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1 Introduction
Since the 21st century, the rapid developments of big data, cloud computing and Inter-
net of Things have promoted the developments of various intelligent technologies, such 
as smart homes, smart schools, smart cars, and robots. Human–computer interaction 
technology is the basis for realizing the above-mentioned intelligent technologies. In 
the human–computer interaction technology, a user should give instructions to a device 
through different gestures. Therefore, how the device recognizes the gestures is a key 
technology of the human–computer interaction.

At present, the gesture recognition technology mainly includes the following four 
categories: Video-based gesture recognition technology captures videos through cam-
eras and then recognizes gestures by extracting motion features in the videos. The 
advantage of this technology is that it can detect tiny gestures with high recognition 
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accuracy, but the disadvantages are that the technology is sensitive to light in the 
environment, cannot recognize gestures in non-line-of-sight situations, and cannot 
protect user privacy [1, 2].

Gesture recognition technology based on infrared light uses the principle of infra-
red radiation to recognize gestures. The disadvantages are that the gestures cannot 
be recognized in non-line-of-sight conditions, the equipment costs are high, and the 
large-scale deployment is difficulty [3].

Gesture recognition technology based on wearable devices requires a user to carry 
wearable devices which integrate a variety of sensors, such as accelerometers and 
gyroscopes, and these sensors can record the data about user gestures [4]. The dis-
advantage of this technology is that it is inconvenient to carry the device around. If a 
user forgets to wear the device, the gesture recognition will stop.

Commercial WiFi devices are ubiquitous and WiFi signals cover almost every cor-
ner of people’s lives. In 2011, a tool that can obtain channel state information (CSI) 
data from Intel 5300 wireless network cards was released, which makes it very con-
venient to obtain the CSI data of each communication link by using the commercial 
WiFi devices [5]. In the communication process of WiFi devices, each communica-
tion link contains multiple subcarriers, and each subcarrier is composed of amplitude 
and phase information of the CSI data, so the CSI data can stably reflect the signal 
changes caused by reflection and diffraction of a human. Based on the above princi-
ples, many scholars use the CSI data to recognize locations and activities of a human 
[6, 7], including gesture recognition technology. Compared with traditional gesture 
recognition technologies, this technology based on CSI has these advantages, which 
include no special equipment deployment, nor the need to wear additional sensors, 
no privacy leakage, and no sensitivity to light intensity and line-of-sight (LOS) [8, 
9]. In the early days of this technology, many scholars mostly used received signal 
strength (RSS) to recognize gestures. RSS is a coarse-grained measurement value that 
is greatly affected by the environment. For example, when someone moves in a mon-
itoring area, the RSS may increase, decrease, or even remain unchanged. In recent 
years, many scholars have devoted themselves to exploring CSI of wireless signals. 
Compared with RSS, CSI is a fine-grained measurement value, which is less affected 
by the environment and has better stability, so the CSI-based recognition technology 
has received extensive attention from academic community [6–12].

Although the existing methods have good performance in their respective experi-
mental environments, there are still some problems, which include that subcarrier 
selection is not optimized and motion interval extraction is not accurate, so the accu-
racy of gesture recognition methods needs to be further improved. In response to the 
above problems, we propose a gesture recognition method based on misalignment 
mean absolute deviation (MMAD) and KL divergence, which is called MMAD-KL-
GR method. The main contributions are as follows: 

1. Before recognizing gestures, it is necessary to extract CSI amplitude interval affected 
by the gestures in order to improve the accuracy of gesture recognition. For this rea-
son, we propose a MMAD motion interval extraction algorithm. Based on the MAD 
algorithm, this algorithm considers the various situations of the starting point and 
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the ending point of the motion interval and improves the accuracy of the motion 
interval extraction.

2. Different subcarriers are affected by gestures to different degrees, so it is necessary 
to select subcarriers that are more affected by gestures and less interfered by noise 
in order to obtain higher gesture recognition accuracy. For this reason, we propose a 
subcarrier selection algorithm based on KL divergence. This algorithm compares the 
KL divergences of the CSI amplitudes to select subcarriers and obtains better results.

3. To further improve the accuracy of gesture recognition based on CSI, we propose 
a MMAD-KL-GR method based on subspace K-nearest neighbor (KNN) for clas-
sification. Through several experiments, we verified the good performance of the 
proposed MMAD-KL-GR method and analyzed the influence of training samples, 
transceiver spacing, human body position, indoor environment and features on the 
proposed method.

The rest of the paper is organized as follows. Section 2 introduces the related works of 
the paper. Section  3 describes in detail the MMAD-KL-GR method proposed in this 
paper. Section 4 gives a detailed analysis of the experimental results. Section 5 summa-
rizes this paper.

2  Related works
In recent years, a large amount of CSI-based wireless sensing methods have emerged, 
such as activity recognition and gesture recognition methods.

Dang et al. used principal component analysis (PCA) algorithm to build a fingerprint 
database of CSI amplitude data and used Kalman filter algorithm to obtain data for clas-
sification and then used support vector machine (SVM) algorithm and fingerprint data-
base matching for activity recognition [6]. Cheng et  al. proposed a CSI-based human 
continuous activity recognition system. This system uses the CSI phase difference matrix 
and a method based on threshold and label to segment the continuous activities and then 
uses Gaussian mixture model–hidden Markov model (GMM-HMM) to recognize activi-
ties [10]. The above methods use the time-domain features of CSI to recognize activi-
ties, and some methods also use the frequency-domain features. Wavelet transform can 
locally analyze time and frequency and is an ideal tool for time–frequency analysis and 
processing of signals [13–19]. Therefore, Wang et al. used a wavelet transform to extract 
the features of CSI and designed a two-stage recognition method to jointly recognize the 
locations and activities of multiple targets [11]. Tian et al. constructed a time–frequency 
matrix by using signal preprocessing and wavelet transform and then extracted multi-
dimensional features in time domain and frequency domain as the input feature vector 
of bidirectional long short-term memory (BLSTM) network [12].

The above methods based on CSI can recognize the activities with large amplitude. 
However, the gestures with small amplitude can also be recognized by using CSI.

Tian et al. proposed a CSI-based device-free gesture recognition system, namely the 
WiCatch system. Firstly, a new interference cancellation algorithm based on data fusion 
is proposed to capture weak reflected signals. Secondly, the motion trajectories of ges-
tures are reconstructed by constructing a virtual antenna array of time-domain sig-
nal samples. Finally, SVM algorithm is used to complete the classification [20]. Zhang 



Page 4 of 21Tian et al. J Wireless Com Network         (2022) 2022:96 

et al. proposed a gesture recognition system called the WiGrus system. The system first 
uses PCA method and the first-order difference method to denoise CSI data, and then 
extracts multiple features that can characterize the gestures, and finally proposes a two-
stage radio frequency algorithm to classify the gestures [21]. Thariq et al. proposed a sign 
language recognition system, namely the DF-WiSLR system. The system can be used to 
recognize 30 static gestures and 19 dynamic gestures and can obtain better recognition 
accuracy for dynamic gestures composed of compound word symbols [22]. Jiang et al. 
proposed a WiGAN gesture recognition system, which not only solves the problem of 
performance degradation caused by small samples and strong environmental depend-
ence, but also incorporates more diverse features to improve the accuracy of gesture 
recognition [23]. Hao et al. proposed a fine-grained sign language recognition method, 
which first filters out environmental interference in the frequency domain through a 
Butterworth filter, and then uses wavelet transform to smooth the CSI data, and finally 
builds a low-complexity KSB classification model [24]. Tan et al. proposed a finger ges-
ture recognition algorithm, which effectively removes environmental noise and develops 
a measure that can recognize gestures by dealing with individual diversity and gesture 
inconsistency. Experimental results show that the algorithm has good recognition accu-
racy and robustness in a changing environment [25]. Zhang et  al. proposed a WiFi-
based cross-domain gesture recognition system WiGr. The system proposes a dual-path 
network composed of a depth feature extractor and a dual-path recognizer, which can 
extract domain-independent gesture features, so that good gesture recognition accuracy 
can be obtained without retraining in a new domain [26]. Gu et al. proposed a gesture 
recognition system WiGRUNT based on dual-attention network for cross domain rec-
ognition. The system dynamically extracts the domain-independent features of CSI by 
using a spatial-temporal dual-attention mechanism and then recognizes the fine-grained 
gestures by using a depth residual network [27].

3  MMAD‑KL‑GR method
The framework of the proposed MMAD-KL-GR method is shown in Fig. 1. Firstly, the 
MMAD-KL-GR method needs to deploy a transmitter and a receiver with WiFi devices. 
Volunteers complete the required motions between the transceivers. The receiver col-
lects CSI data affected by the gestures and stores the collected data in the computer for 
training and testing. Then, the MMAD-KL-GR method needs to perform data preproc-
essing on the collected CSI data. The processing process includes using a Hampel identi-
fier to remove the abnormal values in the CSI data and using a Gaussian filter to remove 
the high-frequency noise in the CSI data for retaining the low-frequency features caused 
by the gestures. Next, the MMAD algorithm is used to detect the time starting point and 
end point of a gesture in order to extract the motion interval of the CSI amplitude, and 
the motion interval data is interpolated into a sequence of 50 data points by cubic spline, 
and then is normalized. The proposed subcarrier selection algorithm based on KL diver-
gence is used to select the better subcarriers conducive to gesture recognition. Finally, 
the mean, median, upper quartile, lower quartile, variance, root-mean-square and skew-
ness coefficient of the normalized data are calculated. These features are constructed as 
a feature matrix together with the normalized data for training and testing the subspace 
KNN algorithm.
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3.1  Data preprocessing

Due to the interferences including WiFi device itself, complex indoor environment and 
various electromagnetic signals in space, there are outliers and high-frequency noise in 
the original CSI data [28]. These outliers and high-frequency noise can reduce the accu-
racy of gesture recognition. In order to eliminate the influence of the outliers, we use 
the Hampel identifier algorithm [29] to remove the outliers in the paper, and the specific 
method is as follows:

A sliding window with a length of 2h+ 1 is defined on the CSI sequence, and the 
amplitude of the window midpoint is xi . The median mi and the median absolute devia-
tion MADi of the window are calculated as follows:

where median() represents the function of the median. If xi satisfies |xi −mi| > nMADi , 
the Hampel identifier algorithm determines that xi is an outlier and replaces xi with the 
median mi , where n is a positive integer. Through some experiments, we have verified 
that the Hampel identifier algorithm has a good effect on removing outliers when h = 5 
and n = 3.

Figure 2 shows the CSI amplitude curve before and after removing outliers by using 
the Hampel identifier algorithm, where the blue dashed line and the red solid line rep-
resent the CSI amplitude curve before and after removing outliers and the black boxes 
represent the outliers. From Fig. 2, it can be seen that the outliers in the CSI amplitudes 
have been effectively removed.

After using the Hampel identifier algorithm to remove the outliers, there is still a lot 
of high-frequency noise in the CSI amplitudes. To eliminate the influence of the high-
frequency noise and retain the low-frequency fluctuations caused by the gestures, we 
use one-dimensional Gaussian filter to eliminate the high-frequency noise in this paper. 
The specific process is as follows:

(1)mi =median(xi−h, xi−h+1, · · · , xi, · · · , xi+h−1, xi+h),

(2)MADi =median(|xi−h −mi|, · · · , |xi+h −mi|),

Fig. 1 MMAD-KL-GR method framework
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A sliding window with a length of 2k + 1 is defined on the CSI sequence, the amplitude 
of the window midpoint is xi , and the weighted normal distribution function Q(xj) is 
calculated as follows:

Then, the Gaussian filter function G(xi) is:

The characteristic of Gaussian filter is that xi is the center, and the weights are symmetri-
cally distributed. The closer the amplitude to xi , the greater the influence on xi , so the 
weight is also greater. Conversely, the smaller the influence, so the weight is also smaller. 
The parameters affecting the weighted normal distribution function include k and σ 2 , 
where the larger the k, the larger the range of the CSI amplitudes that affects xi , and the 
larger the variance σ 2 of the normal distribution, the more concentrated the weight is in 
the center. Through some experiments, we verify that the Gaussian filter achieves good 
performance when k = 30 and σ 2 = 20.

Figure 3 is the comparison of the effects before and after using Gaussian filter, where 
the blue curve is the CSI amplitudes before filtering, and the red curve is the CSI ampli-
tudes after filtering. As shown in Fig. 3, the Gaussian filter removes the high-frequency 
noise of the CSI amplitudes and turns them into a smooth curve. The low-frequency 
variation of the CSI amplitudes affected by the gestures is mainly concentrated in the L1 
interval, which is well-preserved to ensure the accuracy of the gesture recognition.

3.2  Motion interval extraction

In general, the CSI samples not only include the motion interval affected by the ges-
tures, but also the no motion interval that is not affected by the gestures. The no 
motion interval is invalid information for the gesture recognition. If the filtered CSI 

(3)Q(xj) =
1

√
2πσ

e
−

(j−i)2

2σ2 , j ∈ (i − k , · · · , i, · · · , i + k),

(4)G(xi) =
1

2k + 1

i+k

j=i−k

xjQ(xj).

Fig. 2 Comparison before and after removing outliers



Page 7 of 21Tian et al. J Wireless Com Network         (2022) 2022:96  

amplitudes are directly used as the input of a machine learning algorithm, the accu-
racy of the gesture recognition will decrease. Therefore, we need to accurately extract 
the CSI motion interval. The MAD threshold method is a commonly used motion 
interval extraction method [30, 31]. This method needs to calculate the MAD value 
of the data sequence and compare it with the threshold to determine the starting 
and ending points of the motion interval. However, there are some problems in this 
method, such as inaccurate judgment of the starting point and possible misjudgment 
of the ending point. To solve these problems, we improve the MAD threshold method 
and propose the MMAD algorithm as follows.

A sliding window with a length of 2c + 1 is defined on the CSI sequence, and the 
amplitude of the window midpoint is xd , and the MAD and MMAD value of each 
point in the sliding window is calculated as follows:

where x̄MAD(d) is the mean value of the CSI amplitudes of 2c + 1 points centered at 
point d, and x̄MMAD(d) is the mean value of the CSI amplitudes of 2c + 1 points that are 
at the left of point d (including point d), and MAD(d) and MMAD(d) are the MAD value 

(5)x̄MAD(d) =
1

2c + 1

d+c∑

i=d−c

xi,

(6)x̄MMAD(d) =
1

2c + 1

d∑

i=d−2c

xi,

(7)MAD(d) =
1

2c + 1

d+c∑

i=d−c

|xi − x̄MAD(d)|,

(8)MMAD(d) =
1

2c + 1

d+2c∑

i=d

|xi − x̄MMAD(d)|,

Fig. 3 Comparison of the effects before and after using Gaussian filter
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and MMAD value of the point d, respectively, and d is the integer changing from 2c + 1 
to D − 2c , and D is the total number of data points.

To illustrate the effectiveness of the MMAD algorithm, we have selected two typi-
cal CSI samples, and calculated the MAD values and the MMAD values of the two 
sample sequences, and then drawn the MAD and the MMAD curves, respectively, as 
shown in Fig. 4. In Fig. 4a, when the MMAD value is greater than the threshold T for 
the first time, the corresponding CSI data point S1 is the starting point of the motion 
interval. When the MMAD value is less than the threshold T for the first time after 
S1 , the corresponding CSI data point S3 is the ending point of the motion interval. The 
interval S1S3 is the extracted motion interval. However, as shown in Fig. 4a, the start-
ing point of the motion interval obtained by the MAD algorithm is S2 , but the inter-
val S1S2 contains the part information of the gesture. Figure 4b shows that the MAD 
algorithm incorrectly divides the interval S4S5 into the no motion interval. Therefore, 
the MMAD algorithm is better than the MAD algorithm in the judgment of the start-
ing point and the ending point of the motion interval. Through some experiments, we 
verify that the MMAD algorithm has good performance when c = 10.

Fig. 4 Comparison of MMAD and MAD algorithms
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Since the motion interval data length of each sample is different, and the subsequent 
classification algorithm requires that the data length of each sample must be the same, 
we use cubic spline interpolation method to interpolate the extracted motion interval 
data, so as to obtain a unified motion interval data length.

3.3  Subcarrier selection

In order to ensure the stability of data transmission, a commercial WiFi network card 
uses one or more antennas and each communication link contains multiple subcarri-
ers when sending and receiving signals. Therefore, CSI data of each sample collected at 
the receiver contain multiple subcarriers. Because communication link, transmission 
frequency and multipath effect may be different and the CSI amplitudes of each subcar-
rier are also different [32], it is important to select a better subcarrier from a sample to 
improve the accuracy of gesture recognition. For this reason, we propose an algorithm 
for selecting subcarriers based on KL divergence.

KL divergence is an asymmetry measure of the difference between two probability dis-
tributions [33]. In the field of communication, the KL divergence can be calculated as 
the difference between the information entropy of two sets of data, where the informa-
tion entropy is related to the appearance probability of data and is a measure of the time 
series complexity. Let U(y) and V(y) be the two probability distributions of the random 
variable y. When y is a discrete random variable, the KL divergence can be defined as 
follows:

The properties of the KL divergence are: (i) KL divergence is always non-negative, that is, 
KL(U � V ) ≥ 0 . (ii) KL divergence is an asymmetry measure of two probability distribu-
tions, namely KL(U � V ) �= KL(V � U).

Using the properties of the KL divergence, we calculate KL(U ‖ V ) by using the 
motion interval sequence of subcarrier as the probability distribution V(y) and no 
motion interval sequence as the probability distribution U(y), as shown in Fig.  5. The 

(9)KL(U � V ) =
∑

U(y)log
U(y)

V (y)
.

Fig. 5 Schematic of KL divergence extraction
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larger the KL(U ‖ V ) , the greater the difference between the motion interval and no 
motion interval of the subcarrier, and the greater the change of the CSI amplitudes 
caused by the gestures. Therefore, we can select the CSI amplitudes of the subcarrier 
whose KL(U ‖ V ) is the largest to recognize the gestures. To ensure good stability of the 
selected subcarriers, we calculate the subcarriers of all samples as follows:

where a = 1, · · · ,A , and A is the number of subcarriers in a CSI sample, and B is the 
total number of CSI samples. We select the data of the subcarrier corresponding to the 
largest Suma for gesture recognition.

3.4  Feature extraction

Extracting features that are highly relevant to the gestures from the motion intervals is 
an important part of improving the accuracy of gesture recognition. In this paper, we use 
the mean, median, upper quartile, lower quartile, variance, root-mean-square, skewness 
factor and the CSI amplitudes to construct the feature vectors of samples which can rep-
resent the statistical characteristics and change trend of CSI amplitudes [34].

3.5  Subspace KNN algorithm

The subspace KNN algorithm is an improved KNN algorithm. The basic principle of the 
KNN algorithm is shown in Fig. 6. The algorithm assumes that all existing samples have 
a definite classification. When it is necessary to determine the category of a new sample, 
the KNN algorithm calculates the distance between each sample in the existing sample 
set and the new sample (in this paper, Euclidean distance is used) and finds the K sam-
ples with the smallest distance. In the above K samples, the number of samples belong-
ing to which classification is the largest, and the new sample belongs to the classification 
[35].

Assuming that the feature matrix is R rows and C columns, the steps of the subspace 
KNN algorithm are as follows: 

(10)Suma =

B∑

b=1

KL(Uab � Vab),

Fig. 6 KNN principle diagram
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1. From the C columns of the feature matrix, M columns are randomly selected to con-
struct a sub-feature matrix, and the step is repeated N times to obtain N sub-feature 
matrices.

2. The N sub-feature matrices are used to train the KNN algorithm, and N sub-classifi-
cation models are obtained.

3. The N sub-classification models are used to classify a new sample. Then, we use the 
majority principle to determine the category of new samples.

The subspace KNN algorithm samples the feature matrix to form multiple sub-feature 
matrices and then trains the KNN algorithm multiple times, thereby improving the clas-
sification accuracy and stability of the KNN algorithm.

4  Experiment evaluation
4.1  Experimental setup and data collection

This paper conducted experiments in a laboratory with an area of 11.1 m × 9.6 m. The 
layout of the laboratory is shown in Fig. 7. In the experiment, we use two desktop com-
puters with Intel 5300 wireless network card as the transmitter and the receiver, and 
both computers are equipped with Ubuntu 12.04 operating system. The transmitter 
sends signals through one antenna and the receiver receives signals through three anten-
nas. The working frequency of the wireless network card is 2.4 GHz, and the channel 
bandwidth is 20 MHz. There are 30 subcarriers in each communication link.

During the experiment, the volunteers always sit on the chair at the designated posi-
tion. When starting to collect the CSI data, the volunteers first remained still, then 
completed the prescribed motions, and then remained still again. The process lasted 
4 seconds in total. In each experiment, the volunteers carried out three motions of 

Fig. 7 Layout of the laboratory
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two-handed crossing, one-handed sliding and one-handed swing, and 130 samples 
were collected for each motion. To analyze and verify the MMAD-KL-GR method pro-
posed in this paper, we conducted nine sets of experiments with different transceiver 
distances, volunteer positions, and interference factor combinations. The information 
of experimental samples is shown in Table 1. The positions of the transceiver and the 
human body are shown in Fig. 8. From each set of motion samples, we randomly select 
60 samples as the training set and the remaining 70 samples as the testing set. Therefore, 
in each experiment, the training set contains 180 samples and the testing set contains 
210 samples. We use four machine learning algorithms: the bagging tree, the subspace 
KNN, the linear SVM and the medium decision tree to evaluate the performance of the 
MMAD-KL-GR method.

4.2  Motion interval extraction and subcarrier selection algorithm evaluation

4.2.1  Analysis of MMAD motion interval extraction algorithm

To verify the effectiveness of the MMAD algorithm, we randomly selected 165 samples 
from the training set of the second group of experimental data to train the four machine 
learning algorithms, and tested them with 210 samples of the test set. The MMAD and 
MAD algorithms were used to extract the motion interval respectively. The experimen-
tal results are shown in Fig. 9. Figure 9 shows that the accuracy of the MMAD algorithm 
is better than that of the MAD algorithm. This is because the MMAD algorithm is more 
accurate in the judgment of the starting point and the MMAD algorithm can better 
avoid the truncation of the motion interval in the determination of the ending point, so 
the gesture recognition accuracy of the MMAD algorithm is higher. Figure 9 shows that 

Table 1 Information of experimental samples

Group Transceiver distance (m) Location Interference

Group1 1.5 (0, 0) N/A

Group2 2.0 (0, 0) N/A

Group3 2.5 (0, 0) N/A

Group4 3.0 (0, 0) N/A

Group5 2.0 (0, 0) Bluetooth

Group6 2.0 (0, 0) Computer case

Group7 2.0 (0, 0) Blackboard

Group8 2.0 (0, 0.6) N/A

Group9 2.0 (0, 1.2) N/A

Fig. 8 Position of the transceiver and the human body
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the subspace KNN algorithm can all achieve higher gesture recognition accuracy when 
using the MMAD algorithm and the MAD algorithm.

4.2.2  Analysis of KL divergence selection subcarrier algorithm

To verify the effectiveness of KL divergence selection subcarrier algorithm, we calcu-
late the KL divergence of 30×3510 subcarriers (390×9=3510 samples in Table  1) and 
then calculate the sum of KL divergence of the subcarrier of 3510 samples, where 
a = 1, 2, · · · , 30 . The experimental results are shown in Fig. 10. Figure 10 shows that the 
sum of the KL divergence of the second subcarrier is the largest. Therefore, we select the 
data of the second subcarrier for the gesture recognition.

To verify whether the data of the second subcarrier is better than other subcarriers 
for the gesture recognition, we use the same data as Sect. 4.2.1 for experiments. In the 
experiment, we only use the data of the 2th, 19th, and 28th subcarriers ranked 1, 15 and 
30 in the sum of the above KL divergence to perform the gesture recognition. The exper-
imental results are shown in Fig. 11. Figure 11 shows that the accuracy of the gesture 

Fig. 9 Performance comparison of MMAD and MAD algorithm

Fig. 10 Sum of KL divergence of 30 subcarriers
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recognition using the data of the second subcarrier is all the highest, 96.67%, 99.52%, 
99.52%, and 98.10%, respectively. The accuracy of gesture recognition using the data of 
the 28th subcarrier is the lowest. This is because the sum of KL divergence of the sec-
ond subcarrier is the largest, indicating that the CSI amplitudes caused by the gestures 
change greatly. Therefore, the extracted features can more accurately characterize the 
corresponding gestures, thus improving the accuracy of the gesture recognition. The 
experiment verifies the reliability and effectiveness of the proposed KL divergence selec-
tion subcarrier algorithm.

4.3  Evaluation of MMAD‑KL‑GR method

4.3.1  Impact of training samples

When training a machine learning algorithm, the number of training samples is an 
important factor affecting the accuracy of the machine learning algorithm. To evalu-
ate the impact of training samples, we use the second group of experimental data, 
randomly select 15 to 180 samples with the step size 15 to train the four machine 
learning algorithms, and test these algorithms by using the remaining 210 samples. 
The experimental results are shown in Fig. 12. From 15 to 180 training samples, the 
gesture recognition accuracy of the subspace KNN algorithm is all the highest, and 
the stability is also the best. The advantage is especially obvious when the number 
of training samples is small. When the number of training samples reaches 165, the 
accuracy stabilizes at 99.52%. The reason is that the subspace KNN does not directly 
use the feature matrix for training, but instead samples the feature matrix to form 
multiple sub-training sets before training. Although the number of features of train-
ing samples is reduced for each sub-training set, the number of features is increased 
for the classification algorithm as a whole. Therefore, the subspace KNN algorithm 
effectively improves the accuracy of the gesture recognition and has better stabil-
ity. According to the above experimental results, the gesture recognition accuracy 
increases with the increase in the number of training samples. When the number of 
training samples reaches a certain value, the gesture recognition accuracy remains 
stable. Therefore, the number of training samples does not need to be too large, 

Fig. 11 Accuracy of the gesture recognition using the data of the 2nd, 19th and 28th subcarriers



Page 15 of 21Tian et al. J Wireless Com Network         (2022) 2022:96  

because too many training samples will greatly increase the workload of sample col-
lection and make the training time of classification algorithm too long. In the paper, 
165 samples are randomly selected from 180 training samples for training.

4.3.2  Impact of transceiver spacing

To verify the performance of the MMAD-KL-GR method in the case of different trans-
ceiver spacing, we use the first, second, third, and fourth set of data in Table 1 to con-
duct experiments, and the experimental results are shown in Fig. 13. Figure 13 shows 
that when the distance between the transceivers is 1.5 meters, the gesture recognition 
accuracies of the four machine learning algorithms are all greater than 99%. As the dis-
tance between the transceivers increases, the accuracy of the gesture recognition begins 
to gradually decrease. However, the accuracy of the subspace KNN algorithm has also 
declined, but it is much higher than other algorithms. This shows that the subspace 
KNN algorithm still has a high gesture recognition accuracy and good robustness for a 
large transceiver spacing.

Fig. 12 Impact of the number of training samples

Fig. 13 Impact of transceiver spacing



Page 16 of 21Tian et al. J Wireless Com Network         (2022) 2022:96 

4.3.3  Impact of human body position

To verify the impact of human body position on the MMAD-KL-GR method, we set the 
human body at the center of transceiver connection, 0.6 meters away from the center 
vertically, and 1.2 meters away from the center vertically, as shown in Fig. 8. The experi-
ment is carried out by using the data of groups 2, 8 and 9 in Table 1. The experimental 
results are shown in Fig. 14. Figure 14 shows that the gesture recognition accuracy of 
the four machine learning algorithms is high when the human body is at the center of 
the transceiver connection, and the accuracy of the other two experiments is low. The 
experimental results show that the accuracy of the gesture recognition decreases rapidly 
when the human body gradually moves away from the center of the transceiver connec-
tion. Therefore, to improve the accuracy of the gesture recognition, it is better for the 
human body to be at the center of the LOS path of the transceiver.

4.3.4  Impact of indoor environment

The application scenario of the MMAD-KL-GR method is indoors, and there are usually 
many environmental changes in the indoor environment. Therefore, we use the second, 
fifth, sixth, and seventh groups of data in Table 1 for experiments, and the experimental 
results are shown in Fig. 15. On LOS path of the transceiver, the second, fifth, sixth and 
seventh groups of data are respectively collected in the following four cases: no obsta-
cle and no interference (referred to as no interference), no obstacle but Bluetooth head-
set interference (referred to as Bluetooth), computer case but no interference (referred 
to as computer case) and blackboard (2 m ×1.2 m) but no interference (referred to as 
blackboard). As shown in Fig. 15, the gesture recognition accuracy of the subspace KNN 
algorithm is the highest in the three cases of no interference, Bluetooth and blackboard, 
and the recognition accuracy in the case of computer case is slightly lower than that of 
bagging tree and linear SVM algorithm. The interference of Bluetooth headset has little 
impact on the accuracy of the gesture recognition. This is because the transmission dis-
tance of Bluetooth is short and the power is small, so the interference to the CSI is also 
small. When the computer case blocks the LOS path of the transceiver, according to the 
multipath effect theory, the WiFi signal can also be transmitted to the receiver through 

Fig. 14 Impact of human body position
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other reflection paths in the surrounding environment. However, when the blackboard 
blocks the LOS path of the transceiver, the power reduction in the received signals is 
very large, and the accuracy of the gesture recognition is very low because the black-
board blocks too many transmission paths of signals. Therefore, in the application envi-
ronment of the MMAD-KL-GR method, it is better not to place any obstacles on the 
LOS path of the transceiver.

4.3.5  Impact of features

In the MMAD-KL-GR method, the features are the important factors that determine 
the recognition accuracy of the method. In the paper, we use mean, median, variance, 
root-mean-square, upper quartile, lower quartile, skewness factor and CSI amplitude as 
the features of the gesture recognition. However, these features are common statistical 
features in time domain. At present, other features such as energy, zero-crossing rate 
and entropy are used in some state-of-the-art methods [12, 36–39]. To verify the perfor-
mance of different combined features and classifiers, we use the seven features given in 
Sect. 3.4, together with the sample entropy, time-domain energy and frequency-domain 
energy proposed in our previous work [12], to carry out some experiments. In the exper-
iments, we use the different combinations of the above features and the four classifiers 
used in this paper. The experimental results are shown in Fig. 16, where the meanings 
of the feature combinations are shown in Table  2. From Fig.  16, it can be show that 
each classifier can obtain similar recognition accuracy when using Comb1 features and 
Comb2 features, while the recognition accuracies of all classifiers are improved when 
using Comb4 features, and the recognition accuracy of the subspace KNN is always the 
highest. When Comb3 features are used, the recognition accuracies of the four classifi-
ers are not significantly different, while they are also improved when Comb5 features are 
used. However, compared with that when using Comb4 features, the recognition accu-
racy of the subspace KNN is reduced when using Comb5 features, while the recognition 
accuracies of the other three classifiers are improved, and the recognition accuracy of 
the bagging tree is higher than that of the subspace KNN. This shows that we need to 

Fig. 15 Impact of the indoor environment
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select different classifiers according to different feature combinations when designing a 
gesture recognition algorithm.

4.3.6  Discussion and limitation

To verify the generalization of the MMAD-KL-GR method, we analyzed the impact of 
training samples, transceiver spacing, human body position and indoor environment 
on the performance of the method. From the experimental results, it can be seen that 
the recognition accuracy of the MMAD-KL-GR method can meet the needs of most 
applications and is very high even when the number of training samples is small. As the 
transceiver spacing increases, the recognition accuracy of the MMAD-KL-GR method 
gradually decreases, so the transceiver spacing should not be too large when using the 
method. The human body position has a great impact on the recognition accuracy of the 
MMAD-KL-GR method. When the human body gradually moves away from the LOS 
path, the recognition accuracy of the method decreases rapidly. Therefore, the human 
body should be on the LOS path when using the method, otherwise the high recogni-
tion accuracy cannot be guaranteed. Indoor environment also has a great impact on 
the recognition accuracy of the MMAD-KL-GR method. If there are large obstacles or 
walls between transceivers, the recognition accuracy is low, but Bluetooth interference 

Fig. 16 Impact of the features

Table 2 Meanings of the feature combinations

Name Feature combination

Comb1 Mean, Median, Variance and Root mean square

Comb2 Upper quartile, Lower quartile and Skewness factor

Comb3 Sample entropy, Time-domain energy and 
Frequency-domain energy

Comb4 Comb1 and Comb2

Comb5 Comb1, Comb2 and Comb3
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or small obstacles have little impact on the accuracy. In summary, the MMAD-KL-GR 
method can obtain high recognition accuracy by using few training samples when the 
transceiver spacing is small, there are no large obstacles on the LOS path, and the human 
body is located on the LOS path. If the above conditions cannot be met, the recogni-
tion accuracy of the method will reduce. It is necessary to comprehensively judge the 
application possibility of the method according to the actual situation and the degree of 
accuracy reduction.

5  Conclusion
For the problems of subcarrier selection and motion interval extraction in the existing 
gesture recognition methods based on CSI, we propose a gesture recognition method 
based on the MMAD and KL divergence, which is called the MMAD-KL-GR method. 
This method uses the MMAD algorithm to extract the motion interval of the CSI data, 
uses the properties of KL divergence to select subcarriers, and uses some extracted fea-
tures to recognize the gestures through the subspace KNN algorithm. Through experi-
mental comparison, we analyze the proposed MMAD algorithm and KL divergence 
subcarrier selection algorithm. The experimental results show that the proposed interval 
extraction and subcarrier selection algorithms can effectively improve the accuracy of 
the gesture recognition. To comprehensively evaluate the MMAD-KL-GR method, we 
also analyzed the impact of the number of training samples, the transceiver spacing, the 
human body position, the indoor environment and the features on the proposed method 
through a large number of experiments and gave better application parameters of the 
method. In future work, we will test more gestures to further expand the application 
range of the MMAD-KL-GR method, and study the impact of different gestures and 
application scenarios on the selection of features and classifiers.
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