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Abstract: Recently, gesture recognition technology has attracted increasing attention because it
provides another means of information exchange in some special occasions, especially for auditory
impaired individuals. At present, the fusion of sensor signals and artificial intelligence algorithms is
the mainstream trend of gesture recognition technology. Therefore, this article designs a machine-
learning-empowered gesture recognition glove. We fabricate a flexible strain sensor with a sandwich
structure, which has high sensitivity and good cycle stability. After the sensors are configured
in the knitted gloves, the smart gloves can respond to different gestures. Additionally, according
to the representation characteristics and recognition targets of sampled signal data, we explore a
segmented processing method of dynamic gesture recognition based on Logit Adaboost algorithm.
After classification training, the recognition accuracy of smart gloves can reach 97%.

Keywords: gesture recognition; flexible sensor; machine learning; Logit Adaboost algorithm

1. Introduction

As a method of nonverbal communication [1], standardized gestures play an important
role in the transmission of message on specific occasions, such as communication between
auditory-impaired individuals [2] and information interaction in AR/VR environments [3]
or military fields [4]. However, without long-term systematic learning, it is difficult for
most people to understand the meaning of gestures [5]. At present, gesture recognition
technology offers a feasible solution to this communication barrier, which can effectively
judge the specific movements of the hand.

Machine-vision-based image taking and processing has received extensive attention
as a means of gesture recognition due to simple equipment requirements [6]. However, it is
troubled by a series of problems in the process of application, including complex operation
mechanism and variable lighting condition [7]. Accelerometers and gyroscopes are widely
used in commercial gesture recognition devices, which can track the direction of the hand
movement in three-dimensional space [8]. However, rigid materials and excessive volume
limit the application scenarios of these devices, which bring inconvenience to users. Benefit-
ing from the rapid advancement of flexible electronics and artificial intelligence, wearable
flexible data gloves based on flexible sensors have been developed. Common flexible
sensors for gesture recognition include piezoresistive sensors [9], capacitive sensors [10],
piezoelectric sensors [11], triboelectric sensors [12] and EMG sensor arrays [13]. Through
the electromechanical performance of flexible sensors, the deformation degree of the hand
can be reflected correspondingly.

Furthermore, the classification of sensor signals and the extraction of gesture features
are the key factors to determine the accuracy of gesture recognition. It generally requires
intelligent algorithms to train sensor signals and generate appropriate classifiers [14]. How-
ever, due to the differences in gesture behavior patterns of individuals, the generalization
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ability of the trained classifiers is low if the sample capacity is limited [15]. A common
approach is to increase the number of people participating in algorithm training, which is
time- and energy-consuming [16]. Therefore, there is a new idea to remove the irrelevant
factors of sensor signals as much as possible through special designs.

In this study, we report on the machine-learning-empowered gesture recognition
glove. Flexible piezoresistive strain sensors with high sensitivity and cycle stability were
configured in knitted gloves. Then, in order to enhance the generalization ability of gesture
recognition model, a multi segment classification model of dynamic gesture recognition
based on Logit AdaBoost algorithm was explored. Static signals collected at intervals of
gesture changes are usually considered invalid signals because of unobvious characteristics
and uncertain duration. So, the model distinguished static signals from effective dynamic
signals due to finger movements. Additionally, subsequent training and classification was
only related to dynamic signals, avoiding misjudgment caused by static signals. With
sufficient training for the defined gestures, the recognition accuracy reached 97%, showing
great classification performance.

2. Materials and Methods
2.1. Materials

Reduced graphene oxide (r-GO) was supplied by Qingdao University. Polydimethyl-
siloxane (PDMS) was purchased from Microflu Co., Ltd. (Changzhou, China). N,N-
Dimethylformamide (DMF, 99.5%) was bought from Aladdin Co., Ltd. (Shanghai, China).

2.2. Fabrication of the Flexible Strain Sensor

The r-Go dispersion (6 wt%) was prepared by two steps. The reduced graphene oxide
powders were firstly dispersed in N,N-Dimethylformamide by mechanical shearing for 1 h
at 3500 r/min, and, secondly, it was necessary to remove air bubbles from the solution using
ultrasonic for 5 min. Then, the solution was poured onto the PDMS substrate (the volume
ratio of PDMS matrix to curing agent was 10:1 and the curing condition was 70 ◦C for 1 h)
and heated at 50 ◦C for 3 h using a hot plate. After the solvent evaporates completely, there
was a composite film containing the r-Go layer and PDMS substrate. Finally, two copper
wires were adhered to both sides of the r-Go layer with silver paste, which used as the
electrodes of the strain sensor. Additionally, PDMS was poured and cured on the top of
the composite film, resulting in a sandwich structure. The size of the final sample is about
35 mm × 4 mm × 1 mm.

2.3. Characterization

A scanning electron microscope (SEM, S-4800, Hitachi, Japan) was used to characterize
the surface morphology of the R-Go film. Additionally, in order to test the sensing per-
formance of the strain sensors, the flexible strain sensors were fixed between the metallic
clamps of a stretching machine (ZQ-CI701G, 1000 N, ZHIQU, Dongguan, China), and
a digital source-meter (Keithley 2400, USA) was used to measure the resistance of the
sensors continuously in the process of stretching. The stretching speed was maintained at
30 mm/min.

2.4. The Preparation of Data Gloves and Data Acquisition

The configuration of strain sensors in data glove is shown in Figure 1a. To monitor
the bending degree of fingers, the sensors were attached to the corresponding finger joint
position of knitted gloves. Figure 1b shows the gesture library of this article. When
making these gestures, the resistance signal acquisition of sensors was realized by the data
acquisition card (Ni-6211). In the detection circuit, sensors were connected in parallel, and
divider resistors were connected in series with the sensor on each branch. Based on the
differential mode of the data acquisition card, the voltage on both sides of the sensors were
collected completely and displayed in a laptop program designed with LabVIEW. The
resistance of the sensor can be converted by Ohm’s law.
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applied to classify gestures by using the extracted features with Logit AdaBoost algo-
rithm. Based on the training results of the previous weak classifier, the Logit AdaBoost al-
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ally, the Logit AdaBoost algorithm was not sensitive to noise and outliers, which prevented 
the model from over fitting to a certain extent. The classification process included two steps. 
First, static signals and dynamic signals were effectively distinguished. Then, combined 
with the sample characteristics and distribution, the motion trajectory of the finger was fur-
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Figure 2. The process of a multi-segment classification model. 

Figure 1. (a) Configuration of flexible sensor in data glove. (b) Gesture library.

2.5. The Design of Machine-Learning Algorithm

A flow diagram of the machine-learning process is shown in Figure 2. During the
training process, the change in voltage due to predetermined gestures was firstly merged
into a matrix as the input of mRMR algorithm to discard useless information and retain
relevant signals, which improves the generalization ability of the model and reduces the
complexity of the algorithm. Subsequently, the multi-segment classification model was
applied to classify gestures by using the extracted features with Logit AdaBoost algorithm.
Based on the training results of the previous weak classifier, the Logit AdaBoost algorithm
evaluated and redefined the parameter weights to update the classifier. Additionally, the
Logit AdaBoost algorithm was not sensitive to noise and outliers, which prevented the
model from over fitting to a certain extent. The classification process included two steps.
First, static signals and dynamic signals were effectively distinguished. Then, combined
with the sample characteristics and distribution, the motion trajectory of the finger was
further subdivided. Finally, 10-fold cross-validation method was used to evaluate the
model. It can make full use of the samples in the training process, which avoids over fitting.
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3. Results and Discussions
3.1. Morphology Characterization

As shown in Figure 3a, based on a sandwich structure composed of a r-GO layer
and two PDMS layers, the overlapping state of graphene sheets can change during the
deformation of the sensor and recover under the constraint of elastic material (PDMS),
resulting in the electromechanical response of sensors.
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Figure 3. Topography characterization of the sensor. (a) Cross-section of the sensor. (b) SEM images
of the r-GO film.

Figure 3b shows the that reduced graphene oxide is uniformly distributed in the r-GO
layer, which is the basis of ensuring the stable electrical performance of the sensor.

3.2. Piezoresistive Sensing Response

Figure 4a shows the relationship between the sensor resistance and applied strains,
from which the sensitivity of the strain sensor can be obtained. The sensitivity of the strain
sensor can be calculated by the following equation:

GF =
∆R/R0

ε
(1)

∆R = R − R0 (2)

where ε is the strain of the strain sensor, R represents the resistance of sensor after stretching,
R0 is the resistance of sensors at ε = 0%. Figure 4a shows the strain sensor provides high
sensitivity for detecting hand movements (GF~2.69 at strains below 12%, GF~5.05 at the
strain ranges from 12% to 36%). Furthermore, the strain sensors also show a stability
response over a large number of stretch–release cycles (above 1500 cycles), as shown in
Figure 4b.
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Figure 4. (a) The relationship between the sensor resistance and the applied strain. (b) Sensor stability
under 1500 stretch−release cycles at 10% strain.

3.3. The Selection of Classification Algorithm and Feature

In order to find the data correlation, we extracted 10 characteristics as signal features,
which are related to indicators of time domain, frequency domain and entropy. Then,



Eng. Proc. 2023, 30, 19 5 of 7

we used the mRMR algorithm to check the importance of the features in the two stages.
As shown in Table 1, waveform factors and skewness have the great correlation with the
classification results of the first stage. Skewness and waviness are of significance for the
classification of the second stage.

Table 1. Feature importance evaluation based on mRMR algorithm.

The First Stage The Second Stage

Features Importance Weight Features Importance Weight

waveform factor 0.8679 skewness 0.5681
skewness 0.1321 kurtosis 0.4319

other features 10−16–10−27 other features 10−17–10−25

RUSBoost, Logit AdaBoost and Bagging are the common machine learning algorithms
in data classification. Based on selected features through the mRMR algorithm, the classifi-
cation results of the three algorithms on gesture data are shown in Figure 5. Area under
curve (AUC) is a statistical concept. It represents the probability that the predicted value of
positive cases is greater than the predicted value of negative cases. Whether it is the first
stage or the second stage, the AUC of Logit AdaBoost algorithm is maximum. It shows that
the model generated by Logit AdaBoost algorithm is most effective for gesture classification.
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3.4. The Gesture Recognition Modeling

In the first stage, dynamic signals are separated from all samples for subsequent
training. As shown in Figure 6a, the classification model can correctly classify most of
the static gesture data and dynamic gesture data. Table 2 further shows the classification
results of static signals and dynamic signals. Positive predictive value (PPV) is an index
to evaluate the level of correct classification. The lower PPV of dynamic signals, the more
sample capacity is lost in the second stage, resulting in unobvious and incomplete features
as gesture output. Additionally, false discovery rate (FDR) represents the probability of mis-
classification, which affects the interference degree of data directly. High PPV level (96.9%)
and low FDR level (3.1%) illustrate that effective gesture features are completely preserved.

The ROC curve after 10-fold cross-validation is shown in Figure 6b. Assuming that the
dynamic signal is positive, the AUC value of the model in the first stage is 0.99 and the ac-
curacy reaches 98.4%, indicating that the model can further eliminate invalid static signals.

Based on defined gestures, the movement of the hand is divided into the bending and
straightening of fingers. Figure 6c and Table 3 shows the accuracy of classification remains
at a high level. Additionally, Figure 6d illustrates the AUC value of the model is 0.97, which
only has subtle decreases compared with the first stage. The good classification results
of two stages indicates that the multi-segment classification model has the generalization
ability for gesture recognition.
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Table 2. Evaluation of classification model to distinguish static signals and dynamic signals.

Index Static Signals Dynamic Signals

True Positive Rate 99.3% 94.0%
False Positive Rate 0.7% 6.0%

Positive Predictive Value 98.7% 96.9%
False Discovery Rate 1.3% 3.1%

Table 3. Evaluation of classification model to judge finger motion trajectory.

Index Bend Fingers Straighten Fingers

True Positive Rate 95.0% 95.0%
False Positive Rate 5.0% 5.0%

Positive Predictive Value 96.6% 92.7%
False Discovery Rate 3.4% 7.3%

4. Conclusions

This article reported a type of machine-learning empowered gesture recognition
glove. Combined with the electrical characteristics of flexible strain sensors and the signal
processing ability of machine learning algorithms, data gloves judged the specific actions
of hands accurately, which showed many commendable features, such as low weight and
good comfortableness. At the same time, we paid attention to the interference of invalid
static signals in the training and classification process. The model successfully extracted
effective dynamic signals from all signals through multi-segment classification based on
Logit AdaBoost algorithm. It is of significance to enhance the generalization ability of
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the recognition model and increase the accuracy of gesture recognition. However, not all
irrelevant factors have been excluded for this model, which requires further research.
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