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Abstract

The American Sign Language Linguistic Research Project (ASLLRP) provides Internet access to
high-quality ASL video data, generally including front and side views and a close-up of the face.
The manual and non-manual components of the signing have been linguistically annotated using
SignStream®. The recently expanded video corpora can be browsed and searched through the Data
Access Interface (DAI 2) we have designed; it is possible to carry out complex searches. The data
from our corpora can also be downloaded; annotations are available in an XML export format. We
have also developed the ASLLRP Sign Bank, which contains almost 6,000 sign entries for lexical
signs, with distinct English-based glosses, with a total of 41,830 examples of lexical signs (in addition
to about 300 gestures, over 1,000 fingerspelled signs, and 475 classifier examples). The Sign Bank is
likewise accessible and searchable on the Internet; it can also be accessed from within SignStream®
(software to facilitate linguistic annotation and analysis of visual language data) to make
annotations more accurate and efficient. Here we describe the available resources. These data have
been used for many types of research in linguistics and in computer-based sign language recognition

from video; examples of such research are provided in the latter part of this article.
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1. Introduction

Access to sufficient quantities of high-quality, linguistically annotated, American Sign Language
(ASL) video data from native signers, with enforcement of a 1-1 relationship between the sign
production and the text-based gloss label in the annotations, is essential for research in computer-
based sign language recognition from video. This article is intended to make the community aware
of resources that can enable and facilitate such research, by describing the datasets that are available
and the tools provided on the Web for viewing and accessing the data. The final section of this paper

provides some examples of computer science research that has benefited from the shared resources.



The Data Access Interface (DAI 2) is a Web-based interface that has been designed to allow users
to browse, search, and download linguistically annotated video data of various kinds from native
signers of ASL collected as part of the American Sign Language Linguistic Research Project
(ASLLRP), a collaborative venture that has included researchers from Boston University (BU),
Rutgers University (RU), Rochester Institute of Technology (RIT), and Gallaudet University (GU), in
collaboration also with DawnSignPress [7] (DSP).

Overview

There are several linguistically annotated video corpora created at Boston University that can be
accessed from our website:

® 2 continuous signing corpora [Section 2.1]

1. the BU ASLLRP SignStream® 3 Corpus (2,048 utterances, 16,659 sign tokens)
2. the older BU NCSLGR SignStream® 2 Corpus (1,002 utterances, 10,719 sign tokens)

®» 1 corpus with isolated, citation-form signs [Section 3.1]

the American Sign Language Linguistic Video Dataset (ASLLVD) (9,674 sign tokens)

These are described below. The above continuous signing data can be searched, browsed, and
downloaded from our Data Access Interface (DAI 2) < https://dai.cs.rutgers.edu/dai/s/dai >.

Our ASLLRP Sign Bank < https://dai.cs.rutgers.edu/dai/s/signbank > [Section 3.3], originally
created to allow viewing of the citation-form ASLLVD data, now also makes it possible to play the
corresponding segmented sign videos from our continuous signing corpora (the ASLLRP
SignStream® 3 and the NCSLGR SignStream® 2 Corpora), which can also be viewed in context;
i.e., it is possible to play the containing video utterances.

2. Continuous Signing Corpora

The data available through DAI 2 < http://dai.cs.rutgers.edu/dai/s/dai > include a large set of utter-
ances that are part of the expanding ASLLRP SignStream® 3 Corpus. The video examples for most
of the utterances include 3 synchronized views — front, side, and close-up of the face. DAI 2 provides
various ways to browse, search, and download these data, as described below in more detail.

21 The ASLLRP Video Corpora: Data Sets of Continuous ASL Signing

This ASLLRP SignStream® 3 Corpus of is an expanding collection of continuous signing from ASL
native signers, which was collected at Boston University. Synchronized videos display the signing
from front and side, as well as providing a close-up view of the face. These videos were annotated
with SignStream® 3 [see Section 4] with labels and start and end frames for all events: manual
English-based gloss labels, sign type, start and end handshapes (with information provided for both
hands), as well as non-manual information, such as grammatical markings for things such as ques-
tion status, negation, topic/focus, conditional / when and relative clauses, plus anatomical behaviors,

such as head nods and shakes, eye aperture and gaze, etc.. ; See [29, 30] for annotation conventions.

As of January 2022, the BU data in this corpus consist of 43 SignStream® files containing a total of
2,048 utterances, with 16,659 total signs (representing 1,867 distinct signs or sign variants) from 4
native ASL signers.



DawnSignPress (DSP) recently shared 527 additional sentences from 15 native signers, with a
total of 3,032 sign tokens; the DSP videos each have a front and side view. These can be viewed but
not downloaded

This is in addition to an older dataset, available separately from the same website: the National
Center for Sign Language & Gesture Resources (NCSLGR) SignStream® 2 Corpus, although that
does not include handshape annotations. That dataset, searchable and downloadable, contains 1,002
utterances and 10,719 signed examples, annotated with glossing conventions consistent with those

used for all other data available from this site; see [29, 30].

2.2 Access to the Continuous Signing Corpora via DAI 2

2.2.1 Sign-level searches

The search interface is here: < http://dai.cs.rutgers.edu/dai/s/dai >. Searches can be performed and
constrained based on the following:

= A specific character string in the gloss label on the dominant or non-dominant hand (or either);

» Signs of particular types (lexical, number, loan, fingerspelled, gesture, classifier of various kinds,
etc.); compounds, non-compounds, or either;

* Handshapes on the dominant and/or non-dominant hand, at the start and/or end; presence of
reduplication or passive base arm;

= Specific SignStream® collection (=filename); available filenames are listed, with the number of
signs contained in each listed in parentheses;

= Specific signer; available signers are listed, with the number of signs from each in parentheses.

Results are displayed in a table, as shown in Figure 1, which presents first the results from a search
for the partial string “FATHER”. In addition to the canonical form of the sign, there is also a version
with reduplication of the movement (FATHER+), a version with finger wiggling (FATHERwg), and
a compound meaning ‘parents’ composed of the sign for FATHER followed by the sign for
MOTHER. The number of occurrences of each, as produced by each of the 3 participants listed, is
shown in the corresponding cells, with links to the video examples. For example, there are 10
examples of the canonical form, FATHER, produced by Rachel, shown when the user clicks on the
circled cell; the first two of those are displayed in this figure.

Utterance
File Name-Utterance Video Sign Video
topie/focus: topic

[J Rachel_2011-12-08_sc45-u-22 "
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= 5 Gloss..
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Figure 1. Search results for partial string “FATHER”



The SignStream® filename plus the utterance number within that collection (=file) are included in
the first column of Figure 1. The checkboxes make it possible to add specific examples to the
Download Cart. Clicking on the icons in column 4 highlighted by the dark blue oval will play the
sign or entire utterance videos: front, face, or side view; an example of the facial close-up for the sign
video is shown in Figure 2. The arrow keys make it possible to step through the video frame by
frame. The filename and time within the whole video are also displayed. Clicking on the blue Gloss
button visible in circled region in the bottom screen shot of Figure 1 reveals a more complete display
of the non-manual events (a rough approximation of the precise time-alignment that would be

visible in the SignStream® display), also shown in Figure 2.

Sign video for Rachel 2011-12-08 sc45 U:22 Sign=father View=Face Full gloss for Rachel_2011-12-08_sc45-U-22
head pos: tilt fr/bk: __ back -front
ASLLRP [ J 00:02:57;01 head pos: turn: _right
head pos: tilt side: _=left __ left
head pos: jut: back
head mvmt: nod: -single
head mvmt: shake: -rapid
eye brows: lwrd
eye gaze: right
eye aperture: sq sq bl
nose: wr
mouth: mm otv 1p/cd
body lean: bk/1f for/1f
negative: neg
wh question: q/wh
dh: (25)WHY FATHER (P)UPSET (lh)part:indef KNOW +_(1h)NEG
an snape: N N EENA ED KX KA Mrainmn
engl trans: Why is dad upset? I have no idea...

Figure 2. Left: Playing close-up face video for selected sign from the search results; Right: Display of gloss summary
2.2.2 Utterance-level searches

Utterance-level searches make it possible to view all utterances in the collections, or to limit the
selection based on any or all of the following:
* The presence of a specific grammatical marking and/or specific anatomical non-manual actions
(e.g., wh-question, negation, raised eyebrows, head nod);
= The presence of a particular character string in the English translation of the sentence;

» Specific SignStream® collection (=filename); available filenames are listed, with the number of
utterances contained in each listed in parentheses;

» Specific signer; available signers are listed, with the number of utterances from each contained
in parentheses.

For example, a search for the presence of negative marking would display the 532 utterances with
that marking, the first two of which are shown in Figure 3. Each utterance video—front, face close-
up, or side view—can be played.

File Name-Utterance | L video | View \ Rough Gloss

negatives
dh: #NO++ POSS-1p ROOMMATE NOT (1h)@! RECENT-PAST HAVE EAT +MORNING WIT

\ woe MAHMHE EEEE O O ARG
Gloss.. ndhs ROOMMATE MORNING WIT
Cory_2013-6-27_sc109-U-1 Utterance: ndh shape: - - u j
4 - r." engl trans: No, my rocmmate wasn t arrested; I just had breakfast with her.

H

negative: neg
dh: IX-1p (2h)NOT-YET (P)PAY fs=-RENT
K * Gioss.. ag— - (FRiRiNs 6§ 7]
L4 ndh: 2h)NOT-YET PAY
Jonathan_2012-11-27_sc98-U-1 R L LA
N itefance; ndn shapes r nn
-'l\ .., = engl trans: I haven t yet paid rent.

Figure 3. First two results of a search for utterances with negative



3. Isolated Signs

3.1 The American Sign Language Lexicon Video Dataset

The American Sign Language Lexicon Video Dataset (ASLLVD) is a collection of isolated, citation-
form signs collected at BU through a collaborative effort of Stan Sclaroff, Vassilis Athitsos, Ashwin
Thangali, and Carol Neidle, as well as many ASL consultants and BU students
< http://www.bu.edu/asllrp/people.html >. It consists of videos of >3,300 ASL signs in citation
form, each produced one or more times by each of 1-6 native ASL signers, for a total of almost 9,674
tokens [37, 46]. This dataset includes multiple synchronized videos showing the signing from
different angles. Linguistic annotations [29, 30].include gloss labels, sign start and end time codes,
start and end handshape labels for both hands, and morphological and articulatory classifications of
sign type. For compound signs, the dataset also includes annotations for each morpheme. Further
information about this data set is available from < http://www.bu.edu/ asllrp/av/dai-asllvd.html >.

3.2 Additional Datasets with Citation-Form Signs

The ASLLRP Sign Bank was initially constructed to allow viewing of the ASLLVD. It has since
been expanded to incorporate display of citation-form sign examples provided by:

» the Rochester Institute of Technology (RIT), collected under the direction of Matt
Huenerfauth; a total of 10,561 sign tokens
* DawnSignPress (DSP); a total of 1,904 citation-form sign tokens.

3.3 The ASLLRP Sign Bank

The ASLLRP Sign Bank, available (via the DAI 2) from < http://dai.cs.rutgers.edu/dai/s/signbank >,
was initially constructed to allow viewing of the ASLLVD. It has since been expanded to
incorporate citation-form signs just mentioned in Section 3.2. It also now provides access to all of the
continuous signing corpora just described in Section 2. Furthermore, the Sign Bank now also
provides access to the continuous signing corpora, making it possible, for each entry, to view the
corresponding segmented signs from the continuous signing corpora, as well as the complete
utterances in which they occur.

The Sign Bank has a list at the left, arranged alphabetically by the glosses for the primary entries.
Multiple “entry/variants” may be grouped under a single primary entry in cases where there are
lexical variants or closely related forms. The number in parentheses after each entry/variant
corresponds to the total number of examples of that sign in the Sign Bank.

One canonical example of each entry/variant is displayed on the right when the user clicks on
that gloss. The right and left handshapes of the start and end of the sign are shown to the left and
right of the thumbnails of the signer. In this case, since it is a one-handed sign, there is no handshape
for the non-dominant hand. One can play that sign video by clicking on the button “Play Sign
Video”, as shown in Figure 4. Clicking on “Play Composite Video” will simultaneously play all of
the examples of citation-form signs available from the ASLLVD, as is shown in Figure 5.

The lower part of the left-hand navigation area of Figure 4 offers many options available for
searches. The user can search by gloss text, ‘related English words,” and /or phonological properties.



ASLLRP Sign Bank

Select Sign Type:

All (Exclude Classifier, Gesture, Fingerspelled) B ﬁg:n Search Results ]
Current Signs in Sign Bank Sign Bank Entry/Variant: rascinate (s)
FAT

FAT (7) View Occurrences Play Sign Video Play Composite Video Related English words

FAT_2 (10)
FATHER (63)

*FATHER (MOTHER+FATHER) (41)

*FATHERwg (TURN+FATHERwg) (5)

FATHER® (FATHER+IN+LAW) (3) I v
FATHER® (FATHER+LAW) (5) |
FATHERwg (13)

FATHERwg* (FATHERwg+LAW) (8)
FATHER+IN+LAW
FATHER+IN+LAW (3)
FATHER+LAW
| FATHER+LAW (5)
FATHERwg+LAW

FATHERwg+LAW (6)
FAULT

FAULT (7)
FAVORITE/PREFER

FAVORITE(PREFER (41)
#FAX

Search for Sign - HOW TO

Gloss Text:  Exact Match

English Words:

1-Handed  2-Handed © Either
DH-Start ND-Start DH-End ND-End

| EY) £ &Y

Include Handshapes Clear

Lookup

Figure 4. Alphabetical listing of primary entries, along with the corresponding entry/variants

FATHER FATHER FATHER

Figure 5. Playing the sign video (left) or the composite video (right) Figure 6. Playing original video

Note that the ASLLVD video images on the left in Figure 5 have undergone some post-processing.’
There is also an option to “View Original Video, as shown in Figure 6.”

" RAW frame captures — Bayer interpolation (un-calibrated color profile) — Skin color region detection and segmen-
tation using skin color FG/BG model trained on signers in the data set - Background fill-in with average skin color
— Crop the video frame to skin color segments — Color and contrast enhancement heuristic - Convert image se-
quence to .mov format video with gloss and frame number overlay. This was done was to facilitate presentation of
video collated from several signers together for hand shape annotation purposes, to create videos that work within
available scren real-estate and to provide consistent color, handshape contrast, and brightness across different signers.
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Figure 8. Selecting types of signs for Sign Bank display
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detailed information about how to use the DAI

and about the options for searches, see [34] and

https://www.bu.edu/asllrp/New-features-
DAI2.pdf.




3.4 Further Information

The conventions used for annotations in all of our corpora are documented in [29, 30]. A list of the
field and value names and labels for non-manual events is also contained in the Appendix of [33] as
is the structure of the XML export format. For additional information about DAI 2 and the datasets
to which it provides access, see [34-36]. Statistics about the contents of the various datasets are
provided through DAI 2 at < http://dai.cs.rutgers.edu/dai/s/runningstats >.

4. SignStream® — the Software used for the Linguistic Annotations

All of our video corpora have been linguistically annotated using SignStream®, an application for
linguistic annotation of visual language data developed by our group and freely shared. It provides
an intuitive interface for labeling and time-aligning manual and non-manual aspects of the signing
while viewing up to 4 synchronized videos showing different views. See
<http://www.bu.edu/asllrp/SignStream/3/>. The principal programmer is Gregory Dimitriadis,
working with Douglas Motto at Rutgers University. A screen shot is shown in Figure 7.
The annotations from SignStream® are uploaded to DAI 2 to enable shared access, but are also

available in an XML export format. See [31-33] for SignStream® 3 User’s Guides.

Figure 8. Screen shot of SignStream®

5. Research on Computer-Based ASL Recognition Enabled by These Data

The datasets just described—linguistically annotated video examples of native signers producing
citation-form signs and continuous signing (utterances)—have been the basis for various types of
linguistic research and for research on computer-based recognition of both manual signs and the
non-manual components of ASL, by students and researchers all over the world , e.g. [1-6, 8-19, 22-
25, 28, 39-45, 47-55, 57, 58, 60].

Our research group has been using these data for more than 20 years. In particular, we have done
research on recognition of the grammatically significant non-manual expressions that co-occur with

manual signing and of isolated, citation form signs. For detection of signs from continuous signing,



we have done research to identify sequences containing specific types of signs (lexical, fingerspelled,
and loan signs; classifiers; and gestures). Since these types have significantly different internal
structures and are governed by differing linguistic constraints, distinct recognition strategies are
needed. The following provides a brief overview of the types of research that have been enabled and
facilitated by these data.

5.1 Recognition of Linguistically Significant Non-masnual Expressions

[26]“3D Face Tracking and Multi-scale, Spatio-temporal Analysis of Linguistically Significant Facial
Expressions and Head Positions in ASL,” Bo Liu, Jingjing Liu, Xiang Yu, Dimitris Metaxas, Carol Neidle
(2012 - 8th International Conference on Language Resources and Evaluation (LREC). Istanbul, Turkey)
Essential grammatical information is conveyed in signed languages by clusters of events
involving facial expressions and movements of the head and upper body. These can occur over
hierarchical domains, co-occurring with the phrase over which they have scope. This poses a
significant challenge for computer-based sign language recognition. The method we developed for
the recognition of non-manual grammatical markers involved training based on our linguistically
annotated corpora, which include annotations for both anatomical movements (e.g. head nods and
shakes, eyebrow height, eye aperture) and the grammatical features they express (e.g., negation,
question type, topic). Anatomical movements show characteristic patterns involving particular types
of transitional movements; onsets and offsets are also annotated in our corpora. For example,
periodic head movements typically include an initial rotation, so that the repeated head movement
can begin with a maximum amplitude for the downward or sideward movement, with the periodic
movement diminishing in amplitude over time. As illustrated in Figure 9, the side-to-side
headshake that is one of the components of the non-manual marking of negation begins with a head
rotation to the side, prior to the start of the grammatically significant portion of the negative
marking, which extends over the scope of negation (e.g., the Verb Phrase), diminishing in amplitude
over the course of articulation. Grammatical information expressed through changes in eyebrow
height involves an anticipatory movement to get to the maximal or minimal height just before the

beginning of the marking, as illustrated for the Topic in Figure 9.
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Figure 9. Eyebrow raise and head shake: “The new student, nobody has met (him/her).”



The method we developed used linguistically motivated multiscale features; the method was
based on: (1) 3D deformable model-based tracking methods for the estimation of 3D head pose and
facial expressions to determine the relevant low-level features; (2) methods for higher-level analysis
of component events (raised/lowered eyebrows, periodic head nods and head shakes) used in
grammatical markings—with differentiation of temporal phases (onset, core, offset, where
appropriate), analysis of their characteristic properties, and extraction of corresponding features;
and (3) a 2-level learning framework to combine low- and high-level features of differing spatio-
temporal scales. This approach achieved significantly better tracking and recognition results than
previous methods. Figure 10 shows the methodology that combines low and high level features and
non-manual events to recognize, using a 2-level conditional random field (CRF) learning-based

method, non-manual grammatical markers in ASL.

3D Deformable Face Tracker Low-level Feature Extraction

Input image 3D shape model ¢~ Head poses Facial features

---------- ! Eyebrow heights;
e 0 Gabor features;
! '{fﬁ. ] |;|3|’ features;
\_ ¥ 3 Eye aperture.

5 Nonmanual grammatical markers N / High-level features N Nonmanual events
T‘f'{hﬂﬂllh"“i Raised/lowered cyebrows;
[opics; < Types of events; Head nods:
Conditional clauses; Tcmp(:-ral phascs: N .
! o : Head shakes;
Wh-questions; Motion patterns. :
Yes/No questions. Y Eye blinks.
Nonmanual Grammatical Multi-scale Spatio-temporal Analysis
Marker Recognition of Nonmanual Events

Figure 10. Flowchart of the approach

We used a 2-level CRF-based learning framework; non-manual markers and important temporal
events are recognized and partitioned into the appropriate temporal phases. We evaluated non-
manual event recognition using selected 85 videos from the ASLLRP SignStream® 3 corpus. These
videos include different lighting conditions, partial hand occlusions, diverse head poses, and
occasional motion blurrings. We successfully detected 79 raised eyebrow events of the 81 in the test
dataset, 49/53 occurrences of lowered eyebrows, 38/42 head shake events, and 22/27 head nods.
Finally, Table 1 shows a confusion matrix of recognition of different non-manual markers using our

approach.
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Wh- Negation Topic Yes/No | Conditional/ | None of
question question when clause | the above

Wh-question 6 0 0 0 0 1
Negation 0 34 0 0 0 1
Topic 0 0 46 0 6 3
Yes/No question 0 0 0 5 0 0
Conditional/ 0 0 0 , 15 0
when clause
None of the

1 0 1 1 0 0
above

Table 1. Confusion matrix for our face tracking system using both low- and high- level features.
The label at the left of each row indicates the ground truth from the annotations.

5.2 Isolated Sign Recognition

[27] “Linguistically-driven Framework for Computationally Efficient and Scalable Sign Recognition,”
Dimitris Metaxas, Mark Dilsizian, Carol Neidle (2018 - 11th International Conference on Language
Resources and Evaluation (LREC). Miyagawa, Japan)

We introduced a new general framework for isolated sign recognition from monocular video: a
scalable, computational approach exploiting our linguistically annotated ASL datasets with multiple
signers that uses both hand-crafted and deep neural network based features. We recognized signs
using a hybrid framework combining learning methods with features based on what is known about
the linguistic composition of lexical signs. We modeled and recognized the sub-components of sign
production, with attention to hand shape, orientation, location, motion trajectories, plus non-manual
features, and we combined these within a CRF framework; see Figure 11. This parameterization
enables an extendable time-series learning approach, making the sign recognition problem robust,
scalable, and feasible with relatively smaller datasets than are required for purely data-driven
methods such as deep neural networks. From a 350-sign vocabulary of isolated, citation-form lexical
signs from the American Sign Language Lexicon Video Dataset (ASLLVD), including both 1- and
2-handed signs, we achieved a top-1 accuracy of 93.3% and a top-5 accuracy of 97.9%. The high
probability with which we could produce 5 sign candidates that contain the correct result opens the
door to many potential applications, as it is reasonable to provide a sign lookup functionality that
offers the user 5 possible signs, in decreasing order of likelihood, with the user then asked to select

the desired sign.
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Sign Language Sequence

Convolutional Pose Machine (7 stages)

Part
Confidence
Maps

2D Pose Estimation
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Hand Bounding " - < -
Box Extraction

Discriminative/Generative 3D Pose Optimization

Handshape Feature Enhancement
using Linguistic Priors

Sign Recognition using CRF-based Time Series Learning i i i

CNN (Inception-ResNet-v2) to compute Handshape Features

3D Upper Body (X,Y,Z)

Pose Features

Figure 11. Overview of the approach, using handcrafted features extracted from skeleton

data and the face, and, for the hands, features from a deep neural network.

More recently, we have developed a new deep-learning, skeleton-based method for isolated sign
recognition that involves explicit detection of the start and end frames of signs, trained on the
ASLLVD dataset; it uses linguistically relevant parameters based on the skeleton input. The new
method employs a bidirectional learning approach within a Graph Convolutional Network (GCN)
framework.: It achieves a success rate of 77.43% for top-1 and 94.54% for top-5 on a corpus (with
gloss labels consistent with those used in the ASLLRP Signtream® corpora) that includes a
vocabulary of about 1500 signs.

? “Bidirectional Skeleton-Based Isolated Sign Recognition using Graph Convolution Networks and
Transfer Learning,” Konstantinos M. Dafnis, Evgenia Chroni, Carol Neidle, Dimitris N. Metaxas (in prep.)
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5.3 Detection of Major Sign Types in Continuous Signing for ASL Recognition

[59] “Detection of Major ASL Sign Types in Continuous Signing for ASL Recognition,” Polina Yanovich,
Carol Neidle, and Dimitris Metaxas (2016 — 10th International Conference on Language Resources and
Evaluation (LREC). PortoroZ, Slovenia)

In ASL as in other signed languages, different classes of signs have different internal linguistically
based structural properties, requiring distinct recognition strategies. For these strategies to be
applied, continuous signing video needs to be segmented into strings of specific sign types. Our
corpora include annotations of sign type, and have been used as training data for distinguishing
strings of distinct sign types in continuous signing video, e.g. [56] which distinguished strings of
fingerspelling within continuous signing.

For partitioning continuous signing into strings of specific sign types and identifying those sign
types, we developed a multiple instance learning-based segmentation system. We formulated sign
type classification as an intra-frame multi-instance (MIL) problem, allowing us to capture indirectly
important relationships among multiple moving regions in the image. MIL captures local motion
inside the frame, but does not capture global temporal changes. However, local motion within a
frame can be consistent with multiple sign classes. Therefore, we used a one state per frame CRF [20]
on top of the MIL framework output to model the global interframe dynamics. The system uses
novel feature descriptors derived from both motion and shape statistics of the regions of high local
motion. The system does not require a hand tracker. We accurately labeled 91.27% of the video
frames of 500 continuous utterances (including 7 different subjects) from the NCSLGR
SignStream® 2 Corpus [see Section 2.1].

5.4 Anonymization of ASL Videos

We have recently developed an optical flow based deep learning framework. Given a target image
and a video sequence of continuous signing, we anonymize the original signing by mapping it to the
person in the target image, preserving the linguistic information from the original signer. We have
done preliminary user studies [21] that confirm the effectiveness of both the retention of linguistic

information and the anonymization.

5.5 Computer-based Methods Using our Data

The above methodologies of incorporating linguistic modeling into machine learning frameworks

are general and we are currently exploring new end-to-end deep learning architectures.

6. Conclusion

In sum, we have provided information about the datasets shared on our websites, for browsing,
searching, and downloading. These datasets have proved invaluable in our own research, and we

hope they may be of use to others for various types of research and educational applications.

13



*Acknowledgments: This research has been supported by grants from the National Science
Foundation (see < http:/ /www.bu.edu/asllrp/nsf.html >). Current work on this project is funded by
NSF grants #1763523, 1763486, 1763569, and 2040638. See < http://www.bu.edu/asllrp/people.html >
for a list of the many, many, many people who have made important contributions to the research that
gave rise to the materials described here, including especially Gregory Dimitriadis, Douglas Motto (RU);
Stan Sclaroff, Ashwin Thangali, Vassilis Athitsos, Dawn MacLaughlin, Robert Lee, and Joan Nash (BU);
Ben Bahan and Christian Vogler (GU); and Matt Huenerfauth (RIT). The first version of the DAI was
implemented primarily by Christian Vogler (following up on preliminary work in which many people
had been involved) [38]. Subsequent development has been carried out by Augustine Opoku, who has
designed and developed DAI 2, with many additional features beyond those available in the original
DAL

Data Availability: The websites through which the resources are accessible, at no cost, subject to stated
terms of use, include:

» ASLLRP Sign Bank https://dai.cs.rutgers.edu/dai/s/signbank - for viewing ASLLVD and
segmented signs and their utterance contexts from ASLLRP continuous signing corpora):

* DAI 2 https://dai.cs.rutgers.edu/dai/s/dai - for browsing, searching, and downloading
continuous signing data from:

o ASLLRP SignStream® 3 Corpus: https://dai.cs.rutgers.edu/dai/s/dai
o NSCLGR SignStream® 2 Corpus: https://dai.cs.rutgers.edu/dai/s/daioriginal
* Annotation software, SignStream® 3: http://www.bu.edu/asllrp/SignStream/3/

14



7. References

[1]

(2]

(3]

[4]

(6]

(7]

[12]

Amit, M., K. Yin, G. Neubig, and Y. Goldberg. (2021) Data Augmentation for Sign Language
Gloss Translation, arXiv:2105.07476 May 2021.

Bantupalli, K., and Y. Xie. (2018) American Sign Language Recognition using Deep Learning and
Computer Vision. 2018 IEEE International Conference on Big Data, pp 4896-4899.

Belissen, V., A. Braffort, and M. 1. Gouiffes. (2020) Dicta-Sign-LSF-v2: Remake of a Continuous
French Sign Language Dialogue Corpus and a First Baseline for Automatic Sign Language
Processing. LREC 2020, 12th Conference on Language Resources and Evaluation, 2020, hal-
02541792 Marseille, France.

Bilge, Y. C., N. Ikizler-Cinbis, and R. G. Cinbis. (2019) Zero-Shot Sign Language Recognition: Can
Textual Data Uncover Sign Languages? British Machine Vision Conference (BMVC) 2019.

Brady, K., M. S. Brandstein, J. T. Melot, Y. L. Gwon, J. Williams, E. Salesky, M. T. Chan, P. R.
Khorrami, and N. Malyska. (2018) American Sign Language Recognition and Translation
Feasibility Study, In Technical Report 1233, Lincoln Laboratory, MIT.

Conly, C., A. Dillhoff, and V. Athitsos. (2016) Leveraging intra-class variations to improve large
vocabulary gesture recognition, 2016 23rd International Conference on Pattern Recognition (ICPR).
10.1109/ICPR.2016.7899751.

DawnSignPress. (2016) About Us. DawnSignPress Website. http://www.dawnsign.com/about-us.
Retrieved on October 16, 2016.

de Amorim, C. C,, D. Macédo, and C. Zanchettin. (2019) Spatial-Temporal Graph Convolutional
Networks for Sign Language Recognition, In Artificial Neural Networks and Machine Learning —
ICANN 2019: Workshop and Special Sessions. ICANN 2019. Lecture Notes in Computer Science, vol
11731. (Tetko, I, V. Kiarkova, v. P. Karpo, and F. Theis, Eds.), pp 646-657.
https://doi.org/10.1007/978-3-030-30493-5_59.

de Amorim, C. C.,, and C. Zanchetti. (2021) ASL-Skeleton3D and ASL-Phono: Two Novel Datasets
for the American Sign Language, arXiv:2201.02065.

Dillhoff, A. (2020). Computer Vision Methods for Sign Language Recognition and Cognitive
Evaluation through Physical Tasks. PhD thesis, Computer Science, University of Texas,
Arlington

Dillhoff, A., H. Pahwa, C. Conly, and V. Athitsos. (2017) Providing Meaningful Alignments for
Periodic Signs. PETRA '17: Proceedings of the 10th International Conference on PErvasive
Technologies  Related to  Assistive  Environments June Pages pp  131-137.
https://doi.org/10.1145/3056540.3056544.

Elakkiya, R., and K. Selvamani. (2017) Extricating Manual and Non-Manual Features for Subunit
Level Medical Sign Modelling in Automatic Sign Language Classification and Recognition,
Journal of Medical Systems 41.

15



[13]

[14]

[17]

(18]

[19]

[20]

[21]

[22]

[24]

[25]

Elakkiya, R., and K. Selvamani. (2019) Subunit sign modeling framework for continuous sign

language recognition, Computers and Electrical Engineering 74, pp 379-390.

Elakkiya, R., P. Vijayakumar, and N. Kumar. (2021) An optimized Generative Adversarial
Network based continuous sign language classification, Expert Systems With Applications 182.
https://doi.org/10.1016/j.eswa.2021.115276.

Gattupalli, S., A. Ghaderi, and V. Athitsos. (2016) Evaluation of Deep Learning based Pose
Estimation for Sign Language Recognition. PETRA ’16, June 29-July 01, 2016, Corfu Island,
Greece. Article 12, pp 1-7. DOL: http://dx.doi.org/10.1145/2910674.2910716.

He, T., H. Mao, and Z. Yi. (2016) Moving object recognition using multi-view three-dimensional

convolutional neural networks, Neural Comput & Applic (2017) 28, pp 3827-3835.

Kim, J., and P. O’'Neill-Brown. (2019) Improving American Sign Language Recognition with
Synthetic Data. Proceedings of MT Summit XVII, Dublin, Aug. 19-23, 2019, pp 151-161.

Kim, J.-H., N. Kim, H. Park, and J. C. Park. (2016) Enhanced Sign Language Transcription System
via Hand Tracking and Pose Estimation, Journal of Computing Science and Engineering, September
2016 10, pp 95-101.

Kumar, S. S., T. Wangyal, V. Saboo, and R. Srinath. (2018) Time Series Neural Networks for Real
Time Sign Language Translation. 2018 17th IEEE International Conference on Machine Learning
and Applications (ICMLA). 10.1109/ICMLA.2018.00043.

Lafferty, J., A. McCallum, and F. Pereira. (2001) Conditional random fields: Probabilistic models

for segmenting and labeling sequence data, In Intl. Conference on Machine Learning.

Lee, S., A. Glasser, B. Dingman, Z. Xia, D. Metaxas, C. Neidle, and M. Huenerfauth. (2021)
American Sign Language Video Anonymization to Support Online Participation of Deaf and
Hard of Hearing Users. ASSETS '21: The 23rd International ACM SIGACCESS Conference on
Computers  and  Accessibility = October 2021  Article =~ No.. 22, pp  1-13.
https://doi.org/10.1145/3441852.3471200.

Liang, W., and X. Xu. (2021) Skeleton-Based Sign Language Recognition with Attention-
Enhanced Graph Convolutional Networks, In Natural Language Processing and Chinese Computing.
NLPCC 2021. Lecture Notes in Computer Science, vol 13028. (Wang, L., Y. Feng, Y. Hong, and R. He,
Eds.), Springer, Cham. https://doi.org/10.1007/978-3-030-88480-2_62.

Lim, K. M., A. W. C. Tan, C. P. Lee, and S. C. Tan. (2019) Isolated sign language recognition using
Convolutional Neural Network hand modelling and Hand Energy Image, Multimedia Tools and
Applications (2019) 78, pp 19917-19944.

Lim, K. M., A. W. C. Tan, and S. C. Tan. (2016) Block-based histogram of optical flow for isolated
sign language recognition, J. Vis. Commun. Image R. 40, pp 538-545.

Lim, Z. ]. (2020). Computer Vision Based Sign Language Recognition System. . Final Year Project
(Bachelor), Tunku Abdul Rahman University College.

16



[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

Liu, B., J. Liu, X. Yu, D. Metaxas, and C. Neidle. (2014) 3D Face Tracking and Multi-scale, Spatio-
temporal Analysis of Linguistically Significant Facial Expressions and Head Positions in ASL.
Language Resources and Evaluation Conference, LREC 2014, Rejkjavik, Iceland.

Metaxas, D., M. Dilsizian, and C. Neidle. (2018) Linguistically-driven Framework for
Computationally Efficient and Scalable Sign Recognition, LREC 2018, Miyagawa, Japan. May 2018.

Neethu, P. S, R. Suguna, and D. Sathish. (2018) Real Time Hand Gesture Recognition System,
TAGA JOURNAL 14, pp 782-792.

Neidle, C. (2002) SignStream™ Annotation: Conventions used for the American Sign Language
Linguistic Research Project., American Sign Language Linguistic Research Project Report No. 11,

Boston University, Boston, MA.

Neidle, C. (2007) SignStream™ Annotation: Addendum to Conventions used for the American
Sign Language Linguistic Research Project, American Sign Language Linguistic Research Project
Report No. 13, Boston University, Boston, MA.

Neidle, C. (2017) A User's Guide to SignStream® 3, American Sign Language Linguistic Research
Project Report No. 16, Boston University, Boston, MA.

Neidle, C. (2018) What’s New in SignStream® 3.1.07, Boston University, ASLLRP Project Report
No. 16, Boston, MA.

Neidle, C. (2020) What’s New in SignStream® 3.3.0?, Boston University, ASLLRP Project Report No.
17, Boston, MA.

Neidle, C., and A. Opoku (2020) A User’s Guide to the American Sign Language Linguistic Research
Project (ASLLRP) Data Access Interface (DAI) 2 — Version 2, Boston University, ASLLRP Project
Report No. 18, Boston, MA.

Neidle, C., and A. Opoku (2021) Update on Linguistically Annotated ASL Video Data Awvailable
through the American Sign Language Linguistic Research Project (ASLLRP), Boston, MA.

Neidle, C., A. Opoku, G. Dimitriadis, and D. Metaxas. (2018) NEW Shared & Interconnected ASL
Resources: SignStream® 3 Software; DAI 2 for Web Access to Linguistically Annotated Video
Corpora; and a Sign Bank. 8th Workshop on the Representation and Processing of Sign
Languages: Involving the Language Community. LREC 2018, May 2018; Miyagawa, Japan.

Neidle, C., A. Thangali, and S. Sclaroff. (2012) Challenges in Development of the American Sign
Language Lexicon Video Dataset (ASLLVD) Corpus. 5th Workshop on the Representation and
Processing of Sign Languages: Interactions between Corpus and Lexicon. LREC 2012, Istanbul,
Turkey. May 2012.

Neidle, C., and C. Vogler. (2012) A New Web Interface to Facilitate Access to Corpora:
Development of the ASLLRP Data Access Interface (DAI). 5th Workshop on the Representation
and Processing of Sign Languages: Interactions between Corpus and Lexicon. LREC 2012,
Istanbul, Turkey. May 2012.

Nguyen, T. D., and S. Ranganath. (2012) Facial expressions in American sign language: Tracking

and recognition, Pattern Recognition 45, pp 1877-1891.

17



[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[49]

[50]

[51]

[52]

Nix, M. A. (2020). Parsing an American Sign Language Corpus with Combinatory Categorial

Grammar. MA thesis, Department of Linguistics, Brigham Young University

Pahwa, H. (2010). Handling periodic signs in American Sign Language using synthetic

generation of periods. MSc, Computer Science, University of Texas, Arlington

Papadimitriou, K., and G. Potamianos. (2019) Fingerspelled Alphabet Sign Recognition in Upper-
Body Videos. 27th European Signal Processing Conference (EUSIPCO).

Roh, M.-C,, S. Fazli, and S.-W. Lee. (2016) Selective temporal filtering and its application to hand
gesture recognition, Appl Intell 45, pp 255-264. https://doi.org/10.1007/s10489-015-0757-8.

Roh, M. C, and S. W. Lee. (2015) Human gesture recognition using a simplified dynamic
Bayesian network, Multimedia Systems (2015) 21, pp 557-568.

Roy, P. P., P. Kumar, and B.-G. Kim. (2021) An Efficient Sign Language Recognition (SLR) System
Using Camshift Tracker and Hidden Markov Model (HMM), SN Computer Science, Article number:
79 2. https://doi.org/10.1007/s42979-021-00485-z.

Sclaroff, S., V. Athitsos, C. Neidle, J. Nash, A. Stefan, A. Thangali, H. Wang, and Q. Yuan. (2010)
American Sign Language Lexicon Project: Video Corpus and Indexing/Retrieval Algorithms, In
Poster presented at the International Workshop on Computer Vision (IWCV), Vietri Sul Mare,
Salerno, Italy. May 25-27, 2010.

Sharma, S., and K. Kumar. (2021) ASL-3DCNN: American sign language recognition technique
using 3-D convolutional neural networks, Multimedia Tools and Applications 80, pp 26319-26331.
https://doi.org/10.1007/s11042-021-10768-5.

Sridhar, A., R. G. Ganesan, P. Kumar, and M. Khapra. (2020) INCLUDE: A Large Scale Dataset
for Indian Sign Language Recognition. Proceedings of the 28th ACM International Conference on
Multimedia (MM’20), October 12-16, 2020.

Stefan, A. (2012). Similarity Measures and Indexing Methods for Time Seris and Multiclass

Recognition. PhD thesis, Computer Scirence Department, University of Texas, Arlington

Sujanani, A., S. Pai, A. Udaykumar, V. Bharath, and V. R. Badri Prasad. (2020) Unidirectional
Ensemble Recognition and Translation of Phrasal Sign Language from ASL to ISL, In Information
and Communication Technology for Intelligent Systems. ICTIS 2020. Smart Innovation, Systems and
Technologies (Senjyu, T., P. N. Mahalle, T. Perumal, and A. Joshi, Eds.), Springer, Singapore.
https://doi.org/10.1007/978-981-15-7062-9 24.

Swaminathan, S. G. (2016). Improved Similarity Measures for American Sign Language
Recognition using Manual Handshapes and Hand Appearances. PhD, Computer Science
Department, University of Texas, Arlington

Taylor, B. T. (2018). Real-Time Depth-Based Hand Tracking for American Sign Language
Recognition. PhD, Human-Computer Interaction Institute School of Computer Science, Carnegie
Mellon

18



(53]

[54]

[55]

[56]

[58]

[59]

[60]

Thang, P. Q., N. D. Dung, and N. T. Thuy. (2017) A Comparison of SimpSVM and RVM for Sign
Language Recognition. ICMLSC '17: Proceedings of the 2017 International Conference on
Machine Learning and Soft Computing, January 2017 PP 98-104.
https://doi.org/10.1145/3036290.3036322.

Theodorakis, S., V. Pitsikalis, and P. Maragos. (2014) Dynamic-static Unsupervised Sequentiality,
Statistical Subunits and Lexicon for Sign Language Recognition, Image and Vision Computing 32,
pp 533-549.

Toman, P., and A. Kuefler. (2015) Classifying Non-manual Markers in American Sign Language,
In Class project, Stanford University, http://cs229.stanford.edu/proj2015/154 report.pdf.

Tsechpenakis, G., D. Metaxas, and C. Neidle. (2008) Combining Discrete and Continuous 3D
Trackers, In Understanding, Modelling, Capture and Animation Series: Computational Imaging and
Vision, Vol. 36 (Rosenhahn, B., R. Klette, and D. Metaxas, Eds.), Springer.

Vivek, M., and V. Gnanasagar. (2020) Portable Sign Language Translator for Emergency
Response Teams, International Journal of Scientific Research & Engineering Trends, May-June-2020 6,
pp 1203-1207.

Xue, Q. X. Li, D. Wang, and W. Zhang. (2019) Deep Forest-Based Monocular Visual Sign
Language Recognition, Applied Sciences 9, pp 1-14. d0i:10.3390/app9091945.

Yanovich, P., C. Neidle, and D. Metaxas. (2016) Detection of Major ASL Sign Types in Continuous
Signing for ASL Recognition. LREC 2016, Portoroz, Slovenia. May 2016., pp 3067-3073.

Zhang, Z. (2015). Methods for Human Motion Analysis for American Sign Language Recognition

and Assistive Environments. Computer Science Department, University of Texas, Arlington

19



Table of Contents

1. INtroduction .....eeieiiiiiiiicncnncc e 1
2. Continuous Signing COIrPOra ......cccvvveiriiieiiniinieiinieneenneenre e ae s sasesnas 2
2.1 The ASLLRP Video Corpora: Data Sets of Continuous ASL Signing .......mmsmsssssssssenees 2
2.2 Access to the Continuous Signing Corpora via DAL 2. 3

221 SiQN-ICVCL SEATCHES ovvvrssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 3

2.2.2  Uterance-level SEATCHES mmmmsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 4
3. Isolated Signs......cceiviiiiiiiiiiiiiiniin s 5
3.1 The American Sign Language LexiCOn Vide0 Dataset.........iensmssssssssssssssssssssssssssssssess 5
3.2 Additional Datasets with Citation-fOImM SIZNS.........cuummmmmmmmmmmmssmsssssssssssssssssssssssseesssssssssssssssssssssssssssssssssssssses 5
3.3 The ASLLRP SiZIN BANK..uuuuuuuiiiiiiiiiiisiiieeeseseseiesressssssssssssssssssssssssssssssssssssssssssssssssss s sssssssssssssssssssssssees 5
3.2 Navigation and Searching within the ASLLRP Sign Bank ......cccssessssssssssssssssssees 7
3.4 FUINET TN OTMATION cottttttutueuuusssssssssssssss s ssssssssssssssssssssssssssssss e R SRR 8
4. SignStream® — the Software used for the Linguistic Annotations.............cceuuunenee. 8
5. Research on Computer-Based ASL Recognition Enabled by These Data.................. 8
5.1 Recognition of Linguistically Significant Non-masnual EXpressions ... 9
5.2 Isolated Sign ReCOGNItION. ..t es 11
5.3 Detection of Major Sign Types in Continuous Signing for ASL Recognition ... 13
5.4 Anonymization Of ASL VIdEOS ... 13
5.5 Computer-based Methods Using OUL Data..........mmmsmsssssssssssssssssssssssssssssessssssssssssssssssssssssssssssssssssssss 13
6. CONCIUSION ..ttt an e sn e 13
7. RefT@NCES .ueerueiiiiiiiiiisiinn sttt 15

20



