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The expansion of touch-sensitive technologies, ranging from smartwatches to wall screens, triggered a wider use of gesture-
based user interfaces and encouraged researchers to invent recognizers that are fast and accurate for end-users while being
simple enough for practitioners. Since the pioneering work on two-dimensional (2D) stroke gesture recognition based on
feature extraction and classification, numerous approaches and techniques have been introduced to classify uni- and multi-
stroke gestures, satisfying various properties of articulation-, rotation-, scale-, and translation-invariance. As the domain
abounds in different recognizers, it becomes difficult for the practitioner to choose the right recognizer depending on the
application and for the researcher to understand the state-of-the-art. To address these needs, a targeted literature review
identified sixteen significant 2D stroke gesture recognizers that were submitted to a descriptive analysis discussing their
algorithm, performance, and properties, and a comparative analysis discussing their similarities and differences. Finally, some
opportunities for expanding 2D stroke gesture recognition are drawn from these analyses.
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1 INTRODUCTION
End-users basically interact with an application or a computer system through two types of gestures [44, 90]:
contact-based gestures which require the sampling of points by a touch-sensitive interactive surface and contact-
less gestures which do not impose this constraint, thus using computer vision techniques [30]. New touch-sensitive
technologies, such as smartwatches, smartphones, tablets, notebooks, embedded devices, and wall screens, enable
end users to interact with any pointing device (e.g., a mouse, a pen, a stylus, a laser pointer, or any combination of
them) or fingers. Gesturing has become an important interaction paradigm amongst such technologies to input
text and commands on computers, a historical challenge [56] in Human-Computer Interaction (HCI) [90].
Gesture-based interaction offers an alternative to the traditional keyboard, mouse, and direct manipulation

User Interfaces (UIs). Moreover, gesturing is affordable and efficient since no additional hardware resource, like
screen space or hardware buttons, is required. Gesturing is also a natural way to convey information and meaning
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Fig. 1. The $1 dataset comprises 16 two-dimensional uni-stroke gestures, including letters, punctuation marks, geometric
shapes, and symbols. The gesture for the “x” letter is imposed by the uni-stroke recognition capability of $1.

between humans [51, 79]. As gesture-based UIs become ubiquitous via the widespread use of touch-sensitive
surfaces, the need for high-quality gesture recognition also continues to rise.

While several surveys are available for gesture recognition in general [29], or in particular for some limb (e.g.,
for the hand [2, 30]), some device (e.g., the Microsoft Kinect [11]), in some environment (e.g., the home [42]),
using some technique (e.g., computer vision [52]), for other types of gestures (e.g., 3D gestures [17, 38]), or for
any combination of them (e.g., computer vision for hand recognition [52]), there is no counterpart for 2D stroke
gesture recognition.
Stroke gesture recognition refers to the classification of any movement trajectories entered with a pointing

device or fingers used as shortcuts to indicate scope and commands [55, 56, 90, 91]. Two-dimensional (2D) stroke
gestures are constrained by any touch-sensitive surface and typically encompass letters, digits [84], punctuation
marks [86], lines, markings [24], geometric shapes, symbols [53], and other patterns [69]. For example, Fig. 1
illustrates some 2D stroke gestures belonging to the $1 dataset [85], one the most used gesture sets to evaluate
the performance of uni-stroke gesture recognizers. 2D stroke gestures are usually sampled by a touch-sensitive
surface onto which they are traced, and encoded as time-ordered sequences of 2D (x,y) points [40, 62, 69, 90]:
G=(xi ,yi ), ∀i ∈ [1, . . . ,n]. Optionally, stroke gestures include a third, even a fourth dimension when encoded as
(x,y, t,p) when a timestamp ti or an identifier idi , and the pressure aspect pi are manipulated [90]. Gesture points
are sampled at a rate determined by the sensing hardware and software [85, 91]. Therefore, a 2D stroke gesture
recognizer is aimed at classify an unknown candidate gesture by comparing it against pre-recorded template
gestures gathered by gesture classes in a training set that was used to train the recognizer beforehand. This assumes
calculating a (dis-)similarity distance between the candidate gesture and template classes.
Historically, the Rotate-Scale-Translate (RST) paradigm [36] became a de facto standard to characterize flat

stroke gestures: from two reference points captured, or more, meaningful gesture parameters, or features, are
computed to establish rotation (relying on angular data), scaling (based on length ratio), and translation (linked
to the barycenter of the translation). These three fundamental operations can be effectively performed on any
stroke gesture. Consequently, the invariance with respect to rotation, scaling, and translation became vital
properties to make any recognizer insensitive to gestures variations along these dimensions. Similarly, the
order-number-direction invariance, or articulation-invariance for short, accommodates gesture variations in
terms of how strokes are produced in time, how many (uni-stroke vs. multi-stroke), and in which direction [26].
This survey concerns 2D stroke gesture recognizers, which should be differentiated from other gesture

interaction techniques (e.g., full-body and hand gestures) and other families of classifiers (e.g., handwriting and
sketch recognizers). The scope is delineated based on the inclusion/exclusion criteria as follows:
(1) The gestures are performed only on 2D interactive surfaces, which are easy to sample, to process, and to

recognize, also avoiding the segmentation problem of 3D gestures in thin air. The starting and the ending
of the gestures are explicit both for the sensing mechanism and for the end user’s proprioception: a gesture
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starts as soon as a pointing device or a finger touches the surface and ends when it leaves the surface [90].
One-dimensional (1D) gestures are assimilated to 2D gestures with one dimension neglected (e.g., the
“swipe” refers to producing a horizontal line whose y coordinate remains more or less constant).

(2) A stroke gesture can be articulated in a single (uni-stroke) or in multiple strokes (multi-stroke), as they are
often differentiated in the literature. For example, the letter “x” should be drawn in one shot when the
recognizer is uni-stroke (see Fig. 1) or as two crossed lines when it is multi-stroke.

(3) As touch-sensitive surfaces allow using multiple fingers simultaneously, some differentiate uni-touch from
multi-touch gestures. Multi-touch (or multi-path) recognition is excluded from this survey even though
several recognizers compared hereafter have been extended to classify multi-touch gestures [8, 10, 54].

(4) Handwriting on a computer system is a “natural” and fluid mode of text entry, thanks to the user’s prior
experience from writing on paper. If handwriting recognition systems allow end-users to enter text either
as a cursive script or as individual letters, stroke gesture recognition systems exclusively aim to classify
individual letters, avoiding the character segmentation problem. In contrast, 2D stroke gestures include
more gestures than letters and digits, encompassing geometric shapes and other individual symbols. We
refer to [41, 49] for comprehensive surveys on on-line and off-line handwriting recognition.

(5) For the same reasons, gesture-based diagramming and sketching are considered beyond the scope of this
survey. Nevertheless, handwriting, diagramming, sketching, and stroking are subsets of pattern matching
recognition and several recognizers can be effective in classification and recognition [47].

As the domain abounds in different recognizers, choosing the right recognizer depending on an application
and understanding the state-of-the-art become challenging. Therefore, this survey targets the following audience:
for the designer to select the right recognizer depending on the constraints imposed by the application, for the
developer to understand how to implement the selected recognizer, and for the researcher to elaborate on the
existing state-of-the-art. For this purpose, section 2 conducts a targeted literature review to identify sixteen
significant 2D stroke recognizers that were submitted to a systematic descriptive analysis of their motivations, the
underlying algorithm, the satisfied properties of invariance, and the reported performance. Section 3 performs a
comparative analysis of these recognizers to assess their similarities and differences based on their classification
techniques as well as the evaluation protocols, the properties, the datasets, their modalities of input, and the
(dis)similarity metrics. Section 4 suggests a decision table for choosing the right recognizers, and challenges and
opportunities for future advances in the domain.

2 TWO-DIMENSIONAL STROKE GESTURE RECOGNIZERS
We conducted a Targeted Literature Review (TLR), which is a non-systematic, in-depth, and informative literature
review, that keeps only the references maximizing rigorousness and relevance while minimizing selection bias [37].
The relevant references obtained may be more limited than in a Systematic Literature Review (SLR) [32], but stem
from a knowledgeable selection of high-quality, easy-to-identify references on 2D stroke gesture recognition, as
opposed to an all-encompassing list of somewhat relevant references. This applies to 2D gesture recognition,
where the literature is abundant. Based on this TLR, we identified 16 two-dimensional stroke gesture recognizers
between 1991 and 2019. This section systematically describes each identified recognizer by (1) its motivations, (2)
its underlying algorithm, (3) its satisfied properties, and (4) the evaluation of its performance. Each algorithm
is divided into three parts to facilitate their understanding and their comparison in the next section: (1) the
pre-processing applied to all gestures provided as input, (2) the gesture representation used by the algorithm (e.g.,
a series of points or vectors), (3) and the classification scheme (i.e., how two gestures are compared to each others
and their similarity is estimated).
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2.1 GRANDMA (Rubine, 1991)
Until 1991, most gesture-based applications were developed with hand-crafted recognition modules or hard-coded
toolkits, making these recognizers difficult to create, to modify, and to maintain. GRANDMA [56] significantly
departed from this tradition by offering an object-oriented toolkit that extends a direct manipulation UI with
gesture-based interaction, thus combining gesturing and direct manipulation. GRANDMA automatically creates
a gesture recognizer from template gestures provided by the developer, eliminating the need for hand coding and
reducing the effort involved in creating gesture-based UIs. The recognizer, known as Rubine, was later extended
with an automatic feature selection [12] to improve recognition rates for a given problem.

2.1.1 Algorithm. GRANDMA automatically produces a 2D uni-stroke gesture recognizers from provided ex-
amples for each gesture class. Given G gesture classes specified by example(s) and a candidate gesture c , the
objective is to determine the class to which c belongs (i.e., the class whose templates are most like c). For each
candidate gesture c , the recognition module runs as follows:
(1) Preprocessing. Jiggle is removed from the templates and the candidate gestures by discarding any input

point within 3 pixels of the previous point.
(2) Gesture representation. A feature vector f is extracted from each gesture with 13 features empirically

determined by the author to work well on a number of different gesture sets [56]. These features involve
mathematical notions such as the cosine and the sine of angles, the distance between points, the length,
speed and duration of the gesture, and the bounding box and its diagonal.

(3) Classification. The candidate is classified as one of the possible gesture classes via a linear evaluation of its
feature vector over each gesture class’ evaluation function. The training problem is to determine the weights
associated to each feature in these evaluation functions. For each gesture class, a closed formula computes
the weights based on the available templates. Training is performed offline before the classification of
any candidate. A linear classifier always returns one gesture class for a candidate. Misclassification could
be preferred over rejection in applications with good undo facilities (i.e., if undo is quick and easy, the
time spent retrying the gesture will dominate over the effect of a misclassified gesture). The Mahalanobis
distance [22] determines the number of deviations a candidate is away from the mean of its corresponding
class and the recognition module then rejects gestures appearing as obvious outliers.

2.1.2 Properties. GRANDMA generates a 2D uni-stroke gesture recognizer given templates recorded by a mouse.
It recognizes only uni-stroke gestures to avoid the segmentation problem of multi-stroke gesture recognition [60].
The templates should reflect any desired variance in size and/or orientation of the gesture since the generated
recognizer is scale- and rotation-sensitive. The recognizer can be extended with eager recognition (i.e., a gesture
in progress is recognized as soon as it becomes unambiguous) and multi-touch recognition (i.e., by treating a
multi-touch input as a multi-path data, the algorithm can be applied to each path individually and the results are
combined using a decision tree to classify the multi-touch candidate). These extensions were not evaluated.

2.1.3 Performance. GRANDMA was evaluated on 10 gesture sets whose templates were recorded by the author
himself. For GSCORE, an editor for musical scores, fifteen templates per class are adequate for a gesture set
holding fifteen classes to achieve a recognition rate of 98%. The training and classification times ranged from 0.2
to 5 ms on a DEC MicroVAX II and the performance improved by a factor of 12 on a DEC PMAX-3100, which
means that training and classification are fast enough to be performed in response to user input.

2.2 xstroke (Worth, 2003)
Xstroke [86] introduced pen uni-stroke gesture recognition in two regions: anywhere on the screen, directly
on top of the application UI or inside the region specifically tailored for gesture input on a handheld device. A
similar recognizer also works well with a trackball [84] used for producing gestures.
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1      2      3

4      5      6

7      8      9
123698741

Fig. 2. The sequence of digits generated for a given rectangle. xstroke produces a regular expression describing all
recognizable rectangles by combining this sequence with the sequences extracted from all available templates.

2.2.1 Algorithm. Xstroke extends libstroke [1], a stroke translation library that interprets gestures as commands
in a program. The recognition algorithm runs as follows:

(1) Preprocessing.The template and the candidate gestures’ points are linearly interpolated using a Bresenham
algorithm to avoid inaccuracies in sampling and speed.

(2) Gesture representation. Xstroke implements a highly-featurized representation by constructing a n × n
grid with cells identified. When n=3, the cells are numbered from 1 to 9 centered on the gesture. This grid
is scaled independently in the x and y dimensions to fit the bounding box of the gesture. To avoid the
deformation of wide or large strokes, the grid is fit to the smallest square containing the gesture whenever
the bounding box is more than four times larger in one dimension than the other. The gesture’s feature
values are determined by traversing the gesture points in time order and recording the number of each
grid cell as they pass through it. Fig. 2 illustrates the sequence of digits generated for a rectangle. The
recognizer is trained offline by merging the templates’ sequences of digits into a regular expression for
each class to supposedly cover most users’ variations for the corresponding gesture class.

(3) Classification. The candidate gesture is mapped to an anchor 3× 3 grid numbered from 1 to 9. This second
grid is not scaled to fit the bounding box of the gesture but is scaled to cover the entire gesture area, and the
center (fifth) cell is enlarged to fill most of the grid area. The anchor grid is used to locate the gesture on
the touchscreen to ensure translation-variance (e.g., a gesture performed in the top left corner of the screen
will be differentiated from a gesture performed in the bottom right corner). The candidate’s sequence of
digits is compared to the regular expressions generated during the training session. The gesture class of the
regular expression that matches exactly the candidate sequence of digits is returned. Since stroke gestures
could vary in orientation depending on their angle on a movable handheld device, rotation-invariance is
ensured by applying an orientation correction factor to compensate for any slant. The recognizer adapts to
the way the end user records gestures: the correction factor is computed and modified after each successful
recognition.

2.2.2 Properties. xstroke is a 2D uni-stroke pen gesture recognizer satisfying scaling- and rotation-invariances,
with translation-variance on-demand due to its anchor grid applied on any candidate gesture at recognition time.

2.2.3 Performance. The algorithm was evaluated on a gesture set containing 82 gesture classes (e.g., all printable
ASCII characters such as letters, digits, and punctuation marks, gestures for full keyboard replacement such as
backspace and return) input by the author to achieve a 95% recognition rate. No information is reported regarding
the testing procedure and the execution time.
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2.3 SHARK (Zhai and Kristensson, 2003)
SHARK (SHortand Aided Rapid Keyboarding) [89] is a uni-stroke gesture recognizer for text input: it associates
a shorthand symbol for each word according to its movement pattern on an optimized stylus keyboard. The
movement pattern is formed by the trajectory from the first to the last letter of the word on the keyboard, thus
corresponding to a uni-stroke gesture. Since end users tend to remember patterns more easily and some words
are connected in stylus keyboards, tapping on each letter key individually can be replaced by crossing over the
letters of a word, thus forming a gesture pattern.

2.3.1 Algorithm. SHARK relies on elastic matching [61], which computes the minimum distance between the
candidate points and the templates points by dynamic programming. The template points correspond to the
ideal shape of a word built by connecting the centers of the word’s key letters on the ATOMIK keyboard. The
algorithm works as follows:
(1) Preprocessing. The sets of points are filtered and normalized in scale.
(2) Classification. The distance between the two sets of points is computed by elastic matching. To resolve

any ambiguity between similarly-shaped words (e.g., the words “do” and “no” share identical shapes on the
ATOMIK keyboard), the algorithm outputs the N -best list of template words.

2.3.2 Properties. SHARK is a 2D uni-stroke pen gesture recognizer satisfying scaling- and translation-invariances
on an ATOMIK keyboard.

2.3.3 Performance. A 5-session experiment was carried out on a Wacom ET-0405-U tablet equipped with a pen.
Six volunteers were paid to test the usability and the learnability of shorthand gestures as a text entry method
based on 100 words list, made up with 50 words selected from the top 100 most common words in the British
National Corpus and 50 words selected from the top 100 to the top 300 most common words. The recognition
rate and execution time were not reported.

2.4 SHARK2 (Kristensson and Zhai, 2004)
SHARK [89] faces two serious limitations: end users alternate between two modes of writing in order to learn
the shorthand gestures of each word, and its word list is limited in size (i.e., a 100-word lexicon). SHARK2 [35]
eliminates the need to alternate between the two modes of input and extends the lexicon to 10,000 words.

2.4.1 Algorithm. Recognizing 10,000 templates is a challenge that cannot be solved using shape information only.
Therefore, SHARK2 was developed as a multi-channel recognition system such that the collective information
from the multiple channels can separate the shorthand gestures sufficiently as follows:
(1) Preprocessing. The candidate and the templates are resampled into N equidistant points (i.e., isometric-

ity [67]), then normalized in scale and translation.
(2) Classification. SHARK2 implements a series of consecutive channels whose results are combined to output

an N -best list of results:
(a) An initial component filters out a large number of the shorthand templates based on the start-to-start and

end-to-end distances between each template and the candidate. The remaining templates pass through
the following channels.

(b) The shape channel introduces “proportional matcher”, a linear matching establishing a scaling- and
translation-invariant similarity distance between the candidate and each template.

(c) The location channel examines the absolute location of the user’s gesture trace on the keyboard by
computing the distance between the candidate and the ideal template trace (i.e., the trajectory that
connects the centers of the letters that constitute the word).
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(d) After shape and location channels are considered, conflicting words may still appear that can be resolved
by the language context (i.e., the surrounding words). SHARK2 uses smoothed bigrams as a language
model to solve the issues.

(e) The integration channel conciliates the distance scores of the shape and the location channels because
these scores are not on a common scale and cannot be directly compared. A confidence score is computed
for the word using Bayes rules and based on the confidence scores of both channels. SHARK2 implements
a dynamic weighting scheme between the two channels: if the user’s gesture is produced faster than a
threshold, then the location channel should yield a poor score since the word was certainly performed
on a fast open-loop memory recall, otherwise, the location channel should yield a high score since the
word was certainly traced using visual guidance of the virtual keyboard (its location is slightly more
meaningful than its shape). The threshold is determined on a per-word basis and depends on the user’s
completion time, but also on the length and the complexity of the gesture.

(f) Finally, the algorithm outputs an N -best list of results ranked by confidence score.

2.4.2 Properties. SHARK2 is a 2D uni-stroke pen gesture recognizer that classifies partially scaling- and translation-
invariant shorthand gestures based on a lexicon. This word list can be extended with user-defined new words.

2.4.3 Performance. Although the recognition rates of the algorithm were not reported, the recognizer could
search 20,000 shorthand gestures on a 800MHz PIII IBM Thinkpad in 20 to 40ms, which is suitable for interactive
shorthand input, thanks to its effective pruning techniques

2.5 $1 (Wobbrock et al., 2007)
$1 [85] is a 2D uni-stroke gesture recognizer supporting the incorporation of gestures into UIs. It can be trained
with a variable number of templates, it involves only basic geometry and trigonometry within about 100 lines of
code. Many projects and applications used the original algorithm [5, 16, 31, 87, 92]. Quick$ (Quick-Buck) [53] and
1F (One-Feature) [69] are two $1 optimizations that use one or multiple features to determine whether comparing
a candidate to a template is necessary, thus reducing the number of comparisons. $3 [33] explore the benefits of
the $1 methodology for rapidly classifying 3D gestures.

2.5.1 Algorithm. The recognizer implements a template-matching algorithm to classify a candidate gesture
among a set of templates. Each gesture sample results in an ordered set of points. The algorithm determines
which set of previously recorded template points most closely matches a set of candidate points, as follows:

(1) Preprocessing. Templates and candidate gestures are resampled to N equidistantly spaced points, or
isometric points, with some empirical evidence suggesting 32 ≤ N ≤ 256. The resampled points are then
rotated once around their indicative angle (i.e., the angle formed between the centroid of the gesture and
the gesture’s first point). After rotation, the gesture is non-uniformly scaled to a reference square. Finally,
the gesture is translated so that its centroid is at (0, 0). The four-step preprocessing is illustrated by Fig. 3.

(2) Classification. The $1 algorithm computes the Euclidean distance between each pair of points that belongs
to the candidate and to any stored template. The sum of these distances describe how similar the gestures
are. The classification algorithm outputs an N -best list of templates (i.e., the templates that minimize the
sum of the between-point Euclidean distances with the candidate). Despite the initial preprocessing, there
is no guarantee that two sets of points will be aligned optimally. The algorithm must, therefore, find the
optimal angular alignment between each template and the candidate before computing their between-point
Euclidean distance. The $1 recognizer uses the Golden Section Search (GSS) [50]) to find this optimal
angular alignment and compares the candidate to any template at each step of the alignment process.
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(a) Raw gesture (b) Resampled to N=12 points (c) Rotated (d) Scaled and translated

Fig. 3. Four-step preprocessing applied by the $1 recognizer on a rectangle.

2.5.2 Properties. $1 is a 2D uni-stroke pen gesture recognizer that is resilient to variations in sampling due to
movement speed or sensing, and satisfies rotation-, scaling-, and translation-invariance, which is referred to as
RST-invariance. Consequently, $1 cannot distinguish gestures whose articulations depend on specific orientations,
aspect ratios, or locations. Horizontal and vertical lines are also abused by non-uniform scaling. Fig. 3d highlights
these limitations on a rectangle: it is severely deformed by non-uniform scaling.

2.5.3 Performance. The algorithm was tested against GRANDMA’s classification module and Tappert’s cursive
recognizer based on Dynamic Time Warping (DTW) [61] using a dataset collected during a controlled study.
This dataset counts 16 uni-stroke gesture classes performed 10 times each at 3 different speeds (i.e., slow to be as
accurate as possible, medium to balance speed and accuracy, and fast to draw as quickly as possible) performed
by 10 subjects on a Pocket PC using a pen-sized plastic stylus, thus totalling 4,800 templates. Rubine and DTW
were extended to perform $1’s rotation, scaling, and translation procedures. $1, with a recognition rate of up to
99.02%, and DTW, with 99.15%, were significantly more accurate than GRANDMA, achieving a rate of 92.83%
under the same condition. The number of templates and the input speed had a significant effect on recognition
rate. Finally, DTW ran noticeably slower than GRANDMA and $1.

2.6 Protractor (Yang Li, 2010)
Template-based recognizers can be time- and memory-consuming as they load all templates, then compare
them one by one with any candidate. Protractor [40] is a recognizer suitable for mobile computing with limited
processing power and memory as it mitigates both issues. The techniques implemented in Protractor were also
used for recognizing 3D gestures [34], and for extending the $-family with the $N-Protractor [4] algorithm, a
combination of Protractor, and $N [3] described in subsection 2.7.

2.6.1 Algorithm. Protractor is similar to $1 with differences in terms of rotation, scaling, and dissimilarity score:
(1) Preprocessing. Template and candidate gestures are resampled to a fixed number N of equidistantly-

spaced points, then translated so that its centroid is at (0, 0). If a template is rotation-invariant, then it is
rotated around its centroid by its indicative angle, defined as the direction from the centroid to the first
point of the resampled gesture. Otherwise, the indicative orientation of the gesture is aligned with the
closest direction of the eight major compass orientations, i.e. N, NE, E, SE, S, SW, W, and NW as in [18].

(2) Gesture representation. Protractor acquires an equal-length vector for each template and the candidate:
v = [x1,y1, x2,y2, . . . , xN ,yN ]. If N=16, the algorithm outputs a 32-element vector for each gesture.

(3) Classification. The matching algorithm then searches for the template that is most similar to the candidate.
For each pairwise comparison between a template t and the candidate c , Protractor computes the inverse
cosine distance of their vectors, vt and vc . The inverse cosine distance describes the dissimilarity between t
and c : it finds the angle between two vectors in an N -dimensional space. Since the indicative angle is only
an approximate measure of a gesture’s orientation, the algorithm employs a closed-form solution to find a

ACM Comput. Surv., Vol. 54, No. 7, Article 155. Publication date: July 2021.



Two-dimensional Stroke Gesture Recognition: a Survey • 155:9

rotation that minimizes the angular distance. This solution replaces the Golden Section Search used in $1
to find the best angular alignment between two gestures. See [40] for the mathematical demonstration.

2.6.2 Properties. Protractor is a 1D and a 2D uni-stroke pen and finger gesture recognizer as it does not scale
gestures and preserves their aspect ratio. The algorithm satisfies rotation-, scaling-, and translation-invariances,
and tolerates rotation-variance if necessary. Moreover, Protractor enables developers to specify how sensitive the
algorithm should be to orientation, i.e., whether 1 or up to 8 directions may be allowed for a given gesture class.

2.6.3 Performance. Protractor and $1 were evaluated against two datasets on two computing platforms:
(1) The $1 dataset (4, 800 samples of 16 uni-stroke gesture classes performed 30 times each by 10 participants)

performed on a Dell Precision T3400 laptop. Protractor and $1 generated similar error rates in response to
different template counts and there was no significant difference between both recognizers in terms of
recognition rate. However, Protractor was significantly faster than $1. When 9 templates were used for
each of the 16 symbols, $1 took over 3ms to recognize a gesture, while Protractor did it in less than 0.5ms .

(2) A new dataset (10, 888 samples of 26 uni-stroke Latin alphabet letters) performed by 100 users on their own
touch-screen T-Mobile G1 mobile phone. While both recognizers were less accurate on this larger dataset,
Protractor performed significantly more accurate and ran significantly faster than $1. When 9 templates
were used for each of the 26 gestures, $1 took 1405ms and Protractor took only 24ms .

2.7 $N (Anthony and Wobbrock, 2010)
Many gestures comprise multiple strokes, which can be issued in multiple ways owing to stroke number, order,
and direction. Neither designers nor end users should worry about entering all versions of a multi-stroke gesture,
which is a time-consuming and redundant task. The $N algorithm [3] contributes to the incorporation of multi-
stroke recognition in UIs. The algorithm is a significant extension to $1 that automatically generates all variations
of a multi-stroke. The recognizer has been used in multiple research projects, such as for drawing eyes-free touch
gestures on the hand palm [80]. $N-Protractor [4] extended $N with Protractor’s closed form solution to find the
optimal angular alignment between a candidate and a template. It achieved similar or slightly lower recognition
rates than the original $N, but significantly reduced its execution time.

2.7.1 Algorithm. $N is similar to $1, except that all possible permutations of a multi-stroke gesture are generated
to handle variations in articulation, and that two optional optimizations fasten the recognition of multi-strokes:
(1) Preprocessing. The templates and the candidate gestures are equidistantly resampled, rotated around

their indicative angle, scaled uniformly, and translated so that their centroid is at (0, 0). When $1 mistreats
1D gestures because of non-uniform scaling, $N performs a uniform scaling instead. Fig. 4 illustrates how
$N pre-processes a rectangle.

(2) Gesture representation. A multi-stroke gesture is interpreted as a uni-stroke where parts of the gesture
are made away from the sensing surface, i.e., by following the user’s hand through the air. To be an effective
prototyping tool, $N enables designers to define only one multi-stroke gesture from which all possible
uni-stroke permutations and possible combinations of stroke order and direction are generated.

(3) Classification. The candidate is compared to all possible permutations of the stored templates and their
dissimilarity score is computed as the sum of their between-point Euclidean distances. The score for a
template is the best of its uni-stroke permutation’ score, and the score for the candidate is the best of the
templates’ score. During the matching process, $1 operates with full rotation-invariance, meaning that the
orientation of a template or a candidate is simply ignored. Similarly to $1, $N relies on the Golden Section
Search (GSS) to find the optimal angular alignment between two gestures. It provides the option of bounding
rotation-invariance on a per-gesture basis by flagging the rotation-variant templates at design time. These
rotation-variant gestures are rotated back to their original angle during the pre-processing step, and the
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(a) Raw gesture (b) Resampled to 12 points (c) Rotated (d) Scaled and translated
Fig. 4. Four-step preprocessing applied by the $N recognizer on a rectangle.

GSS technique searches from there instead. Creating all uni-stroke permutations of a multi-stroke, however,
results in a combinatorial explosion. To mitigate this issue, two speed optimizations are introduced. First,
comparing only uni-stroke permutations whose start directions are “about the same” reduced uni-stroke
comparisons by 79.1% and improved accuracy by 1.3% during the evaluation procedure. Second, restricting
comparisons of candidates to templates that comprise the same number of strokes, while skipping all others,
reduced comparisons by 10.4% and improved accuracy by 1.7%.

2.7.2 Properties. $N is a 1D and 2D multi-stroke pen gesture recognizer holding in 240 lines of code. It satisfies
translation- and scaling-invariance, and on-demand rotation-invariance to recognize more symbols. The recognizer
is also articulation-invariant: it is not sensitive to the number of strokes, to their order, and to the direction of
these strokes as it generates all possible permutations of a uni-stroke. The algorithm cannot reason about gesture
features and collisions are possible if the optional number-of-strokes optimization is used, e.g., the letter “z” and
the math symbol “=” could not be distinguished if produced with two strokes.

2.7.3 Performance. $N was tested against the $1 dataset and a new in situ study in which pen gestures were
provided by 40 middle and high school students aged 11-17 using a Tablet PC. Each student copied 45 equations
supplying gestures for 20 distinct algebra symbols. The final gesture set comprises 15,309 gestures, with 70%
uni-strokes and 30% multi-strokes, of which 13.4% were 1D gestures. The original algorithm reached a recognition
rate of 96.6% on the algebra symbols with 15 templates, and a rate of 96.7% on the $1 dataset with 9 templates. $N
performed poorer than $1 on its own gesture set. Considering both speed optimizations increased the accuracy
and decreased the recognition time of $N.

2.8 $P (Vatavu et al., 2012)
The $N-Protractor, treating a multi-stroke gesture as a uni-stroke obtained by connecting individual strokes
performed “through the air”, suffers from significant memory and execution costs. As stroke order and direction
can differ among users drawing the same gesture, all possible uni-stroke permutations of a multi-stroke need to
be generated. Most $N limitations and its extension $N-Protractor come from reasoning about gestures in terms
of a chronological order of drawn points, which enforces a predefined order for strokes and points within each
stroke. These concerns become irrelevant for $P [73], a multi-stroke gesture recognizer that avoids the storage
and computation complexity of $N-Protractor by representing gestures as “clouds of points”. Small wearable
devices, such as the touch-enabled textile GestureSleeve [57], benefit from such improvements.

2.8.1 Algorithm.

(1) Preprocessing. The template and the candidate gestures are equidistantly resampled, scaled uniformly,
and translated so that their centroid is at (0, 0). Fig. 5 illustrates $P’s three-step preprocessing on a rectangle.
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(a) Raw gesture (b) Resampled to 12 points (c) Scaled and translated

Fig. 5. Three-step preprocessing applied by the $P recognizer on a rectangle.

(2) Gesture representation. Each gesture is represented as a cloud of points, which is an unordered set of
points, invariant to stroke order and direction.

(3) Classification. Since gestures are represented as clouds of points, $P does not match points in their
sequential order. Instead, for each point in the first cloud, the algorithm finds the closest point from the
second cloud that has not been matched yet. Each matching is weighted with a confidence score in [0..1].
The first matching is bound to the higher confidence score and confidence keeps on decreasing for the next
matches. As the algorithm progresses, few options remain for the rest of the points from the first cloud
when searching their closest pair into the second. The closeness of points is computed by their Euclidean
distance and the sum of these weighed between-point Euclidean distances correspond to the dissimilarity
score of the entire matching. This procedure is repeated for each template cloud: the candidate is matched
to the template, then the template is matched to the candidate. The minimum score of these two matching
expresses the dissimilarity score between the candidate and the template. The most similar template (the
smallest distance) is considered as the best match for the candidate and is returned by the algorithm.

2.8.2 Properties. $P is a 1D and 2D uni-stroke and multi-stroke pen gesture recognizer satisfying scaling-,
translation- and articulation-invariances (by discarding the gesture timeline, the algorithm becomes insensi-
tive to the number of the strokes, their order, and their direction). $P is, however, rotation-variant as the clouds
of points are oriented and the GSS technique is no longer used. The recognizer needs less memory than $N and
$N-Protractor as it does not compute all permutations of a multi-stroke, thus decreasing memory usage from
O(T × S! × 2S ) to O(T ) with S strokes in a multi-stroke, and T templates. Finally, $P runs in O(N 2.5) with N
resampling points.

2.8.3 Performance. $P was tested on the $N-MMG dataset (3,200 templates of 16 uni-stroke and multi-stroke
gesture classes performed by 20 participants). The recognizer was compared against $N and the Hungarian
algorithm [46] previously determined as the ideal recognition technique for matching two clouds of points. $P’s
recognition rate was not significantly different from the rate of the Hungarian algorithm for user-dependent
scenario (i.e., when candidates and templates are performed by the same user). However, significant differences
were detected between the two recognizers for user-independent scenario (i.e., when candidates and templates
are performed by different users), with $P exhibiting higher recognition rates. $P achieved a maximal rate of
99.4% with more than 5 templates per class in the user-dependent scenario and a maximal rate of 99.5% with
10 participants in the user-independent scenario. $P ran 10 times faster than the Hungarian algorithm and 15
times slower than $N for a sampling rate of N=96, which was determined as the optimal rate for $N. However,
$P and the Hungarian algorithm delivered better recognition rates than $N when gestures were down sampled to
N=32 points, reducing the execution time from 32ms to 5.5ms. Finally, $P was evaluated against $1 with similar
recognition rates than its uni-stroke predecessor for both user-dependent (99.3% for $P, and 99.5% for $1) and
user-independent scenarios (96.6% for $P and 97.1% for $1).
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2.9 SED-NE (Zhang et al., 2013)
The computational cost of Nearest-Neighbor Classifiers (NNC) [22] lies approximately in the product of two
factors: the number of templates and the average cost of each comparison. SED-NE (Squared Euclidean Distance
Nonlinear Embedding) [91]) speeds up the nearest-neighbor search using the approach proposed in [27, 28].
First, it filters the training set at classification time. Second, it accelerates the distance calculation. The main
idea is to embed data vectors into a low-dimensional space in which the recognizer can compute a lower bound
distance between a candidate and a template. This lower bound enables the algorithm to reject some templates at
classification time, thus reducing the number of comparisons.

2.9.1 Algorithm. SED-NE significantly differs from other nearest-neighbor classifiers:

(1) Preprocessing. The templates and the candidate are resampled to N equidistantly-spaced points, then
uniformly scaled to fit in a 256 × 256 square, and finally translated so that their centroid is at (0, 0).

(2) Gesture representation. Each gesture can be represented as a 2N -dimensional vector:v = [x1, x2, . . . , xN ,
y1,y2, . . . ,yN ]. The dissimilarity score of two gestures corresponds to the squared Euclidean distance of
their 2N -dimensional vectors. The algorithm computes the mean µ and the variance σ 2 of these vectors. By
applying the Cauchy-Schwarz inequality, the squared Euclidean distance of two gestures is always greater
or equal to the squared Euclidean distance in the low-dimensional space based on (µ,σ ), and computing
distances in this embedded space is more efficient than in the original one. Therefore, this new distance is
faster to compute and can be used as a lower bound for the squared Euclidean distance of two gestures. We
refer to [27, 28] for the mathematical proofs.

(3) Classification. The matching algorithm traverses each template twice. In the first traversal, the lower
bound of the distance from each template to the candidate is calculated in the embedded space and stored.
The template that minimizes the lower bound is recorded and set as the initial candidate’s nearest neighbor.
The initial minimum distance corresponds to the squared Euclidean distance between this template and the
candidate. In the second traversal, each lower bound is compared with the minimum distance computed
so far. If the lower bound is greater than this distance, then the template can be immediately rejected.
Otherwise, its squared Euclidean distance with the candidate is computed. If this new distance is smaller
than the minimum distance found insofar, the template becomes the new candidate’s nearest neighbor and
the minimum distance is updated until completion of the second traversal. The template with the smallest
squared Euclidean distance in the end is considered as the result of the classification.

2.9.2 Properties. SED-NE is a 1D and 2D uni-stroke pen gesture recognizer satisfying scaling- and translation-
invariances, but remaining rotation-variant.

2.9.3 Performance. SED-NE was tested against the $1 gesture set, and compared to $1, and $1-SED. The latter
used the squared Euclidean distance as a metric instead of the traditional Euclidean distance. The evaluation was
performed in a user-independent scenario. The overall recognition rate of the three recognizers was comparable.
The squared Euclidean distance performed slightly better than the standard Euclidean distance, but its superiority
was negligible. SED-NE expedites the matching process without compromising the recognition rate: the recognizer
outperformed significantly the others by filtering approximately 99% of the training templates in the embedded
space, resulting in an average speed-up of over 20 times with a resampling rate N=64 and 12 times with N=32.

2.10 Gestimator (Ye and Nurmi, 2015)
Template-based approaches were observed as performing well when the gestures are relatively simple and
unambiguous. In more recent applications, the UI gestures become more complex, consist of multiple sub-strokes,
and closely resemble to other gestures, thus making them hard to differentiate. Thus, relying only on the gesture
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shape should be enriched by sub-stroke identification. Gestimator [88] is a 2D uni-stroke gesture recognizer that
segments gestures into sub-strokes, then matches them by comparing the similarity of constituent strokes.

2.10.1 Algorithm. Gestimator implements two techniques to segment gestures into strokes and compare the
constituent strokes of a candidate with those of the templates:

(1) Preprocessing. First, the algorithm removes jitter by applying a centered moving average filter on the
gesture points. Second, the starting and ending points are removed using a density-based clustering
algorithm that iteratively merges the first, resp. the last, points in the trajectory until a consistent movement
trajectory is identified. All the points in the detected clusters are removed as noise. Performing noise
removal avoids inaccuracies in the gesture tracking, and from subtle, unconscious hand movements. After
noise removal, the gestures are normalized by unit scaling and centered so that their centroid is at (0, 0).

(2) Gesture Representation. An adaptive segmentation identifies peaks in the gesture curvature as a unified
measure for detecting changes in speed and direction. Any segmented gesture is divided into sub-strokes.
For example, a uni-stroke rectangle is segmented in four strokes, one for each side.

(3) Classification. The sub-strokes of a candidate are compared against those of templates. Due to the
variations in articulation, two segmentations of the same class can differ from one template to another. To
ensure high recognition, an accumulative matching is considered where subsequent strokes are merged if
they produce higher similarity than the individual strokes alone. In this way, a rectangle composed of three
sub-strokes can still be matched against a rectangle composed of four sub-strokes. The similarity between
two gestures is based on Dynamic Time Warping (DTW) [61], but the metric to compute this distance is
not mentioned.

2.10.2 Properties. Gestimator is a 2D and 3D uni-stroke pen and hand gesture recognizer satisfying scaling- and
translation-invariances thanks to its preprocessing steps.

2.10.3 Performance. The recognizer was evaluated against the $1, Protractor, and SHARK2 recognizers on
three datasets: (1) the $1 dataset, (2) the EDS-1 dataset (18 uni-stroke gestures performed 20 times each by 14
participants), and (3) an “authentication” dataset (13 uni-stroke mid-air gestures performed 6 times each by 10
participants using a Microsoft Kinect, these gestures consist of 7 straight line segments and additional swirl
strokes that represent a sequence of seven digits on a virtual keyboard). In the user-dependent scenario, all the
algorithms achieved a high recognition rate on the simple pen gestures, but their performance decreased on the
authentication dataset, which contains complex and ambiguous gesture pairs. Gestimator had the best overall
performance, with a recognition rate of 98.15%, and the performance differences with the baseline methods were
statistically significant for all datasets. Gestimator was the slowest overall recognizer, reaching an execution time
of 82ms . Protractor was the fastest overall, reaching 28ms . In the user-independent scenario, the performance of
all algorithms suffered. Gestimator performed less accurately than SHARK2 when the templates from only one or
two users were available. However, Gestimator started to outperform its competitors when templates from three
or more users were available.

2.11 Penny Pincher (Taranta and LaViola, 2015)
Template-based approaches increase their recognition rate with the number of templates, at the cost of a higher
latency: the more templates, the more comparisons are required to output the N -best list of results. Penny
Pincher [62] is a 2D uni-stroke recognizer maintaining high accuracy within a time constraint. The algorithm
computes a between-point vectors distance instead of a between-point Euclidean distance. The computations
are reduced to mere additions and multiplications, avoiding expensive calls to geometric functions such as sine,
cosine, and matrix inversion. In [48], Pittman et al. suggest implementing prototype (template) selection instead
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of comparing the candidate to all stored templates, to further reduce the recognition time and the error rate of
Protractor, $N-Protractor, and Penny Pincher.

2.11.1 Algorithm. In order to evaluate more templates than other recognizers within the same execution time,
Penny Pincher avoids calling expensive functions, and rotation, scaling, and translation operations during the
preprocessing. The recognizer works as follows:
(1) Preprocessing. The candidate and the templates are resampled to N equidistant points: p0 . . .pN−1.
(2) Gesture representation. The resampled gestures are converted into a series of between-point vectors of

length N − 1: v = [p1 − p0,p2 − p1, . . . ,pN−1 − pN−2].
(3) Classification. The dissimilarity score of two gestures is computed as the sum of the angles between their

corresponding between-point vectors. Note that a perfect score is N − 1 because the normalized dot product
is 1 for identical vectors. Penny Pincher finds the template that maximizes the dissimilarity score with the
candidate and outputs an N -best list of results.

2.11.2 Properties. Penny Pincher is a 2D uni-stroke pen and finger gesture recognizer. Its between-point vector
approach is scaling- and translation-invariant. Like other recognizers, it is not rotation-invariant and the templates
should consider all relevant variations in angular displacement for a given gesture class.

2.11.3 Performance. Penny Pincher was tested against six datasets: $1-GDS, SIGN, EDS-1, EDS-2, $N-MMG,
and UJI (see their comparison in section 3.4). On a MacBook Pro with a 2.4GHz Intel Core i7 processor, 8GB of
1333MHz DDR3 memory, results were reported in a user-independent scenario in comparison to $1, $N, Protractor,
$N-Protractor, and 1¢ [25], a handwriting gesture recognizer1 that shares many similarities with the $-family.
Considered too slow for uni-stroke recognition, $P was not included. Penny Pincher reached equivalent or better
results than all considered recognizers on the uni-stroke datasets, i.e., $1-GDS, SIGN, EDS-1, and EDS-2. With
10 templates loaded, it achieved a recognition rate of 99.89% on EDS-1, 97.8% on SIGN, and 98.7% on $1-GDS.
With 9 templates loaded, it achieved a recognition rate of 99.89% on EDS-2. Penny Pincher did not perform
equally as multi-stroke recognizers for multi-stroke datasets (i.e., $N-MMG and UJI), yet it performed reasonably.
With 10 templates loaded, it achieved a recognition rate of 92% on MMG. UJI stands out as the most complex
dataset as its gestures are very similar and only 2 templates are available for each class. Penny Pincher achieved
a recognition rate of 58.47% on this dataset with 1 template loaded per gesture class, which is in line with $1 and
Protractor and better than $N and 1¢. In terms of execution speed, 1¢ was the fastest recognizer for comparing 2
gestures in 25ns , yet its recognition rate was well below the other recognizers for all 6 datasets. Penny Pincher
was also very fast, achieving each comparison in 33ns . Given a time constraint to process as many templates as
possible, Penny Pincher achieved considerably lower error rate than its predecessors, except for the MMG and
the UJI multi-stroke datasets. With this apparatus, Penny Pincher processed approximately 30.3 templates per
ms, whereas Protractor –considered as the second most accurate recognizer within the time constraint– was
limited to 5.7 templates per ms.

2.12 $P+ (Vatavu, 2017)
Touch-screen devices are less accessible to people with moderate to severe visual impairments, such as with
blurred vision, faded colors, and blind spots. People with low-vision face different issues than blind people,
primarily as they rely on their visual abilities during their everyday activities. Significant differences in gesture
articulation exist between people with low-vision and people without any visual impairment [71]. Since these
differences negatively influence the recognition rate of most recognizers (e.g., $1, $N, $P), $P+ [71] is a 2D
multi-stroke recognizer that extends $P and remedy these limitations.

1According to the exclusion criteria specified in section 3, this algorithm for handwriting recognition was not considered.
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2.12.1 Algorithm. $P+ brings two changes on how $P matches the cloud points of the candidate and the template:
(1) Preprocessing. Similarly to $P, the templates and the candidate are resampled to N equidistant points,

scaled uniformly, and translated so that their centroid is at (0, 0).
(2) Classification. $P’s matching algorithm is extended so that each point from the first cloud is matched

to its closest point in the second cloud, even if that closest point has already been matched before. The
weights (confidence score) bound to each match are now superfluous as every point from the first cloud
is free to use any point from the second cloud. The standard Euclidean distance, used as a dissimilarity
score between two points, now takes into account the difference in turning angles. Bending error measures
showed that these angular variations were important enough to discriminate two gestures. The difference
in turning angles is computed from three consecutive points to remain independent to stroke direction.
The angles are normalized in the interval [0..1].

2.12.2 Properties. $P+ is a 1D and 2D uni-stroke and multi-stroke finger gesture recognizer preserving $P’s
properties, i.e., scaling-, translation-, and articulation-invariance. The $P+’s cloud matching runs faster than its
predecessor, i.e., from O(N 2.5) to O(N 2) with N resampling points, as starting over the matching process with
different starting points is no longer needed.

2.12.3 Performance. $P+ was tested with a new dataset acquired with low-vision subjects. This dataset collected
2, 445 uni-stroke and multi-stroke samples for 12 gesture classes by 20 participants, among them were 10 with
various visual impairments, using a Samsung Galaxy Tab 4. Originally, $P was 12.1% less accurate for gestures
produced by low-vision users. $P+ reduced this gap to 1.2%. Indeed, $P+ reached a recognition rate of 94.7%
for low-vision users in a user-independent scenario. At its best, $P+ culminated to a recognition rate of 98.2%
with templates trained from 8 participants, each providing 8 templates per class. Even for users without visual
disturbances, $P+ proved to be more accurate than $P (98.3% vs. 95.6%). In terms of execution time, $P+ was 3
times faster than the original $P in the same scenario.

2.13 Jackknife (Taranta et al., 2017)
Most recognizers analyzed insofar focus solely on one application domain or one input device. General methods
that can be adapted to one or many input modalities have received little or no consideration. Moreover, many
experiments assume that recognizers are tested on already segmented gestures to avoid issues raised by continuous
data streams. Jackknife [64] is a general-purpose gesture recognizer exploiting a collection of recognition
techniques to handle various scenarios, including 2D stroke gesture recognition.

2.13.1 Algorithm. Jackknife is a multitool equipped with many functionalities. Dynamic Time Warping (DTW)
with the inner product of gesture path direction vectors defines a local cost function. Correction factors are
computed that inflate the scores of dissimilar gestures, synthetic gestures are generated for learning a rejection
criteria. These techniques are combined together as follows:
(1) Preprocessing. Jackknife does not require any preprocessing of candidate and template gestures.
(2) Gesture representation. The recognizer represents gestures as a set ®P of unit length direction vectors,

referred to as the gesture path direction vectors:

®P =

{(
®pi =

pi+1 − pi
|pi+1 − pi |

)
| ∀i ∈ {1, . . . ,n − 1}

}
(1)

(3) Classification. The similarity between a candidate and a template is computed by DTW, which allows
local warping of two time-series in order to find their best alignment.
• The most frequent local cost function associated to DTW remains the squared Euclidean distance over
z-score normalized sequences. Inspired by Penny Pincher, Jackknife uses the inner product of the gesture
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path direction vectors to measure their similarity. To avoid pathological warping (i.e., when a small part
of one sub-sequence is inappropriately mapped to a large portion of another), the classification algorithm
constraints the amount of warping allowed by 10% of the time series length.

• To prune templates that will obviously not match a query, Jackknife computes a lower bound score. The
lower bound can be used to avoid a full evaluation in two cases: when it is worse than a predetermined
rejection threshold or when a closermatch has already been found. By accessing both positive and negative
templates, the recognizer selects a rejection threshold that prevents and minimizes false-negative and
false-positive errors. Jackknife assumes that only a minimum number of positive templates are given, as
little as one or two per gesture class. Therefore, the algorithm must generate both positive and negative
samples. To create negative samples, positive ones are spliced together to create semi-nonsense, noise-like
sequences. To create additional positive samples, the gesture path stochastic resampling technique is
used (GPSR) [63]. The rejection threshold is determined after the separate scoring with DTW of the
synthetic positive and the synthetic negative samples against their seed samples.

• After the score is computed between the candidate and a template, three correction factors are applied
to inflate the score of dissimilar gestures. First, the inverse inner product of normalized feature vectors
is used. Intuitively, times series that are similar should score near one so that the DTW score inflation
is minimized. Then, the component-wise absolute distance traversed by a gesture is computed. After
normalization, this correction factor helps to ensure that the contributions to the gesture path for each
component of two different samples are similar in measure. Third, the bounding box extents of the
concatenated unnormalized direction vectors is calculated. This bounding box correction factor can be
useful in compensating for gestures that are mostly similar, except in span.

2.13.2 Properties. Jackknife is a modality-independent gesture recognizer able to classify 2D uni-stroke gestures
as well as 3D full-body, 3D hand gestures sampled with a Kinect, a Wii Remote, or a Leap Motion Controller. The
recognizer satisfies both scaling- and translation-invariances, but not rotation-invariance.

2.13.3 Performance. Jackknife was tested with various input modalities, such as pen, finger, Wii Remote, and
Kinect. In the following, we focus on the evaluation of Jackknife with stroke (pen and finger) gestures. The
recognizer was tested in a user-independent scenario on the $1 gesture set. When used as the local cost function,
the inner product with gesture path direction vectors yielded significantly higher accuracy than the traditional
Euclidean distance. Furthermore, Jackknife significantly outperformed $1 and $P in terms of recognition rate
with one or two templates. No comparison is given in terms of execution time.

2.14 G-Gene (Carcangiu and Spano, 2018)
The Engineering Interactive Computing Systems (EICS) community formally models gestures and their sub-parts,
paying less attention to the accuracy than the Machine Learning (ML) community, which aims to implement
highly accurate and robust to noise, suitable techniques for recognizing complex gestures. This formalization
counterpart is suitable for providing guidance to end-users in terms of feedback (i.e., to understand which gesture
parts have already been issued) and feedforward (i.e., to discover how to conclude the interaction). G-Gene [14]
is a stroke gesture recognizer that generates profiled Hidden Markov Models (HMMs) to establish a consensus
between two questions: exhibiting a reasonable recognition rate and modelling gesture sub-parts. DEICTIC [15]
and DG3 [19] are follow-up works of G-Gene, which achieve similar accuracy in offline recognition, i.e., while
the user is performing the gesture at run-time.

2.14.1 Algorithm. Instead of welcoming raw gesture samples as input for training, G-Gene is trained upon the
formal model of each gesture class.
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(1) Preprocessing. First, a UI designer defines a set of simplified expressions to establish the ideal path of the
strokes composing a gesture.

(2) Gesture representation. Each gesture is formalized as a set of strings that define its relevant articulations.
Three expression literals are used for describing gesture paths:
• A Point defines the starting position of a stroke through its x and y coordinates, denoted as P(x,y).
• A Line describes a linear movement from the last stroke position in △x , △y direction, denoted as L(△x, △y).
• An Arc represents a curve movement from the last stroke position in △x , △y direction. The movement
follows a clockwise or a counter-clockwise rotation, respectively denoted asA⟳(△x, △y) andA⟲(△x, △y).

G-Gene derives the target profiles of a gesture class from the ideal expressions provided by the designer.
A target profile consists of a sequence of characters, each of them modelling a specific gesture sub-part
according to its local features. Three character types are taken into account during the derivation process:
• Each term of type Line is associated to the closest compass direction in the compass (e.g., N=North). Each
direction is denoted by its corresponding arrow character (e.g., ↑ for North).

• Each term of type Arc is associated to a rotation direction, either clockwise or counter-clockwise,
respectively denoted by the⟳ and⟲ characters.

• Each term of type Point is linked to the boundary point between 2 stroke sub-parts, by the · character.
The derivation process consists of two phases. First, each ground term of the ideal gesture expression is
associated to its corresponding character. The result is a single profile string that represents the ideal stroke
performance in G-Gene. Second, the process generates a set of all possible mutated profile strings from the
ideal profile and the designer selects the changes that preserve the gesture shape. In the end, each gesture
expression is associated with a set of profile strings that represent all relevant gesture articulations.

(3) Classification. At run-time, G-Gene incrementally builds the representation of the candidate: while the
user is issuing a gesture, lines and arcs are distinguished by a colinearity test and a character is generated
each time this test changes the result. The recognition problem is now restricted to finding the most
similar gesture string among the trained profiles. Profiled HMMs determine the alignment between 2
string representations, finding the most likely correspondence between their characters, and they support
identifying which parts of a gesture have been recognized (i.e., feedback) and which parts are the most
likely completion of the input (i.e., feedforward).

2.14.2 Properties. G-Gene is a 2D uni-stroke pen gesture recognizer trained not by templates, but by gesture formal
expressions. By exploiting local features, feedback and feedforward are supported, including eager recognition
as the end user is issuing the gesture. The generated profiled HMMs are locally scaling-invariant since their
definitions rely on the ideal movement direction and not on its size. They also satisfy translation-invariance, but
not rotation-invariance.

2.14.3 Performance. G-Gene was tested on the $1 dataset. Each gesture class was modeled using profile sequences,
apart from the checkmark symbol (✓) which is indistinguishable from the letter “V” because the algorithm
is locally scale-invariant. The overall accuracy of G-Gene is 88.2%, which is below the results reported in the
literature for the same dataset: $1 (97.1%), $P (96.6%), Protractor (95.5%), and $N (95.2%). Two groups of gestures
are separated depending on their recognition rate: gestures benefiting from a very high recognition rate (e.g.,
letter “X”, rectangle, delete) and gestures varying between 70% and 85% (e.g., left square bracket, pigtail, circle).

2.15 $Q (Vatavu et al., 2018)
In recent years, small electronic devices such as smart rings, watches, phones, and other embedded or wearable
systems are proliferating, yet being considered as “low-resource devices”, meaning they have lower processing
power and smaller memory than laptops and desktops. Therefore, $P becomes very expensive for these devices
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because of its quadratic order complexity. After looking at several methods to reduce $P’s execution time, code
optimization techniques accessible to any programmer are not sufficient for these devices [74]:
(1) During the matching of a candidate and a template, the algorithm does not loop anymore through all the

points of the second cloud of points, but enumerates only the points that have not been matched yet.
(2) During the same matching process, the square root of the Euclidean distance represents a computational

overhead, yet only the relative order of distances is needed and not their absolute magnitudes. Therefore,
the square Euclidean distance is now used to assess the dissimilarity between two points.

(3) Dividing all the weights by N , the number of sampling points, also represents unnecessary computations
that are now removed.

Although speed-ups implied by these code optimizations are observable, this optimized-$P is still far from offering
a real-time response. $Q [74] incorporates new algorithmic techniques to further reduce the $P computations,
thus enabling real-time stroke gesture recognition for low-resource devices.

2.15.1 Algorithm. $Q reduces the candidate’s classification time of the optimized-$P with new techniques:
(1) Preprocessing. Like for $P, the templates and the candidate are resampled to N equidistantly-spaced

points, scaled uniformly, and translated so that their centroid is at (0, 0). Then, the gesture points are
converted into a “look-up table” (LUT), a 2D grid of equally-spaced points computed once for each template.
The LUT implements a look-up point-matching technique that searches for the closest point in O(1) time
and a lower bound in O(N ) at classification time. Empirical evidence showed that a grid of 64 × 64 point
delivered a good compromise between extra memory demands and accuracy.

(2) Classification. $Q builds upon the optimized-$P’s cloud matching procedure. As soon as the minimum
score cannot be improved by the two clouds, $Q implements early abandoning and avoids unnecessary
comparisons during the cloud-matching process. Valuable execution time can be saved by calling the cloud
distance function only on-demand. For this purpose, $Q implements lower bounding: given two clouds of
points, if their lower bound exceeds the minimum score computed so far, then their dissimilarity should
no longer be computed since its value cannot be inferior to this lower bound. For each pair of clouds, $Q
computes multiple lower bounds, one for each starting points. The look-up point-matching technique is
finally operated: given a template’s point, the candidate’s look-up table returns the closest candidate’s point
in O(1), thus benefiting from a lower bound in O(N ) for each template cloud and the candidate.

2.15.2 Properties. $Q is a 1D and 2D uni-stroke and multi-stroke pen gesture recognizer specifically tailored to
low-resource devices, reducing by >97% the computations needed by $P during the cloud-matching process. The
algorithm still preserves scaling-, translation- and articulation-invariances, and remains rotation-variant.

2.15.3 Performance. $Q was tested on the $N-MMG dataset acquired for $N (9, 596 samples of 16 uni-stroke
and multi-stroke gesture classes, acquired by 20 participants using a stylus or a finger on a tablet PC device).
To assess its performance on low-resource devices, $Q was tested on 6 distinct CPU architectures ranging from
high-end to low-power, low-area profiles. To reach a recognition rate of > 99% in a user-independent scenario,
$P needed about 6s on the fastest CPU (Cortex-A53), more than 8s on the Cortex-A9 and the Cortex-A7, and
about 12s on the low-end CPU (Cortex-A5). The optimized-$P considerably saved time: 45% on average and 54.8%
for the fastest CPU (Cortex-A53). This optimized version ran the most demanding scenario in 2, 713ms instead
of the 5, 838ms required by the original $P. Yet, $Q completed in 82ms only, achieving massive time savings.
The recognition rate increased from 98% to 98.7% on average for the user-dependent training, and from 95.7%
to 96.7% for the user-independent training. On a very low-end CPU, like the ARM-1136, $P completed a single
classification in 115.3ms with 64 templates loaded. However, $Q took less than one second (813ms) to produce
the same classification. On the most powerful CPU, i.e., Cortex-A53, $Q showed a 49× speed-up. On the less
powerful one, i.e., ARM-1136, it showed a 142× speed-up.
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2.16 !FTL (Vanderdonckt et al., 2018)
Most Nearest-Neighbor Classifiers (NCC) [22] require normalizing gestures before classifying any candidate.
Normalization can imply resampling, scaling, translation, and rotation. To avoid this preprocessing, !FTL [67]
introduces a dissimilarity metric called the “Local Shape Distance” (LSD) computed between two shapes (or
bivectors), a shape [43] being referred to as a pair of vectors (a bivector) connecting three consecutive points
of a stroke to form an oriented triangle. The LSD mathematically preserves rotation-, scaling-, and translation-
invariances.

2.16.1 Algorithm. The !FTL recognizer works as follow:

(1) Preprocessing. If necessary, the raw gesture points are linearly interpolated such that the algorithm keeps
N interpolated points per gesture sample.

(2) Classification. The candidate’s interpolated points are compared to all templates’ interpolated points
via a sequential matching. The dissimilarity score between two gestures is given by the sum of their
between-bivector LSDs. Given a candidate’s interpolated points c0, . . . , cN and a template’s interpolated
points t0, . . . , tN , the LSD between a candidate’s bivector (−→a ,

−→
b ) = (

−−−−→ci−1ci ,
−−−−→cici+1) and a template’s bivector

(
−→u ,−→v ) = (

−−−→
ti−1ti ,

−−−→
titi+1) is given by the formula:

LSD(®a, ®b, ®u, ®v) =

√√
| ®a |2 | ®v |2 + | ®b |2 | ®u |2 − 2

[
(®a · ®b)(®u · ®v) − (®a · ®v)(®b · ®u) + (®a · ®u)(®b · ®v)

]
| ®b |2 | ®v |2

(2)

The template closest to the candidate in terms of the sum of their between-bivector LSDs is returned.

2.16.2 Properties. !FTL is a 2D uni-stroke gesture recognizer satisfying rotation-, scale-, translation-invariances
after the interpolation of raw gesture points. !FTL is intrinsically not multi-stroke as articulation-invariance is
not fulfilled: points are matched in their order of appearance. !NFTL executes two times the !FTL recognizer, one
in each direction, thus doubling the execution time while slightly improving the recognition rate.

2.16.3 Performance. !FTL was tested against $1 and $P on the NicIcon dataset [81], which consists of 13 uni-
and multi-stroke gesture classes performed 30 times each on average by 35 participants, thus totalling 14,005
templates acquired with a pen. The algorithm was evaluated with two metrics: the local shape distance (LSD) and
the normalized local shape distance (NLSD), a version independent on the lengths of the vectors representing
gestures. An 13-inch Apple MacBook running a Intel Core i5 2.9GHz processor was used to perform the evaluation
in a user-dependent scenario. The algorithms were trained with 29 templates per class and tested with 1 candidate
for each gesture class. No significant difference was found for recognition rate between !FTL-LSD, !FTL-NLSD,
and $P, and a small significant difference with $1. There was a significant difference though in execution times
between all recognizers: !FTL-NLSD was faster than !FTL-LSD, which was in turn faster than $1, itself faster than
$P. Indeed, the algorithm runs in O(N ), comparing all N points in order of their appearance.

3 COMPARATIVE ANALYSIS
The analyzed recognizers fall into two categories when classifying a candidate: they either adopt a feature-based
approach or a template-based approach. Both techniques use multiple metrics to determine the similarity between
a candidate and the templates [73]. The accuracy of each recognizer was evaluated by the mean of the recognition
rate in different conditions, with specific or more general gesture sets, along with different modalities of input, or
input devices, and various users. Some algorithms appear sensitive or not to one or multiple invariance properties.
In this section, we conduct a comparative analysis of the differences and similarities of the described recognizers.
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Table 1. Comparison according to the classification models, matching algorithms, and dissimilarity metrics.

Recognizer Model Matching algorithm Dissimilarity metric

GRANDMA Parametric Sequential Feature-based linear evaluation
xstroke Parametric Sequential String-based comparison
SHARK NNC Elastic Sum of the between-point Euclidean distances
SHARK2 NNC Elastic Sum of the between-point Euclidean distances
$1 NNC Sequential Sum of the between-point Euclidean distances
Protractor NNC Sequential Between-vector inner cosine distance
$N NNC Sequential Sum of the between-point Euclidean distances
$P NNC Cloud Sum of the between-point Euclidean distances
Gestimator NNC DTW – (Not reported)
SED-NE NNC Sequential Between-vector squared Euclidean distance
Penny Pincher NNC Sequential Sum of the between-vector angles
$P+ NNC Cloud Sum of the between-point extended Euclidean distances
Jackknife NNC DTW Between-vector inner product
G-Gene Parametric HMM Feature-based evaluation
$Q NNC Cloud Sum of the between-point Euclidean distances
!FTL NNC Sequential Sum of the between-bivector local shape distances

3.1 Classification Techniques
Researchers have used multiple template-matching approaches to recognize 2D stroke gestures. Many recognizers
started classifying gestures with the help of heavy machine learning techniques [17], such as Support Vector
Machines (SVMs), Hidden Markov Models (HMMs), Conditional Random Fields (CRFs), decision trees, and
Random Forests (RFs), because they are ubiquitous for handwriting and sketch recognition. These techniques
are highly accurate, robust to noise, therefore suitable for recognizing complex gestures. Nevertheless, they are
inappropriate for gesture customization and rapid prototyping of gesture-based UIs. They require a significant
number of templates per class to be efficiently trained. Since end users are unwilling to provide more than a
few templates per gesture, this procedure becomes tedious and could be replaced by synthetically-produced
gestures [39]. They require calibration, training, and fine-tuning, an advanced knowledge in machine learning
rarely possessed by practitioners. Table 1 classifies approaches that have emerged for the aforementioned 2D
stroke gesture recognizers.

3.1.1 Parametric approach (feature-based). Classifying stroke gestures is intrinsically less complex than recog-
nizing free handwriting. Rubine [56] paved the way for simple gesture recognition by extracting a vector of 13
features for each candidate and template. An inductive learning method then derives a single model for each
gesture class in the training set. Any candidate must therefore fit the parametric model of a gesture class to be
classified in this class. For these reasons, the Rubine recognizer has been extensively used in many projects and
applications, is referenced in dozens of patents, has been extended with more features to improve its recognition
rate [12], and generalized to 3D stroke gestures [59]. xstroke [86] is another parametric recognizer: a sequence of
features (digits) for each gesture is generated on a first grid; and the location of a candidate on the touch-sensitive
screen is differentiated on a second grid. G-Gene [14] is a third parametric recognizer which combines the
precision of machine learning and the simplicity of gesture formalization: Hidden Markov Models (HMMs) map a
sequence of observations into a corresponding sequence of features (labels). This corresponding sequence, or
profile string, is extracted from the template for training. An outstanding advantage of the parametric approach
is that the size of the training set increases the training time required to extract the models, and hopefully its
recognition rate, but keep the recognition time constant: a candidate either fits the model or not.
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3.1.2 Nearest-Neighbour Classification (template-based). The members of the $-family, i.e., $1, $N, $P, $P+, and
$Q, employ another classification method. A candidate gesture is first preprocessed to avoid ambiguities due
to sampling, scaling, position, and rotation. Then, the candidate is compared to all templates to retain the best
matching template. This template-based approach does not require any inductive learning, but uses a Nearest-
Neighbor Classification (NNC) [22] to measure the (dis)similarity between two gestures. The gesture class of the
closest template, i.e., the one that minimizes or maximizes the distance score, is the best match for the candidate
and is output by the classifier. The score, usually expressed as a normalized value or a percentage, expresses
how confident the classification is. In contrast with parametric recognizers, both the recognition rate and the
execution time of a NNC recognizer are expected to increase as the training set grows since the candidate must
be compared to more templates.

The $-family and !(N)FTL [67] calculate the distance between two gestures by a sequential or a cloud matching.
Sequential matching consists of matching the points in order of their appearance, while the cloud matching
ignores this order and considers that a point from the first cloud can be matched to any point from the second
cloud. SHARK [89] and SHARK2[35] use an optionally nonlinear matching called elastic matching, an optimization
problem with respect to a linear or nonlinear point-to-point mapping, called 2D warping [65]. Jackknife [64]
and Gestimator [88] also adhere to the template-based approach by matching two templates via Dynamic Time
Warping (DTW), a generic technique for matching time series data by computing the optimum chronological
alignment between two series using dynamic programming and local warping of the time series [20, 64].

3.1.3 Metrics. Almost half the recognizers (6/16 ) compute the sum of the between-point Euclidean distances
to measure the dissimilarity of two gestures. Three algorithms convert gestures into vectors and compute a
between-vector score instead: Protractor calculates a between-vector inverse cosine distance, whereas Jackknife
prefers a between-vector inner product, and SED-NE the between-vector squared Euclidean distance (i.e., the
square root of the Euclidean distance is not computed). Penny Pincher represents each gesture as an ordered set
of vectors, then computes the sum of the between-vector angles of two gestures. Finally, !FTL converts gestures
into a series of bivectors and measure the dissimilarity between two series of bivectors by calculating the sum of
their between-bivector Local Shape Distances. The similarity metric used by Gestimator was not mentioned by
its authors. Some studies [66, 68] compared metrics to identify their impact on recognition rate and time.

3.2 Modalities of input
Gestures largely vary in the ways they are performed by end-users and sampled by sensors or input devices.
A modality of input defines a language that can be used to interact with a computer system through one of its
sensor, e.g., touch, mid-air, and whole-body gestures are three possible modalities of input. This language can be
influenced by multiple factors, such as the channel used for sampling gestures, a touch-sensitive surface in our
case, or the intermediary used for touching the surface, most frequently a pen or a finger as shown by Table 2.
This survey focuses on 2D stroke gesture recognizers, which are primarily aimed at recognizing touch-based
gestures, not touch-less gestures. Beyond their ability to recognize 2D gestures, some recognizers also cover 1D
and/or 3D gestures, such as Jackknife and Gestimator.

The algorithms were mainly developed for touch gestures as 15 out of 16 algorithms were evaluated with pen
and/or finger gestures performed on a touch-sensitive screen. All recognizers are limited to uni-touch gestures,
but some have been extended to multi-touch recognition. For example, $P was also tested on a multi-touch
dataset [54], thus leading to several key improvements to produce an accurate multi-touch recognizer. GRANDMA
has taken into account mouse gestures, while Gestimator and Jackknife expanded their evaluation to hand and
full-body gestures performed in front of a Leap Motion Controller and a Microsoft Kinect. $1, as well as SED-NE
and Gestimator, cannot classify 1D gestures such as horizontal and vertical lines (which are useful to determine
flicks, swipes, and straight lines), as they share $1’s preprocessing, which abuses 1D gestures by non-uniform
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Table 2. Comparison according to the dimensionality, stroke type, and modalities of input.

Recognizer 1D 2D 3D Multi-stroke Tested with . . . gestures

GRANDMA Mouse
xstroke Pen
SHARK Pen
SHARK2 Pen
$1 Pen
Protractor Pen; Finger
$N Pen
$P Pen
SED-NE Pen
Gestimator Pen; Hand
Penny Pincher Pen; Finger
$P+ Finger
Jackknife Pen; Hand; Full-Body
G-Gene Pen
$Q Pen
!FTL Pen

scaling. $N, $P, $P+, and $Q remedy this limitation by implementing a uniform scaling. Jackknife and Gestimator
were tested with 2D and 3D stroke gesture recognizers.

3.3 Evaluation
Two scenarios, denoted as “user-dependent” and “user-independent”, are promoted for evaluating gesture recog-
nizers. The former consists of training and testing the recognizers with gestures performed by the same user. The
latter consists of training the recognizers with gestures performed by one or multiple users, and testing with
gestures performed by an independent user. The evaluation protocol is consistently conducted:
(1) A set of T templates are used for training the recognizer.
(2) One (independent) gesture sample per gesture class is picked for testing the algorithm. All samples are

chosen among those that have not been used before as templates for training. In a user-dependent scenario,
the candidates are chosen among the gestures performed by the same participant for training the algorithm.
In the user-independent scenario, they are chosen among P independent participants.

(3) This two-step process is repeated R times for each level of P and T . The results are averaged to measure
the recognition rate expressed in percentage [%] and the recognition time expressed in milliseconds [ms].

Table 3 depicts the scenarios in which the aforementioned recognizers were evaluated, as well as the number of
templates (T ) and participants (P ) used to train these recognizers. SHARK and SHARK2 were evaluated only for
their abilities to discover and learn easily shorthand gestures when writing with a virtual keyboard, and to write
as many words per minute as possible with shorthand gestures. Even if this evaluation scheme is considered
as user-independent (i.e., the candidates are tested against ideal templates generated by an algorithm for each
word on the virtual keyboard), their recognition rates and execution times stand unreported. GRANDMA and
xstroke were exclusively tested in a user-dependent scenario because their datasets were limited to gesture
samples performed by their respective author. $P, $P+, and $Q were evaluated in both the user-dependent and
the user-independent scenarios with T= [1, 2, 4, 8] templates in the user-dependent scenario, and T= [1, 2, 4, 8]
templates per participant from P= [1, 2, 4, 8] participants in the user-independent scenario. SED-NE and Jackknife

ACM Comput. Surv., Vol. 54, No. 7, Article 155. Publication date: July 2021.



Two-dimensional Stroke Gesture Recognition: a Survey • 155:23

Table 3. Comparison according to the evaluation scenarios, and their template and participant counts.

Recognizer User-dependent User-independent Templates (T) Participants (P)

GRANDMA 1..99 1
xstroke ? 1
SHARK 0 1
SHARK2 0 1
$1 1..9 1
Protractor 1..9 1
$N 1..15 1
$P 1..9 1..19
SED-NE 1..9 9
Gestimator 1..5 1..5
Penny Pincher 1..10 1..60
$P+ 1, 2, 4, 8 1, 2, 4, 8
Jackknife 1, 2 9
G-Gene 1 1
$Q 1, 2, 4, 8 1, 2, 4, 8
!FTL 29 1

were trained with templates from all participants, except one (independent) participant used for testing. Penny
Pincher was simultaneously evaluated in the user-dependent and user-independent scenarios: the recognizer was
trained with T= [1..10] templates per class performed by all participants of the same dataset, then one sample
per class was chosen to be the candidate among the samples that had not been chosen for training. Moreover,
Penny Pincher was evaluated in a cost-effective condition: given a time constraint (from 0µs to 100µs), the
recognizer was allowed to process as many templates as possible within the given boundary before testing a
candidate sample from an independent participant. Gestimator was evaluated in the user-independent scenario
with T= [1..5] templates from P= [1..5] participants. !FTL was evaluated in a user-dependent scenario with 29
training samples per gesture class, a relatively large number of templates compared to its predecessors. In this
condition, the algorithm proved highly accurate for multi-stroke gestures, although articulation-invariance is
not satisfied, since almost all possible articulations for a multi-stroke were covered by the 29 templates. The
evaluation procedure applied to the G-Gene algorithm is particular since it cannot be trained by gesture samples
performed by end-users. Instead, G-Gene used the profile sequence entered by the designer for each gesture class
(one template, one participant) for training its profile HMMs.

3.4 Datasets
Evaluating a recognizer requires the acquisition of a dataset, from which the evaluator can pick a training and a
testing set. A set suited for evaluation should contain at least two templates for each class, one for training and
one for testing. Table 4 illustrates the different datasets acquired and used for evaluating the analyzed recognizers.
The 3D full-body and hand gesture sets acquired to evaluate Jackknife and Gestimator are considered out of scope.
The $N-MMG gesture set was defined in $N [3], but was acquired later for evaluating $N-Protractor [4]. More than
half the datasets ( 1117=65%) were acquired with a digital pen. Others include the participant’s finger, usually the
index, or a computer mouse. $N-MMG consists of both pen and finger gestures as half the participants performed
pen gestures and the other half performed finger gestures. The $1 and $N-MMG’s participants performed 10
templates per class at three speeds (i.e., slow, medium, and fast), allowing to measure the impact of speed on
recognition accuracy.
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Table 4. Datasets.

Dataset Multi-stroke Modality Classes Templates/class Participants Samples Used

GScore Mouse 30 100 1 1, 000 1
Coleman Mouse 11 100 1 1, 100 1
Digits Mouse 10 100 1 1, 000 1
Letters Mouse 26 100 1 2, 600 1
xstroke Pen 82 ? 1 ? 1
SHARK Pen 100 1 1 100 1
SHARK2 Pen 7,777 1 1 7,777 1
$1 Pen 16 30 10 4, 800 9
Protractor Finger 26 4-5 100 10, 888 1
$N-Algebra Pen 20 ≥9 40 15, 309 1
$N-MMG Pen; Finger 16 10 20 3, 200 4
SIGN Pen 17 25 20 8, 500 1
EDS-1 Pen 18 20 14 5, 040 1
EDS-2 Pen 11 20 11 4, 400 1
UJI Pen 98 2 60 11, 640 1
$P+ Finger 12 10 20 2, 400 1
NicIcon Pen 14 ≥30 33 14, 005 1

The datasets also feature a wide range of gesture classes, number of templates per gesture class, and number
of participants. If GScore, Coleman, Digits, Letters, xstroke include samples from only one participant, their
respective author, others gather samples from multiple subjects and support user-independent testing. SHARK
and SHARK2 also support user-independent testing since the training example for each gesture class is a synthetic
ideal template on the virtual keyboard. Finally, some datasets have been used much more frequently: $1 stands as
the reference set for evaluating uni-stroke recognition and $N-MMG, for evaluating multi-stroke recognition.
Penny Pincher is the recognizer that has been tested with the widest range of gesture sets, four, among which
three are uni-stroke and one is multi-stroke.

3.5 Gesture Sets
A gesture set defines all possible gesture classes contained in a dataset. Researchers have used multiple gesture
classes for evaluating their algorithms, which we can split into seven categories:
(1) Latin alphabet letters (i.e., a-z, A-Z) and punctuation marks (e.g., exclamation and interrogation points);
(2) Digits (i.e., 0-9);
(3) Geometric shapes (e.g., squares, rectangles, triangles, stars);
(4) Symbols (e.g., mathematical operators, highly-symbolic and/or iconic paths);
(5) Patterns (e.g., undefined paths);
(6) Horizontal, vertical and curved lines;
(7) 1D points (e.g., simple tap, double tap).

Table 5 enumerates and categorizes the gesture classes for the datasets listed in table 4. Their gesture sets mainly
consist of letters, punctuation marks, geometric shapes, and symbols. SHARK and SHARK2 consider the ideal
template of 100 words, resp., 7, 777, on a virtual keyboard, which we consider as patterns since they merely join
the letters of each word on the keyboard. The GScore and the xstroke sets are the only ones considering 1D points,
yet no set covers the seven categories together. The xstroke set is unique in that multiple variations coexist for
a same class. For example, the “a” letter can be articulated as a cursive letter and as a ∧ symbol. We did not
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Table 5. Gesture sets.

Dataset Gesture classes Letters Digits Shapes Symbols Patterns Lines Points

GScore 30 9 – 2 2 10 4 1
Coleman 11 – – – 2 3 6 –
Digits 10 – 10 – – – – –
Letters 26 26 – – – – – –
xstroke 82 46 9 – 11 10 5 2
SHARK 100 – – – – 100 – –
SHARK2 7, 777 – – – – 7, 777 – –
$1 16 3 – 4 8 – 1 –
Protractor 26 26 – – – – – –
$N–Algebra 20 5 10 – 5 – – –
$N–MMG 16 8 – 2 4 – 2 –
SIGN 17 2 – 2 6 – 7 –
EDS–1 18 3 3 3 9 – – –
EDS–2 20 – – – – – – –
UJI 97 88 10 – – – – –
$P+ 12 5 – 3 4 – – –
NicIcon 14 – – – 14 – – –

Table 6. Comparison according to the properties of invariance.

Recognizer Sampling Scaling Translation Rotation Articulation On-the-fly Guidance

GRANDMA
xstroke on-demand
SHARK
SHARK2 partially
$1
Protractor on-demand
$N on-demand
$P
SED-NE
Gestimator
Penny Pincher
$P+
Jackknife
G-Gene locally
$Q
!FTL

consider the variations in our count, but only the gesture classes (e.g., the letter “a” counts for one gesture despite
that xstroke considers two possible distinct paths). Finally, the NicIcon set includes only simplified highly-iconic
symbols used in emergency systems (e.g., fire, gas, flood).
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3.6 Properties
End users produce gestures in lots of different ways: each gesture can be sampled, rotated, scaled, or located
differently. To mitigate these effects, some recognizers are invariant to Articulation, Rotation, Scaling, and
Translation (ARST-invariant). Table 6 shows the properties satisfied by the recognizers. Obviously, all 2D stroke
gesture recognizers are sampling-invariant, thus tolerating the variations induced by the hardware (e.g., some
pointers face physical limitations) and the software (e.g., applications unequally share computer resources
depending on the operating system). In practice, most recognizers start preprocessing templates and candidates
with an equidistant resampling (isometricity) or a linear interpolation to avoid the variations due to the sampling
device. Sampling by establishing a same time interval between points (isochronic resampling [67]) was not tested.
An articulation-invariant recognizer classifies a gesture independently from its number of strokes, their

drawn order, and their direction. All uni-stroke recognizers are articulation-variant as they do not support
the simultaneous classification of multiple strokes. Multi-stroke recognizers from the $-family are the only
articulation-invariant classifiers: $P, $P+, and $Q implement cloud matching and $N generates all uni-stroke
permutations of a multi-stroke to satisfy this property. !FTL is sensitive to order and direction and !NFTL is
direction-invariant. Although Gestimator breaks down the gesture articulation into sub-strokes, its sequential
matching using DTW does not tolerate variations in order and direction of the strokes.
Except GRANDMA, the recognizers are also scaling-invariant: they classify gestures independently of their

scale. Scaling-invariance should not be confused with size-invariance. In the former case, two rectangles are
considered similar if they respect the same ratio in width and in length. In the latter case, two rectangles are
considered dissimilar if they differ in width and/or in length. Notice that G-Gene ensures local scale-invariance
(i.e., at the stroke level) because it uses local features to represent each stroke.

Translation-invariance, sometimes also referred to as position-invariance, means that a gesture’s position on
any interactive surface does not influence its recognition or that translation does not influence the process.
SHARK, SHARK2, and xstroke are translation-variant classifiers: the position of a shorthand gesture on top of a
virtual keyboard is a fundamental concept for SHARK, and xstroke considers that translation-variant gestures
enable using the same gesture for multiple tasks, depending of their position on the surface.
Gestures can be rotated significantly from one user to another depending on the context of use: our writing

styles naturally invite us to draw gestures with different slants, we use mobile and handheld devices in different
orientations due to the physical arrangement of our human shoulders and arms, or our individual preferences,
and some surfaces, like circular tabletops, should support any angle. Therefore, strokes differ in orientation and
uncorrected slant can lead to misrecognition. Few recognizers are rotation-invariant, most of them augmenting
their execution time to find the optimal angular alignment between two gestures. However, !FTL satisfies rotation-
, scaling-, and translation-invariance because it uses the Local Shape Distance (LSD), a metric that describes
the dissimilarity between two bivectors, remaining insensitive to any change of these properties, without any
preprocessing.

4 DISCUSSION
Based on the similarities and differences between recognizers highlighted in the previous section, we provide
a decision table for UI prototypers, designers, and researchers who wish to pick the right recognizer for their
gesture-based UIs, then we discuss and summarize the domain’s next points of interest: how stroke recognition
could be extended to new horizons and how to improve the evaluation of actual and future recognizers.

4.1 Decision Table for UI Prototypers, Designers, and Researchers
In section 3, we highlighted differences between recognizers in terms of stroke counts (i.e., uni- and multi-strokes),
properties (i.e., sampling-, articulation-, rotation-, translation-, and scaling-invariance), modalities (i.e. mouse,
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Table 7. Decision table for UI prototypers, designers, and researchers. The recognizers are highlighted in red when they
require training with user-dependent samples, in green when they proved accurate when trained with user-independent
samples, and in blue when the designer must input the formal definition of all gesture classes instead of providing samples.

Strokes Invariant to... Modalities Recognizers

Uni-

Sampling, Translation Mouse GRANDMA

Sampling, Scaling, Translation Pen
xstroke,SHARK(2),
SED-NE, Gestimator,
Jackknife

Pen, Finger Penny Pincher

Sampling, Scaling, Translation, Rotation Pen $1, Protractor, !FTL

Multi- Sampling, Scaling, Translation, Articulation Pen $P+, G-Gene

Pen, Finger $P, $Q

Sampling, Scaling, Translation, Rotation, Articulation Pen $N

pen, and finger), and evaluation (i.e., user-dependent vs. user-independent testing). Table 7 suggests a decision
table for UI prototypers, designers, and researchers for choosing the right recognizer according to these four
criteria. Based on one’s gesture set, the table consists of answering the following questions:

• Does the gesture set contain uni-strokes or multi-strokes ?
• What properties of invariance are required for differentiating all gesture classes ?
• Are the end-users supposed to interact with a mouse, a pen, and/or a finger ?
• Do I have available subjects to acquire training samples ? If not, favour user-dependent recognizers.
• Finally, if end-users may use low-resource devices for interacting with your gesture-based UI, favour Penny
Pincher and $Q, which are known to perform well with limited processing power and computational time.

4.2 Comparative Testing
The decision table reveals only the experimental conditions in which the recognizers have proven accurate. For
example, Jackknife was tested with uni-strokes, but not with multi-strokes, and none can say whether or not it
is also accurate with multi-strokes. Moreover, the heterogeneity of the experimental conditions under which
the recognizers were tested does not allow them to be compared with each other on the same basis. Indeed,
we cannot determine if another algorithm is more performant when one recognizer only is tested on a dataset.
For this purpose, a comparative testing of all recognizers should be performed for evaluating their benefits
and shortcomings based on predefined sets of datasets, criteria, and contextual variables (e.g., how recognizers
behave with other stroke counts and modalities (i.e., uni- and multi-strokes from mouse, pen, and finger), other
touch-sensitive devices (i.e., smartphones, smartwatches), and in both user-dependent and user-independent
scenarios (e.g., one can evaluate $1 in a user-independent scenario to investigate its accuracy in this condition)).

4.3 Evaluation Scenarios
Researchers and practitioners aspire to assess recognition accuracy in additional contexts of use. The $1 and
$N-MMG datasets include, for each gesture class and each participant, samples performed at three different
speeds, i.e., slow, medium, and fast, opening up the possibility to evaluate the impact of speed on recognition
accuracy, i.e., to assess if stroke recognizers are speed-(in)dependent. Vatavu et al. [75] investigate the impact of
low-vision on touch gesture articulation, collecting gestures from users with and without visual impairments (e.g.,
blurred vision, blind spots). This particular dataset enables evaluating the impact of low-vision on recognition
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accuracy. Ultimately, all datasets including two or more distinct criteria during gesture collection are subject to
extend the evaluation scenarios and investigate the impact of these criteria on recognition accuracy. For example,
researchers and practitioners can assess the influence of some input device (e.g. smartphone vs. tablet), speed (e.g.,
slow, medium, fast), user type (e.g. low-vision vs. full-vision users), and modality (e.g., mouse, pen, finger) based
on existing and new datasets acquired for the purpose. In these conditions, a first criteria-independent evaluation
would consist of training with gestures performed according to a first criteria (e.g., with a smartphone), and
testing with gestures performed according to a second criteria (e.g., with a tablet). A second criteria-independent
evaluation would consist of training with gestures performed according to a first criteria, and testing with gestures
performed according to two or more independent criteria (e.g., with a smartphone, a tablet, and a smartwatch).

4.4 User-Defined Gesture Sets
Most devices or sensors are shipped with their own set of system-defined gestures. For instance, Logbar’s Ring
Zero device comes with a simple set of five system-defined gestures, such as swipes and checkmark. Similarly,
some operating systems or toolkits impose their own set of system-defined gestures, which could be appreciated
with various degrees by end-users. Designers with little or no experience in gesture-based UIs could also suggest
designer-defined gestures that are challenging to classify by recognizers and/or difficult to remember by end-users.
Involving the end-user in the process of creating both easy-to-discover and easy-to-learn gesture sets has been
proved as positively impacting the overall usability [45]. For example, researchers have conducted a wide set of
Gesture Elicitation Studies (GES) for many different types of modalities (e.g., pen, finger, mid-air, and whole-body)
and applications [6, 7, 13, 21, 23, 58, 70, 82, 83]. See [78] for a survey of GES. A GES prompts participants to
suggest their own preferred gestures for carrying out a series of tasks through a gesture-based UI. The objective
is to come up with a consensus set of user-defined gestures [72, 76, 77].
The recognizers analyzed in this survey were solely evaluated with gesture sets defined by UI experts, and

not by end-users. Moreover, most recognizers promoted their own gesture set(s) for testing, which is prone
to overfitting when the recognizer is so tied to the gesture set that it displays an exceptional recognition rate,
but hardly transferable. The stroke recognition community now needs one or several common gesture sets to
compare all recognizers in the same conditions: in terms of the number of participants, the nature, and the
number of gesture classes, the number of samples per gesture class, the modalities, and the devices used for
sampling the gestures.

4.5 Eager (On-the-Fly) Recognition
GRANDMA and G-Gene can be extended with eager recognition, i.e., the ability to classify gestures as soon
as they are unambiguous (on-the-fly). If the accuracy of on-the-fly recognition has never been evaluated for
GRANDMA, G-Gene reached a recognition rate of 88.2% in an online condition, i.e., when the gestures were
replayed one timestamp at a time to simulate their production. There is still room for improving the classification
of ongoing stroke gestures as the $P and the Protractor algorithms reached 96.6% in an offline condition for the
same dataset. This will be also useful for feedforward and guidance. For instance, OctoPocus [9] displays partial
strokes of a gesture being recognized on-the-fly.

4.6 Guidance
Beyond de facto standard gestures, such as flicks, swipes, pinch-in/out that are widespread, advanced gesture-
based UIs require a broader vocabulary which may be difficult to “reveal” to novice end-users. Uncommon or
unfamiliar gestures invite engineering a guidance system helping end-users in discovering, performing, and
remembering gestures. For this purpose, G-Gene combined the recognition accuracy offered by HMMs and the
guidance provided during gesture performance. Full guidance should explicitly address three sub-properties: (1)
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feedback to help the end user in understanding which part of the gesture has already been issued, (2) feedup to
determine which sub-stroke is being subject to recognition, and (3) feedforward to help the end user in discovering,
exploring, and selecting the rest of the gesture to trigger the command. Unfortunately, few of the analyzed
recognizers support feedback and/or feedforward, and the transition from novice to expert end-users.

4.7 On-demand ARST-invariance
Significant variations in articulation, rotation, scale, and position appear from one context of use to another,
due to the variation of end-users (e.g., participants who trained the recognizer are rarely the end-users of the
gesture-based UI), input devices (e.g., input device, sensor, or platform used at run-time is rarely the same as
the one used for training), and physical environments (e.g., people issue candidate gestures in the real world
as opposed to the training samples performed in a controlled environment). Most recognizers are scaling- and
translation-invariant, yet do not satisfy articulation- and rotation-invariance. !FTL is the first recognizer achieving
naturally rotation-invariance in constrained time, whereas its predecessors used time-consuming techniques to
achieve it, such as the Golden Section Search. The recognizer still fails to satisfy articulation-invariance and does
not support any flexibility in enabling or disabling some of its invariances. There are therefore motivations for
going beyond simple RST-invariance and introducing an ARST-invariant multi-stroke recognizer. Even better, the
invariance properties should be controllable on-demand since the context of use could impose or relax constraints
only determined at run-time. For example, interacting around a circular tabletop imposes rotation-invariance
while interacting on a trackpad relaxes it. Usually, recognizers are scaling-invariant, but the scale constraint
becomes undesired if the gesture scale is tightly coupled to a gesture parameter. For example, issuing a “>” gesture
assigned to “Move forward” in a media player could be regulated by its size: the larger the gesture is, the faster
the move forward progresses, instead of repeating the gesture multiple times.

5 CONCLUSION
We conducted a targeted literature review to identify 16 significant 2D stroke gesture recognizers. In a descriptive
analysis, we presented their motivations, we explained their algorithm in terms of preprocessing, gesture
representation, and classification, we discussed their invariance properties, and reported their performance. In a
comparative analysis, we have discussed their similarities and differences to generate ideas and future avenues in
2D stroke gesture recognition. First, we suggested a decision table for UI prototypers, designers, and researchers
who wish to choose the right recognizer given a gesture set and a context of use. Second, we highlighted room for
improvements in six distinct areas: (1) perform a comparative testing of all recognizers with predefined datasets,
criteria, and contextual variables, (2) define and collect a user-elicited gesture set to be added in this comparative
testing, (3) new scenarios of evaluation to match real use-cases, (4) eager recognition for classifying gestures
as they are performed by end-users, (5) guidance systems to enhance the usability and the discoverability of
gesture-based UIs, and (6) on-demand ARST-invariance to flexibly control gesture production and classification.
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