather than
using a separate model. While Fast R-CNN significantly reduced the time complexity of the basic R-CNN, a major
bottleneck was the selective search algorithm to generate the region proposals. This was addressed through Region
Proposal Network (RPN) in Faster R-CNN [45] which shares convolutional features with the detection network. RPN
predicts region proposals which are then fed to the detection network to identify the object class and refine the bounding
boxes produced by the RPN. A summary of various R-CNN models in presented in Figure 6.

Figure 6: Summary of R-CNN Family based Object Detectors

4.1.2 You Only Look Once (YOLO)

YOLO [42] takes a different approach to object detection primarily focusing on improving the detection speed (rather
than accuracy). As the name suggests, YOLO employs a single pass of the convolutional network for localization and
classification of objects from the the input images. The input image is divided into a grid and an object is expected
to be detected by the grid which holds the center of the object. Each cell in the grid predicts up to two bounding
boxes (and class probabilities). The network comprises 24 convolutional and fully connected layers. YOLO works in
real time but in terms of accuracy, it is known to make significant localization errors in comparison to region based
object detectors (Faster R-CNN for instance). YOLO was later enhanced to YOLO9000 [43] by introducing batch
normalization, increasing the resolution of the input image (by a factor of 2) and introducing the concept of anchor boxes.
YOLO9000 employs Darknet 19 architecture with 19 convolutional layers, 5 max pooling layers and a softmax layer for
classification objects. Incremental improvements in YOLO v2 resulted in YOLO v3 [44] that uses logistic regerssion to
predict the score of objectness for each bounding box. Furthermore, it employs class-wise logistic classifiers (rather
than softmax) allowing multi-label classification.
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4.1.3 Single Shot Detector (SSD)

Unlike the R-CNN series object detectors which require two shots to detect objects in an image, Single Shot Multi-box
Detector [34], as the name suggests, requires a single shot to detect objects (similar to YOLO). SSD relies on the idea
of default boxes and multi-scale predictions and directly applies bounding box regression to the default boxes without
generating the region proposals. Detection at multiple scales are handled by exploiting the feature maps of different
convolutional layers corresponding to different receptive fields in the input image. The architecture has an input size
of 300× 300× 3 and primarily builds on the VGG-16 architecture discarding the fully connected layers. VGG-16 is
used as base network mainly due to its robust performance of image classification tasks. The bounding box regression
technique of SSD is inspired by [56] while the MultiBox relies on priors, the pre-computed fixed size bounding boxes.
The priors are selected in such a way that their Intersection over Union ratio (with ground truth objects) is greater than
0.5. The MultiBox starts with the priors as predictions and attempt to regress closer to the ground truth bounding boxes.
SSD works in real time but requires images of fixed square size and is known to miss small objects in the image.

4.1.4 Region-Based Fully Convolutional Networks (R-FCN)

R-FCN [7] builds on the idea of increasing the detection accuracy by maximizing the shared calculations. R-FCN
generates position-sensitive score maps to represent different relative positions of an object. An object is represented by
k2 relative positions dividing it into a grid of size k × k. A ConvNet (ResNet in the original R-FCN paper) sweeps the
input image and an additional fully convoltional layer produces the position-sensitive scores in k2× (C+1) score maps
where C is the number of classes plus 1 class for the background. A fully convolutional proposal network generates
regions of interest which are divided in k2 bins and the corresponding class probabilities are obtained from the score
maps. The scores are averaged to convert the k2 × (C +1) values into a one dimensional (C +1) sized vector which is
finally fed to the softmax layer for classification. Localization is carried out using the bounding box regression similar
to other object detectors. R-FCN speeds up the detection in comparison to Faster R-CNN but compared to other Single
Shot methods, it requires more computational resources.

4.2 Adapting Object Detectors for Text Detection

In the context of object detection, the problem of text detection can be formulated as a two class problem. The text
regions represent object of interest while the non-text regions need to be ignored. The object detectors discussed in
the previous sections are adapted for text detection using two pre-trained models, ResNet 101 [17] and Inception
v2 [23]. These models are trained on the large scale Microsoft COCO (Common Objects in Context) database [33]. The
database contains images of 91 different object types with a total of 2.5 million labeled instances in 328K images. The
pre-trained network serves as starting point rather than random weight initialization and the network is made to learn the
specific class labels (text or non-text) by continuing back propagation. The ground truth localization information of the
textual regions in the video frames is employed for training the models, the overall workflow being illustrated in Figure 7.

A critical aspect in employing object detectors for text detection is the choice of anchor boxes. The anchor
boxes in all the detectors have been designed to detect general object categories. Text appearing in videos has
specific geometric properties in terms of size and aspect ratio hence the default anchor boxes of the detectors
need to be adapted to detect textual regions. We carried out a comprehensive analysis of the textual regions in
terms of width, height and aspect ratios of the bounding boxes. As a result of this analysis we have chosen a
base anchor of size 256 × 256. To each anchor box we apply three scales (1.0, 2.0, 5.0) and five aspect ratios
(0.125, 0.1875, 0.25, 0.375, 0.50) as illustrated in Figure 8. Models are fine-tuned using the proposed anchor boxes
and the effectiveness of these anchor boxes is validated through experimental study as presented in Section 5 of the paper.

4.3 Script Identification

As discussed earlier, we primarily target detection of cursive caption text. However, like many practical scenarios, video
frames in our case contain bilingual textual content (Urdu & English). Consequently, once the text is detected, we
need to identify the script of each detected region (Figure 9) so that the subsequent processing of each type of script
can be carried out by the respective recognition engine. For script identification, we employ CNNs in a classification
framework (rather than detection). Urdu and English text lines are employed to fine-tune CNNs to discriminate between
the two classes. Once trained, the model is able to separate text lines as a function of the script. Similar to detection,
rather than training the networks from scratch, we fine-tune known pre-trained models (Inception and ResNet) to solve
the two-class classification problem.
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Figure 7: Overview of adapting object detectors for text detection

Figure 8: Anchor boxes (base size 256 × 256) at three scales (1.0, 2.0, 5.0) and five aspect ratios
(0.125, 0.1875, 0.25, 0.375, 0.50)

Figure 9: Script identification of detected text lines
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4.4 Hybrid Text Detector & Script Identifier

Detection of text and identification of script, as discussed previously, can be implemented in a cascaded framework
where the output of text detector is fed to the script identifier. A deep learning framework can be tuned to discriminate
between text and non-text regions and the extracted text regions can be fed to a separate script recognition model that
identifies the script of the detected text. This, however, introduces a bottleneck of training two separate networks.
Furthermore, the cascaded solution also implies that errors in detection are propagated to the next step as well. We,
therefore, propose to combine the text detector and script identifier in a single hybrid model. Rather than treating
detection as a two-class problem (text and non-text), we consider it as a three class problem, i.e. non-text regions,
English text and Urdu text. This not only avoids training two separate models but also eliminates the accumulation
of errors in a cascaded solution. The superiority of the combined text detector and script identifier is also supported
through quantitative evaluations as discussed in the next section.

All detectors are trained in an end-to-end manner with a multi-task objective function that combines the classification
and regression losses. The evolution of training loss for the investigated detectors (with Inception and ResNet) is
illustrated in Figure 10 where it can be seen that the loss begins to stabilize from 30 epochs on wards.

Figure 10: Training loss of various detectors – Hybrid text detector and script identifier

5 Experiments and Results

The detection performance is evaluated through a series of experiments carried out on the collected set of video frames.
We first present the experimental protocol followed by the detection results of various object detectors. We then present
the script identification results and the performance of the combined text detector and script identifier. Furthermore,
performance sensitivity of the system as well as a comparison with state-of-the-art is also presented.

5.1 Experimental Settings

As introduced in Section 3, we collected a total of 11,203 video frames from four different News channel videos. The
localization information of text regions in these frames is used to train and subsequently evaluate the text detection and
script identification performance. The distribution of frames into training and test sets along with the number of text
lines in each set is summarized in Table 2 while the details of detection performance are presented in the next section.

5.2 Text Detection Results

Object detectors including Faster R-CNN, YOLO, SSD and R-FCN are adapted to detect textual content by fine-tuning
the Inception and ResNet pre-trained models and changing the anchor boxes as discussed previously. Performance of

10
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Table 2: Data distribution for text detection experiments

Train Test
Frames Lines Frames Line

Urdu 8,500 31,321 2,703 9,149
English 16,207 7,425
Total 49,046 11,056

each of these detectors in terms of precision, recall and F-measure is summarized in Table 3. It can be seen that in all
cases, detectors pre-trained on Inception outperform those trained on ResNet. Among various detectors, Faster R-CNN
reports the highest F-measure of 0.90. The lowest performance is reported by Yolo reading an F-measure of 0.66. A
comprehensive study on the trade-off between speed and accuracy of various object detectors is presented in [19] and
our findings on detection of text are consistent with those of [19]. It is also important to recap that precision and recall
are computed using area based metrics. As a result, if the detected bounding box is larger (smaller) than the ground
truth, it results in penalizing the precision (recall) of the detector as illustrated in Figure 11. The output of the Faster
R-CNN based text detector for few sample frames in our dataset is illustrated in Figure 12.

Table 3: Text Detection Results
RestNet Inception

Model Precision Recall F-Measure Precision Recall F-Measure
SSD 0.83 0.71 0.77 0.82 0.77 0.80
R-FCN 0.79 0.86 0.82 0.84 0.89 0.86
Faster R-CNN 0.82 0.90 0.85 0.86 0.95 0.90
Yolo - - - 0.63 0.69 0.66

Figure 11: Computation of precision and recall (a):Ground Truth Bounding Box (b): Detected region is larger than
ground truth (c):Detected region is smaller than ground truth (d):Detected region overlaps perfectly with the ground
truth

In an attempt to provide an insight into the detection errors, few of the errors are illustrated in Figure 13. It can be seen
that in most cases, the detector is able to detect the textual region but the localization is not perfect i.e. in some cases
the bounding box is larger (shorter) than the actual content leading to a reduced precision (recall).
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Figure 12: Text detection results on sample images (Faster R-CNN with Inception)

Figure 13: Imperfect Localization of Text Regions

5.3 Script Identification Results

For script identification, we employ the same distribution of frames into training and test sets as that of the detection
protocol. Text lines from the video frames in the training set are employed to fine-tune the pre-trained ConvNets while
the identification rates are computed on text lines from the frames in the test set. A total of 31, 321 Urdu and 16, 207
English text lines are used in the training set while the test set comprises 9, 9149 and 7, 425 text lines in Urdu and
English respectively. The resulting confusion matrix is presented in Table 4 while the precision, recall and F-measure
are summarized in Table 5. It can be seen that the model was able to correctly identify the scripts with an accuracy of
more than 94%.
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Table 4: Script identification confusion matrix

Urdu English
Urdu 8763 386
English 551 6874

Table 5: Performance of Script Identification

Precision Recall F–Measure
Urdu 0.940 0.957 0.95
English 0.946 0.925 0.94

5.4 Hybrid Text Detection & Script Identification Results

As discussed previously, text detection and script identification can be combined in a single model treating detection as
a three (rather than two) class problem. The results of these experiments are summarized in Table 6 keeping the same
distribution of training and test frames as in the previous experiments. Many interesting observations can be drawn from
the results in Table 6. Similar to the script independent detectors, models pre-trained on Inception outperform those
trained on ResNet and the observation is consistent for all four detectors. Likewise, Faster R-CNN reports the highest
F-measure both for detection of Urdu and English text reading 0.91 and 0.87 respectively. In all cases, the performances
on detection of Urdu text are better than those on Engish text. This can be attributed to the fact that the data is collected
primarily from Urdu News channels which have limited amount of English text. It is also interesting to note that by
combining text detection and script identification in a single model, not only the cascaded solution is avoided, the
detection F-measures have also improved (in most cases). Though the improvement is marginal, eliminating the separate
processing of detected text regions to identify the script offers a much simplified (yet effective) solution. Detection
outputs on sample frames for the four detectors are illustrated in Figure 14.

Table 6: Performance of hybrid text detector and script identifier
RestNet Inception

Method Script Precision Recall F-Measure Precision Recall F-Measure

SSD
Urdu 0.83 0.72 0.77 0.82 0.78 0.80
English 0.80 0.63 0.70 0.82 0.70 0.75

R-FCN
Urdu 0.80 0.87 0.83 0.85 0.90 0.87
English 0.73 0.81 0.77 0.77 0.84 0.81

Faster R-CNN
Urdu 0.82 0.92 0.86 0.87 0.95 0.91
English 0.80 0.81 0.80 0.81 0.94 0.87

Yolo
Urdu - - - 0.64 0.70 0.67
English - - - 0.62 0.67 0.64

In an attempt to carry out an in-depth analysis of the detection performance and its evolution with respect to important
system parameters, we carried out another series of experiments using Faster R-CNN (with Inception). In the first such
experiment, we study the performance sensitivity to the amount of training data. We train the model by varying the
number of text line images (from 10K to 49K) and compute the detector F-measure. Naturally, the detector performance
enhances with the increase in the amount of training data (Figure 15) and begins to stabilize from around 30K-35K
training lines.

Resolution of input video frames is an important parameter that might affect the detector performance. To study the
detector sensitivity to image resolution, we varied the image resolution from 256× 144 to 1920× 1080. The resolution
was varied only in the test set and all sets of images were evaluated on the detector trained on a single resolution
(900× 600). The F-measures in Figure 16 are more less consistent for varied image resolutions reflecting the robustness
of the detector. The proposed anchor boxes adapted for textual content play a key role in achieving this scale invariance.

5.5 Performance Comparison

In an attempt to compare the performance of our detector with those reported in the literature, we present a comparative
overview of various text detectors targeting cursive caption text in Table 7. It is important to note that since different
studies are evaluated on different datasets, a direct comparison of these techniques is difficult. Most of the listed studies
employ a small set of images (≤ 1000). Moradi et al. [38] and Zayene et al. [70] report results on relatively larger
datasets with F-measures of 0.89 and 0.84 respectively. In comparison to other studies, we employ a significantly
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Figure 14: Detection output of hybrid text detection and script identification for different detectors (a): SSD (b): R-FCN
(c): Faster RCNN (d): Yolo
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Figure 15: Impact of size of training data on text detection performance (Faster R-CNN with Inception)

Figure 16: Impact of video resolution on text detection performance (Faster R-CNN with Inception)

larger set of images with an F-measure of 0.91. Furthermore, for a fair comparison, we also evaluated our system on
the set 1000 images in the publicly available IPC dataset [54], the corresponding F-measure reads 0.92 validating the
effectiveness of our detection technique,

6 Conclusion

This paper presented a system for detection of caption text appearing in video frames. The developed technique relies
on exploiting deep learning based object detectors and adapting them for text detection. Since it is common in videos to
have text in more than one script, we presented, as a case study, video frames with text in cursive (Urdu) and Roman
(English) scripts. Since each script requires different processing, the detection is combined with script identification in
an end-to-end fashion so that the system is able to not only localize the text but also identify its script. Among various
investigated object detectors, Faster R-CNN with our proposed set of anchor boxes reported the highest detection rates.

The presented work is a part of a comprehensive video indexing and retrieval system and the current study focused on
the detection of text. In our other [77, 78] work, the detection module is integrated with the video OCR module so that

15



Cursive Caption Text Detection in Videos

Table 7: Performance comparison with other techniques
Study Method Dataset Script Video Frames Precision Recall F-Measure
Jamil et al.(2011) [26] Edge-based Features IPC Urdu 150 0.77 0.81 0.79
Siddiqi and Raza(2012) [54] Image Analysis IPC Urdu 1,000 0.71 0.80 0.75
Moradi et al.(2013) [38] LBP with SVM - Farsi/Arabic 4971 0.91 0.87 0.89
Raza et al.(2013) [41] Cascade of Transforms IPC Urdu 1,000 0.80 0.89 0.84
Raza et al.(2013) [41] Cascade of Transforms IPC Arabic 300 0.81 0.93 0.86
Yousfi et al.(2014) [69] ConvNet - Arabic 201 0.75 0.80 0.77
Zayene et al.(2015) [71] SWT AcTiV Arabic 425 0.67 0.73 0.70
Zayene et al.(2016) [70] SWT&Conv Autoencoders AcTiV Arabic 1843 0.83 0.85 0.84
Shahzad et al.(2017) [47] Image Analysis - Urdu/Arabic 240 0.83 0.93 0.88
Mirza et al.(2018) [36] Textural Features UTiV Urdu 1,000 0.72 0.89 0.80
Unar et al.(2018) [59] Image Analysis+SVM IPC Urdu 1,000 0.83 0.88 0.85
Proposed Method Deep ConvNets UTiV Urdu 11,203 0.87 0.95 0.91

IPC Urdu 1,000 0.91 0.93 0.92

detected text is recognized. Once recognized, videos are indexed based on keywords and retrieved on user provided
queries. In addition to retrieval, automatic News summarization from ticker text and comparison of News across various
News channels is also planned to be implemented. Furthermore, the textual content based retrieval will be combined
with audio as well as visual objects appearing in videos.
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