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Executive Summary

SL-ReDu is an innovative project that aims to considerably advance the current state-of-the-art in the
automatic recognition of Greek Sign Language (GSL) from videos, while focusing on the standardized
teaching of GSL as a second language as a use-case. In this deliverable (D1.1), we present our initial
work on the detection and tracking of the visual articulators of sign language (both manual and non-
manual), as well as the extraction of corresponding visual features, which constitutes the first component
for the recognition pipeline of WP1 and WP2. Specifically, we examine the detection and tracking of the
various sign language (SL) articulators of interest, namely the hands and mouth employing traditional
detection and tracking techniques, as well as deep learning-based approaches (Task T1.1). Regarding the
visual feature extraction of the detected articulators, traditional shape, appearance, and motion-based
feature representations, as well as more advanced deep-learning representations are explored (Task T1.2).
Further, performance of the detection and tracking algorithms as well as of the extracted features is
reported on three datasets of GSL. In particular, performance of the various feature sets is investigated in
terms of computational efficiency and recognition accuracy on the task of isolated GSL recognition. This
deliverable will be updated as D1.2 (M16), while also providing baseline components for D2.1 (M12).
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1 Introduction

Automatic sign language (SL) recognition constitutes an important human-computer interaction
technology, allowing natural language communication for the speech and hearing impaired. At the same
time, European and national policies on inclusion and accessibility, as well as the official recognition of
national sign languages, have led to a dramatic increase in the need for communication and education in
sign language (SL), both as mother language (L1) and as second language (L2), well beyond the
approximately 1%o of the deaf population [1]. Yet, nonnative SL education remains a cumbersome
process, demanding extensive and iterative tutor-to-learner feedback on a one-to-one basis, while also
suffering from a high degree of teacher subjectivity in the evaluation of student proficiency [2].

Due to its non-vocal nature, SL forms a means of expression that comprises both manual (i.e. hand shape,
motion pattern, hand relative position, and orientation) and non-manual (i.e. body posture, facial
expressions, and body motion) articulation that integrates simultaneously on multiple streams
contributing to the formation of basic SL signs. Thus, it is clear that a successful SL recognition system
should be able to accurately track both manual and non-manual articulators in space and time, recognize
patterns in the respective articulatory streams, and fuse them at the appropriate temporal level to yield
basic signs and their temporal sequence [3]. It should also be able to accomplish the above in a signer-
independent fashion, thus accounting for natural variability in individual-signing style. Crucial
components in addressing the problem are the visual detection, tracking, and visual feature representation
of both manual and non-manual SL articulation. Achieving such goals requires an interdisciplinary effort,
employing state-of-the-art techniques in computer vision, machine learning, and sign linguistics, while
exploiting large amounts of SL data, and constitutes the focus of this deliverable (D1.1).

Over the last three decades, there has been significant research activity on the problem of hand detection
[4-7] for human-computer interaction (HCI), while at the same time, substantial attention has been
dedicated to the field of face detection and recognition, achieving tremendous success [8, 9]. There exists
a large variety of such algorithms based on traditional RGB video input, exploiting for example skin color
consistency to apply skin-based color models for manual and non-manual SL articulation detection [10],
while others take advantage of the dynamic nature of gesturing incorporating motion-based algorithms for
tracking [11]. Moreover, there exist various systems ensued from the combination of articulation position
and/or movement estimation [12-15, 63, 64] and appearance-based descriptors [16-19, 65]. In recent
years, significant attention has been paid to depth (RGB-D) cameras [20], such as the Kinect [21] and
Intel RealSense [22], due to the inherent advantages of the depth modality information and availability of
the human skeleton data stream [21]. Specifically, systems utilizing such cameras have been introduced
[23-25], relying on hand-crafted feature descriptors that are extracted from the depth and/or skeleton
streams. Lately, deep learning approaches have provided a breakthrough in the field of visual detection
and feature learning, primarily in the form of convolutional neural networks (CNNs) [26], demonstrating
superior performance on several tasks. Among the proposed deep learning architectures, region-based
CNNs (RCNNs) [27] and their variants [28-30] have been extremely popular for object detection, and
therefore for face and hand detection. Specifically, in [31] detection and tracking are accomplished
through the faster-RCNN [29] and a two-stream 3D CNN for spatiotemporal SL feature extraction. Most
of the aforementioned deep learning advances have been disseminated to the research community via
open source toolkits. Such examples constitute the OpenFace framework regarding facial landmark
tracking [32], as well as OpenPose [33] that results in accurate 2D human skeleton estimates including
detailed hand information.

This deliverable aims to analyze and compare the methods implemented in previous researches
concerning the first component of SL-ReDu recognition system (WP1), providing the necessary input to
the machine learning algorithms for the GSL recognition task (WP2). Moreover, it aims to suggest the
best method to explore for future research. Specifically, WP1 comprises two tasks, namely the detection
and tracking of the visual articulators in SL video, as well as the extraction of visual features of tracked
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articulators. Specifically, the first task (Task T1.1) focuses on the detection and tracking of the various SL
articulators of interest, namely the hands and mouth. For this purpose, a “light-weight” scheme is first
explored, where facial information accomplished by an efficient off-the shelf detector drives skin-tone
based hand segmentation complemented with motion tracking to drive localization. Subsequently, the
OpenPose framework [33], which is a more computationally demanding deep-learning approach based on
skeletal data generation [34-36] is incorporated. Regarding the extraction of appropriate representations
of the tracked manual and non-manual articulators (Task T1.2), traditional shape/geometric feature
representations, appearance schemes such as PCA representations of the regions-of-interest and more
advanced feature sets such as Gabor filterbank energies, SIFT, LBPs, HOGs, and optical flow
representations are considered. Further, deep learning-based representations using CNNs as well as deep
auto-encoders are also pursued, thus providing a multitude of visual streams to be utilized in the SL
recognizer of WP2. Our approaches are evaluated on three isolated-sign GSL datasets: (a) The Polytropon
GSL corpus [12]; (b) the ITI GSL dataset [37]; and the Dicta-Sign dataset [38], employing a CRNN
(CNN and RNN) classifier for the sign prediction task. The approach adopted in this deliverable is
schematically depicted in Figure 1.

The remainder of D1.1 is structured as follows: In Section 2, we overview methods for detection and
tracking of the visual articulators (both manual and non-manual). In Section 3, we focus on the extraction
of various visual feature sets. In Section 4, we overview the GSL datasets used in our evaluation,
followed by experimental results in Section 5. Finally, in Section 6, we conclude this deliverable and
discuss our future plans.
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Figure 1: General overview of the deliverable methodology. Left: Detection and tracking methods (Task
T1.1) are employed to extract regions-of-interest of the hands (manual articulators) and mouth (non-
manual articulator). Middle: Various visual features are extracted from the aforementioned regions-of-
interest (Task T1.2). Right: For evaluation purposes, the extracted feature sets of each region-of-interest
are concatenated and evaluated for isolated sign classification from GSL video data.
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2 Task T1.1: Detection and Tracking of Visual
Articulators in SL Video

This section describes in detail the evaluated systems concerning the detection and tracking of manual
and non-manual SL articulators from RGB video. As already mentioned, traditional detection and
tracking techniques are first developed towards a low-resource SL recognition system baseline, refining
recent work by the PI's team [11]. Further, the OpenPose deep learning-based toolkit [33] is also explored
to yield facial landmarks and 2D body skeletons, including hand detail.

2.1 Light-Weight Hand Detection and Type Classification (HDTC)

The hand detection and type classification scheme (HDTC) investigated here refines our earlier work [11]
for the visible signer hands extraction, as well as their classification into left and right types (as viewed by
the camera). The approach is two-phase, relying on both traditional techniques for efficient articulation
localization and tracking, as well as deep learning for hand type detection and classification, under the
assumption that the signer frontal head pose data is visible, as in the case of typical SL videos.
Specifically, the system relies on two distinct pillars: the image pre-processing pipeline and the
classification phase, as also depicted in Figure 2. As it may be observed, the pre-processing component
involves a series of individual steps, namely: (a) skin-tone estimation; (b) skin-tone based segmentation;
(c) skin region motion tracking, and (d) hand segmentation. The essence of the first phase is the
generation of a limited number of proposal windows to be subsequently fed to the CNN-based hand-type
classification component.

1st Stage: Proposal Window Generation

input | [ skin-tone skin N skin region > hand

frame | |estimation segmentation motion tracking segmentation
hand CNN based P proposal
~ bounding classification window(s)
box&type | g4 Stage: Proposal Classification

Figure 2: Block diagram of the two-stage HDTC system for hand detection and type classification.

The pipeline commences with skin color range estimation via the Viola-Jones face detection algorithm
[8], which is a widely used real-time face detector due to its computational efficiency and high efficacy.
The ultimate aim of the face detection process is the central square of the facial region extraction, which
does not involve background information and, thus, best captures the skin tone. Assuming a successful
face detection (see Figure 3(a)), the nose area (covering 13% of the facial bounding box) is extracted and
subsequently converted to the YCbCr color space [39], driving skin-tone based segmentation.
Specifically, after image frame transformation into the YCbCr color space, skin pixels are classified
regarding the range of the corresponding YCbCr values of the extracted nose region (see Figure 3(b)). In
case of missing face detection, the frame is imposed on skin segmentation in the YCbCr color space via
particular threshold values as defined in [39].

Following skin segmentation, hands are subjected to skin region motion tracking through the motion-
based Kalman filtering [40] in order to address hand and facial regions overlapping. Treating hands as the
only skin-tone moving objects in the frame, Kalman filter algorithm that has proven an optimal state
estimator, assigns detections to related tracks regarding their previous location (see Figure 3(c)). Thus, in
our task, Kalman filtering provides hand localization and tracking discarding skin-like objects that do not
correspond to moving tracks.
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The image processing pipeline concludes with the background subtraction of the previously produced
rectangular bounding boxes using the Otsu’s thresholding method [41]. Generating bounding boxes, the
so-called proposal windows that involve only the target objects is critical for the classification phase.

During classification, the returned proposal windows pass through a CNN classifier for final hand
detection and type classification, considering three classes of interest, namely left, right, and no hand (see
Figure 3(d)). The CNN adopts the AlexNet architecture [42], due to its wide endorsement by the
computer vision community and its high-performance capability. In more detail, each ROI is resized to
the AlexNet input layer fixed size (227 x 227 pixels) and fed to an AlexNet CNN classifier for the label
prediction task. More precisely, the AlexNet CNN follows a five convolutional and three fully-connected
layers and is pretrained on the ImageNet corpus [43], which includes a large set of 1000 labeled images
for each of 1000 categories. In order to adapt the network to our task, we modify the final fully-connected
layer to have the same size as the number of classes of interest in this work (three). Finally, the network is
fine-tuned employing the Visual Geometry Group hand dataset of the Oxford University [44], which
consists of almost 6k labeled images of hand types. The dataset is randomly divided into training and test
sets (70% and 30%). During training, Stochastic Gradient Descent with Momentum (SGDM) is employed
with an initial learning rate of 0.004 decayed by a factor of 0.5. The maximum number of complete passes
(epochs) is set to 60, and a mini-batch with 128 images is used.

In addition to the manual articulators (hands) extracted as above, the mouth regions (non-manual
articulators) are extracted via the Viola-Jones mouth detector.

(@ (b) (c) (d

Figure 3: An example of the hand detection and type classification approach of Task 1.1, applied to
Polytropon GSL corpus. Depicted, left to right: (a) video frame marked with a rectangular box enclosing
the detected facial region, as well as the central square of the detected face region; (b) segmented skin
region; (c) tracked hands by Kalman filtering (yellow rectangles depict detected objects, red stars the
predicted object positions, and blue stars their corrected positions); (d) frame marked with rectangular
boxes illustrating the signer’s left and right hands.

2.2 OpenPose-Based Articulator Detection

This approach relies on the extraction of 2D human skeletal data through the OpenPose human joint
detector [33], which provides a descriptive motion and structural representation of the human body (body
pose, hands, and face) relying on deep convolutional pose models. OpenPose has great potential for
several real-life applications, enabling motion detection without dedicated hardware, like the Kinect or
motion capture equipment. The OpenPose network initially extracts image features employing the first 10
layers of VGG-19 [45], which are then fed into two parallel convolutional layers branches. The first
branch generates a set of confidence maps, each representing a specific human pose skeleton part, while
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the second produces a set of part affinity fields (PAFs) [33] that represents the degree of confidence of the
association for each pair of body part detections.

OpenPose provides a detailed spatio-temporal representation of the human skeleton, extracting in total
137 human skeleton joint descriptors in the form of image coordinates (see Figure 4(a)). Specifically,
OpenPose renders 25 body pose keypoints, 21 joints for each hand, as well as 70 facial keypoints, as also
depicted in Figure 4(b). Since in the majority of SL videos only the signer upper-body parts are involved
in the signing process, here we exploit only 57 estimated coordinates, removing 10 human body joints
associated with the invisible lower body parts of the signer, as well as the face joints.

The most dominant spatial information concerning SL is focused on hands involving handshape
deformation and orientation, as well as lip shape. To this end, we segment the mouth and hand regions
(see Figure 4(c)) using the skeletal coordinates of the regions-of-interest, which constitute descriptive
spatial representations that can significantly enhance SLR performance.

(a) (b) (c)

Figure 4: (a) An example of the skeleton representation obtained by the OpenPose library [33]; (b) input
image frame from the Polytropon GSL corpus [12] with super-imposed keypoints generated by
OpenPose; and (c) input image marked with rectangular boxes enclosing the handshapes and the mouth
region derived based on the human skeleton.
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3 Task T1.2: Extraction of Visual Features of Tracked
Articulators

In this section, we consider various feature learners of the tracked manual and non-manual articulators,
namely the hands and mouth, at a local or global level, emphasizing their shape and/or appearance, and
concentrating on static and/or motion patterns, thus providing a multitude of visual streams to the SL
recognizer of Section 5.1. Specifically, traditional, hand-crafted shape/geometric feature representations,
appearance schemes such as principal component analysis (PCA) representations of the regions-of-
interest and more advanced feature sets, such as Gabor filterbank energies, the scale-invariant feature
transform (SIFT), local binary patterns (LBPs), histogram of oriented gradients (HOG), and optical-flow
representations are investigated. Further, deep learning-based representations using CNNs as well as deep
auto-encoders are also considered. Examples of the hand-crafted feature sets considered (Sections 3.1-
3.6) are depicted in Figure 5 (extracted over an entire video frame, for better visualization).

(d) ®
Figure S: Visualization examples of various feature representations of Section 3 on a video frame of the
Polytropon GSL corpus: (a) PCA; (b) Gabor filters magnitude; (c) LBP features; (d) SIFT approach; (e)
HOG features; and (f) SpyNet based optical flow.
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3.1 Principal Component Analysis (PCA)

PCA [46] is an unsupervised feature learner used in data science for reducing the dimensionality of multi-
variate data, while preserving as much relevant information as possible. Specifically, PCA utilizes the
eigenvectors of the data covariance matrix that correspond to the matrix largest eigenvalues, employing
them to project the data to a new subspace of typically significantly smaller dimension. In other words,
PCA reduces feature dimensionality, retaining though a significant portion of the original information. In
more detail, PCA converts data into a lower-dimensional space using an orthogonal transformation whilst
maximizing the data variation. Here, we discard feature dimensions that correspond to small eigenvalues
containing little information, in order to increase data sample density in the feature space and remove
noise, resulting in 256-dimensional feature vectors. It should be noted that the eigenvalue decomposition
of the data covariance matrix is used to perform PCA.

3.2 Gabor Filter-Banks

Gabor filters [47] were originally proposed for signal representation in both time and frequency. A Gabor
filter is a linear filter that can be defined as a sinusoidal function multiplied by an elliptical Gaussian. A
Gabor filter analyzes whether there exists specific frequency content in the image along specific
directions at a localized region around the point or region of analysis. Frequency and orientation
representations of Gabor filters are appropriate for representation and discrimination. Specifically, in the
spatial domain, a 2D Gabor filter is a Gaussian kernel function modulated by a sinusoidal plane wave.
Here, we generate a custom Gabor filter-bank, whose elements are 39x39 matrices with each matrix being
a 2D Gabor filter. Subsequently, these filters are applied to the image, resulting to a 360-dimensional
Gabor feature vector. The factor of down-sampling along rows and columns is 110.

3.3 Local Binary Patterns (LBP)

The LBP feature vector [48], in its typical form, divides the region-of-interest into cells. It then employs
each pixel in the cell in a threshold searching process, calculating the optimal threshold that maximizes
the between-class variance. Specifically, each pixel in the cell is compared with its 8 neighbours
following the pixels in a clockwise manner. If the pixel value is greater than a neighbour value, it is
replaced with 0, otherwise with 1, generating an 8-digit binary number. Subsequently, the cell histogram
of the frequency of each previously produced number is computed. Finally, all histograms are
concatenated giving the feature vector of the entire region. In this study, a set of 8 neighbours is used to
encode LBP features for each pixel in the input image selected from a circularly symmetric pattern around
each pixel, generating a 256-dimensional feature vector.

3.4 Scale-Invariant Feature Transform (SIFT)

The SIFT approach [49] transforms an input image to a large collection of local feature vectors. Each of
these is scale- and rotation-invariant. In order to extract these features, the model applies scale-space
extrema detection, for identification of those locations and scales, keypoint localization, for eliminating
points with low contrast and/or poorly localisation on an edge, orientation assignment, for obtaining
consistent orientations to the keypoints based on local gradient data; and finally extracts the keypoint
descriptor, relying on the local gradient data. Thus, after extracting the keypoints location and orientation
in the input image, we exploit them to generate a 256-dim SIFT feature vector. It should be noted that
since there is a variability in the number of keypoints per frame and, by extension, to the resulted feature
vector dimensionality, we employ t-distributed stochastic neighbour embedding (t-SNE) [50] that
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constitutes a machine learning-based dimensionality reduction technique for generating feature vectors
with fixed, predefined dimensionality.

3.5 Histogram of Oriented Gradients (HOG)

HOG [51] is a hand-crafted feature descriptor that considers the distribution of oriented gradients in the
image as features, where the magnitude of gradients is large around regions of abrupt intensity changes
capturing a lot more information about object shape. Here, the HOG feature vector is calculated to have
dimensionality of 324, encoding local shape information from regions within the image.

3.6 Optical Flow

Since a critical aspect concerning SL is the motion estimation in time, we also evaluated the use of optical
flow spatio-temporal feature representations. To acquire it, the well-known SpyNet [52] model is
employed, which combines classical optical flow algorithms with deep learning techniques. Once the
optical flow is estimated, optical flow vector with 256 dimensionality is generated according to the
magnitude and orientation between two adjacent frames.

3.7 Convolutional Neural Network (CNN)

CNNs are composed of a series of convolutional layers complemented with non-linearity and pooling,
followed by fully connected layers and an output layer. Here, we apply a pre-trained ResNet-18 network
[53] (trained on the ImageNet database [43]) to each region-of-interest in order to extract feature maps by
taking the output of the fully-connected layer. The network uses 3 x 3 convolutional kernels, down-
sampling with stride 2, and is trained using the mean squared error loss function. Note that the input is
resized to the fixed size of the ResNet-18 network input layer (224 x 224 pixels). The network outputs
feature maps of 512 dimensions by taking the output of the global average pooling layer.

3.8 Vanilla Auto-Encoder (AE)

The vanilla AE [54] is a neural network that performs a mapping of the input image to a latent space
representation through encoding, and then reconstructs the output by utilizing a decoder. In particular, it
employs a multi-layer perceptron (MLP) encoder and decoder using the mean squared error loss function.
Here, a vanilla stacked AE is used, consisting of two hidden layers with fixed dimensionality 100 on the
encoder and the decoder. For weight initialization, we perform the Xavier process [55]. Auto-encoder
network training is conducted using Scaled Conjugate Gradient Descent (SCGD) with an initial learning
rate of 0.004 decreased by a factor of 0.8 and a mini-batch size of 64 images generating a 256-
dimensional feature vector.
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4 Datasets and Experimental Framework

The performance of the aforementioned algorithms is assessed on three publicly available isolated-sign
GSL datasets: the Polytropon GSL corpus [12], the ITI GSL dataset [37], and the Dicta-Sign database
[38]. These corpora exhibit significant differences among them, concerning the acted task and the
recorded subjects, thus offering a desirable variation in the vocabulary content. More details follow.

Polytropon GSL corpus [12]: This contains 3 repetitions of 3,600 sentences performed by a single
signer, recorded by two frontal-view cameras, a Kinect and an RGB one. Here, the RGB video data are
used, which are provided at a frame-rate of 25 Hz and 848 x 480-pixel resolution. Corpus annotations
based on ELAN [1, 7] are available at both the signed sentence and signed word level. The corpus signed
vocabulary includes 2,664 unique words corresponding to proper nouns, adverbs, and verbs characterized
by variability in sign duration. In this study, we explore an isolated sign small-vocabulary that involves
words with a sufficient number of occurrences appearing between 30 to 110 times (52.6 on average).
These yield 5,414 video snippets, which are obtained by ‘“cutting” the longer video database files based
on the ELAN annotation time-stamps of the words of interest.

ITI GSL dataset [37]: This includes 5x3 different dialogues organized in sets of 5 individual tasks in 3
public services, performed by 7 different signers. The dialogues, which appertain to a communication
between a deaf person and a single service employee, are pre-defined and are performed by each signer 5
consecutive times (5x7x5x3). Signing is captured by an Intel RealSense D435 RGB+D camera at a rate of
30 Hz, providing simultaneously RGB and depth streams (bit depth:24) at the same spatial resolution of
648x480 pixels per frame. During recording, camera poses adjustments are made, offering a desirable
variation in the videos. Corpus annotations accomplished through GSL linguistic experts are provided at
both the signed sentence and signed word levels. The corpus signed vocabulary consists of 310 unique
glosses (40,785 gloss instances) and 331 unique sentences (10,290 sentences), with 4.23 glosses per
sentence on average. Here, an isolated sign recognition task is built for 305 unique words that appear
between 4 and 10 times by each signer in the dataset, yielding 12,897 video snippets in total.

Dicta-Sign dataset [38]: This is a multilingual corpus on the domain “Travel across Europe” in four sign
languages (including GSL), concerning communication for transport by different means and contexts as
well as related personal experiences. The corpus comprises 10 different tasks with a session duration of
approximately 2 hours on the same elicitation material, covering various interaction formats from
monologues to sequences of very short turns, also with different levels of predictability. The data are
recorded by seven cameras, two of them stereo cameras [56], capturing signing from different view-points
(front, side, footage and bird’s eye view). GSL data are expressed by 8 pairs of different signers (16
signers in total) consisting of 8 to 10 hours of signing. Corpus annotations are based on iLex export
format [57] as well as ELAN [57, 58] and are provided at two different levels (signed sentence and signed
word), containing labels and time-stamps. The corpus signed vocabulary consists of 1704 unique words.
Here, we employ an isolated small-vocabulary subset of 152 unique words with a sufficient number of
occurrences among the 7 signers between 4 and 20 times. These yield 5,959 video snippets of words
obtained by “cutting” the longer video database files based on the ELAN annotation time-stamps of the
words of interest.

The signing duration statistics of all three isolated sign GSL datasets vary significantly, as also depicted
in Figure 6. Since the multi-signer datasets (i.e., excluding the single-signer Polytropon dataset) contain
more than 4 recordings for each sign and every signer, experiments are performed in a multi-signer
framework in an effort to retain a balance between the sets. In addition, all experiments on the three
corpora are conducted using ten-fold cross-validation, where 80% of each fold is allocated to training,
10% to validation, and 10% to testing.
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Figure 6: Duration histograms (in video frames) of signed words in all three isolated-sign GSL datasets
considered in this deliverable.
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5 Experimental Results

5.1 Implementation Details and SL Classifier

The extracted articulators regions (hands and mouth) from the first component of our system before being
fed to the feature learner are resized to a fixed size of 227 x 227 pixels for system consistency.
Additionally, in order to provide a fair comparison between the hand-crafted features and deep learning-
based ones, all feature vectors had dimensionalities of the same order, ranging between 128 and 512.

Since there is both spatial and temporal content to be considered, the task of isolated sign recognition
from SL videos is addressed by a CRNN model based on a long short-term memory (LSTM) network
[60]. In the typical form, such model is a pair of a CNN encoder and an LSTM decoder complemented
with a final fully-connected neural network for the prediction task. Specifically, the encoder receives
latent-representation sequential data and outputs a sequence of hidden states, while the decoder maps the
latter to the desired output (sign IDs) through a final fully-connected network. In this work, the CNN
encoder is a pre-trained ResNet-152 model [53] using the ImageNet dataset [43]. For decoding, a one-
layer LSTM decoder is used with hidden dimensionality equal to 128. Training is conducted employing
the Adam optimizer with an initial learning rate of 0.001 decreased by a factor of 0.3. We also use
dropout at a rate of 0.3.

Evaluation experiments were carried out on an Nvidia GTX 1050 Ti GPU. The hand extraction and type
classification scheme as well as all feature learners except for optical flow estimation and CNN model
implementations were deployed in the Matlab environment, while all others were implemented in
PyTorch [61]. It should be noted that OpenPose was run on a system with Nvidia Tesla K80 and Cuda
10.1 toolkit.

5.2 Task T1.1: Evaluation of Articulator Detectors

The first set of experiments concerns the detection and tracking accuracy and computational efficiency of
the various SL articulators of interest, namely the hands and lips, employing both approaches described in
Section 2. For detection and tracking performance evaluation, we used 7 video clips from the Polytropon
GSL corpus including 106 frames in total, 7 videos from the ITI GSL dataset comprising 96 image frames
(13.71 frames per signer), and 16 video snippets of the Dicta-Sign dataset involving in total 156 image
frames (9.75 frames per signer). Body parts like handshapes and lips for all 358 image frames were
manually labeled for this evaluation.

1.5

I Polytropon GSL corpus
[TIGSL dataset
I Dicta-Sign dataset

Mean loU

HDTC OpenPose
Models

Figure 7: Accuracy comparison of the hand detection and type classification (HDTC) scheme against the
OpenPose framework on all three evaluation sets in terms of mean intersection over union (IoU).
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Accuracy results are provided in Figure 7 in terms of the mean intersection-over-union (mean IoU) [62], a
standard metric to measure the overlap ratio between the ground-truth and predicted bounding boxes. The
OpenPose detector reaches the highest IoUs in all three evaluation datasets, ranging between 0.917 and
0.936. The lowest performance is achieved on the GSL dataset (0.604) through the hand extraction and
type classification (HDTC) scheme, probably due to the video quality that is rather low, the variability of
standing posture of the signer, as well as the signing variability among subjects. The OpenPose
framework seems to outperform the considered alternative on all three datasets, demonstrating the
robustness of this deep-learning approach on signer skeleton detection and tracking, providing low risk of
false detections and missing hand candidate regions. The implementation of the hand extraction and type
classification (HDTC) method takes 0.48 sec per frame on average using Matlab, while OpenPose
requires less time (0.22 sec per frame).
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Figure 8: Confusion matrices of the (a) hand detection and type classification scheme against (b) the
OpenPose framework on all three evaluation sets (358 frames in total).

In Figure 8, the performance of the evaluated systems is assessed by providing the confusion matrices
over all evaluation frames. As already mentioned, there are 358 frames in total where left and/or right
hands participate in the signing process. In its computation, only detections with IoUs higher than 0.5 are
considered correct. Note also that the pretrained CNN of Section 2.1 is used for the hand extraction and
type classification (HDTC) scheme, while for the OpenPose framework the hand type is automatically
provided through skeletal data. Clearly, the OpenPose model performs better than the HDTC scheme,
with 96.9% of its classifications being correct and only 3.1% wrong. Among the 716 detections, there are
9 cases where no hand participating is wrongly detected and classified as left, and 13 cases for the right
hand one. On the other hand, the HDTC model demonstrates lower accuracy performance with 91.8%
correct classifications and 8.2% wrong. Here, there are 42 misclassifications between hand types, with 23
left hands being classified as right hands and 19 the other way. There are also 10 cases where no left hand
participating is wrongly detected, and 7 cases for the right hand. It is apparent that OpenPose constitutes
the best hand detector and tracker between the two evaluation systems, due to its computational efficiency
and detection accuracy. For that reason, we provide the handshape and mouth regions generated by
OpenPose as input to the visual feature extractors evaluated next.
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5.3 Task T1.2: Evaluation of Visual Features for GSL

The performance of our GSL recognition system concerning all investigated feature learners of Section 3
is reported in Table 1 on all three isolated sign GSL datasets with respect to sign classification accuracy
(%). Specifically, assuming that F' denotes the latent representation generated by the feature learner
corresponding to each articulator participating in the signing process, a 3 x F' dimensional feature vector
(for the two hands and mouth) is fed to the LSTM classifier for the sign classification task. As already
mentioned, for articulator region-of-interest extraction, the OpenPose framework is used due to its
efficacy in skeleton localization and tracking. As demonstrated in Table 1, the best results are achieved by
the CNN (ResNet-18 network [53]), while the worst by the PCA and LBPs regarding the three datasets.
Further, there is a wide range in classification accuracy between the feature learners, with CNN
outperforming PCA and LBPs by almost 35%. It can be observed that the higher accuracy is achieved in
the case of the ITI GSL dataset, which may be due to its larger size compared to the other two. It is also
interesting to note that performance is relatively consistent across the three datasets.

Visual features Polytropon ITI GSL Dicta-Sign
PCA 51.46 50.23 50.57
Gabor filter-bank 53.27 52.86 51.20
LBPs 51.62 50.01 49.97
SIFT 86.64 86.99 85.28
HOG 85.81 86.22 84.73
Optical flow 87.15 87.84 85.05
CNN 88.24 89.05 86.15
Vanilla AE 87.03 87.49 85.87

Table 1: Sign classification accuracy (%) of the isolated GSL recognition system on the three datasets of
Section 4, using the various visual features of Section 3 in conjunction with an LSTM classifier.

Next, in Table 2, we investigate the running speed (sec per frame) of the various visual features. It can be
observed that the lowest speed is obtained by the Gabor filters (0.65 sec per frame), which is primarily
due to the filter-bank generation component, while the highest is achieved by the LBPs requiring less time
than the others (0.0060 sec per frame).

Feature PCA Gabor LBPs | SIFT | HOG | Optical fl. | CNN AE
Running time | 0.0373 | 0.6469 | 0.0060 | 0.0099 | 0.0224 0.4612 0.0114 | 0.1304

Table 2: The required running time per frame of the various visual features of Section 3.

Finally, in Figure 9, we visualize the confusion matrix for a subset of ten words selected at random from
all three datasets. The bright yellow diagonal demonstrates the successful classification achieved. As it
can be observed, the alignment between prediction and ground truth is generally monotonic, with the ITI
GSL dataset achieving the best results. Among the confusable pairs of these matrices, most of the
misclassifications involve videos where the signing handshapes look very similar and their positioning
(and track) do not coincide. This is expected, as the system investigated in this deliverable only encodes
handshapes (and lips) ignoring the articulators tracks. It should also be noted that including only
handshape features in the input feature vector (i.e., disregarding the non-manual lip information) achieves
0.673% less accuracy on average on all three GSL datasets.
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Figure 9: Confusion matrices of a subset of ten words selected at random from all three datasets, namely
(a) the Polytropon corpus, (b) the ITI GSL dataset, and (c) the Dicta-Sign database.
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6 Conclusions

In this deliverable, we presented the SL-ReDu project initial work concerning the detection and tracking
of the visual manual and non-manual articulators, as well as the extraction of the corresponding visual
features, which constitutes the first component for SL recognition (WP1). Specifically, we investigated
the detection and tracking of various SL articulators of interest using traditional techniques, as well as
deep learning-based approaches. Additionally, regarding visual feature extraction, traditional shape,
appearance, and motion-based features, as well as more advanced ones based on deep learning
representations were explored. Our results on three isolated sign GSL datasets demonstrated that
OpenPose is the most accurate framework for SL articulator localization and tracking, whilst CNN-based
feature representations of manual and non-manual articulators turn out superior to the considered
alternatives. This deliverable paves the way for D2.1 (M12) on and will be updated in D1.2 (M 16).
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