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2. Project details
Decision number: #19.11.2019. dated 19.11.2019
Project title: Kazakh Sign Language Automatic Recognition System (K-SLARS)
Type of funding: FY2019-FGP-1-STEMM-and-SSHM
Amount of funding granted: 150,000 USD
Funding period: 01/01/2019 – 31/12/2021

3. Funding
1. Hiring research assistants.
2. Participation and presentation at the conferences:

a. ICPR 2020, 25th International Conference on Pattern Recognition;
b. CoNLL 2020, 24th Conference on Computational Natural Language Learning;
c. LREC 2020, 12th Language Resources and Evaluation Conference;
d. CVPR 2019, Conference on Computer Vision and Pattern Recognition;
e. SIGNLANG 2020, 9th Workshop on the Representation and Processing of Sign

Languages;
f. DataMod 2020, From Data to Models and Back: 9th International Symposium;
g. AT4SSL 2021, 1st International Workshop on Automatic Translation for Signed

and Spoken Languages;
h. SIGNLANG 2022, 10th Workshop on the Representation and Processing of Sign

Languages;
i. LREC 2022, 13th Language Resources and Evaluation Conference;
j. HAI 2022, 10th International Conference on Human-Agent Interaction.

3. Publication fees for the Plos One journal.
4. Travel to the summer schools of two PhD students:

a. DeepLearn 2019, 3rd International Summer School on Deep Learning;
b. EEML 2019, Eastern European Machine Learning summer school

5. PCR tests.

http://www.hrilab-nu.com/


4. Personnel

First name Last name Position in School/Center Position in the project
Anara Sandygulova Associate Professor PI

Zhandos Yessenbayev Senior Researcher Co-PI
Medet Mukushev PhD student

Alfarabi Imashev PhD student
Kenessary Koishybay MS student
Nauryzbek Razakhbergenov MS student

Madina Sultanova MS student
Aidyn Ubingazhibov BS student

Baurzhan Abenov BS student
Adiletzhan Kambetov BS student

Abylay Toktassyn BS student
Bauyrzhan Zhakanov BS student

Aizada Turarova BS student
Aida Zhanatkyzy BS student

Zhansule Telisheva BS student
Zhanel Zhexenova BS student
Bolat Tleubayev BS student

Arman Sabyrov Research assistant
Maira Almakhan Research Assistant

Khasan Israilov Research assistant
Aidana Utegenova Research assistant
Samal Nurymova Research assistant

Nurzhan Alikhanov admin
Almas Sayanov admin
Sabina Ismailova admin

5. Use of infrastructures

1 Laboratory space in C4

2 Workstations HP Europe Z4 G4 (1JP11AV/TC3), Core i9, 16 Gb RAM, 256Gb HDD

3 3 NVIDIA DGX-1 Deep Learning System with 512GB RAM, 8-GPU, V100 32GB, 920-
22787-2510-000

4 NVIDIA Support Services (8GPU/512GB DGX-1 V100 Support, 3 Year, 718-
V10000+P2EDI36)



5 Hard Drives for Storage System (6 TB)

6 Disk Storage System Synology DiskStation DS418j

7 16 GB Extra Memory Units

8 GPU Units (Nvidia GPUs: 1080ti, 2x2080ti, 2xTitanRTX, 3080ti)

9 Manus Prime II Haptic Gloves

10 Tobii Pro Analyzer software

11 Tobii Pro Glasses 2 Headset

12 Oculus Quest 2 VR kit

13 iClone 7 software

6. Project implementation
Original project workplan and schedule as indicated in the application:



As can be seen from the original plan, there were four main workpackages that were implemented in
parallel:

WP1: Semi-automatic Sign Language Annotation Tool (SLAN).
The implementation of the proposed semi-automatic annotation tool for sign languages

(SLAN-tool) took not only a year as expected but continued for the whole duration of the project.
The SLAN-tool provides a web-based service for the annotation of sign language videos.
Researchers can use the SLAN-tool web service to annotate new and existing sign language datasets
with different types of annotations, such as gloss, manual configurations, and signing regions. This
is allowed using a custom tier adding functionality. A unique feature of the tool is its automatic
annotation functionality which uses several neural network models in order to recognize signing
segments from videos and classify handshapes according to HamNoSys handshape inventory.
Furthermore, SLAN-tool users can export annotations and import them into ELAN. The SLAN-tool
is publicly available at https://slan-tool.com.

System Design
First, we discuss the user requirements collecting approach that was utilized to acquire

system needs. Following that, we will go into the system design and user interfaces that were
created based on the requirements that were obtained. Finally, we cover neural network models that
are employed for automated annotation of signature segments and categorization of handshapes.

User requirements
We began by studying and comparing current sign language annotation tools. There are

various options, the most common of which is ELAN. ELAN includes a lot of features.
Simultaneously, it has a severe learning curve for first-time users.

Following preliminary study, the goal of this project was clear: to present researchers with a
specialized tool for semi-automatic annotation of sign language recordings. The major aims were to
provide a web-based interface for the annotation tool and semi-automatic annotation generating
modules. We conducted interviews with potential users of the system, including sign language
researchers and data annotators, to get high-level abstract needs. The following user needs were
gathered:

● to upload and play the selected video on the main page;
● to send uploaded videos to the annotation generation module for processing;
● to view generated annotations in relevant tiers on main page;
● to adjust and update generated annotations (change predicted class, adjust segmentation

boundaries, etc.);
● to add custom tiers for annotation if needed;
● to export and import generated annotations (JSON, CSV, ELAN format);
● to share the results of the annotation with other people.

User Interface (UI) and functionality
The annotation tool's UI consists of the main page and supplementary pop-up windows with

menu choices. The main page is divided into four sections: control functions, video player,
annotation tiers, and supplementary visualization:

● The control functions area needs to have the following buttons: Upload video, Process video,
Export/import annotation file, Save project, Share project, Annotate.

https://slan-tool.com


● The video player area needs to display the uploaded video and a timeline underneath it.
● The additional visualization area needs to display information that is not suitable for tiers.
● The annotation tiers area needs to display a predefined list of tiers such as translation, gloss,

right handshape, left handshape. Additional tiers can be added by users when needed.

System architecture and implementation
System design requirements are more thorough definitions of the functions, services, and

operational limitations of a software system. The system requirements specify precisely what should
be implemented. To make it more convenient for users, we decided to create a web-based solution. It
assists in the avoidance of issues associated with the installation of certain software libraries and the
availability of computing resources. The annotation tool was decided to be accessible via preferred
web browsers and to feature an easy-to-use UI. The cloud servers undertake automatic annotation of
the videos. Figure 1 shows an overview of the Sign Language Annotation tool's architecture.

Figure 1. Overview of the Sign Language Annotation  tool's Web service

Neural network models
Signing segmentation model
The fundamental concept is to assist annotators in automatically locating and working with

active areas of the video. This can help to improve the efficiency and speed of annotation for long
sign language videos. It was decided to identify video segments when signing happens i.e. a signing
segment. This task may be compared to an action recognition task. To this end, the segmentation
task involves recognizing frame boundaries in videos to separate them into meaningful units. These
units can be a series of glosses or subtitle-units matched to sign language videos. To train detection
algorithms, both techniques require annotated sets of videos.

In order to train our model we divide sign language videos into three categories:
signing-start, signing-end, no-signing segments. For training the model we have extracted videos for
each category from three different datasets, KRSL, WLASL and Dicta-Sign–LSF–v2, which were
manually labeled.

We used the R(2+1)D action recognition model, which is highly accurate and at the same
time significantly faster than other approaches. Its accuracy comes in large parts from an extra



pre-training step which uses 65 million automatically annotated video clips. Its speed comes from
simply using video frames as input. Many other state-of-the-art methods require optical flow fields
to be pre-computed which is computationally expensive.

Manual components classification model
Handshape images gathered from the large handshape dataset are divided by HamNoSys

annotation, yielding 84 classes and 101 098 samples in total. On a test set, the training strategy on
all classes performed poorly in terms of generalization. As a result, we devised a method that first
determines the category of the handshape image. A category is a set of handshape configuration
classes that are comparable to one another. After identifying the category, another model is utilized
to determine the class handshape inside the category. We tried numerous tactics in order to find the
optimal one that outperformed on the test set. Two more classification models include orientation
annotation and extended finger orientation annotation. Our models are trained using MediaPipe
features to classify handshapes and other units according to HamNoSys notation.

Implementation
The SLAN-tool was built with a variety of Open Source libraries and software technologies.

The SLAN-source tool's code will be published under the BSD-2 clause license. User interface is
implemented with HTML5, CSS3, JS, JQuery and Bootstrap libraries. Back-end processing is
implemented with Python programming language, Django framework, Flask machine learning
framework, and PostgreSQL database. AWS S3 is used as a cloud server. Networking is performed
with Gunicorn and Nginx.

Demonstration
The main page consists of 4 areas: control functions, video player, annotation tiers, and an

additional visualization. The annotations tiers area display a predefined list of tiers such as text and
handshapes. There are buttons to add and remove custom tiers. On the right panel the handshapes
menu is shown when users work with a handshape annotation tier. Figure 2 shows the current
interface of the SLAN tool.

Figure 2: A screenshot of the current version of the tool.



WP2: Improvement of KRSL corpus
Similar to WP1, the work on WP2 was executed throughout the whole duration of the

project. As a result of this WP2, we collected the first corpus of the Sign Language used in
Kazakhstan (namely Kazakh-Russian Sign Language (KRSL) as both KRSL and Russian Sign
Language (RSL) show a substantial lexical overlap, and are completely mutually intelligible. The
corpus is appropriate for linguistic understanding, visual evaluation, and recognition of Sign
Languages. This corpus consists of three subsets:

1) KRSL-NM-20: dataset consists of videos of phrases, recorded by five professional sign
language interpreters and one subset was additionally recorded by five deaf participants who
are also native signers. Dataset can be divided into four subsets from the linguistic point of
view: question-statement pairs, signs of emotion, emotional question-statement pairs, and
phonologically similar signs (minimal pairs). They have been asked to sign 200 phrases for
the first subset, 60 phrases for the second subset, 30 phrases with 3 emotional characteristics
for the third subset, and 125 phrases for the fourth subset accordingly. To establish a
benchmark, we exploited classical machine learning techniques and a state-of-the-art model
in action recognition (R(2+1)D). This work was presented and published in the proceedings
of the 24th Conference on Computational Natural Language Learning (CoNLL 2020) (See
paper C4).

Table 1: Statistics of KRSL-NM-20 dataset.
2) FluentSigners-50: by means of crowdsourcing the first of a kind real-world Sign Language

dataset was collected, which consists of 50 contributors (see Figure 3). All FluentSigners-50
contributors use sign language on a daily basis as they are either deaf (N=32), hard of
hearing (N=6), hearing SODA (N=3), or hearing CODA (N=9). The recording conditions
varied as people used their own cameras, in various lighting conditions and setups. It
consists of 173 phrases performed by 50 different native signers and 43,250 video samples in
total.

We published a paper presenting the methodology we used to crowdsource a data
collection process of this dataset. By involving the Deaf community throughout the research
process, we firstly designed a research protocol and then performed an efficient
crowdsourcing campaign that resulted in a new FluentSigners-50 dataset. Dataset
contributors recorded videos in real-life settings on various backgrounds using various
devices such as smartphones and web cameras. Therefore, each dataset contribution has a
varying distance to the camera, camera angles and aspect ratio, video quality, and frame
rates.

Additionally, the proposed dataset contains a high degree of linguistic and
inter-signer variability and thus is a better training set for recognizing a real-life signed
speech. Figure 3 demonstrates diversity of video resolutions, camera angles, lighting
conditions and backgrounds present in FluentSigners-50 while Figure 4 demonstrates



distribution of FluentSigners-50 contributors’ demographics such as city, age, parents and
status (deaf, hard of hearing, hearing SODA or CODA).

Table 2: Statistics of FluentSigners-50 dataset.

Figure 3. Diversity of video resolutions, camera angles, lighting conditions and backgrounds present
in FluentSigners-50

Figure 4: Distribution of FluentSigners-50 contributors’ demographics such as city, age,
parents and status (deaf, hard of hearing, hearing SODA or CODA)

FluentSigners-50 is publicly available at https://krslproject.github.io/FluentSigners-50/ (see
C1 to find the paper’s reference). This paper was presented at the LREC 2022 conference in
Marseille, France, by Medet Mukushev, a final year PhD student.

3) KRSL-OnlineSchool: COVID-19 pandemic forced Kazakhstani schools to switch to online
mode, for which teachers and sign language interpreters (hearing CODA) were recorded and

https://krslproject.github.io/fluentsigners-50/


broadcasted on national TV channels from September 2020 till May 2021. This opportunity
allowed us to record a large dataset with a large vocabulary and spontaneous SL
interpretation. To this end, this dataset contains video recordings of Kazakhstan's online
school translated to Kazakh-Russian Sign Language by 7 interpreters.

At the moment we processed and cleaned 890 hours of video material. A custom
annotation tool was created to make the process of data annotation simple and easy-to-use by
Deaf community. To date, around 325 hours of videos have been annotated with glosses and
4,009 lessons out of 4,547 were transcribed with automatic speech-to-text software. Figure 5
presents average word count for lessons transcribed. Figure 6 presents a methodology
describing the process used for the KRSL-OnlineSchool dataset which includes several video
post-processing steps performed on the data followed by the data annotation process
performed by automatic transcription of texts using Russian and Kazakh speech recognition
engines as well as manual annotation by Deaf users using our custom-made online
annotation tool. This process is described in a workshop paper on the KRSL:OnlineSchool
dataset (see W2 for details).

Figure 5: Full text transcripts length for each lesson.

Figure 6: A methodology used for the KRSL-OnlineSchool.



WP3: Developing deep learning models on our data
WP3’s plan was to first deploy existing standard machine learning approaches as well as

state-of-the-art deep learning models on our data and then propose our own state-of-the-art models
for Continuous Sign Language Recognition (CSLR) and Translation (CSLT) tasks. Since we
envision FluentSigners-50 to serve as a new benchmark dataset for performance evaluations of
CSLR and CSLT tasks, FluentSigners-50 baseline is established using two state-of-the-art methods,
Stochastic CSLR and TSPNet. To this end, we carefully prepared three benchmark train-test splits
for models' evaluations in terms of: signer independence, age independence, and unseen sentences.
Stochastic CSLR is an end-to-end trainable state-of-the-art model that is based on the transformer
encoder and CTC decoder. It achieves a Word Error Rate (WER) of 25.3 on the
RWTH-PHOENIX-Weather 2014 dataset and WERs of 27.3 on Split 1, 47.1 on Split 2, and 44.3 on
Split 3 of the DailySigners-50 dataset. TSPNet is a novel hierarchical sign video feature learning
method obtained via a temporal semantic pyramid network. It achieves a 13.41 BLEU-4 score on the
RWTH-PHOENIX-Weather 2014 dataset and 14.34 on Split 1, 10.45 on Split 2 and 3.08 on Split 3
of FluentSigners-50. Tables 3 and 4 present results. This paper is published in Q1 Plos One journal
(see J1 for details)

Tables 3: Performance evaluations for Sign Language Translation

Tables 4: Performance evaluations for Sign Language Translation

For his Master thesis, Kenessary Koishybay proposed a deep neural network for CSLR task
with iterative Gloss Recognition (GR) fine-tuning. The proposed architecture involves a
Spatiotemporal feature-extraction model to segment useful “gloss-unit” features and BiLSTM with
CTC as a sequence model. Spatiotemporal Feature Extractor is used for both image features
extraction and sequence length reduction. To this end, we compared different architectures for
feature extraction and sequence models. In addition, we iteratively fine-tune feature extractor on
gloss-unit video segments with alignments from the end2end model. During the iterative training,
we use novel alignment correction technique, which is based on minimum transformations of
Levenshtein distance. All the experiments were conducted on the RWTH-PHOENIX-Weather-2014
dataset. This work was presented and published at the 25th International Conference on Pattern
Recognition (ICPR) (see C3 paper for details).



WP4: Evaluation of K-SLARS
This WP4 included performance testing of our datasets and software’s usability testing with

the end-users. Performance testing was already described in WP2 and WP3. In order to evaluate our
SLAN-tool (described in WP1) we conducted usability testing with the end-users:

Usability testing
In order to conduct usability testing, we invited 3 sign language data annotators. The

participants are experienced in using a web-based annotation tool SurdoBot (https://surdobot.kz) for
gloss annotation of sign language videos. It is a custom built tool that was used to annotate short
clips of KRSL dataset.

We performed 1 hour individual Zoom sessions in which the participants were asked to
annotate short sign language video clips. We performed two test scenarios. First, we compared
SLAN-tool to the service they used before for sign language data annotation. Next, after they got
familiar with the SLAN-tool, we asked them to compare manual annotation to automatic annotation.
Below are details of both scenarios.

Overall, the participants had some difficulties with adding tiers and gloss annotation for the
first time. These issues were mainly because they had been using a simpler tool which had only one
functionality. We have changed the instructions section by adding the ``Help" button to the main
menu. After that, when the participants had difficulties with any functions of the tool, they were able
to quickly find instructions.

Another suggestion from most participants was to change the input method. We added
options to directly enter annotations next to the selected segment. It helped to increase annotation
speed and made the process more convenient.

Regarding the automatic annotation functionality, all the participants agreed that it makes the
annotation process easier and faster. After automatic annotation, the participants just needed to edit
and adjust the selected segments only.

These usability testing findings were integrated for the improvement of the SLAN-tool. Its
main limitation is the computational resources available for the SLAN-tool. We are using a
self-hosted server with 2 GPUs for video processing. For this reason, users have limitations on the
duration of annotated videos. In our future work, we plan to migrate to a cloud-based server where
researchers will be able to automatically annotate longer videos.

7. Research collaboration

We are closely collaborating with Dr. Vadim Kimmelman, Associate Professor, affiliated
with Bergen University in Norway, who is an expert in sign language linguistics. Prof. Kimmelman
sets excellent research questions from a sign language linguistics point of view which can be solved
using machine learning and computer vision techniques. Together with Prof. Kimmelman, we
published a journal article exploring linguistics hypotheses that are validated using computer vision
techniques. We helped Prof. Kimmelman set up the experiment, collected and processed the data
using computer vision solutions. This work was published in Plos One (see J2 paper). Two
workshop papers (W3 and W4) were also published with Prof. Kimmelman’s student, Anna
Kuznetsova, who explored linguistics hypotheses that are validated using computer vision
techniques. Anna Kuznetsova defended her MS thesis on the topic of using our data. Medet
Mukushev and Alfarabi Imashev helped Anna by processing the data using computer vision
solutions.



8. Research visits
Three team members (PI, Medet Mukushev and Alfarabi Imashev) visited Warsaw, Poland to attend
DeepLearn 2019 (the 3rd International Summer School on Deep Learning) from July 22-26 in 2019.
This summer school offered many tutorials and seminars covering important topics in Computer
Vision, Deep Learning, Reinforcement Learning, Natural Language Processing, and others.

Most importantly, there was a lecture tutorial (3-hour long) by a top scientist in the field of Sign
Language Recognition, Prof. Hermann Ney, who published the benchmark dataset and many
baseline evaluations of it. The team had a meeting with Prof. Hermann Ney to get his insights into
the future of the sign language recognition field. He was also the research supervisor of Oscar Koller
who we collaborated with in the beginning of the project.

9. Interaction
Interaction with Deaf community: Involving the Deaf community in research on sign

language recognition is crucial for developing accurate, relevant, and inclusive technology that
benefits the community. The Deaf community's input and feedback can ensure the research is
culturally sensitive, accurate, and considers nuances in sign language, regional variations, and
cultural context.

For our project, we invited sign language translators and experts to assist us with identifying
requirements, defining a list of signs to collect, and recording videos. With their expertise, we were
able to ensure that the data collected accurately reflected the nuances and variations of sign
language. Additionally, we involved the Deaf community in crowdsourcing video data, which they
recorded on their phones. During this process, they provided their own interpretations and
suggestions on the collected data, which helped to refine our understanding of sign language. To
further ensure the accuracy of the data, we hired people who are native users of sign language to
help us with data annotation. This collaborative approach allowed us to develop technology that is
accurate, relevant, and inclusive, and reflects the needs and perspectives of the Deaf community.

During our project, we also visited the Kazakhstan Society of the Deaf to seek their input
and explore ways to collaborate. We had a productive meeting, during which we asked them how we
could assist them. We agreed to work together on developing various apps, media content, and
online tools that would be useful to the Deaf community. In turn, the society helped us by
connecting our group with the Inclusive School-gymnasium. Additionally, we assisted the society
with the development of their website by providing volunteers to help with the task. By
collaborating with the Deaf community and their representative organizations, we were able to
ensure that our technology development efforts were inclusive and met the needs of the community.

Interaction with media: The PI of the project was approached by the marketing department
of NU and shared this project’s research and development . This interview is available at this link:

https://seds.nu.edu.kz/news/a-kazakhstani-research-project-aims-to-create-the-first-kazakh-sign-lang
uage-corpus-3/

10. Publications
Journals:
J1. Mukushev, M., Ubingazhibov, A., Kydyrbekova, A., Imashev, A., Kimmelman, V., &
Sandygulova, A. (2022). FluentSigners-50: A signer independent benchmark dataset for sign
language processing. PloS one, 17(9), e0273649.

https://seds.nu.edu.kz/news/a-kazakhstani-research-project-aims-to-create-the-first-kazakh-sign-language-corpus-3/
https://seds.nu.edu.kz/news/a-kazakhstani-research-project-aims-to-create-the-first-kazakh-sign-language-corpus-3/


J2. Kimmelman V, Imashev A, Mukushev M, Sandygulova A (2020) Eyebrow position in
grammatical and emotional expressions in Kazakh-Russian Sign Language: A quantitative study.
PLOS ONE 15(6): e0233731. https://doi.org/10.1371/journal.pone.0233731

Conferences:
C1. Mukushev, M., Kydyrbekova, A., Imashev, A., Kimmelman, V., & Sandygulova, A. (2022,
June). Crowdsourcing Kazakh-Russian Sign Language: FluentSigners-50. In Proceedings of the
Thirteenth Language Resources and Evaluation Conference (pp. 2541-2547).

C2. Imashev, Alfarabi, Vadim Kimmelman, Nurziya Oralbayeva and Anara Sandygulova. A
User-Centered Evaluation of the Data-Driven Sign Language Avatar System: A Pilot Study. In
Proceedings of the ACM 10th International Conference on Human-Agent Interaction, 2022.

C3. Koishybay, K., Mukushev, M., & Sandygulova, A. (2021, January). Continuous Sign Language
Recognition with Iterative Spatiotemporal Fine-tuning. In 2020 25th International Conference on
Pattern Recognition (ICPR) (pp. 10211-10218). IEEE.

C4. Imashev, A., Mukushev, M., Kimmelman, V., & Sandygulova, A. (2020, November). A dataset
for linguistic understanding, visual evaluation, and recognition of sign languages: The K-RSL. In
Proceedings of the 24th Conference on Computational Natural Language Learning (pp. 631-640).

C5. Abutalipov, A., Janaliyeva, A., Mukushev, M., Cerone, A., & Sandygulova, A. (2020, October).
Handshape Classification in a Reverse Dictionary of Sign Languages for the Deaf. In International
Symposium: From Data to Models and Back (pp. 217-226). Springer, Cham.

C6. Mukushev, Medet, Arman Sabyrov, Alfarabi Imashev, Kenessary Koishybay, Vadim
Kimmelman, and Anara Sandygulova. "Evaluation of Manual and Non-manual Components for
Sign Language Recognition." In Proceedings of The 12th Language Resources and Evaluation
Conference, pp. 6073-6078. 2020.

Peer-reviewed workshops:

W1. Mukushev, M., Sabyrov, A., Sultanova, M., Kimmelman, V., & Sandygulova, A. (2022, June).
Towards Semi-automatic Sign Language Annotation Tool: SLAN-tool. In sign-lang@ LREC 2022
(pp. 159-164). European Language Resources Association (ELRA).

W2. Mukushev, M., Kydyrbekova, A., Kimmelman, V., & Sandygulova, A. (2022, June). Towards
Large Vocabulary Kazakh-Russian Sign Language Dataset: KRSL-OnlineSchool. In Proceedings of
the LREC2022 10th Workshop on the Representation and Processing of Sign Languages:
Multilingual Sign Language Resources (pp. 154-158).

W3. Kuznetsova, A., Imashev, A., Mukushev, M., Sandygulova, A., & Kimmelman, V. (2022).
Functional Data Analysis of Non-manual Marking of Questions in Kazakh-Russian Sign Language.
In Proceedings of the LREC2022 10th Workshop on the Representation and Processing of Sign
Languages: Multilingual Sign Language Resources. European Language Resources Association
(ELRA).

W4. Kuznetsova, A., Imashev, A., Mukushev, M., Sandygulova, A., and Kimmelman, V. (2021).
Using computer vision to analyze non-manual marking of questions in KRSL. In Proceedings of the

https://doi.org/10.1371/journal.pone.0233731


1st International Workshop on Automatic Translation for Signed and Spoken Languages (AT4SSL),
pages 49–59, Virtual, August. Association for Machine Translation in the Americas.

W5. Mukushev M, Imashev A, Kimmelman V, and Sandygulova A. “Automatic Classification of
Handshapes in Russian Sign Language.”, In Proceedings of the LREC2020 9th Workshop on the
Representation and Processing of Sign Languages: Sign Language Resources in the Service of the
Language Community, Technological Challenges and Application Perspectives, 165--170, May
2020.

W6. Sabyrov, A., Mukushev, M., Imashev, A., Koishybay, K., Sandygulova, A., & Kimmelman, V.
Towards Real-time Sign Language Interpreting Robot: Evaluation of Non-manual Components on
Recognition Accuracy. The IEEE Conference on Computer Vision and Pattern Recognition (CVPR)
Workshops. June 2019

11. Degrees

Student name Degree Thesis title
Medet Mukushev PhD student Towards Large-Vocabulary Kazakh Sign

Language Processing: corpus collection,
semi-automatic annotation, recognition, and

translation
Alfarabi Imashev PhD student Data-driven Avatar Generation for Sign

Languages
Kenessary Koishybay MS student Continuous Sign Language Recognition with

Iteratively Fine-tuned Spatiotemporal Fusion
Nauryzbek Razakhbergenov MS student Vision-based Learning by Demonstration of Sign

Languages on the Pepper robot

Madina Sultanova MS student Supervised and Weakly-supervised
Classification of Handshapes in Russian Sign

Language
Aidyn Ubingazhibov BS student Continuous Sign Language Recognition
Abylay Toktassyn BS student Continuous Sign Language Recognition
Alikhan Abutalipov BS student Reverse dictionary for the Deaf
Aigerim Zhanaliyeva BS student Reverse dictionary for the Deaf

12. Other outputs
K-SLARS project outputs include:

1) Research data and databases: KRSL corpus integrates (as described in WP2):

▪ KRSL-NM-20
▪ FluentSigners-50
▪ KRSL:OnlineSchool



2) Software:

▪ The current version of our web-based semi-automatic annotation tool (SLAN) has four
automatic functionalities: automatic handshapes labeling based on commonly-used handshapes
notation HamNoSys and labeling of signing regions in a continuous video.

▪ The same approach for hand detection and then handshape classification was employed to
implement a reverse dictionary for the Deaf. The model is deployed within the iPhone
application which also supports fingerspelling inventory of 33 classes. This paper on this work
was presented at the DataMod 2020 conference (see C5 paper).

13. Data management
The collected data was stripped of all identifying information through a process that involved

only using the participants' names on the consent forms, which were kept in a locker. The consent
forms were not numbered, labeled, or time-stamped, to ensure that re-identification would not be
possible. The subjects were assigned identification as "Subject_#" in all records and files, where #
was an integer. The data used and produced in the project have been stored securely. Access to the
data has been restricted to authorized personnel only, and measures have been taken to prevent
unauthorized access, disclosure, or destruction of the data. The rights of ownership and usage to the
data have been distributed in accordance with the agreements made between the research team and
the participants. Participants have been informed of how their data would be used, and their consent
has been obtained before any data was collected. Ownership of the data remains with the research
team, but participants may be granted rights to use the data for their own purposes, subject to
appropriate ethical and legal considerations.

In terms of availability, the final KRSL datasets have been made available for subsequent use
within the scope of the project. The data has also been made available to other researchers, subject
to compliance with relevant ethical and legal requirements, and after appropriate measures have
been taken to protect the privacy and confidentiality of the participants. The data may be accessed
through the following link: https://krslproject.github.io/FluentSigners-50/.

14. Continuation of research
This research is continued under a newly funded project titled “Kazakh-Russian Sign

Language Processing: Data, Tools and Interaction (K-RSL4L)”. This project directly extends the
K-SLARS project. We continue to use an interdisciplinary approach to advance Sign Language
Processing (SLP) by working closely with Prof. Dr. Vadim Kimmelman. K-SLARS has always
focused on technically-driven as well as linguistically-driven objectives. Similarly, our continued
research brings together expertise in computer vision, sign language linguistics and
human-computer interaction to design, develop and evaluate innovative solutions for all
demographic groups that use sign language on a daily basis.

Central to this project is the long outstanding need for the involvement of Deaf community to
advance research on sign languages. Therefore, the new project takes an interdisciplinary,
collaborative approach in order to address the following challenges present to research on sign
languages: a) lack of public datasets that are appropriate for real-world use cases that involve natural
signing (continuous and spontaneous) performed by native signers, and b) lack of human-robot
interaction solutions explicitly designed for and evaluated by deaf people. Hence, with this research
grant, the new project aims to address the following objectives:

Objective 1: to continue annotating the KRSL:OnlineSchool dataset. In the previous years,
we were able to collect and fully annotate two out of three subsets of our KRSL corpus:
KRSL-NM-20, FluentSigners-50 and KRSL:OnlineSchool. So far, we have been able to annotate

https://krslproject.github.io/FluentSigners-50/


138 hours of the large video material of OnlineSchool which will be continued within this objective
to allow for supervised, semi-supervised and unsupervised learning approaches.

Objective 2: to design, implement and evaluate human-computer interaction solutions for the
Deaf. The first prototype of such an application was implemented as an iPhone-based Reverse
Dictionary that supports a natural and intuitive search interface for unknown signs via camera-based
input of the handshapes. This objective will include interaction design lifecycle involving various
stakeholders in the process of data gathering and evaluations of our first prototype to improve the
current version and add further functionalities. This objective will also integrate other sign
languages into the system that is envisioned to be cross-platform for a more widespread usage. The
effectiveness of the Reverse Dictionary system will be evaluated in user studies with deaf
participants. Apart from focusing on evaluating the proposed solution, this objective will also focus
on delivering a general set of guidelines, interaction principles and metrics for the interactive sign
language systems.

Objective 3: to develop a data-driven Sign Language avatar. It will include hand motions,
finger and facial articulation improvement. Testing novel machine learning approaches to generate
not only understandable, but also physiologically believable performances to make avatars accepted
by the Deaf community to a greater extent. It has potential to increase trust of local Deaf society
and the possible adoption and use of avatars for interaction in situations with a higher degree of
responsibility as a medical or legal notification accompaniment. We will continue to improve
questionnaire aimed at evaluation of signing avatars by deaf people by testing different inquiries and
metrics to get information about their perception in wild conditions (watching signing avatars on
screens), Virtual and Mixed reality environments for educational (school classes), enlightening
(museum, library) and entertainment purposes.

15. Results
1. A semi-automatic SL annotation tool (SLAN).

The SLAN-tool’s main goal is to provide a convenient functionality that does not
require any further software installation. All users have to do is go to the website and upload
their videos. The web service is freely accessible and does not involve the use of additional
computing resources on the client's site. Currently, the service is hosted on an AWS
dedicated server. The SLAN-tool can be used in conjunction with the ELAN-tool. It supports
export and import in the same format as the ELAN software. For example, the SLAN-tool
may be used to automatically annotate a sign language video and then export the results to
ELAN for further annotations. (See W1 for details)

There are several use cases of the SLAN-tool:
● Automatic annotation: SLAN-tool can be used to automatically divide signing videos

into shorter segments. Then for each segment the tool can identify handshape
configurations and annotate them. Later these annotations can be exported to other
tools such as ELAN for additional processing.

● Gloss notation: if the user needs to quickly annotate a sign language video it can be
done in SLAN-tool by adding custom glossing tiers. When combined with the
segmentation model, the annotation process takes shorter time as the user only needs
to focus on active segments.



2. Data collection and annotation (KRSL corpus)
The second main result of the project is the collection of the first corpus of the Sign

Language used in Kazakhstan that is appropriate for linguistic understanding, visual
evaluation, and recognition of Sign Languages. We collected more than 2000 hours of sign
language data, divided into 3 individual datasets. Collecting sign language datasets is crucial
for improving research in sign language processing and recognition. Collected datasets can
have a significant impact on society by making communication more accessible to the Deaf
community. The datasets have the potential to improve the accuracy and speed of sign
language recognition systems, leading to the development of new applications and tools for
communication, education, and information sharing.

For example, FluentSigners-50 is proposed as a new CSLR benchmark. The dataset
and its evaluation was published in the Plos One journal (see J1). It consists of 173 sentences
performed by 50 KRSL signers resulting in 43,250 video samples. We have been already
contacted by two international researchers who are planning to use this dataset in their
research.

Additionally, the KRSL-NonManuals dataset is a challenging dataset from a
linguistic point of view. It consists of 4 subsets: question-statement pairs, signs of emotion,
emotional question-statement pairs, and phonologically similar signs (minimal pairs). Our
works based on this dataset lead to the publication of several highly cited papers with more
than 50 citations overall (see J2, C6, C4, W6 papers for details).

Finally, during the online mode of K-12 education in Kazakhstan in the 2020-2021
academic year, we were able to collect 2000 hours of signing video data and partially
annotate it. The annotation is conducted by seven deaf individuals. To date, around 325
hours of videos have been annotated with glosses and 4,009 lessons out of 4,547 were
transcribed with automatic speech-to-text software. This dataset will be used for supervised,
semi-supervised and unsupervised learning approaches (see W2 paper).

3. New architecture for Continuous Sign Language Recognition (CSLR)
There is a growing interest in developing systems for automatic sign language

recognition, which would have the potential to greatly improve communication between the
deaf and hearing communities. One of the challenges in this field is to achieve continuous
sign language recognition (CSLR), which involves recognizing sign language in an
end-to-end manner. In recent years, researchers have proposed various architectures and
models for CSLR, with the goal of improving recognition accuracy and speed.

In order to set a baseline for CSLR, we proposed a new architecture that involves
Spatiotemporal feature-extraction model to segment useful “gloss-unit” features and
BiLSTM with CTC as a sequence model. Spatiotemporal Feature Extractor is used for both
image features extraction and sequence length reduction. To this end, we compared different
architectures for feature extraction and sequence models. In addition, we iteratively fine-tune
feature extractor on gloss-unit video segments with alignments from the end-to-end model.
During the iterative training, we use novel alignment correction technique, which is based on
minimum transformations of Levenshtein distance. This work was published for a
presentation at the 25th International Conference on Pattern Recognition (ICPR) (see C3
paper).



16. Popular description of the project and its results
Deaf communities around the world use sign language as their first language which is independent
from the spoken language used in that country. There are more than 18 thousands of deaf and
hard-of-hearing individuals in Kazakhstan.

Research on sign language recognition, generation, and translation has a high potential for impact.
While automatic speech recognition has progressed to being commercially available, automatic sign
language recognition is still in its infancy. Many innovative solutions exist to support spoken
languages (both oral and written forms) but many deaf individuals are not fluent in the spoken
language of the countries they live in. Thus, they are often isolated from society, and have social and
communication barriers in every aspect of their lives. If speech processing solutions such as
YouTube’s captioning existed for sign languages with automatic replacement of the text to sign
videos, deaf individuals would be able to take advantage of the online content in order to gain new
competencies. However, one of the main constraints is the availability of large, generalizable,
realistic sign language datasets.

Signs in sign languages are composed of phonological components put together under certain rules.
Linguists identify the following main components present in signs: handshapes, location on the
body, movement, orientation, facial expressions, and lip-patterns. This project outputs include the
first corpus of Kazakh Sign Language that is appropriate for machine learning and linguistics
research. As with any video dataset, manual annotation of sign languages (manual and non-manual
components) is extremely time and resource consuming. Thus, we also implemented a
semi-automatic annotation tool, which allows to automatically annotate manual and non-manual
components, thus contributing to a faster creation of annotated datasets. At the same time, the
algorithms can further be applied to automatic sign language recognition for various
human-computer/robot interaction applications.

The main motivating factor of the project is the necessity of thoroughly and systematically
organized data to process KSL. Similar datasets exist for other sign languages around the globe, but
they are often quite limited in the vocabulary size, signer variability, and contain unrealistic signing
as it is often slower and has simpler interpretation. That is why the project’s goal was to collect a
signer independent, realistic dataset using crowdsourcing techniques.

17. Impact beyond NU

The impact of the “K-SLARS” project is that it provides concrete steps to improve the
communication barriers of Deaf community. The main impact of the present project is the new
Kazakh-Russian Sign Language (KRSL) corpus, the first sign language corpus on CIS territory,
which could be used for computer vision as well as for linguistic research, could bring a high impact
for future development of sign language recognition solutions. We envision that our open-source
data-driven solutions (SLAN-tool and Reverse Dictionary) will have a broad impact on the IT
community with a potential to allow deaf individuals to benefit from the results of the latest
advancements in deep learning research, that up to now could not be applied to Kazakh language
due to the lack of data. Since we involved Deaf community throughout the research progress not
only as dataset annotators and contributors, but also as design informants and evaluators of the tools
and technologies envisioned for them, our insights and results of this project therefore can lead to
technological innovation and as a result to a more accessible society.


