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Fig. 1. Automated evaluation of recognizers with GEsTER: downloading from GitHub and installing, editing the configuration
(e.g., which recognizers), specifying the testing parameters (e.g., one gesture set for internal evaluation or two gesture sets for
comparison), executing GESTER, and exporting results for information visualization.

The performance of state-of-the-art stroke gesture recognizers has been extensively tested against accuracy and speed in
the user-dependent or user-independent procedure on a wide variety of gesture sets. These tests were carried out under
heterogeneous experimental conditions, making the results non-comparable from one source to another, and calling for
a consistent assessment that ensures reproducibility of the results. When a new gesture set should be incorporated in a
gesture-based user interface and/or when a new recognizer is made available, this gesture set needs to be tested with existing
and new recognizers to determine which recognizer offers the best performance in a given context of use. To this end, this
technical note presents GESTER, a software that automates the performance testing of stroke gesture recognizers in terms of
accuracy (through three recognition rates) and speed (through four execution times). It exports data for visualizing confusion
matrices and confusion wheels. We elaborate on typical use cases supported by GESTER, which include the two traditional
testing procedures, i.e., user-dependent and user-independent scenarios, and provide two new ones, i.e., dataset-dependent and
dataset-independent, to test the performance of recognizers under new conditions. Then, we illustrate a series of activities.
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1 Introduction

In software engineering, performance testing [43] is a non-functional software testing technique that determines
how the stability, speed, scalability, and responsiveness of an application subject to a given workload. It entails
running the software through its paces using manual or automated tools [23] to evaluate one or more properties of
interest, typically software quality factors such as those defined in the ISO 25010 SQUARE standard [52], including
efficiency and usability [53].

More specifically for gesture-based user interfaces (Uls) computing [15], the accuracy [25], its end-user
acceptance [38], and the speed of gesture recognizers [42, 61] are two quality factors that are typically evaluated
in user-dependent and user-independent procedures [39] on a wide variety of gesture sets [79]. Given any new
gesture set, researchers and practitioners must test the performance of one or more recognizers to identify the
best-fitting algorithm for a particular gesture-based Ul in a given context of use [21]. To our knowledge, there
is yet no such tool that supports or automates testing the performance of one or many recognizers on one or
multiple datasets as a main goal. This kind of performance testing can be found in a large number of papers
(e.g., LVS [16], $1 [87], $N [3], Protractor [44], $N-Protractor [4], 1F [77], $P [80], $P+ [78], $Q [82], Match &
Congquer [56], PennyPincher [71], Jackknife [72], IFTL [75], G-Gene [13] are representative examples (see [46, 63]
for a general survey and a survey specific for children, respectively) that introduce a gesture recognizer to position
its performance against other state-of-the-art candidates [72].

To this end, we present GESTER, a software that automates the performance testing of two or many stroke gesture
recognizers on one or two datasets at a time (Figure 1) in terms of accuracy (through three recognition rates) and
speed (through four execution times). It exports data for visualizing confusion matrices and confusion wheels.
GESTER supports the two traditional procedures, i.e., user-dependent and user-independent [80], combined with
two additional ones i.e., dataset-dependent and dataset-independent, to evaluate recognizers on new conditions.

Moreover, the performance testing of recognizers, as reported in papers, is mostly performed in an oppor-
tunistic way that is very challenging, if not impossible, to reproduce without reusing the authors’ software and
hardware configurations. Even when the software is publicly available, the experimental conditions, such as
software/hardware conditions, are not always consistent, which may lead to different results, at least in terms of
execution times. GESTER stores testing parameters (Fig. 1) in a configuration file that can be reused and replayed
to support the three ACM badges': repeatability, reproducibility, and replicability, where someone else wishes
to re-run the same performance testing on another computer, preferably the one of the end-user, perhaps with
different computational powers, or in other experimental conditions specified in REPLIGES [27].

The remainder of this technical note is organized as follows: section 2 positions GESTER with respect to other
categories of software; section 3 describes the implementation of GESTER, including its software architecture,
how a dataset is imported and how results are exported; section 4 expresses the procedures for performance
testing in user-dependent and user-independent scenarios to introduce two new ones, allowing four overall
testing procedures (Figure 1). Based on these procedures, section 5 illustrates typical activities of GESTER with
concrete examples, section 6 concludes this technical note and suggests some future avenues for this work.

ISee https://www.acm.org/publications/policies/artifact-review-and-badging-current
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Fig. 2. Four categories of software supporting stages on the development lifecycle.

2 Related Work

Testing the performance of a stroke gesture recognizer is one stage in the user interface (UI) development lifecycle
[68] in which four categories of support software can be distinguished for covering the various stages [94] (Fig. 2):

(1) Software addressing the Requirements Engineering and beyond: in software engineering, requirements engi-
neering involves defining, documenting, and maintaining both functional and non-functional requirements
to meet end users’ needs. To contribute to this category, CRowbpLICIT [1] and GELICIT [49] are expected to
collect user-defined gestures that correspond to the end user’s preferences and needs, being distributed in
time and space. GELICIT [49] is a cloud computing platform that supports gesture elicitation studies [84? ]
distributed in time and space. Xia et al. [89] defined 13 factors for addressing gesture requirements in four
categories: situational (e.g., context), cognitive (e.g., discoverability), physical (e.g., ergonomics), and system
(e.g., accuracy). GESTIMATOR [93] measures the similarity between a gesture and a set of pre-recorded
templates to determine the appropriate gesture classes that are different enough from each other.

(2) Software addressing the Analysis: in software engineering, analysis should devise a logical model of the
proposed application with its UL One of these goals consists of analyzing and determining the most
appropriate gesture set, preferably of user-defined gestures, that can be efficiently recognized, which is
the main purpose of GEsTER. This goal can also be investigated for research and development purposes
in the Brainstorming and research stage, when GESTER is more intended to be used by researchers and
experimenters than practitioners. When available gestures are not numerous enough to feed a recognizer,
Taranta et al. [70] and [6] design and evaluate synthetically-generated gestures to ensure that they are
“human-like” [41]. These actions span until design.

(3) Software addressing the Design and Development: in software engineering, design consists of defining the
overall software architecture, its software components, data flows, and user interactions. All recognizers
are candidates to be adopted during this design stage, ranging from the oldest ones such as Rubine [58] to
the most recent ones such as uCy, uc, [12], RNN for real-time recognition [40]. When these recognizers
are already integrated into a platform [59], a framework [66], a toolkit [28], a programming language [32],
or an integrated development environment [65], the design can be pursued to rapid prototyping of a
gesture-based UI (as initiated in [3]) and the preliminary steps of development. A representative example
is IGESTURE? [65], a Java-based gesture recognition framework that focuses on extensibility and cross-
application reusability. This integrated solution includes tools for covering the major stages of gesture
recognition, ranging from creating and managing gesture sets for testing to optimizing new or existing

2See http://www.igesture.org/
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recognizers. A data structure specifically tailored to represent gestures enables the representation of single
gestures and groups of gestures and allows the gestures to be processed by a wide range of recognizers.
It can span until testing as well as soon as the iGesture Test Bench® enables the manual configuration
of testing a recognizer for one gesture set and one test set at run-time. UsIGESTURE [8] is a structured
method for engineering stroke gestures in graphical Uls with some guidance to engineers, programmers,
and designers. It structures a gesture set and associates it with a recognizer, but does not incorporate any
tool automation for performance testing like GESTER offers. GEsTUI [55] is similar for information systems.
(4) Software addressing the Testing: in software analysis, testing uses automated test scripts to perform interac-
tions with the UI so that the tester only executes the script and interprets the results [23]. For example,
Soursu* automatically tests common gestures such as touch, flick, swipe, and pinching. Yet, this stage
is more complex for other gestures than the common ones and is more sophisticated for gesture-based
UI than for graphical Uls [31]. Hesenius et al. [31] extended the test automation framework Calabash to
translate formally specified touch gestures into corresponding human-like touch events injected in test
case execution. Griebe et al. [30] presented a life cycle that integrates gesture input information into user
acceptance tests and uses a sensor simulation engine to automate test case execution. GESTURESPOTTER [64]
consists of a gesture-spotting architecture that encapsulates a software architecture into a GUI and a series
of API calls for quickly building and evaluating real-time gesture-spotting recognizers for augmented or
virtual reality. Yet, out-of-distribution situations, such as situations where real-time gestures are different
from design-time gestures), require a more profound approach to preserve the ability to test gesture-based
Uls. ToucHTOOLKIT [37] consists of a toolkit that provides a touch interaction record and playback system
that simplifies testing and debugging as well as automating unit tests to validate multi-touch gesture-based
interactions. Its device-independent API enables introducing of new device support and a new recognizer.
Severin et al. [62] test the robustness of state-of-the-art machine learning approaches in Out-of-Distribution
situations, which are cases where input data are very different from the data the classifier was trained on.

Tu et al. [74] empirically compared sets of stroke gestures produced with varying degrees of complexity and
in different target sizes using both the finger and the pen. Closer to our area, Erazo and Pérez Medina [22]
compared five recognizers, ie., $1 [87], $P [80], $Q [82], !FTL [75], and Penny Pincher [70]), on three gesture
sets, i.e., NicIcon [86], HHReco [33], and the Utopian Alphabet® in a user-independent scenario. This testing was
performed manually with specifically developed ad hoc software, making it difficult to reuse for other testing
procedures and conditions. Similarly to this study, Filho et al. [24] compared the effectiveness of various machine
learning algorithms for real-time gesture recognition to find the optimal way to identify static hand gestures, as
well as the optimal sample size [76] for training the recognizer. These initiatives are laudable in that they shed
light on the quality of recognizers in the best conditions, but the resulting code is very difficult to reuse outside
the context in which it was conceived. Moreover, they do not allow us to follow a precise procedure [33, 54, 76].

In sum, the aim of GESTER is to test the performance of gesture recognizers in a parameterizable way (e.g., by
choosing recognizers, datasets, by assigning parameters) rather than fixed (e.g., some studies freeze experimental
conditions without it being possible to change them), reproducible rather than opportunistic (e.g., it is not possible
to reproduce the test under the same conditions), but above all systematic rather than predefined and homogeneous
(e.g., using procedures consistently and visibly) rather than heterogeneous. This can be carried out during the
analysis and design stages and during the brainstorming stage for research, preliminary investigation, and free
exploration. GESTER therefore does not cover the subsequent stages, such as unit test automation [30, 31, 37, 85].

3See http://www.igesture.org/tutorial_testbench.html
4See https://www.qt.io/product/quality-assurance/squish.
3See https://www.omniglot.com/conscripts/utopian.htm.
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3 Implementation

Since all recognizers from the $-family [3, 82], IFTL [75], and Jackknife [72] have been publicly released in
Javascript®, a language suited for the fast prototyping of gesture-based Uls of interactive applications, we
implement GESTER as a single-page application meant to run locally on the evaluator’s browser. Therefore,
GESTER is built in HTML5’, Cascading Style Sheets Level 3 (CSS3)%, and Javascript. The application requires
local access to a series of recognizers, datasets, and a configuration file. The recognizers must be implemented in
Javascript, whereas the datasets must be defined in a consistent JSON format. The configuration file is merely
a Javascript file that must be customized by the evaluator to map the relevant evaluation procedures to the
corresponding recognizer functions. GESTER reports results in terms of accuracy, speed, and confusion matrices
for each recognizer in each selected procedure, given one or two datasets and a series of parameters (the number
of templates T, the number of participants P, and the number of repetitions R) entered by the evaluator via the
single-page application.

3.1 Software Architecture

GESTER consists of an HTML file, a CSS file, and a series of Javascript files to define the evaluation procedures
and the recognizers supported by the application. Figure 3 illustrates how files interact with each other:

e Index. The index file displays the application interface in which the evaluator sets up a series of parameters
in addition to the configuration file (Figure 1): how many templates (T) and independent participants (P)
must be used to train the recognizers, how many repetitions (R) are required for each testing participant, and
to how many points gestures must be resampled (N) [76]. GESTER expects a single value for the parameter
R and N, whereas it expects a range of values for the parameters T and P. The application supports two
operators to define a range of values. The operator “+” is used to enter two distinct numbers (e.g., “1+4+8”

6See https://developer.mozilla.org/en-US/docs/Web/JavaScript.
7See https://www.w3schools.com/html/.
8See https://www.tutorialrepublic.com/css-tutorial/.

index.html main.js recognizerl.js
index.css Gester.js
configjs recognizerN.js

Fig. 3. Software architecture of GESTER.
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means that the parameter will be tested in three conditions: 1, 4, and 8). The operator “-” is used to enter all
numbers within the range (e.g., “1-3” means that the parameter will be tested with three conditions: 1, 2,
and 3). Both operators can be combined into a single equation to enter multiple values (e.g., “1-4+8” means
that the parameter will be tested with five conditions: 1, 2, 3, 4, and 8). The index file is also used to import
the relevant datasets and provides two buttons, i.e., load and test, to load the dataset(s) in memory and
start the evaluation procedures, respectively. The “test” button is deactivated until at least one dataset is
loaded in memory. We discuss the import of the datasets in the next subsection.

o Config. The configuration file must be customized before loading the index file in the web browser. It
consists of a list of the available recognizers and, for each recognizer, it is responsible for mapping its
functions to the corresponding evaluation steps. There are six evaluation steps concerned by this mapping:

(1) setupPoint describes how to instantiate a gesture point for all recognizers (e.g., since $1 was built for
uni-strokes, its Point constructor does not include a strokeld parameter, whereas pV is a multi-stroke
recognizer that requires a strokeld for all points).

(2) setupSample defines how to instantiate a gesture sample for all recognizers (e.g., $1 stores each sample as
an array of points, whereas $N uses an array of arrays with one array per stroke).

(3) setupRecognizer describes how to instantiate a recognizer and provides it with the right parameters (e.g.,
its resampling rate).

(4) addTemplate defines how to add a training sample, or template, into each recognizer. This method returns
the time required to add the template for each recognizer.

(5) trainRecognizers must be used by the recognizers that need to be trained explicitly (e.g., Rubine and
Jackknife await for an explicit call before starting their training, whereas the $-family pre-processes each
template as soon as they are sent into the algorithm by the addTemplate method). This method returns
the time required for training each recognizer.

(6) recognize starts the classification of a candidate and returns the best matching template along with
two-time measurements, one for pre-processing the candidate and the other for classification against all
available templates.

o GESTER. GESTER is the core Javascript file responsible for running the selected evaluation procedures, and
gathering, averaging, and reporting all results into separate CSV files that are easy to import into most
statistical programs. The application prints one file per type of result.

e Main. As soon as the evaluator has pressed the “Test” button in the application interface, this small file
instantiates a GESTER object and starts the evaluation of all recognizers on the provided datasets. It is also
responsible for loading the datasets in memory via the “Load” button.

3.2 Import Datasets

The evaluation process starts with a dataset, i.e., a set of gesture samples performed by one or multiple participants.
GESTER requires a specific structure for the files that make up a data set and a specific format for all samples.

e Structure. A dataset is stored as a folder that contains all gesture samples. This folder can be divided into
subfolders (e.g., one subfolder per participant). However, each gesture sample must be defined in its own
JSON file in a consistent format.

o Format. A gesture sample is described by its class (name), the name or id of the user who performed
it (subject), its date of creation, and a series of paths, i.e., a path name and its associated strokes (e.g., a
uni-touch 2D gesture is described by one path, usually the index or the stylus, whereas a multi-path 3D
hand gesture is described by a series of paths, one per path returned by the hand tracker). A stroke is an
array of time-ordered points described by a set of coordinates (x, y, z, @, f, y) and its stroke id.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS009. Publication date: June 2025.
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3.3 Experimental Variables

The two main variables in GESTER, like any other scientific experiment, are the independent (that are changed and
controlled by the experimenter to test performance) and the dependent variables (that are tested and measured),
which are defined in the next two subsections.

3.3.1 Independent Variables. Before executing the performance testing, the following variables need to be
assigned to one or many values:

(1) DATASET1: nominal variable representing the first input dataset, mainly for individual testing.

(2) DATASET2: nominal variable representing the second input dataset, mainly for comparative testing.

(3) NUMBER OF RESAMPLING POINTS (N): numerical variable with all conditions representing the number of
points to which all gestures are resampled before classification. For example N={4, 8, 16}.

(4) NumBER oF TEMPLATES (T): numerical variable with all conditions representing the number of templates
per gesture class used for training. For example, T={32, 64}.

(5) NUMBER OF PARTICIPANTS (P): numerical variable with all values representing the number of participants.
For example, P={10, 20, 30}. Writing P=10+20+30 enables recognizers to be evaluated for the specific values
P=10, P=20, and P=30 while writing P=15-20+30 evaluates for 15, 16, 17, 18, 19, 20, and 30.

(6) NUMBER OF REPETITIONS (R): numerical variables representing the number of times that a test trial should
be repeated for each gesture class. For example, R=100.

3.3.2 Dependent Variables. At the end of the evaluation process, GESTER downloads an archive composed of
CSV files divided into multiple subfolders (Figure 1). GESTER creates one subfolder for each evaluation procedure,
and each subfolder consists of:

o CONFUSION MATRICES. A confusion matrix is useful to practitioners for understanding which gesture classes
are most confused with which other classes. GESTER creates one set of confusion matrices per recognizer
for all conditions, i.e., all values of T templates per class and P independent participants. One global matrix
reports results for all participants, whereas the remaining N matrices report results for each participant
individually when P participants are considered. A row represents an actual class while a column represents
the recognition rate of a predicted class. A recognizer should aim at maximizing the recognition rates
displayed in the diagonal of the confusion matrix, i.e., when actual classes match predicted classes.

o RATEs PER cLAss. The recognition rates achieved by each recognizer for each class are also displayed in a
separate file called rates_class.csv. The rates are reported for all conditions at once, i.e., all values of T and
P. A row represents an actual class while a column represents the recognition rate achieved by one specific
recognizer.

o RATES PER PARTICIPANT. The recognition rates achieved by each recognizer with each participant are
displayed in a separate file called rates_participant.csv. The rates are reported for all conditions at once, i.e.,
all values of T and P, when samples from the participant are used for testing. In this case, a row represents
a pair of one participant and one recognizer (e.g., if the dataset contains samples from 20 participants,
GESTER displays 20 rows, one per participant, for the first recognizer, then 20 rows for the second one, and
so on for all recognizers).

o RECOGNITION RATEs. The recognition rates achieved by each recognizer in each condition are displayed
in a separate file called rates_global.csv. A row represents a recognizer while a column represents the
recognition rate achieved in one condition.

o TRAINING TIMES. The training times are reported for each recognizer in a separate file called train-
ing_times.csv. Training time corresponds to the time required to train the recognizer (e.g., to pre-process all
templates or to generate the classification model from all templates). A row represents a combination of

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS009. Publication date: June 2025.
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one testing participant and one recognizer, while a column represents the average training time. All times
are in milliseconds (ms).

o PRE-PROCESSING TIME. The pre-processing times are reported for each recognizer in a separate file called
preprocessing_times.csv. Pre-processing time is the time required to pre-process a candidate. A row represents
a combination of one testing participant and one recognizer while a column is the pre-processing time
averaged for all involved testing participants.

o CLASSIFICATION TIME. The classification times are reported for each recognizer in a separate file called
classification_times.csv. Classification time corresponds to the time required to classify a pre-processed
candidate (e.g., to compare it to all pre-processed templates). A row represents a combination of one testing
participant and one recognizer while a column represents the average classification time.

® RECOGNITION TIME. The recognition times are reported for each recognizer in a separate file called recogni-
tion_times.csv. The recognition time is the sum of the pre-processing and the classification times for each
candidate. A row represents a combination of one testing participant and one recognizer while a column
represents the average recognition time.

4 Evaluation Procedures

Interactive applications require fast and highly accurate recognizers [46, 63]. The evaluation of state-of-art
recognizers consists of assessing their accuracy and speed by the mean of measures, such as recognition rate and
execution time. The evaluation of accuracy and speed requires (1) a procedure, i.e., a set of parameters that define
a particular performance testing scenario, and (2) a dataset, i.e., a series of gesture samples that can be divided
into a testing and a training set.

K-fold cross-validation [69] is a well-known procedure to evaluate the performance of a Machine Learning
model [29]. The procedure consists of splitting a dataset into k groups such that each group is considered as
a test set, or validation set, during the evaluation process. For each test set, accuracy and speed are estimated
after training the model with the remaining groups. There exist two common procedures inspired by k-fold
cross-validation among the studied recognizers, i.e., user-dependent and user-independent [80]. Contrary to the
original cross-validation, these procedures do not split a dataset into k groups: training and testing samples are
randomly chosen within the entire dataset. We therefore define the procedures (or scenarios) as follows:

e User-dependent procedure. This evaluation consists of training and testing a recognizer with gestures
produced by the same end user. User-dependent evaluation introduces two ordinal variables: (1) T, which
designates the number of samples (Templates) used to train the recognizer, and (2) R, which designates the
number of tests run (Repetitions) for each participant. The procedure works as follows:

(1) For each participant, T samples per gesture class are selected randomly for training, and one remaining
sample per gesture class is selected randomly for testing.
(2) The process is repeated R times and the results are averaged to measure accuracy, i.e., recognition rates,
and speed, i.e., average execution time.
> Recognizers evaluated in the user-dependent procedure found are: Rubine [58], xstroke [88], $1 [87],
Protractor [44], $N [3], $P [80], Gestimator [93], Penny Pincher [70, 71], $P+ [78], $Q [82], and !FTL [75].

e User-independent procedure. This evaluation consists of training the recognizers with gestures produced
by one or multiple end-users and testing with gestures produced by one (independent) end-user. User-
independent evaluation introduces a third ordinal variable along with T and R: P, which designates the
number of Participants used to train the recognizer. The procedure runs as follows:

(1) For each participant, one sample per gesture class is selected randomly for testing, and a set of P

independent participants are chosen randomly to train the recognizer.
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(2) For each participant in the training set, T samples per gesture class are selected randomly for training.
Therefore, the recognizers are trained by TxP templates per class.
(3) The process is repeated R times and the results are averaged to measure accuracy, i.e., recognition rates,
and speed, i.e., average execution time.
> Recognizers evaluated in the user-independent procedure found in the literature are: $P [80], SED-NE [95],
Gestimator [93], Penny Pincher [70], $P+ [78], Jackknife [72], G-Gene [13], and $Q [82].

We just described the user-dependent and the user-independent procedures. Their main difference lies in the
fact that gesture samples used for testing and training the recognizers are chosen from the same end-user in
one case (user-dependent) and from different end-users in the other case (user-independent). GESTER extends

these procedures with dataset-independence: when recognizers are trained with samples from a first dataset

and tested with samples from a second (independent) dataset. For example, the $1 dataset [87] contains gesture
samples produced with three speeds, i.e., slow, medium, and fast. Therefore, it can be divided into three subsets,
one per speed, and we can evaluate the accuracy of all recognizers when they are trained by one subset and
tested by another subset. Therefore, we are able to measure the impact of speed, input modality, and visual

impairment on accuracy using this dataset-independent procedure. By combining user-(in)dependence and

dataset-(in)dependence, GESTER supports four evaluation procedures that are repeated R times to compute their

average recognition rates and execution times:

e User-dependent dataset-dependent procedure. This evaluation consists of training and testing a
recognizer with gestures produced by the same end-user from the same dataset. User-dependent evaluation
introduces two ordinal variables: (1) T, which designates the number of training samples (templates) used
to train the recognizer, and (2) R, which designates the number of tests executed for each participant. The
procedure running is:

(1) For each participant, T samples per gesture class are selected randomly for training, and one remaining
sample per gesture class is selected randomly for testing. All samples are chosen from the same dataset.

e User-independent dataset-dependent procedure. This evaluation consists of training the recognizers
with gestures produced by one or multiple end-users from one dataset, and testing with gestures produced
by one (independent) end-user from the same dataset. User-independent evaluation introduces a third
ordinal variable called P, which designates the number of independent participants used to train the
recognizer. The procedure runs as follows:

(1) For each participant, a set of P independent participants is randomly chosen to train the recognizer, and
one sample per gesture class is randomly selected for testing. All samples are chosen from the same
dataset.

(2) For each participant in the training set, T samples per gesture class are selected randomly for training
within the same dataset.

e User-dependent dataset-independent procedure. This evaluation consists of training and testing a
recognizer with gestures produced by one end-user from two different datasets (or from the same dataset
divided into two subsets). The procedure runs as follows:

(1) For each participant in the first dataset, T samples per gesture class are selected randomly for training.

(2) For each participant in the second dataset, one remaining sample per class is selected randomly for
testing.

e User-independent dataset-independent procedure. This evaluation consists of training the recognizers
with gestures produced by one or multiple end-users from a first dataset and testing with gestures produced
by one (independent) end-user within a second dataset. The procedure runs as follows:

(1) For each participant within the second dataset, one sample per gesture class is randomly selected for

testing, and a set of P participants from the first dataset are randomly chosen for training.
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Fig. 4. Publicly available gesture sets in the unified gesture format in Kaggle.

(2) For each participant in the training set, T samples per gesture class are selected randomly for training.
The samples are chosen from the first dataset.

In sum, the principle to decide a particular procedure is as follows: a user-dependent dataset-dependent test
is launched if T, R, N, and DATASET1 are configured, a user-dependent dataset-independent test is run if T, R,
N, DatasgTl, and DATASET2 are configured, a user-independent dataset-dependent test is run if T, P, R, N,
and DATASET1 configured, and a user-independent dataset-independent test is run if T, P, R, N, DATASET1, and
DATASET?2 are configured.

The MMG+ dataset [47] is divided into two subsets as 10 samples are recorded per participant for each gesture
class: 5 on a smartphone and 5 on a tablet. By providing a smartphone dataset and a tablet dataset, we are entitled
to run the user-(in)dependent dataset-(in)dependent tests. A data set can be split into two once the participants
have created samples of all gesture classes in two or more categories (e.g., speed in MMG [4], speed and device in
MMG-+ [47]). Since MMG has divided its set of participants into two subsets, one relying on fingers, and another
relying on a stylus, we cannot perform user-dependent modality-independent as the participants are different.
We can only apply the user-independent modality-independent procedure.
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5 Engineering Activities Supported by GESTER
This section illustrates typical activities (partially or totally) supported by GESTER.

5.1 Existing Activities

5.1.1 Inserting a new dataset. This activity aims to insert a new dataset in GESTER either by acquiring it directly
according to the structure defined in subsection 3.2 or by converting an external dataset in this format. To this
end, we developed a suite of JSON converters to obtain 21 unified gesture sets that are publicly available on
Kaggle (Fig. 4).°

5.1.2 Inserting a new recognizer. . This activity aims to expand the scope of performance testing by inserting a
new recognizer in two ways: by direct inclusion in the Javascript code or by an indirect method. For the first
case, we inserted $C, a novel multi-stroke recognizer (see Appendix A for its formula [45]) based on Clifford
algebra [14] to preserve the properties of invariance on-demand. For the second case, we considered $B, a recently
developed gesture recognizer for gestures expressed via biosignals [90]. Python, the language in which $B has
been implemented, cannot be inserted in JavaScript. Therefore, an indirect method should incorporate this
recognizer, such as TransCrypt'’.

Table 1. Confusion matrix obtained by GESTER testing the performance of !FTL on the $1 gesture set.

Arrowhead Asterisk D letter Excl. point Five-point star Hletter Half note Iletter  Line N letter  Null P letter Pitchfork Six-point star Tletter X letter
Arrowhead 76.04 0.1 0.14 0.05 17 0.01 11.86 0.16 0.26 3.81 2.35 2.96 0.2 0.35
Asterisk 0.54 95.03 0.1 0.01 0.05 0.01 2.74 1.53
D letter 1.08 89.41 0.16 0.33 0.04 0.01 0.45 1.45 4.55 0.04 2.49
Excl. point 92.5 7.5
Five-point star  0.24 0.01 97.35 0.01 1.05 0.18 0.06 1.1
H letter 0.05 0.13 0.63 0.36 72.44 5.56 14.55 0.33 5.58 0.25 0.05 0.01
Half note 9.19 0.06 0.01 85.2 0.04 1.35 0.1 1.03 153 0.78 0.51 0.21
Tletter 0.54 4.39 0.04 86.03 0.08 5.64 0.01 0.16 3.11 0.01
Line 0.25 99.75
N letter 0.74 0.7 0.33 7.84 0.08 44 82.85 0.88 1.98 0.01 0.2 0.01
Null 3.25 0.24 0.28 218 0.04 0.69 0.3 89.31 1.51 0.76 1.45
P letter 2.85 0.14 3.85 0.94 2.1 0.95 1.05 2.73 83.2 1.2 0.91 0.09
Pitchfork 4.3 3.54 0.13 0.79 0.04 3.24 0.05 0.01 0.63 0.54 83.39 0.26 3.1
Six-point star 0.19 1.85 0.18 0.11 97.68
T letter 0.05 0.01 0.2 0.48 0.05 0.03 98.48 0.71
X letter 0.14 0.56 0.09 0.01 2.48 0.21 96.51

5.1.3  Testing the performance of a recognizer on a single gesture set. This activity aims to analyze the recognizer
behavior on any class of the gesture set, which can be achieved class by class based on the measure and the
confusion matrix and wheel. Concerning speed, we can detect which gesture classes are the fastest or the slowest
recognized. Concerning accuracy, we can detect which gesture classes are best recognized, which are least well
recognized, and which pairs of classes cause the most confusion. For example, Table 1 shows the confusion matrix
obtained by GESTER testing the user-independent, dataset-independent procedure on !FTL [75] with the following
parameters: T=9600 , P=20, R=100, N=32, DATASET1=$1 [4]. The line, the T letter and the X letter were the best
recognized, while the arrowhead and the H letter were the least well recognized. The H letter was confused with
the N letter.

5.1.4 Testing the performance of a given recognizer on multiple gesture sets. This activity aims to determine
which gesture set is recognized the best by a given recognizer, but also to what extent the recognizer is robust
across diverse input conditions represented by various gesture sets. This activity typically includes the use of
predefined gesture sets that contain a variety of samples that represent different styles [36], complexities [83], and

%See https://www.kaggle.com/datasets/jeanvanderdonckt/towards-unified-gesture-sets.
10See https://www.transcrypt.org/.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 4, Article EICS009. Publication date: June 2025.


https://www.kaggle.com/datasets/jeanvanderdonckt/towards-unified-gesture-sets
https://www.transcrypt.org/

EICS009:12 « Nathan Magrofuoco et al.

Table 2. Comparative testing of 9 recognizers by GESTER on $1 dataset with T and P templates resampled to N=8 points.

Recognizer T=1 T=2 T=4 T=8 T=1 T=2 T=4 T=8

- - - - P=1 P=2 P=4 P=8
Rubine [0007 8368  96.22 9742 [NO00 8431 9220  94.07
Protractor 9472 97.66 9865  99.27 8552 9391 9769  99.22
$N-Pro 8235 8855 9152 9359 6676 7851 8574  91.07
$P 89.95 9523 9751 9875 7471 8840 9539 9834
Penny Pincher = 93.61 96.64 98.07 98.92 86.13 93.86 97.59 98.93
$P+ 9589 9854 9922 99.65  89.16 9572 9851  99.36
JED 95.90 9810  98.80 9930 8924 9419 9724  99.00
Jip 93.69 9598  97.07 9800 8840 9310 9586  97.86
$Q 91.70 9632 9819 9917 7794 9033 9631 9873
NFTL 71.86 8038 8630  90.23 5959 7465 8369  90.55

articulations [79]. Cross-validation [69] with multiple gesture sets ensures generalizability, while stress testing
with edge cases, such as overlapping gestures or incomplete input, highlights potential weaknesses of the tested
recognizer. By analyzing the results, the recognizer can be fine-tuned to improve its robustness across diverse
conditions. For a given recognizer, the best gesture set is found. The following activity provides the opposite
answer: for a given gesture set, we look for the best recognizer under varying conditions.

5.1.5 Comparing the performance of two or more recognizers on a single gesture set. This activity aims to identify
which recognizer performs the best in terms of accuracy and/or speed for a given gesture set. It is an instantiation
of comparative testing [54] (also called competitive testing), an activity aimed at evaluating the strengths and
weaknesses of two or more recognizers based on an existing dataset. Comparative testing should help gauge how
well some recognizers perform in some equivalent conditions to identify areas for improvement. For example,
Table 2 shows the results obtained by GESTER testing ten recognizers with the following parameters: T=1+2+4+8,
P=1+2+4+8, R=100, N=8, DAaTASET1=$1. Table 2 illustrates how the accuracy of all recognizers improves as the
number of templates increases (e.g., from 94.72% to 99:27% for Protractor [44]) because more templates cover
more variations in gesture articulation. To account for the increase in accuracy from the smallest to the largest
condition, Table 2 reports results for two user-dependent conditions, denoted as small (T=2) and large (T=8), and
three user-independent conditions, denoted as small (T=2, P=2), large (T=4, P=4), and very large (T=8, P=38).

5.1.6  Thresholding recognizers on a single gesture set. This activity aims to verify that one or many recognizers
achieve some threshold conditions regarding their accuracy and/or speed. For example, Table 3 shows the results
of thresholding of three recognizers by GESTER (i.e., $P [80], $Q [82], and $C, which was introduced in the previous
activity - see also Appendix A) with the following parameters: T=1+4, P=24, R=100, N=8, DATASET1=MMG. The
threshold conditions imposed on accuracy and speed are 7 > 90% and v < 1 msec, respectively.

5.1.7 Performing a benchmarking of recognizers. This activity aims to compare a set of recognizers on one
or multiple gesture sets to come up with a benchmark against which a new recognizer can be tested and
compared [48]. Benchmarking should establish baseline values for a recognizer, setting the bar against which to
compare and measure the improvements in future releases. Benchmarking performs a full comparative testing
of existing vs. newly released recognizers to define thresholds. For example, let us benchmark $C, our novel
recognizer introduced in this technical note, against two state-of-the-art recognizers, i.e., $P [80] and $Q [82],
on the Mixed Multistroke Gesture (MMG) symbol set [4]. Table 4 shows the results of this benchmarking using
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Table 3. Thresholding of three recognizers by GEsTER: $P, $Q, and $C. The values of the parameters are: T=1+4, P=24, R=100,
N=8. The subsets of MMG [4] considered are indicated in each configuration: MMG-Sm= smartphone, MMG-TAB= tablet,
MMG-Sm-TAB= smartphone used for training, tablet used for testing, MMG-TAB-Sm= tablet used for training, smartphone
used for testing. I denotes the number of independent participants used for training. The threshold for accuracy is set to >
90% and < 1 msec for speed. Green cells satisfy the threshold condition, and red cells do not.

$P $Q $C
Configurations Units T=1 T=4 T=1 T=4 T=1 T=4
User-dependent, dataset-dependent %
MMG-Sm ms
MMG-TaB %
ms

User-independent, dataset-dependent %

MMG-Sm, I=1..5 ms
MMG-TaB, I=1..5 %
ms

User-dependent, dataset-independent %

MMG-Sm-TAB ms
MMG-TAB-SM %
ms

User-independent, dataset-independent %

MMG-Sm-TAB ms
MMG-TAB-SM %
ms

GESTER in the homogeneous conditions of the four procedures defined in section 4 with the following parameters:
T=1+4, P=24, R=100, N=8. We define a benchmarking based on the admissible intervals of [80, 88]%, [89, 94]%
for the accuracy [61], and [0.1, 0.3] msec, [0.1,0.4] msec, for T=1 and T=4, respectively. In the user-dependent,
dataset-independent procedure, Table 4 indicates that all three recognizers benefit from admissible accuracies
(their cells are either blank -within the interval- or above - in green). $Q has a speed exceeding the interval
[0.1,0.3] msec for T=1 (two cells are in red with a value of 0.36 msec and 0.32 msec, respectively). In this
configuration, we observe that our new recognizer $C achieves an accuracy of 93.68% (T'=4), which is within
the admissible interval, but lower than $P (95.71%) and $Q (96.97%), the best recognition rate in all conditions.
This result can be put into perspective with other results obtained using other algorithms on the same dataset,
such as 89.96% with a Convolutional Neural Network [18]. As these results were obtained outside GESTER, their
experimental conditions are not entirely comparable. Similar conclusions can be drawn by observing the table.

5.1.8 Testing the performance of a new recognizer. This activity aims to test the performance of a newly introduced
recognizer (after insertion - see above). Once a new recognizer is inserted in GESTER, its performance can be
immediately tested. For example, we inserted and tested the performance of PoLYREC [26], which is the stroke
gesture recognizer incorporated in PoLyYRECc GESTURE DESIGN TooL [11]. We selected PoLYREC because its
published results show the potential to outperform alternative recognizers, at least for unistroke gesture datasets.
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Table 4. Benchmarking of three recognizers by GESTER: $P, $Q, and $C. The values of the parameters are: T=1+4, P=24, R=100,
N=8. The subsets of MMG [4] considered are indicated in each configuration: MMG-Sm= smartphone, MMG-TAB= tablet,
MMG-Sm-TAB= smartphone used for training, tablet used for testing, MMG-TAB-Sm= tablet used for training, smartphone
used for testing. I denotes the number of independent participants used for training. Red and green cells depict values
below the minimal threshold, above the maximal threshold defined in the benchmarking, which depends on T, respectively.
Uncolored cells depict admissible values.

$P $Q $C
Configurations Units T=1 T=4 T=4 T=1 T=4

User-dependent, dataset-dependent 86.69 83.94 93.68
MMG-Sm 0.3 0.10 0.29
MMG-TaB 85.89 [195.29"
ms 037 010 0.28
90.31
0.10

User-independent, dataset-dependent %

MMG-SmMm, I=1..5 ms
MMG-Tas, I=1..5 % 90.15 90.90 89.37
ms 0.10
User-dependent, dataset-independent % 83.49 93.05 83.85 93.50 81.17 90.59
MMG-Sm-TaB ms 0.28 0B2Y 037 010 030
MMG-TaB-SM % 83.73 92.07 83.57 92.65 80.28 89.45
ms 1008 037 [B0B2] 037 010 030
User-independent, dataset-independent % 89.37 90.42 89.27
MMG-Sm-TaB ms
MMG-TAB-Sm % 90.45
ms

This may in part be due to its preprocessing strategy, where strokes are resampled along their dominant points,
which has the potential to preserve important low-frequency information that can be lost with uniform spatial
resampling, the strategy used by other recognizers [47]. We tested the performance of PoLYREC using GESTER
in user-dependent and dataset-dependent and user-independent and dataset-dependent procedures with the
following parameters: T=2+4+8+16, P=24, R=100, N=8+16, DATASET1=MMG. We provide in supplementary
material the complete results of this testing as follows:

e confusion_matrices.csv: one confusion matrix per participant, the first row of each confusion matrix is
"participant;class1;class2;...;classN;No match”.

e classification_times.csv, where the columns represent the number of training templates, from smallest
to largest, and the rows represent the participant.

e preprocessing_times.csv, where the columns represent the number of training templates, from smallest
to largest, and the rows represent the participant.

e rates_class.csv: average recognition rate for each gesture class for all conditions where the rows
represent the gesture.
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e rates_global.csv: average recognition rate for each number of training templates, where the columns
represent the number of training templates, from smallest to largest.

e rates_participant.csv, where the columns represent the number of training templates, from smallest
to largest, and the rows represent the participant.

e recognition_times.csv, where the columns represent the number of training templates, from smallest
to largest, and the rows represent the participant.

e training_times.csv, where the columns represent the number of training templates, from smallest to
largest, and the rows represent the participant.

5.1.9  Repeat the performance testing of recognizers. This activity aims to repeat previously conducted performance
testing to check whether these results remain consistent under the same conditions (i.e., same experimenters
or testers, same experimental setup). For example, benchmarking can be repeated or updated to prove that an
experimenter can reliably repeat her testing.

5.1.10  Replicate the performance testing of recognizers. This activity aims to replicate a previously conducted
performance testing to check that an independent experimenter can obtain the same result using the initial
experimenter’s setup (i.e., different experimenters or testers, same experimental setup).

5.1.11 Reproduce the performance testing of recognizers. This activity aims to reproduce a previously conducted
performance testing to investigate how the results would change under different conditions (i.e., different
experimenters, different experimental setups). Testing varying conditions is crucial for ensuring the robustness,
accuracy, and generalizability of the recognizer as it often encounters diverse users, platforms (e.g., a more
powerful computer, upgraded computational capabilities or constraints [92]), and environments. Testing under
these conditions allows developers to identify weaknesses and improve the recognizer’s ability to perform reliably
in other scenarios, perhaps unforeseen.

5.1.12  Repurpose the performance comparison of recognizers. This activity aims to reproduce previously per-
formed performance test to pursue goals other than those initially planned [27]. Performance testing can be
repurposed for goals beyond their initial intent, unlocking new insights and gesture applications. For example,
gestures considered during performance testing can be analyzed to understand user behavior, preferences, and
ergonomics [89], aiding in the design of more usable gesture-based Uls or devices. Furthermore, the testing process
can reveal patterns or anomalies that contribute to broader gesture recognition research, such as improving
algorithms for gesture prediction or estimation [41, 42]. Gesture recognizer performance testing can also be
adapted to evaluate accessibility features, ensuring inclusivity for users with physical or cognitive impairments.
The insights gained can support related fields like virtual reality, gaming, or rehabilitation, where gesture-based
Uls are integral, enabling innovative applications that transcend the original purpose of the recognizer.

5.2 Limitations of GESTER

Most of the case studies discussed above are feasible, provided that the necessary conditions for their execution
are met, which may be conditioned by the following limitations:

e Limitations imposed by the JavaScript implementation. GESTER is implemented in JavaScript, one
the most used programming languages motivated by its support of cross-platform development, for both
server-side and client-side applications. JavaScript also benefits from an active community of developers,
making it easy to incorporate new recognizers and procedures in GESTER. Moreover, JavaScript today plays
a more significant role in emerging technologies involving devices and sensors used for gestural interaction.
However, JavaScript’s single inheritance model allows objects to inherit properties and behaviors from a
single prototype object, which forces us to declare the testing variables, such as N, P, R, and the variables
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specific to a recognizer as global variables. To incorporate a recognizer implemented in another language,
such as $B [90] in Python, some tricky mechanisms should be used, such as indirect methods. Moreover,
JavaScript is prone to inherent performance limitations, such as memory limitations (e.g., we tested a
configuration that resulted in memory overload and was never completed; moving on to a computer
equipped with more RAM did not solve that problem) and computational constraints (e.g., we tested
a configuration that required two weeks on a high-end laptop to be completed!), which may require
appropriate classification models [92]. One major limitation of GESTER due to its implementation in
JavaScript is its single-threaded nature, which can lead to performance issues when executing complex
tasks that are heavily computational. Furthermore, its weakly typed nature can result in unintended type
coercion, leading to unpredictable behavior. JavaScript’s reliance on the browser environment means
inconsistencies across different browsers, requiring extra effort for cross-browser compatibility. Lastly, its
asynchronous execution model, while beneficial for responsiveness, can introduce callback problems.

Limitations imposed by recognizers and datasets. The performance of recognizers can be tested on
accessible, reference, and challenging datasets provided that they are publicly available and they can be
incorporated in GESTER, despite their capabilities. To transform the data structure of a publicly available
gesture set into the unified format manipulated by GESTER, manual coding using XSLT transformations
may be required, although a more assisted manner could rely on a visual transformation platform, such
as Babelway!! via some conversion protocol that can be reused and easily modified. Up to now, offline
recognizers are integrated that require that the entire gesture traces be pre-recorded, therefore discarding

interesting online recognizers that enable real-time gesture recognition while the end-user or the writer
is issuing a gesture, such as G-Gene [13] or declarative-based approaches [20]. GESTER does not exploit
the capabilities offered by initiatives to synthesize [6] new gestures from existing templates, such as by
synthetic data generation [70], by data augmentation techniques [51], by bootstrapping [41, 50], or to
obtain templates collected by the crowd [34].

Limitations imposed by testing procedures. The Leave-one-out cross-validation (LOOCV), a modified
form of the k-fold cross-validation [69] with k=1, was used for the user-independent scenario. Increasing
the value k should expand the coverage and the guarantee to obtain more reliable results, but the number
of combinations grows exponentially, such as 7 tests for k=3 instead of one test for k=1. GESTER could
be extended by implementing other cross-validation procedures'?, ranging from the simple, repeated, or
stratified k-fold techniques to Leave-One-Out (LOO) or Leave-P-Out (LPO) and Shuffle and Split techniques.
For example, GESTUREVLAD [7] tested the recognition performance using LOOCV and split method, such
as 50%-50%. Other repartitions, such as 20%-80% suggested by the Pareto principle [10] and 30%-70% can be
imagined as well, although ye do not know the effect of this repartition on performance testing.

Our procedures are aimed at testing the “system” performance of recognizers, which do not compute
other measures that test or estimate the “human” performance, such as the visual similarity [35], their
consistency [2], the measures for human performance [42], the shape of gestures [12, 45], and their perceived
difficulty [83], and their measures for relative accuracy [81]. Beyond these measures that estimate or predict
the system and the human performance, recognizers should be tested ultimately in real-world running
applications based on usability testing to confirm or disconfirm the results [67]. The procedures should
remain systematic [54], which requires its parameters be properly declared and have an appropriate range
of values to be determined explicitly.

Ugee https://www.babelway.com/.
12See for example https://scikit-learn.org/stable/modules/cross_validation.html
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6 Conclusion and Future Work

We present GESTER, an offline software that automates the performance testing of stroke gesture recognizers
in terms of three recognition rates for assessing accuracy and four execution times to assess the speed. It is
implemented in HTML and Javascript, two languages suited for rapid prototyping of gesture-based Uls of
interactive applications [3, 70]. Therefore, it expects that all recognizers are implemented uniformly in Javascript
and all datasets are imported in the consistent JSON format used by GESTER to preserve the homogeneity of
experimental conditions. GESTER supports four evaluation procedures, from user-dependent dataset-dependent
to user-independent dataset-independent, to simulate as many use case scenarios as possible for evaluating their
system performance, which should be distinguished from the human performance [42]. The application returns
results expressed in terms of recognition rates for accuracy, times for speed, and confusion matrices to understand
classification mistakes. These results are downloaded directly on the end-user’s device in separate CSV files that
are easy-to-import in most statistical programs or a model explorer [73]. All Chromium-based browsers support
the loading of files from one folder and its subfolders.

Therefore, GESTER must be used specifically on a browser of this family for compatibility. Adding a new
recognizer to the pool of already implemented recognizers or a new dataset is a matter of directory inclusion
(no need to retrain or modify the code). Still, JavaScript should be always used. Selecting the most performant
recognizer for a given gesture set to be used in a given context of use remains a complex problem [60] that would
invite a new procedure that systematically tests a gesture set against all configurations of supported recognizers.

Future work will consider ensemble learning [57], a machine learning technique that aggregates two or more
recognizers to produce a better performance, specifically a better accuracy, than relying on a single recognizer.
The literature categorizes ensemble learning methods into two groups:

e Parallel methods, which train each base recognizer apart from the others in a parallel and independent
fashion from one another;

o Sequential methods, which train a new base recognizer to minimize errors made by the previous recognizer
trained in the preceding step to construct base models sequentially in stages.

Another option for future work consists of inventing an adaptive gesture recognizer that would automatically
select the best recognizer based on meta-learning [17] and show the adaptivity [19]. Up to now, implemented
recognizers only provide one accuracy result at a time for each candidate gesture or gesture class, often in terms
of a percentage or a value between 0 and 1 depending on the similarity measure. The recognition process could
be further relaxed or constrained according to the criticality imposed by the context of use: the recognition
of a gesture for a command [5] could benefit from a wider tolerance than that of a gesture used for end-user
authentication [91] or a human signature [9].

Open Science. We share a GESTER'? repository with the software developed in this paper, all recognizers
written in JavaScript and datasets converted into a unified JSON format to foster reproducible research around
gesture recognition and its incorporation into mainstream interactive applications. The recognizer introduced is
also publicly available on our pV repository.
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A The $C recognizer based on Clifford Algebra

The convergence of $C is demonstrated in Luzzi and Roselli [45] with questions such as: if a candidate gesture is
translated, does the $C score change?; if a candidate gesture is uniformly scaled, does the $C score change?; if a
candidate gesture is rotated, does the $C score change?; if one increases the number of sampled points of the
two gestures, does the $C score have a limit value?; if such a limit value exists, can we find a closed formula to
express it? $C is invariant to translation, scaling, and rotation; moreover, under certain hypotheses, increasing
the number of sampled points improves the $C score, which corresponds to a well-defined number explicitly
expressed as a Riemann integral [12, 45].

Fig. 5 graphically shows how an input template is normalized in $C and Fig. 6 illustrates an example of an
on-line recognition of a candidate gesture, producing a score of S=4.4.

C Dollar GUI

(on the left) Resampled gesture -- (on the right) Shaped gesture.

Training templates

Choose Files |N...n

Gesture n® 9. n'

Fig. 5. Normalization of an input template into $C representation.

We hereby define the formula used by the recognizer to compute the distance between a candidate gesture and
a template:
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C Dollar GUI

Visualize the execution of the C Dollar multi-stroke touch gesture recognizer that uses the Clifford algebra.

Training template

Choose File | N...sen

Candidate gesture
Choose File | N...sen

Recognize!

Similarity score: 4.00642278054727.

Fig. 6. On-line recognition of a candidate gesture by the $C recognizer.

Barycenter
SymgcLSD(a, b, u,v) = min {LSD(a, b,u,v), LSD(a+b,-b,u, v)}

a0 +b*u? —2[(a-b)(u-v) — (a-v)(b-u) + (a-u)(b-v)]
b%v?

LSD?(a,b,u,0) =
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) (a+b)%0% + (=b)%u? - 2[((a +b) - (=b))(u-v) = ((a+b)-0)((=b) -u) + ((a+b) -u)((=b) - v)]
LSD*(a+ b, —b,u,v) = g =

(a2+b2+2a-b)vz+b2u2—2[—(a-b)(u~v)—b2(u-0)+(a-v)(b-u)+W—(a~u)(b~v)—jb/~z

b2y?

a*v® + b*u? —2[— (a-b)(u-v)+(a-v)(b-u) - (a~u)(b~v)] (b + 2a - b)ov? —2[—b2(u~v)]
+

b202 bZUZ

a202+b2u2+z[(a-b)(u-o)—(a-v)(b-u)+(a-u)(b-u)] (a,b u_v)
= 142 —+—

b2v? b2 22
If
C=(a-b)(u-0)—(a-0)(b-u)+(a-u)(b-v)

then

a*v® + b*u? - 2C

LSDz(a, b,u,0) = gz
a’v® + b?u? + 2C a-b u-v
LSD?*(a+b,—b,u,v) = — 142 (7 _2)
Thus,
LSD(a,b,u,0) < LSD(a+ b, —b,u,v)

if and only if

a*v® +b%u? - 2C  a*? + bt +2C a-b u-v
h2y2 < b2 1+2 b2 t—

that is, | 4C + b%0® + 2[(a b)o® + (u- U)bz] >0

Thus, in order to establish if
SymgcLSD(a, b, u,v) = LSD(a,b,u,v) or SymgcLSD(a, b,u,v) = LSD(a+ b, —b,u,v) ,

it suffices to evaluate the sign of
4C + %0 + 2[(a b)o® + (u- v)bz] .
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