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ABSTRACT

We consider the problem of recognizing handwritten mathe-
matical content in classroom videos that capture the content
written on the whiteboard and the content spoken by the
instructor. While the problem of recognizing handwritten
textual content from videos has been studied before, recog-
nition of handwritten mathematical content and the use of
audio content from classroom videos to assist in recognition,
however, presents us with a new set of challenges. In this pa-
per, we outline such challenges, and present the description
of an end to end system that makes use of both video and
audio based recognition components to improve the accu-
racy of handwritten mathematical content recognition. We
have implemented the system using an open source imple-
mentation of a text recognizer and a commercially available
phonetic word spotter. Preliminary results reported in this
paper demonstrate the viability of our approach.

1 Introduction

Extraction, identification and summarization of classroom
video content has received considerable attention recently [8,
9]. This increased activity, in part, can be attributed to
the numerous e-learning and advanced learning initiatives
that either use classroom videos as the primary medium of
instruction or make them available online for reference by
the students. As the volume of such recorded video content
increases, it is amply clear that in order to efficiently browse
and/or search through the available video content there is
a need for tools that can extract, identify and summarize
the content of such videos. In this paper, we focus on the
problem of recognizing handwritten mathematical content in
classroom videos that capture the handwritten content on
the whiteboard and the content spoken by the instructor.
The choice of the whiteboard as a preferred and effective
medium for explaining and teaching complex mathematical
and scientific concepts is well established [8]. While there
has been some research in recognizing handwritten textual
content from classroom videos [9], our work, to the best of
our knowledge, is the first to focus on recognition of math-
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Figure 1: Proposed end-to-end system

ematical content from classroom videos. Although searches
are still likely to be performed on the textual data, for com-
pleteness and easy retrieval it is necessary to recognize and
convert the mathematical content written on the whiteboard
into the same digital format as the recognized textual con-
tent. To improve the recognition accuracy, in the face of
occlusions, image noise, camera movement and the inher-
ent complex structure of the mathematical content, our ap-
proach (as shown in Figure 1) relies on using audio recog-
nition to assist in character and structure disambiguation.
Given the noisy nature of the classroom videos, there is an
overabundance of challenges, even when dealing with only
the video or the audio component for content recognition.
In this paper, however, we focus more on the challenges that
arise due to the use of both video and audio text recogni-
tion components and due to the mathematical nature of the
content. These challenges are described next:

• Mathematical Content - Most of the existing speech recog-
nition engines perform very poorly for mathematical con-
tent due to mismatch in mathematical grammar and
English grammar which such engines are trained upon.
Also, there are several non-trivial issues that relate to
structure analysis for handwritten mathematical content.

• Corresponding Audio Segment Identification - Unlike many
other recognizer (classifier) combination techniques, our
approach is based on recognizers that operate on different
(video and audio) streams. In particular, given a set of
recognized candidate characters generated by the video
text recognizer it is non-trivial to find the appropriate
vicinity in the audio stream.

• Weighted Combination Approach - There are several con-
siderations based on which the set of recognized candi-
date characters or candidate structures generated by the
video and the audio text recognizer can be combined.
These include weighted combination techniques where
the weights assigned to each recognizer can vary for each
character and/or mathematical structure, or could be
dependent on the content and clarity of individual video
and audio streams contained in the video, or in a more
general implementation be dependent on the instructor.



1.1 Roadmap

The remainder of this paper is organized as follows. In Sec-
tion 2, we present an overview of the proposed end-to-end
system. Section 3 contains a more detailed description of
the system, focusing mainly on the video text recognition,
the audio text recognition and the character disambiguation
stages. Section 4 contains the implementation details fol-
lowed by the related work in Section 5. Finally we conclude
in Section 6 with a brief discussion of the future work.

2 System Overview

In this section, we present an overview of the proposed end-
to-end system that can be used to recognize handwritten
mathematical content from classroom videos that capture
the handwritten content on the whiteboard as well as the
content spoken by the instructor. As shown in Figure 1,
there are two main stages in the mathematical content recog-
nition system: the character recognition stage and then the
structure analysis stage. Our approach involves making use
of the audio component to disambiguate the purely video
based recognition results. Therefore, we make use of the
audio in both stages of our system. The character disam-
biguation stage makes use of the audio component to re-
duce the ambiguity in the character recognition results of a
purely video-based text recognizer. Similarly, the structure
disambiguation stage makes use of the audio to reduce am-
biguity in the purely video-based structure analysis results.
The video text recognition stage includes all preprocessing
required to extract and segment handwritten text (in this
case, mathematical content) regions from the video followed
by the recognition of segmented characters. The audio text
recognition stage may be a speech recognition engine or an
audio word spotting tool that can recognize mathematical
audio content. A detailed description of these stages is pro-
vided in the following section.

3 Detailed Description

The following sub-sections provide more details about the
various recognition and disambiguation stages involved in
the proposed end-to-end system.

3.1 Video Text Recognition

The video text recognizer, as shown in Figure 2, takes the
video component of the classroom video as input and out-
puts the recognized handwritten mathematical characters.
Since the input is a video stream, there are multiple pre-
processing steps that must completed on the video stream
before the characters can be recognized. To perform char-
acter segmentation, we employ a component-labeling algo-
rithm that uses the contour tracing technique [2] to detect
all blobs (connected components) in an image. Addition-
ally, thresholds are used to remove foreground objects and
background noise. Whenever a new blob is detected, it is
placed into a virtual frame into which all subsequently de-
tected blobs will be placed. This virtual frame is called the
Frame of Interest (FOI). The Duration of Interest (DOI)
corresponds to the duration between two complete erasures
of the whiteboard by the instructor and may be used to de-
termine the audio search window. A sample graph depicting
the variation of the number of blobs detected with time in a
controlled environment with minimal occlusions is shown in
Figure 3. In this case, the FOI is comparable to the peaks
in graph and the DOI refer to the segments between two
consecutive FOI. Automatic timestamp generation is per-
formed by using the time of the frame when the segmented
character (blob) first appeared in the video. The segmented
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Figure 3: Variation of the number of de-
tected blobs with time

characters with timestamps are then passed to the charac-
ter recognizer, which may return multiple recognition results
(called video options) along with the corresponding confi-
dence attributes, for every segmented character. Section 4
provides more details about the character recognizer used in
our implementation.

3.2 Audio Text Recognition

Most of the existing speech recognizers rely heavily on con-
text and grammar information to perform recognition of En-
glish text. However, due to fact that mathematical audio in-
put does not follow the same grammar, such recognizers per-
form very poorly for mathematical content. To avoid such
issues, we make use of a commercial phonetic word spotting
tool as part of our audio text recognizer. The character dis-
ambiguation stage supplies the audio text recognizer with a
list of possible video options along with the generated times-
tamp for each segmented character. The word spotting tool
searches the audio component for all possible occurrence of
audio segments that may correspond to each video option.
For instance, video option ‘+’, in our system, corresponds
to the audio equivalents ‘plus’, ‘add’, ‘addition’, ‘sum’ and
‘summation’ that need to searched in the audio component.
As seen in Figure 5, for every video option that is searched,
several occurrences of the audio equivalents may be detected
in the audio component. These are the audio options cor-
responding to the video option being searched. When the
word spotter outputs several audio options for a single video
option, we compute a set of audio features for each audio op-
tion and use these features for initial pruning of the unlikely
audio options. These computed features are used once again
in the character disambiguation stage. Audio features may
include the confidence attribute associated with each recog-
nized audio option, the difference between the time of oc-
currence of the character in the video component and in the
audio component and also the presence of the textual neigh-
bors in the neighborhood of the audio occurrence. Both the
audio text recognizers in Figure 1 perform in a similar man-
ner although the nature of the input search strings given to
each of these recognizers may not be the same.

3.3 Character Disambiguation

The character disambiguation stage receives, as input, the
video options that are generated by the video text recognizer
for each segmented character. The confidence attribute as-
sociated with each video option is used to spot ambiguity in
the recognition of a given segmented character. The audio
text recognizer is then called for each ambiguous character
by passing the corresponding video options as input. As
mentioned earlier, the audio text recognizer returns a set of
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Figure 5: Example showing the video and audio options for a
single blob

possible audio options and the corresponding confidence at-
tributes, for each video option. The disambiguation proceeds
in two steps. In the first step, the audio features are used to
select the most likely audio option corresponding to every
video option. In the second step, a final decision is made
for selecting the best video option based on the confidence
attributes generated by both the recognizers.
An example showing the disambiguation step is shown in
Figure 5. The figure shows three video options correspond-
ing to a single segmented character and also the correspond-
ing audio options. Some of the these audio options may be
eliminated at the pruning step of the audio text recognizer.
In the first step of the disambiguation, at most one audio op-
tion is selected for each video option and in the second step,
the best video option is selected for the given segmented
character. In our experiment, we were able to correctly rec-
ognize this segmented blob as the character ‘8’ in spite of the
error in video text recognition due to the use of the audio
component for character disambiguation.

3.3.1 Specifics & Simulation Results

To detect ambiguity in the video text recognizer output, we
experimented with several types of thresholding conditions
that need to be satisfied for a character to be considered
ambiguous. These conditions listed in Equations 1, 2 and 3
use τ1, τ2 and τ3 as threshold values. Let (mi, ci) represent
a single video option with mi being the recognized mathe-
matical character and ci being the corresponding confidence
attribute. The video options V as generated by our rec-
ognizer can then be represented as V = {(mi, ci)|1 ≤ i ≤
n ∧ ci > ci+1∀i < n}. When using Equations 2 and 3, those
mj whose cj do not satisfy the thresholding condition may
be pruned away. In our experiments we have used a combi-
nation of thresholding functions from Equations 1 and 2.

c1 < τ1 (1)

∃j, 1 < j ≤ n | cj/c1 > τ2 (2)

∃j, 1 < j ≤ n | c1 − cj < τ3 (3)

For the first step of the disambiguation, we have used the
rank-based decision making technique Borda Count [7] on
the audio probabilities and the audio features to select the
best audio option for every video option. For tie breaking,
we have used the value of the audio feature corresponding
to the time difference between occurrence of the segmented
character in the video component and occurrence of the cor-

responding voice in the audio component. The second step
implements the Borda Count technique on the video and
audio confidence attributes to generate the final character
recognition result for the segmented character. In case of a
tie, we employ the weighted sum rule on the video and audio
confidence attributes.
Figures 6, 7 and 8 shows the variation in video text recog-
nition accuracy after disambiguation when different weights
are assigned to each of the recognizers i.e. the audio and
video components. The output of the purely video-based
text recognizer was modified to simulate the range of recog-
nition accuracies. However, the regions corresponding to
significantly high values of video recognition accuracies are
not of interest as we may not consider the characters to be
ambiguous and chose not to use the audio component. We
are more interested in the mid range of video recognition
accuracies where audio disambiguation improves the video
character recognition results and we notice that the GOCR
engine tends to work close to this range.
We can see in Figure 5 that most of the audio probabilities
generated by the word spotting engine are in the range of 0.4
to 0.6. The reason for this is that the characters ‘g’, ‘8’ and
‘S’ have very few phonemes in their search string. This may
increase the chances of false positives and in this case leads
to lesser values of the confidence attribute. Such problems
do not arise when searching for larger search strings such as
‘addition’ and ‘integral’. We have conducted simple experi-
ments which confirm that by using the neighbors as part of
the search string, we may get more confident word spotting
results . For example, when searching for the characters
‘7’, ‘4’ and ‘6’ in the audio component, each of these char-
acters were found correctly by the word spotting tool but
the audio probabilities associated with them were 0.45, 0.56
and 0.61 respectively whereas the audio search of the string
‘746’ resulted in a voice probability of 0.90. We are currently
working on implementing an algorithm that generates sev-
eral possible search strings for the word spotting tool based
on the video neighbors.

3.4 Structure Analysis

The structure analysis stage takes the recognized charac-
ters along with their timestamps and the location on the
whiteboard and converts it into a one-dimensional represen-
tation of the mathematical equation. This stage often re-
quires a suitable data structure and mathematical grammar
for parsing the equations. We are currently in the process of
incorporating a suitable structure analysis implementation
into our system. The errors introduced during the character
recognition stage may make the task of structure analysis
even more challenging.

3.5 Structure Disambiguation

The structure of equations is expressed and understood bet-
ter from the video component. However, there are scenarios
where the audio component may prove to be useful in disam-
biguation. For example, when writing ‘a2’ in an equation,
if the ‘2’ is not significantly above the base ‘a’, it may be
considered to be ‘a2’ or if the ‘2’ is written well above the
‘a’ and closer to another equation, the ‘2’ may be assigned
to the other equation. In such cases, we may be able to spot
the expression “a squared” in the audio component and this
may be used for structure disambiguation.

4 Implementation

The end-to-end system described above is currently being
implemented in C++. While our system and disambigua-
tion algorithms are not tied to a specific implementation of
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Figure 6: Disambiguation using weighted
sum-rule (wv=0.5,wa=0.5)
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Figure 7: Disambiguation using weighted
sum-rule (wv=0.25,wa=0.75)
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Figure 8: Disambiguation using weighted
sum-rule (wv=0.75,wa=0.25)

a character recognizer or a speech recognizer, our current
implementation, however, makes use of the GOCR [4] char-
acter recognizer and Nexidia’s audio word spotter [6] for the
preliminary evaluations and findings reported in this paper.
These software components are described next.
GOCR. GNU Optical Character Recognition (GOCR) [4]
is an open source OCR program that converts text images
into machine-readable text. It is a rule-based recognizer that
was designed for printed characters. Therefore, it is works
best when the handwritten characters looks very similar to
the printed equivalent, such as in characters ‘m’ and ‘n’ and
may lead to more recognition errors when dealing with char-
acters such as ‘r’ and ‘q’ which may often be handwritten
in the cursive style instead of the printed style. The GOCR
engine is designed to return a single recognized character for
every segmented character and in cases when the match cal-
culated internally is below a threshold, the character is not
recognized. Our modified version of GOCR returns several
video options for each segmented character, even in cases
when the match is not very high. The modified engine also
returns a corresponding confidence attribute for every video
option which is proportional to the number of recognition
rules that have been satisfied. The current system recognizes
alphabets, numbers and basic arithmetic operators and we
are in the process of extending the character set of the rec-
ognizer.
Nexidia . Our implementation of the audio text recognizer
makes use of a commercially available phonetic word spot-
ting software called Nexidia [6]. Nexidia converts the au-
dio files into a time-aligned phonetic sequence, performs
searches using a patented phonetic search technology and re-
turns the time and the confidence attribute associated with
every “hit” of the search string. High search speeds and the
ability to work with non-standard grammar patterns and
different languages without prior training are some of the
advantages of this software.

5 Related Work

There exists a vast collection of literature related to the
recognition of both printed and handwritten text. However,
due to the structure analysis stage, the problem of recog-
nizing mathematics is quite challenging and makes use of
a different set of techniques [1]. Most of these techniques
work on equations that are input by scanning a printed doc-
ument [3, 5] or by using special tools such as a tablet PC and
other pen-based systems [10, 11]. This paper outlines a sys-
tem to recognize handwritten mathematical content from a
classroom video. Although several video based text recogni-
tion systems [9] have been implemented, they mostly work
on the text and not mathematics. Also, we make use of
the audio content to disambiguate the video text recogni-
tion results and again in the structure analysis stage. This
audio-based disambiguation makes use of simple rank-based
and value-based classifier combination techniques [7] after

addressing the fact that there is no one-to-one correspon-
dence between the characters written and the words spoken
in the classroom video and also finding the relevant audio
segment for a written character.

6 Conclusions and Future Work

In this paper we proposed an end-to-end system for im-
proving the accuracy of handwritten mathematical content
recognition from classroom videos. The proposed system
relies on the audio component of the classroom video to re-
solve the ambiguities in recognition of characters and the
analysis of the structure of mathematical content. Our pre-
liminary experiments suggest that, if utilized intelligently,
audio based disambiguation can help in improving the ac-
curacy of handwritten mathematical character recognition.
The problem domain presents one with a wide array of future
challenges that range from sophisticated audio-based charac-
ter disambiguation and structure disambiguation techniques
to adaptive weight assignment (for different recognizers, dif-
ferent characters or different users) for combining the confi-
dences reported by video and audio based text recognizers.
The creation of a suitable data set of classroom videos (with
both video and audio components) for training and testing
purposes is another avenue for future work.
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