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ABSTRACT
In this work, we propose a framework that enables collection
of large-scale, diverse sign language datasets that can be used
to train automatic sign language recognition models.

The first contribution of this work is SDTRACK, a generic
method for signer tracking and diarisation in the wild. Our
second contribution is to show how SDTRACK can be used
to automatically annotate 90 hours of British Sign Language
(BSL) content featuring a wide range of signers, and includ-
ing interviews, monologues and debates. Using SDTRACK,
this data is annotated with 35K active signing tracks, with
corresponding video-level signer identifiers and subtitles, and
40K automatically localised sign labels.

Index Terms— Signer Diarisation

1. INTRODUCTION

Sign languages represent the natural means of communica-
tion of deaf communities. They are visual languages with
grammatical structures that differ considerably from those of
spoken languages; there is no universal sign language and un-
related sign languages are mutually unintelligible [37]. While
there has been considerable progress in machine comprehen-
sion of spoken languages in recent years [18], automatic
recognition of sign languages remains challenging [23]. A
key obstacle is the scarcity of appropriate training data: sign
language datasets are typically (i) orders of magnitude smaller
than their spoken counterparts [3], and (ii) collected in con-
strained settings (e.g. lab conditions, TV interpreters), that
do not reflect the complexity and diversity of “real-life” sign
language interactions. For example, multiple signers often
engage in conversation [9], which introduces the additional
challenge of identifying who is signing when.

In this work, we address this issue by proposing a method
for automatically annotating a large-scale, diverse dataset of
signing under a broad range of conditions to allow training
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Fig. 1. Signer diarisation in the wild. In this work, we
propose a signer tracking and diarisation framework and au-
tomatically annotate 90 hours of in-the-wild signing content.

of strong sign language recognition models. This requires
identifying (i) temporal segments when signing occurs, and
(ii) who is signing as there may be several people present.
Our first contribution is therefore to propose SDTRACK, a
generic framework for signer detection, tracking and diari-
sation in the wild (Sec. 3). Our second contribution is to
employ SDTRACK, together with a recently proposed auto-
matic annotation technique [1] to annotate TV broadcasts of
the programme SeeHear, which is presented entirely in BSL.
The show includes signing in diverse conditions (both indoors
and outdoors in a variety of scenes) and contains a rich vari-
ety of interviews, monologues and debates. The signing con-
tent is accompanied by written English translations, obtained
from broadcast subtitles. It was the first magazine programme
series for the British deaf community, launched in 1981, and
continues to be broadcast. The SeeHear data is annotated with
active signing tracks, along with corresponding signer identi-
ties and subtitles, in addition to localised sign labels (Sec. 4).
Finally, we evaluate performance for the tasks of signer diari-
sation and sign recognition using this data (Sec. 5).

2. RELATED WORK

Signer diarisation. Signer diarisation has received limited
attention in the computational literature. Existing works have
considered small-scale experiments (i.e. on four short videos
in constrained conditions) using low-level motion cues [16,
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Fig. 2. The SDTRACK framework for diarisation com-
prises three modules: (left)Multi-person trackerforms per-
son tracks and estimates the pose of each person, (middle)Ac-
tive signer detectordetermines which (if any) of the tracked
persons are actively signing, (right)Signer re-identi�cation
associates identities to each tracked person. See Sec. 3 for
more details.

17]. Several methods have been proposed for active signer
detection (which aims to estimate whether a signer is active in
a given video frame): [30] proposes an ef�cient online system
appropriate for videoconferencing software, while [2] pro-
poses a multi-layer RNN model which performs frame-level
active signer detection. To the best of our knowledge, no prior
work has considered signer diarisation at large-scale in un-
constrained environments.
Sign language datasets.A number of sign language datasets
have been proposed in the literature (see [23] for a survey of
the predominant benchmarks). Key shortcomings of existing
datasets include: a lack of diversity (in terms of signing envi-
ronment, number of signer identities, or both), restricted do-
main of discourse [5, 24] (for example, weather broadcasts)
and limited scale [3]. MSASL [22], WLASL [25], BSL-
DICT [29] and BSL SignBank [14] cover a wide vocabulary,
but are restricted to isolated signs. BSLCORPUS [35] pro-
vides �ne-grained linguistic annotation of conversations and
narratives, but is limited to pairs of signers under lab condi-
tions. BSL-1K [1] provides a large-scale dataset of contin-
uous signs, but is derived entirely from crops of inset public
broadcast interpreters (occupying a �xed region of the screen)
and lacks scene diversity and interaction.

3. DIARISATION

Task formulation. Given an unconstrained video containing
an arbitrary number of signers, our objective is to answer the
question: “who is signingwhen?” by parsing the video into
spatio-temporal tracks of active signers together with their
identities. Our task therefore represents the combination of
two techniques: (i)active signer detectionwhich seeks to an-
swer the question “which person is signing?”, and (ii)signer
identi�cation which addresses the question “who is this per-
son?”

Concretely, given a sequence of video framesx1:T =
f x1; : : : ; xT g containing signing content, the objective is
to identify active signers at each frame,x t , and to provide
bounding boxes representing projections of each individuals'
3D signing space on the image plane.
Proposed Framework: SDTRACK . Our approach, SD-

TRACK (an abbreviation of Signer Diarisation and Tracking)
comprises three modules: (1) a multi-person tracker, (2)
an active signer detector, and (3) a signer re-identi�cation
model (see Fig. 2 for an overview). The role of each of these
modules are described next.
Multi-Person Tracking.The objective of the tracker is to lo-
calise each person appearing in the footage and track their
trajectories across frames. The tracker output consists of a
collection of spatio-temporal bounding box trajectoriesT =
f � i : � i 2 Rl i � 4; i 2 f 1; : : : ; N gg, whereN represents the
total number of trajectories,l i denotes the length of trajectory
i , and� i speci�es an array of bounding box locations in pixel
coordinates.
Active Signer Detector.For each trajectory� i delivered by
the tracker, the role of the active signer detector is to produce
a vector,yi = f 0; 1gl i , which associates to each trajectory
bounding box a label of1 to indicate that the person contained
within it is actively signing, and0 otherwise.
Tracked person Re-identi�cation (Re-ID) module.The role
of this module is to group the trajectoriesT delivered by the
tracker by their identity. To each track,� i , the model assigns
an identity label� i 2 [0; : : : ; M T ], whereM T denotes the
estimated total number of identities inT .

Finally, the modules are combined by segmenting each
person track� i into the sequences of contiguous active sign-
ing frames indicated byyi and assigning to each segment its
corresponding track identity identity label� i .
Implementation. We instantiate the multi-person tracking
module with the robust pose-based tracker recently proposed
by [32]. In brief, this method employs a YOLOv3 [33] ob-
ject detector, trained for person detection on the MS COCO
dataset [26] to produce initial bounding box proposals at
a �xed frame interval. Human keypoint estimation is then
performed within the proposals over consecutive frames
by recursively updating the bounding box such that it en-
closes the keypoints. These keypoints are fed to a two-layer
Siamese graph convolutional network (which is trained to
estimate the similarity of two poses via a learned metric in
128-dimensional feature space) that is used together with spa-
tial consistency constraints to link box-enclosed poses into
tracks.

While SDTRACK is agnostic to the implementation of the
tracker, the pose-based tracking described above has the aux-
iliary bene�t of estimating a set of human keypoints for each
trajectory bounding box which can be ef�ciently re-used by
the active signer detector module. We therefore implement
the active signer detectoras a binary classi�er which takes
as input the keypoint trajectories for a track and predicts its
labelsyi . We explore two variants of the active signer de-
tector: (1) a simple frame-level decision tree heuristic which
predicts an active signer whenever the estimated forearm-to-
upper-arm angle is less than a �xed threshold (1.1 radians—
determined through visual inspection on example data); (2)
An eight-layer convolutional network which consumes tem-
poral sequences of estimated keypoint con�dences and lo-


