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handwritten mathematical content in
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Abstract. Recognizing handwritten equations is a challenging problem, and even more so when they are written in a classroom
environment. However, since videos of the handwritten text and the accompanying audio refer to the same content, a combi-
nation of video and audio based recognition has the potential to significantly improve the recognition accuracy. In this paper,
using a combination of video and audio based recognizers, we focus on improving the character recognition accuracy for hand-
written mathematical content in videos using audio and propose an end-to-end recognition system. The system includes com-
ponents for video preprocessing, selecting the characters that may benefit from audio-video based combination, establishing a
correspondence between handwritten and the spoken content, and finally combining the recognition results from the audio and
video based recognizers. The current implementation of the system makes use of a modified open source text recognizer and a
commercially available phonetic word spotter. For evaluation purposes, we use videos recorded in a classroom-like environment
and our experiments demonstrate the significant improvements in character recognition accuracy that can be achieved using our
techniques.
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1. Introduction

Recent years have witnessed a rapid increase in
the number of e-learning and advanced learning ini-
tiatives that either use classroom videos as the pri-
mary medium of instruction or make them available
online for reference by the students. As the volume of
recorded video content increases, it is clear that in or-
der to efficiently navigate through the videos there is
a need for techniques that can help extract, identify
and summarize the video content. In this context, and
given the fact that the whiteboard continues to be the
preferred and effective medium for teaching complex
mathematical and scientific concepts [4,60], this pa-
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per focuses on how to use both the audio and video
to achieve a higher recognition accuracy compared to
when only one recognizer is used alone. It is clear that,
in any recognition task, one should use all available in-
formation to aid in the recognition task. Since instruc-
tors who write their lectures on the whiteboard will
typically speak what is being written, it is possible to
use the audio to improve the recognition accuracy of a
character recognizer. The question is how best to com-
bine the outputs of a character and an audio recognizer,
and how to use the audio to assist in character recogni-
tion. There are many difficult issues that need to be ad-
dressed, such as when should audio be used to assist in
the recognition? For example, if a handwritten charac-
ter is correctly recognized by the character recognizer,
then any further processing using the audio may result
in an error. If the character recognizer is having diffi-
culty in recognizing a character, and there is an ambi-
guity as to what the correct character is, then how many
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options should be considered when using the audio to
assist in the recognition? When the audio is searched
to see if a specific character has been verbalized, over
what window should the search be made, and what
search terms should be used? The character “2” may be
spoken in a variety of ways, depending upon the con-
text in which it is written. It could be spoken, for exam-
ple, as “two” or “twice” or “square”. If two or more ut-
terances for a word are found, which one corresponds
to the character that was written? When placing this
audio utterance in the context of others, it is important
to select the correct one. And how should the context
in which a character is spoken be used? In other words,
how does one incorporate any knowledge or informa-
tion about what characters may appear within a neigh-
borhood of an ambiguous character to help resolve the
ambiguity? In this paper, we propose a variety of ways
to address these and other issues in combining video
and audio to recognize handwritten equations.

There is a significant body of research devoted to the
recognition of handwritten equations [1,3,6,32,52,63],
and to the extraction and recognition of textual content
from video [16,17,29,45,61]. While the research pre-
sented in this paper is closely related and dependent on
advances made in these fields, the focus here is on how
to use audio to enhance the performance of a charac-
ter recognizer. Specifically, this paper presents a recog-
nition system for audio-video based character recog-
nition for handwritten mathematical content in class-
room videos.

2. Related work

The research presented in this paper lies at the in-
tersection of four distinct and well-studied specializa-
tions: video processing, handwritten text recognition,
speech recognition and classifier combination. In the
following sections the relevant literature for each of
these specializations is reviewed along with some re-
cent work on audio-video content recognition.

2.1. Video preprocessing for text extraction

A method for detecting and tracking text in digital
video is proposed in [29], which implements a scale-
space feature extractor that feeds an artificial neural
processor to detect text blocks. Methods have also been
proposed to detect key frames in video for easy re-
trieval, as well as methods to acquire data about the
movement of the tip of the pen or pen strokes on a

whiteboard [45,50]. For example, a system that auto-
matically produces a set of key frames representing all
the written content on the whiteboard before each era-
sure is described in [16]. Some of the video content for
which it is important to be able to extract textual con-
tent from video include recorded lectures for indexing
and retrieval in e-learning initiatives [13], video-taped
presentations for summarization [24] and commercial
and personal videos for searching and cataloging. An
advanced technique for extracting text from faded his-
toric documents that is arranged as a complex pattern,
with parallels to mathematical content and out of focus
handwritten content, is presented in [44].

2.2. Handwritten mathematical text recognition

There is a vast collection of literature related to the
recognition of handwritten text, and a comprehensive
survey of this research is presented in [38]. Handwrit-
ing recognition may be done from a variety of input
sources such as paper documents [11,28,43,47], pen-
based inputs on an electronic screen [37], video [51]
and other specialized input devices [50]. Mathematical
content recognition [6,8] presents some challenges that
are quite different from those of recognizing text. This
is due to the fact that mathematical characters and sym-
bols have different sizes and often they are arranged
spatially in a complex two-dimensional structure. For
mathematical character recognition, researchers have
addressed issues that arise from factors such as the
large number of similar symbols (u versusμ or v versus
v) that must be recognized, and the lack of a lexicon
that may be used for final validation [32].

Research has shown that the recognition accuracy
of mathematical expressions can be improved by com-
bining two or more stages [46], and Prusa et al. have
shown how to use a two-dimensional grammar to
achieve better mathematical formula recognition [40].
Similarly, a hidden Markov model based method that
avoids segmentation during pre-processing by making
use of simultaneous segmentation and recognition ca-
pabilities is presented in [25,26]. Finally, Awal et al.
describe an interesting approach for simultaneous op-
timization of segmentation, recognition and structure
analysis that is constrained by a mathematical expres-
sion grammar [5].

2.3. Speech recognition

Speech recognition is the process of converting an
acoustic signal captured by a microphone or a sim-
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ilar device into a sequence of words. Over the last
few decades, research in speech recognition has made
significant advances that have led to the development
of a number of commercial speech recognizers in-
cluding Dragon Naturally Speaking [10], Microsoft
Speech [34] and IBM ViaVoice [58]. There have also
been some important research contributions from the
academic community with the HTK [19] project from
the University of Cambridge, and the Sphinx [49]
project from CMU. Nexidia’s word spotting tool [35]
provides a fast an efficient approach to search for
words within an audio stream.

2.4. Classifier combination

The field of classifier combination has been con-
stantly evolving to address the challenges posed by
new application domains. A comprehensive survey of
classifier combination techniques is presented in [53],
which partitions the classifier combination methods
along several distinct dimensions, some of which in-
clude the way in which the outputs of the classifiers are
combined, whether the number of classifiers is fixed or
if the combination methods use classifiers from a large
pool of classifiers, etc. There is also a large body of
research that focuses on generic methods for classifier
combination. Lucey et al. [30], for example, have pro-
posed a theoretical framework for independent clas-
sifier combination. While some classifier combination
methods use another classifier to combine the output of
multiple classifiers, others make use of rules and func-
tions to combine the outputs. Some of the combina-
tion techniques proposed in our research are adapta-
tions of well known methods such as weighted combi-
nation, Borda count [54], and other decision combina-
tion techniques [18]. In the context of handwriting and
speech recognition, classifier combination techniques
have also been used to improve the recognition accu-
racy of handwriting recognizers [14,41,48,59] as well
as speech recognizers [12].

2.5. Audio-video based content recognition

Audio and video signals carry complementary in-
formation and often an error in recognizing a spoken
character will not be accompanied by an error in rec-
ognizing the written character. Therefore, a combina-
tion of both information sources can potentially lead to
a significant improvement in the recognition accuracy
compared to that which is obtained when either one is
used alone. Yu et al. [23,62] propose a classifier combi-

nation framework for grammar-guided sentence recog-
nition, and present results for spoken email command
recognition, where an acoustic classifier and a visual
classifier (for recognizing lip movement, and tongue
and teeth visibility) are combined. The Speech Pen
system with an advanced digital whiteboard recognizes
speech and handwriting in the background and pro-
vides the instructor with a list of possible next words
that allow the instructor to skip manual writing [27].

A comprehensive collection of research in the field
of audio-visual speech recognition is presented in [39].
In the context of classroom videos that utilize slides
and digital ink, Anderson et al. present an empirical
basis for addressing the problem of the automatic gen-
eration of full text transcripts for lectures [2]. Their ap-
proach relies on matching spoken content with slide
content, and recognizing the meaning of the content
written by the instructor using digital ink. An investi-
gation of a number of strategies for combining HMM
classifiers for improving audio-visual recognition is
presented in [31], and based on empirical, theoretical
and heuristic evidence, a recommendation is made for
using a hybrid of the sum and product rules.

Hunsinger et al. have proposed a multimodal mathe-
matical formula editor that combines speech and hand-
writing recognition. In [21], they describe the speech
understanding module of the system, and in [20] they
present a multimodal probabilistic grammar that in-
corporates the syntactic-semantic attributes of spoken
and handwritten mathematical formulas. A system for
speech and handwriting data fusion based isolated
mathematical symbol recognition is presented in [33].
Although neither the speech nor the handwritten data
originates from video, the techniques used to combine
the output of the character and speech recognizers are
similar to the techniques presented in this paper. How-
ever, issues such as ambiguity detection and A/V syn-
chronization are not considered in the aforementioned
research. Another relevant research effort, closely tied
to [33], relates to the creation of a data set with hand-
written and spoken mathematical content [41]. Unfor-
tunately, this data set consists of static image segments
containing handwritten content, with the correspond-
ing audio stored in separate files. The absence of a
video sequence (for audio and video time-stamping)
makes this data set unsuitable for our experiments.

3. System overview

The overall system for recognizing handwritten
mathematical text and equations is shown in Fig. 1.
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Fig. 1. Components of the audio-video character recognition system.

The first stage is the video text recognizer that includes
a video preprocessor and a character recognizer. The
video preprocessor includes all of the processing that
is required to extract the text that is to be recognized,
segment the text into characters, generate timestamps
for each character in the video, and tag the location of
the characters in the video frame. For each segmented
character, the character recognizer then generates a list
of one or more possible characters from a dictionary of
possible characters. The character recognizer also gen-
erates a score for each character in the list that repre-
sents the recognizer’s belief in the correctness of the
character name. Since the characters in this list are
based only on the video, they will be referred to as
video options.

Following the video text recognizer is the ambigu-
ity detector that determines whether or not the video
option with the highest score is likely to be the correct
character. If not, then the character to be recognized
is classified as ambiguous, and two or more video op-
tions are selected for further processing to determine
which is the correct one. This is done in the character
disambiguation stage.

The character disambiguation stage consists of
three components. The first is an audio text recognizer
that first assigns one or more audio search terms for
each video option, and then searches the audio within
some window for the occurrence of these terms. The
output of the audio text recognizer is a set of audio
options, which are occurrences in the audio stream of
the video option’s character name. Each audio option
consists of the audio search term, an audio timestamp,
and an audio match score. The second component is
the audio-video synchronizer that processes the set of
audio options and assigns at most one audio option to
each video option. The output of this stage is one or
more audio/video pairs. The final step is audio-video

combination. Here, the recognition scores of each au-
dio/video pair are analyzed to produce a final recog-
nized character.

In the following section, we begin by looking at the
task of video text recognition, i.e., character recogni-
tion that uses only the video.

4. Video text recognition

When capturing the video for video text recognition,
a few assumptions are made about the recording pro-
cess. Although these assumptions are not very restric-
tive, they simplify many of the preprocessing tasks.
First, it is assumed that the entire whiteboard is within
the field of view of the camera, and that the whiteboard
(the region of interest) is easily detected. It is also as-
sumed that the beginning of every recording session
has at least one calibration frame, which is a video
frame with a clean whiteboard without the instructor.
In the recording of a lecture, it is assumed that the
board is erased completely before the instructor begins
a new board, and that the instructor briefly steps away
from the board after a complete erasure so that the en-
tire region of interest is unobstructed.

4.1. Video preprocessing

The first step in the video text recognizer is the
video preprocessor that performs a number of impor-
tant tasks [55]. The first is to identify the region of in-
terest (the whiteboard), and the second is to detect the
frames of interest in the video, which are unobstructed
views of the whiteboard just prior to an erasure. Thus,
the frame of interest contains all of the characters that
are to be detected and recognized. The process of de-
tecting the frame of interest primarily relies on count-
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(a) (b)

Fig. 2. Video Text Recognition. (a) Text that has been extracted and segmented into characters from a video frame and (b) the vector c(s) that
consists of the image of the character s, and the time and location that the character appeared on the whiteboard.

ing the number of connected components contained in
video frames over the duration of the video, and select-
ing the frame with the maximum number of connected
components.

The next step is character segmentation. Assum-
ing that a given frame of interest is free of any oc-
clusions or shadows from the instructor and that indi-
vidual characters appear as one or more distinct con-
nected components, a connected component analysis
algorithm is used to extract the characters [7]. A post-
processing step allows for the handling of characters
in the dataset that do not appear as a single connected
component, such as ‘i’ and ‘=’. The final step is to pro-
duce a video timestamp for each segmented character,
which is the time at which the character is written on
the whiteboard. An example is given in Fig. 2, which
shows a set of segmented characters. Associated with
each character is a vector

c(s) = [s, t(s), l(s)]

that contains the image of the character, s, the time at
which the character was written on the board, t(s), and
the location of the character on the board, l(s). Since
the location is used only in the structure analysis of an
equation [55,56], it will not be used here.

4.2. Character recognition

Once a character has been extracted, it is forwarded
to the character recognizer. Although there are many
recognizers that could be used, we chose the GNU Op-
tical Character Recognition program or GOCR [15]. It
is important to point out that although GOCR is not
the best character recognizer for handwritten text, the
focus of this paper is not to build a state-of-the-art au-
dio/video character recognizer, but rather to investigate

ways in which audio and video may be combined to
improve the accuracy of any given character recogni-
tion system. If the recognizer were perfect, then there
would be no need to use audio to assist in the recogni-
tion of characters. However, since no handwritten char-
acter recognizer is perfect, then any recognizer that in-
troduces errors or uncertainties in the recognition of
characters may be used to study different approaches
for audio-assisted character recognition. It should also
be pointed out that, in many cases, it may not be pos-
sible to use a state-of-the-art recognizer if one is inter-
ested in real-time character recognition within a sim-
ple platform. Although the techniques and approaches
presented in this paper are not tied to any specific rec-
ognizer, some of the parameters along with the final
recognition rates will be different and depend on what
character (and audio) recognizer is used.

Two modifications to GOCR were made. The first
was to have GOCR return a set of candidate characters
rather than a single recognized character or no match
at all. The second was to return a score that is based on
the number and the relative significance of the recogni-
tion rules that are satisfied. Thus, when the image of a
character is passed to the character recognizer, a set of
possible characters is generated along with a score that
indicates how likely the given character is the correct
one. Since these candidate characters are based only on
the video, they will be referred to as video options, as
opposed to audio options that are based on the audio
as discussed later in Section 6.1. Thus, as illustrated in
Fig. 3, the output of the video text recognizer is a set of
L video options for each character s, where each video
option, vj(s), is an ordered pair

vj(s) = [vcj(s), v
p
j (s)]

where vcj(s) is a character from the dictionary C and
vpj (s) is the recognition score for that character.
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Fig. 3. A character s with L video options.

The current system recognizes the alphabetic char-
acters (upper case and lower case), numbers and basic
arithmetic operators. Expanding the dictionary to in-
clude other characters, such as Greek letters and more
complicated mathematical symbols is straightforward.

5. Ambiguity detection and option selection

After the character recognizer generates a set of
video options for a character, the next step (ambiguity
detection) is to decide whether or not the option with
the highest score is likely to be correct. If it is likely
to be correct, then it is output as the final recognized
character. However, if it is determined that there is a
sufficiently high probability that this option may be in-
correct, then two or more options that satisfy some op-
tion selection criteria are sent to the audio recognizer
to assist in the recognition.

5.1. Character recognition score

The recognition scores produced by the video text
recognizer are often not the best metric to use to de-
termine whether or not a recognized character should
be classified as ambiguous. Therefore, these scores are
mapped to a new set of scores that are better matched
to the task of tagging the ambiguous characters. Some
commonly used score normalization techniques are
discussed in [22], but the approach that is used here
is to replace the score with an estimate of the condi-
tional probability that the character is correctly classi-
fied, given the video match score for that option. More
specifically, let G be a function that returns the ground
truth for a given character s,

G(s) = c

The conditional probability is then given by

Prob{vci (s) = G(s)|vpi (s)}

=
Prob{vci (s) = G(s), vpi (s)}

Prob{vpi (s)}

Estimating these conditional probabilities is done us-
ing a training set along with the ground truth for each
character in this set. Thus, the estimate of this con-
ditional probability that will be used as the character
recognition score, v̄pi (s), is

v̄pi (s) =
N(vci (s) = G(s), vpi (s))

N(vpi (s))

where the term in the numerator is the number of times
vci (s) is correctly classified when its score is vpi (s),
and the term in the denominator is the number of times
vci (s) has a score of vpi (s). In some cases, such as when
there is a limited training set, it may be necessary to
divide the range of scores into intervals and estimate
the conditional probability given that vpi (s) falls within
some range of values.

5.2. Character classification

Having an appropriate set of scores for each video
option for a given character, it is now necessary to de-
termine whether or not a character should be classified
as ambiguous. Those that are ambiguous will be sent to
the audio recognizer to assist in the recognition. It may
at first seem best to send every character to the audio
recognizer for verification or correction, but in those
cases where the video option with the highest score is
correct, the audio recognizer may find an utterance (or
no utterance at all) in the audio thereby making an-
other character more likely and, as a result, introduc-
ing an error in the final recognition result. Similarly,
if an incorrectly recognized character is not forwarded
to the audio text recognizer, then there is no possibil-
ity for the error to be corrected. Therefore, it is impor-
tant to determine which characters have a sufficiently
high probability of being incorrectly recognized, and
tagging these as ambiguous and sending only these to
the audio recognizer.

A character is classified as non-ambiguous if its
recognition score exceeds some threshold. To perform
this classification, two types of thresholds were consid-
ered: simple thresholds and character-specific thresh-
olds. In the following, S will be used to denote the set
of all characters that are to be recognized, and D(s)
will be used to represent the set of all characters in S
that are classified as ambiguous. It will be assumed,
for simplicity, that the video options for each character,
vj(s), have been ordered according to their recogni-
tion score with the first option having the largest score.
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Table 1
Classification of characters in the training set for a given character-
specific threshold T

Top video option Tag
Nt(T ) Correct Non-ambiguous
Nf (T ) Incorrect Non-ambiguous
At(T ) Incorrect Ambiguous
Af (T ) Correct Ambiguous

5.2.1. Simple thresholds
The first threshold criterion considered for ambigu-

ity detection is one that classifies a character as am-
biguous if the option with the largest score is less than
some absolute threshold, TA,

D(S) = {s ∈ S | v̄p1(s) < TA}

The second is to evaluate the ratio of the second largest
score, v̄p2(s), to the largest score, v̄p1(s), and if this ra-
tio exceeds some threshold, TR, then the character is
classified as ambiguous,

D(S) = {s ∈ S | v̄p2(s)/v̄p1(s) > TR}

The rationale here is that if the top video option is un-
equivocally correct, then it should have a score that is
significantly larger than the second best video option.

5.2.2. Character-specific thresholds
Since some characters are more difficult to recog-

nize than others, and since a character recognizer will
generally have different recognition rates for different
characters, having the same threshold for all charac-
ters is generally not the best approach to use. There-
fore, another approach is to use a different threshold for
each character in the dictionary. To set these character-
specific thresholds (that will depend on the specific
character recognizer that is used), a training set for
each character in the dictionary is created. Let S(c) de-
note the training set for the character c. Each character
in S(c) is sent through the character recognizer, and
this set is then partitioned into four sets as illustrated
in Table 1. This partition, which depends on a thresh-
old T , is generated as follows. Let N(T ) denote the
set of all characters that would be classified as non-
ambiguous using a threshold of T . In other words, the
top recognition score for each of these characters is
larger than T . As a result, these characters will not be
sent to the audio recognizer for further processing, and
the video option having the largest recognition score
will be the final output. This set is then partitioned into
two sets, Nt(T ) and Nf (T ). The characters in the first
set are those for which the video option with the high-

est score is the correct character, c, and therefore will
be correctly recognized. The characters in the second
set, on the other hand, are those for which the video
option with the highest score is incorrect and will be
incorrectly recognized.

All of the characters not in N(T ) are in a set de-
noted by A(T ), and these are the characters that would
be classified as ambiguous using the threshold T and
would be sent to the audio recognizer for additional
processing. This set is partitioned into two sets, At(T )
and Af (T ). The characters in the first set are those that
are correctly classified as ambiguous because the cor-
rect character is not the one with the highest recogni-
tion score. Therefore, further processing may result in
the correct recognition of these characters. For those
characters in the second set, the video option with the
highest recognition score is the correct one. However,
since the score does not exceed the threshold T , they
are sent to the audio recognizer for further processing
and may, eventually, be recognized incorrectly.

For a given threshold, T , the recognition rate for the
character c over the training set S(c) is equal to

α(T, c) =
|Nt(T )|+ αL

A(|At(T ) ∪Af (T )|)
|S(c)|

where |A| is the number of elements in the set A, and
αL
A is the recognition accuracy for the ambiguous char-

acters when L video options are sent to the audio rec-
ognizer. This value is estimated from the training set.
The character-specific threshold T (c) is then defined to
be the value of T that maximizes the recognition score,

T (c) = argmax
T

(α(T, c))

It is important to note that these thresholds depend on
the specific character recognizer that is used.

5.3. Option selection

After a character has been classified as ambiguous,
it is necessary to determine which set of video options
should be forwarded to the audio recognizer to help
resolve the ambiguity. If the character recognizer pro-
duces N video options for a character, then the naïve
approach would be to send all N options to the au-
dio recognizer since this would increase the probabil-
ity that the correct character would be among the op-
tions that are forwarded. However, when the correct
character is the one with the highest score, then each
additional option that is forwarded would increase the
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chances that an error will be made in the final output.
On the other hand, if the number of options that are
passed is too low, then the chances are higher that the
correct character would not be included within this set.
Thus, the goal of option selection is to choose a set of
video options in such a way that the probability of hav-
ing the correct character within the list is maximized
while, at the same time, minimizing the number of op-
tions that are in the list.

Three different option selection strategies were con-
sidered. If K options are to be forwarded to the audio
recognizer, then the first option is simply to select the
K video options that have the largest recognition score.
Again assuming that the video options have been or-
dered according to their recognition score, with v1(s)
having the largest score, the set of video options is

O(s) = {v1(s),v2(s), . . . ,vK(s)}
The second strategy is to select all video options that
have a recognition score that exceeds a threshold T .
Thus, if V (s) is the set of all video options, then

O(s) = {vi(s) ∈ V (s) | v̄pi (s) > T }
In this case, the number of video options is variable.
The third approach is to select all video options that
have a recognition score that exceeds some fraction,
TO of the highest score,

O(s) = {vi(s) ∈ V (s) | v̄pi (s)/v̄p1(s) > TO}
Here again, the number of options is not fixed. In the
event that no video options satisfy the threshold condi-
tion, the top one or two options would be selected.

6. Audio-video synchronization

Once the video options for the ambiguous characters
have been identified, the audio recognition system is
used to determine which of these options, if any, are
found in the audio within some interval around the time
that the character is written on the board. Since the goal
is to search for specific phonemes or spoken words,
Nexidia’s word spotter was used since it is fast, works
well for non-standard grammars, and does not require
any training [35]. For the case in which two or more
audio options are found for a given video option, it is
then necessary to perform audio-video synchronization
to match the appropriate audio option with the given
video option. First, we discuss what is meant by an
audio option.

6.1. Audio options

When a handwritten character s that is written at
time t(s) is classified as ambiguous, an audio search
window is defined that extends from time t(s) − tc to
time t(s)+ tc.1 Then, for each video option vj(s), one
or more audio search terms are defined for this charac-
ter vcj(s). These audio search terms are the phonemes
or words that might be spoken when the character s
is written on the board. For example, if vcj (s) = “2”,
then the audio search terms might be “two”, “squared”,
“twice”, and “double”. The audio is then searched over
the given window for each audio search terms, and
for each one that is found, an audio option is created.
These audio options are vectors that contain the audio
search term, acj,k(s), the time that it occurs in the audio,
atj,k(s), and an audio match score, apj,k(s). Thus, the
kth audio option for the jth video option vj(s) would
have the form

aj,k(s) = [acj,k(s), a
t
j,k(s), a

p
j,k(s)]

An example is shown in Fig. 4 where the character s
has two video options. For the first option, v1(s), only
one audio search term is defined, which is “four”, and
over the audio search window two audio options are
found. However, for the second video option, v2(s),
which also has only one audio search term, only one
audio option is found. Any audio option that has an au-
dio match score that is below a certain threshold may
be ignored or discarded. For example, if the threshold
is set to 0.75, then audio option a2,1(s) would be re-
moved, leaving no audio matches for the second video
option.

6.2. Audio-video synchronization

When two or more audio options remain for a given
video option, it is necessary to perform audio/video
synchronization to pair the video option with an ap-
propriate audio option. It may seem that a good choice
would be to pick the audio option that has the highest
recognition score,

k0 = argmax
k

apj,k(s)

but this is not necessarily the best choice for the follow-
ing reasons. First, it ignores the times at which the au-

1The window could be asymmetric, but this adds another param-
eter, and was found not to be particularly useful.
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Fig. 4. Audio options, aj,k(s), for two video options, v1(s) and v2(s) for the character s.

dio options occur in the audio. As a result, an audio op-
tion may be selected that is much further away in time
from when the character is written on the board com-
pared to another option with a slightly lower recog-
nition score that corresponds to the correct utterance.
This could happen, for example, when there are re-
peated characters, such as in the equation

x+ 99y = z

The first “nine” that is spoken may have a higher recog-
nition score than the second one and, therefore, may
be the one that is selected as the audio option for
both characters. Therefore, some alternative methods
for synchronization have been considered, and are dis-
cussed below [55,57].

6.2.1. Time-difference synchronization
Another simple approach to A/V synchronization is

to select the audio option aj,k(s) that occurs at time,
atj,k(s), that is closest to the time, t(s), that the video
option vj(s), is written on the board,

k0 = argmin
k

|t(s)− atj,k(s)|

For the example given in Fig. 4, v1(s) has two audio
options. Since the time of the second audio option is
closer to t(s) than that of the first audio option, then
a1,2(s) would be the one that is assigned to v1(s). Al-
though this approach is simple, it does not take into ac-
count the audio options that are found within a neigh-
borhood of a given option for characters that come be-
fore or after it. Therefore, some approaches that are
based on the context in which the audio option occurs
are presented below.

6.2.2. Neighbor-based methods
To see how context might be used for A/V synchro-

nization, suppose that vj(s) is a video option for the

character s and let aj,k(s) be one of its audio options.
If atj,k(s) is the time at which this audio option oc-
curs, define an A/V synchronization window that starts
tb seconds before and ends ta seconds after this time,
i.e.,

[atj,k(s)− tb, a
t
j,k(s) + ta]

With na and nb two positive integers, consider the top
video options (those with the largest recognition score)
for the nb characters that occur before and the na char-
acters that occur after the character s. The number of
the nb video options that have an audio option within
the A/V window before atj,k(s) plus the number of the
na video options that have an audio option within the
given window after atj,k(s) is assigned to the variable
N(aj,k(s)). Clearly, this variable may have any value
between zero and na+nb. The audio option that is then
synchronized with the character s is the one that has
the largest value of N(aj,k(s)), i.e., aj,k0 (s) where

k0 = argmax
k

N(aj,k(s))

If two or more audio options have the same maximum
value for N(aj,k(s)), then the one that is the closest in
time to vj(s) is selected.

As an illustrative example, suppose that the follow-
ing equation is written on the board,

194 + t2 = x (1)

and that the character s = “4” has been classified as
ambiguous. In addition, suppose that the first video op-
tion for this character is vc1(s) = “4” and that ac1,1(s) =
“four” is an audio search term. Over the audio search
window that is placed symmetrically around t(s) as il-
lustrated in Fig. 5, note that two occurrences of “four”
are found. So the question is “which one corresponds
to the video option v1(s)?” Suppose that na = nb = 1
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Fig. 5. Illustration of the audio search window for the audio search term “four” and the A/V synchronization windows for two audio options.

and that “9” and “+” are the top video options for
the character before and after the character s, respec-
tively, i.e., the video options with the highest recogni-
tion scores. Within the A/V synchronization window
for a1,1(s), there are no audio options for “nine” be-
fore time at1,1(s) and no audio options for “plus” af-
ter time at1,1(s). Therefore, N(a1,1(s)) = 0. Perform-
ing the same search over the A/V synchronization win-
dow for the second audio option at time at1,2(s), we
see that N(a1,1(s)) = 2 since an audio option is found
for “nine” within the window before time at1,2(s) and
one is found for “plus” within the window after time
at1,2(s). Therefore, a1,2(s) is the audio option that
would be synchronized (paired) with the character s =
“4”.

6.2.3. Selective neighbor-based methods
In the neighbor-based method for A/V synchroniza-

tion described above, the top video options of the
neighboring characters are assumed to be correct, and
the audio search terms for these options are the ones
that are used when searching for neighbors and in
determining the value of N(aj,k(s)). However, since
character recognizers are not perfect, the top video op-
tions may be incorrect thereby resulting in poor syn-
chronization. An alternative is to select a subset of the
neighboring video options that include those that have
the highest probability of being correct. One way to do
this is presented below through an illustrative example.

Suppose that Eq. (1) is written on the board, and that
an audio option for the character s = “4” is to be found.
Shown in Fig. 6 is a video option v1(s) for this char-
acter along with one of its audio options, a1,k(s). Also
shown are the top video options for the nb = 2 charac-
ters before and the na = 2 characters after the charac-
ter s, and the audio options for these characters that are
found within the given synchronization window. Us-

ing the neighbor-based method with na = nb = 1,
N(a1,1(s)) would be equal to one instead of two be-
cause the video option before the character s is incor-
rectly recognized as “g” and no utterance of “gee” is
found within the given window. However, suppose that
na = nb = 2, and that out of the two characters be-
fore s, the one with the highest recognition score is se-
lected and the same is done for the two characters after
s. In this case, N(a1,1(s)) would be equal to two since
the incorrectly recognized character would not be used.
So, with this approach, in addition to the number of
characters before and after s that are considered, two
additional parameters are defined, lb and la, that spec-
ify how many of the nb and na characters, respectfully,
will be selected.

Instead of selecting which neighbors to use based
on video scores, the selection may be based on the au-
dio. More specifically, with audio-based neighbor se-
lection, the video options that are selected are those
whose audio search terms have the largest number of
phonemes. These are the ones that have a higher prob-
ability of correctly finding an audio option within the
A/V synchronization window, if one exists. As with the
video-based neighbor selection, two additional param-
eters are needed, lb and la, that specify how many of
the nb and na characters will be selected.

6.2.4. Rank sum based synchronization
Five different ways to perform audio-video syn-

chronization were presented in the previous sections:
score-based, time-difference, neighbor-based, and se-
lective neighbor-based methods using either video or
audio. For each synchronization method, the audio op-
tions may be rank-ordered, and a rank number as-
signed to each. For example, if audio option aj,k(s)
is the lth best option using the first synchronization
method (recognition score) then the rank, R1(aj,k(s)),
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Fig. 6. The audio options that are found within an A/V synchronization window around a1,k(s) for the top video options of the two characters
before and the two characters after the character “4”.

for aj,k(s) using this method would be equal to l. Find-
ing the ranks for this option using the other synchro-
nization methods gives a set of five rank numbers that
may be summed to give a rank-sum score. Finding the
rank-sum score for each audio option, the one with the
lowest score is then selected as the one to be synchro-
nized with vj(s), i.e., aj,k0 (s) where

k0 = argmin
k

5∑

i=1

Ri(aj,k(s))

In the case of a tie, any one of a number of possible
tie-breaking strategies may be used, such as selecting
the audio option that is the closest in time to when the
character s was written on the board.

7. Audio-video combination

The output of the audio-video synchronizer is a set
of ambiguous characters that have one or more video
options,vj(s), for each character s with each video op-
tion having only one audio option aj,k0 (s). For exam-
ple, shown in Fig. 7 are two video options for the char-
acter s. Three audio options are found for v1(s) using
the audio search term “four” and only one audio option
is found for v2(s) using the audio search term “nine”.
The output of the A/V synchronizer for the first video
option is denoted by a1,k0(s). Since there is only one
audio option for v2(s), no synchronization (pairing) is
required. So, with two audio/video pairs,

[v1(s), a1,k0(s)], [v2(s), a2,1(s)]

the last step is to determine which pair is the correct
one, thereby leading to the final recognition result, ei-
ther “4” or “9”. This decision is made based on the
recognition scores from each recognizer, the audio/
video metrics found during synchronization, and per-

haps on some other sets of parameters. Similar com-
bination approaches have been used to improve the
recognition accuracy of handwriting recognizers [59],
speech recognizers [12] and a combination of the
two [21]. We considered several rank-level and measu-
rement-level combination techniques [53] such as rank
sum and weighted sum rule using classifier-specific
weights and character-specific weights as described
below.

7.1. Rank based techniques

The challenge often encountered when combining
the outputs of two or more classifiers is that the recog-
nition scores are not generally normalized with respect
to each other. In other words a score of 8.0 out of 10
for one classifier may not mean the same as a score
of 8.0 out of 10 for another. In such situations, a com-
monly used approach is to use the rank sum (Borda
count). With this approach, the various options (or fea-
tures) for each classifier are assigned a rank [53]. The
ranks are then summed for each option and the recog-
nition result having the lowest rank sum is selected as
the output. In the case of a tie, a tie-breaking strategy is
used. One of the advantages of a rank based technique
is that there is no need to assign weights to the audio
and video recognizers or to normalize the recognition
scores.

An example of the rank sum method is shown in
Fig. 8 where the number two is to be recognized. The
recognition scores for the video and audio recognizers
along with their ranks are shown in the table. Note that
if the sum of the recognition scores were used to select
the final character, then the number seven would have
been the final result whereas the rank sum results in
a correct recognition. The relatively high audio recog-
nition score for the audio option corresponding to the
character “a” is due to the presence of the phoneme for
character “a” that is found in the number eight that oc-
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Fig. 7. A character s with two video options, with the first one having three audio options. A/V synchronization selects the best audio option for
v1(s), and the final step is to decide which audio-video pair is the correct one, leading to the final recognition result.

Fig. 8. The final recognition step in selection the best audio-video pair for a character. Shown in this example are the results of recognizing the
character “2” based on the sum of the audio and recognition scores and on the rank sum score.

curs just before the number two. There is also a high
audio recognition score for the audio option “7” be-
cause the number seven actually occurs in the audio
just after the number two.

7.2. Weighted sum of recognition scores

As suggested in the example in Fig. 8, another way
to combine the audio and video recognition scores
is simply to form the sum [53]. However, given that
the video and the audio recognizers may perform dif-
ferently in their ability to recognize characters, this
should be accounted for in the sum. The simplest ap-
proach would be to use the same recognizer-specific
weights, wv and wa, for all characters,

z(s) = wvv
p
j (s) + waa

p
j (s)

If, for example, the audio recognizer was determined
to be much more accurate than the character recog-

nizer, in general, then more weight should be placed
on the audio recognition score when selecting the final
output. However, since the accuracy of the audio and
video text recognizers may be different for each char-
acter, then using different weights for each character
has the potential to further improve the recognition ac-
curacy. Consider, for example, the number seven. Since
“seven” has two phonemes, the audio recognizer will
have an easier time recognizing this character com-
pared to single phoneme characters such as “b” and
“d”. The video recognizer, on the other hand, will have
more difficulty recognizing the number “1” (compared
to the letter “l”) than it will have recognizing the num-
ber “3”.

One way to assign a weight wV (v
c
j(s)) to the jth

video option for the character s is to use the video text
recognizer’s accuracy-related metrics, such as preci-
sion and sensitivity for the character label vcj(s). The
value of the audio weight wA(v

c
j (s)) may either be

computed in a similar fashion with the weights being
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Table 2
Summary of recognition results

Rescoring Ambiguity detection Options AVS AVC Rate
− − One − − 53.7
� − One − − 62.2
� − All � � 61.4
� − TO = 0.80 � � 64.0
� TR = 0.85 All � � 64.5
� TA = 0.98 Four � � 67.6

normalized so that they sum to one, or the weight may
be set to wA(v

c
j(s)) = 1− wV (v

c
j(s)).

8. Experiments

This section summarizes some of the key results
from an extensive set of experiments that were done
to test the performance of the various approaches to
audio-video character recognition that have been pre-
sented here [55]. An attempt was made to isolate the
contribution of each step in improving the recogni-
tion accuracy of the overall system under a variety of
conditions, but this is an extremely difficult task be-
cause of the interactions of all of the components and
the sheer number of possible combinations of methods
introduced. For example, determining what approach
is best for option selection will depend on what ap-
proaches are used in all of the tasks that follow. Al-
though not presented here, a discussion of the diffi-
culties encountered when there is heavy occlusion by
the instructor, poor time-stamping of the video options,
and large skews in time between the audio and video
may be found in [55]. Here, we summarize the over-
all performance of the system using what appears to be
the best system configuration for the audio and video
recognizers that were used. What is significant about
the results is not the specific numbers that were ob-
tained for the recognition rates, because they could be
improved with any improvement in either recognizer.
What is important is the increase that is afforded by
incorporating audio into the recognition process, and
how the audio is used to achieve this increase.

8.1. Setup: Data set and implementation

The recording equipment used to capture video con-
sisted of a commercially available off-the-shelf video
camera (Sanyo VPC-HD1A 720p High-Definition Dig-
ital Media Camera) and a wired microphone. The
videos were recorded in a classroom-like setting with
mathematical content being written on the whiteboard

and being spoken by the instructor. The camera was
configured to capture video with a resolution of 1280×
720 pixels at 30 frames per second. The main data set
is organized into two sets, one for training and one for
evaluation. The data set has 9,484 characters from two
instructors, 4,414 of which are in the training set and
5,070 are in the test set. Sample data sets are available
online [9] along with instructions on how to obtain the
complete data set.

8.2. Baseline system

To evaluate the effectiveness of the audio-video
character recognizer, two baseline systems were used
for comparison. The first is the character recognizer
used alone, with no assistance from the audio. With
this system, the recognition accuracy was 53.7% us-
ing the scores from GOCR, and it was 62.2% if these
scores were replaced with conditional probabilities as
described in Section 5.1. These results are given in the
first two rows of Table 2.

The second baseline system is one in which all
characters are classified as ambiguous (no ambiguity
detection or option selection), with rank sum based
synchronization and audio-video combination using
recognizer-specific weights wv = 0.8 and wa = 0.2.
The character recognition accuracy for this system as
shown in the third row of Table 2 was 61.4%. The
lower recognition rate here demonstrates the impor-
tance of ambiguity detection and option selection.

8.3. Results

After extensive testing, it was found conclusively
that instead of using the raw recognition scores from
the character recognizer, better overall recognition
rates are obtained when they are replaced with esti-
mates of the conditional probability that the character
is correctly classified given the raw recognition score
as discussed in Section 5.1. It was observed that this
rescoring not only resulted in a reordering of the video
options so that more characters ended up with the cor-
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rect video option with the highest score, but it also re-
sulted in an increase in the number of characters that
had the correct video option within the top L scores for
any value of L. Therefore, in all of the following re-
sults, this rescoring was performed. It is believed that
this rescoring should be used for any character recog-
nizer that is used.

In the absence of an ambiguity detector, determin-
ing which options are sent to the audio-video recog-
nizer for additional processing may be done in two
ways. The first is to select a fixed number of options
for each character, and the other is to send only those
options that exceed a threshold (or only one option if
no options exceed the threshold). Of these two meth-
ods, the best was to use an option selection threshold
with TO = 0.80, which resulted in a recognition rate
of 64.0% as shown in the fourth row of Table 2.

When an ambiguity detector is used, the methods
proposed to classify a character as ambiguous include
simple and character-specific thresholds. Which type
of threshold to use depends on how the ambiguous
characters are processed. If there is no option selection
criterion (all characters that are classified as ambigu-
ous are sent to the audio recognizer), then a relative
threshold value of TR = 0.95 was the best approach,
which resulted in a recognition rate of 64.5% as shown
in the fifth row of Table 2. This is approximately the
same as that obtained when it is assumed that all char-
acters are ambiguous, and the video options that ex-
ceed an option selection threshold of TO = 0.80 are
sent to the audio-video synchronizer (fourth row of Ta-
ble 2).

When both an ambiguity detector and an option se-
lection criterion is used, the best recognition rates were
achieved using an absolute threshold value of TA =
0.98 for ambiguity detection, and sending four (a fixed
number) options to the audio recognizer for each am-
biguous character. As shown in Table 2, in this case the
recognition rate was 67.6%. What is interesting to note
is that for the data set that was used, 54% of the char-
acters were classified as non-ambiguous and for these
characters the recognition rate was 85.1%. For the 46%
that were classified as ambiguous, 23% of those that
would have been incorrectly recognized based on the
VTR were corrected by the audio. On the other hand,
1.6% of the characters that would have been recog-
nized correctly were changed to an incorrect character
by the audio recognizer.

Each video option that is selected for audio-video
combination that has two or more audio options, syn-
chronization (selection of one of the audio options)

must be performed. Audio-video synchronization is a
difficult task, and how well it can be done is determined
by many factors including the accuracy of the video
time-stamping (estimation of the time that the charac-
ter is written on the board), the audio-video alignment
(how close in time a character is written to when it is
verbalized), and the accuracy of the video and audio
recognizers. A summary of the experimental results is
as follows. In the case of good video time-stamping
(the time difference between the true and estimated
times is less than two seconds) and good audio-video
alignment (a character is verbalized within four sec-
onds of its being written), each of the synchronization
methods performed well, with the feature rank sum
based approach performing slightly better. However, in
the case of either poor video time stamping or poor
audio-video alignment, the synchronization results be-
come worse, with the time difference based techniques
performing considerably worse than the others, with
the A/V neighbor based and rank sum based techniques
performing equally well.

The final step is audio-video combination. In each
experiment, ambiguity detection and option selection
with a relative threshold of 0.9 was used. With this
threshold, 35.7% of the characters are classified as
non-ambiguous and 64.3% as ambiguous. The VTR
accuracy for the non-ambiguous characters is 79.8%
and 39.2% for the ambiguous characters. Since A/V
combination processes only the ambiguous characters,
the recognition accuracy for these characters should in-
crease. With rank sum based A/V synchronization, the
A/V combination results are as follows. With 35.7%
of the characters in the test data set classified as am-
biguous, without audio the recognition rate for these
characters is 39.2%. If the rank sum method is used for
audio-video combination, this rate increases to 50.2%,
and if recognizer weights of 0.8 and 0.2 are used for
the video and audio recognizers, respectively, then this
rate increases to 56.9%.

9. Conclusions and future work

This paper presented a number of ways to combine
the output of a character recognizer with an audio rec-
ognizer to improve the overall recognition accuracy of
mathematical equations. The components of the sys-
tem included a video text recognizer, ambiguity de-
tection, an audio recognizer, audio-video synchroniza-
tion, and audio-video combination (fusion) of the out-
puts of the audio and video recognizers. Experiments
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conducted over a large data set, consisting of videos
recorded in a classroom like environment, demonstrate
that significant improvements in character recognition
accuracy can be achieved by combining audio with
video. While the system made use of specific text and
speech recognizers (word spotter), the proposed tech-
niques may be used with other recognizers as well.
We are currently in the process of investigating the use
of mathematical grammar and the spoken content to
improve the structure recognition accuracy associated
with handwritten mathematical content. Other avenues
for future work include exploring the use of a math-
ematical grammar for the audio-video based charac-
ter recognition stage and using time-stamping informa-
tion along with character recognition results to spot se-
quences of words instead of single words.
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