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Abstract: Hand and arm gesture recognition using radio frequency (RF) sensing modality proves 
valuable in man-machine interface and smart environment. In this paper, we use time series analysis 
method for accurately measuring the similarity of the micro-Doppler (MD) signatures between the 
training and test data, thus providing improved gesture classification. W e c haracterize t he MD 
signatures by the maximum instantaneous Doppler frequencies depicted in the spectrograms. In 
particular, we apply the dynamic time warping (DTW) method and compare its performance with 
that of the long short-term memory (LSTM) network. Both methods take into account the values 
as well as the temporal evolution and trends of time series data. It is shown that the DTW method 
achieves high gesture classification rates and is robust to time misalignment.

Keywords: arm motion recognition; micro-doppler signature; time series analysis; dynamic time 
warping; long short-term memory11

1. Introduction12

Propelled by successes in discriminating between different human activities, radar has been13

recently employed for automatic hand gesture recognition for interactive intelligent devices [1–6].14

This recognition proves important in contactless close-range hand-held or arm-worn devices, such15

as cell phones and watches. The most recent project on hand gesture recognition, Soli, by Google for16

touchless interactions with radar embedded in a rest band is a testament of this emerging technology17

[3]. In general, automatic hand or arm gesture recognition, through the use of RF sensors, is important18

to smart environment. It is poised to make homes more user friendly and most efficient by identifying19

different motions for controlling instrument and household appliances. The same technology can20

greatly benefit the physically challenged who might be wheelchair confined or bed-ridden patients.21

The goal is to enable these individuals to be self-supported and independently functioning.22

Arm motions assume different kinematics than those of hands, especially in terms of speed and23

time duration. Compared to hand gesture, arm gesture recognition can be more suitable for contactless24

man-machine interaction with longer range separation, e.g., the case of commanding appliances,25

like TV, from a distant couch. The larger radar cross-sections of the arms, vis-a-vis hands, permit26

more remote interactive positions in an indoor setting. Further, the ability of using hand gestures for27

device control can sometimes be hindered by cognitive impairments such the Parkinson disease which28

induces strong hand tremor.29

The nature and mechanism of arm motions are dictated by its elongated bone structure defined by30

the humerus which extends from the shoulder to the elbow and the radius and ulna that extend from31

elbow to hands. Because of such structure, arm motions, excluding hands, can be accurately simulated32

by two connected rods. In this respect, the instantaneous Doppler frequency of any point on the upper33
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arm can be discerned from any other point in the same region. The same can be said for the forearm.34

This is different from hand motions which involve different and flexible motions of the palm and the35

fingers, and it is certainly distinct from body motions which yield intricate MD signature [7–15].36

Recent work in automatic arm motion recognition using the maximum instantaneous Doppler37

frequencies, i.e., the frequency envelope of the MD signature of the data spectrogram, as features38

followed by the nearest neighbour (NN) classifier provided classification rates reaching close to 97%39

[16]. In this work, the feature vector consists of the augmented positive frequency and negative40

frequency envelopes. The corresponding classification performance outperformed data driven feature41

extraction, such as principal component analysis (PCA) and provided similar results to convolutional42

neural network (CNN). Since the NN classifier applies distance metrics to measure closeness of the43

test data to training data, shuffling the envelope values of all test and training data will not change the44

classification results. In this respect, the frequency envelope values rather than the actual shape of the45

envelope are used in classification.46

In this paper, and towards improving on the results in [17], we employ features which capture47

the MD signature envelope behavior as well as evolution characteristics. The envelope represents the48

maximum instantaneous Doppler frequencies, and thus, is considered as a time-series. Time series49

analysis appears in many application domains, including speech recognition, handwriting recognition,50

weather readings and financial recordings [18–20]. We consider two common time series recognition51

methods, namely, the NN-DTW (NN classifier with the DTW distance) [21–24] method and the LSTM52

method [25–28]. The former is a conventional machine learning (ML) technique that utilizes the DTW53

distance which is a sum-measure over a parametrization and has nonlinear warping capability. It has54

been proven effective in time series recognition [29–31]. The latter is a deep learning tool which is more55

appropriate for time series than CNN. It has a memory of the useful temporal evolution information56

during the training process. It is shown that the DTW-based NN classifier outperforms those based57

on L1 distance norm and the LSTM method, and achieves an average classification rate above 99%.58

Both time series analysis methods are robust to time misalignment. Similar to [17], our feature vector59

includes the augmented positive and negative frequency envelopes. But, we also augment these two60

envelopes with a vector of their differences which captures the synchronization information of the two61

envelopes. It is noted that no repetitive motions are considered and, in a way, the gesture classification62

is applied to a single arm motion cycle [32].63

The remainder of this paper is organized as follows. In Section 2, we discuss the time-frequency64

signal representations and the power burst curve. Section 3 describes a method to extract the MD65

siganture envelopes. Section 4 discusses two time series analysis methods, namely, the dynamic time66

warping method and the long short-term memory. Section 5 describes the radar data collection and67

pre-processing of arm motions. Section 6 presents the gesture recognition accuracy of the two time68

series analysis methods and also discusses the robustness to time shift. The paper is concluded in69

Section 7.70

2. Radar MD Signature Representation71

2.1. Time-frequency Representations72

The radar back-scattering signal from arms in motion can be analyzed by its MD signature.73

The MD signature is a time-frequency representation (TFR) which reveals the received signal local74

frequency behavior. A number of TFR methods could be used to represent the MD signature. The75

spectrogram is a commonly employed TFR which predicates on linear time-frequency analysis. For a76

discrete-time signal s(n) of length N, the spectrogram can be obtained by taking the short-time Fourier77

transform (STFT) of the data and computing the magnitude square,78

S (n, k) =

∣∣∣∣∣L−1

∑
m=0

s(n + m)h(m)e−j2π mk
N

∣∣∣∣∣
2

(1)
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where n = 1, · · · , N is the time index, k = 1, · · · K is the discrete frequency index, and L is the length of79

the window function h(·). An example of the spectrogram, scaled to 0 dB, is illustrated in Figure 1. The80

sliding window h(·) is rectangular with length L =2048 (0.16 s), and K is set to 4096. We consider the81

MD signal as a deterministic signal rather than a stochastic process, and do not assume an underlying82

frequency modulated signal model that calls for optimum parameter estimation [33,34].

Figure 1. An example of spectrogram.
83

2.2. Power Burst Curve (PBC)84

In real-time processing, the received signal is typically a long time sequence signal that may
contain multiple and consecutive arm motions. Finding the onset and offset times of arm motion
becomes necessary to determine the individual motion boundaries and time span. These times can be
obtained from the PBC [35,36] which measures the signal energy in the spectrogram within specific
frequency bands. In particular, we compute

S(n) =
KN2

∑
k1=KN1

|S(n, k1)|2 +
KP2

∑
k1=KP1

|S(n, k1)|2 (2)

In the problem considered, the negative frequency indices KN1 and KN2 are set to −500Hz to −20Hz,85

whereas the indices for positive frequencies are set to KP1 = 20Hz and KP2 = 500Hz. The frequency86

band around the zero Doppler bin between −20Hz and 20Hz affects the accuracy of the result and,87

therefore, is not considered. The resulting PBC is indicated by the blue curve in Figure 2 for the88

example spectrogram in Figure 1.89

In order to avoid false breach of the motion signature, the original PBC curve is smoothed by a
moving average filter of length P. The filtered PBC, S f (n), is represented by

S f (n) =
1
P

P−1

∑
j=0

S(n− j) (3)

and is shown in Figure 2 by the red curve. The threshold, T, determines the beginning and the end of
each motion, and is computed by

T = S f min + α ·
(

S f max − S f min

)
(4)
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where α depends on the noise floor and is empirically chosen from the range [0.01, 0.2]. S f min and90

S f max, respectively, represent the minimum and maximum values of S f (n). In this paper, α is set to91

0.1, which means 10% over the minima. The threshold is indicated by a a yellow line shown in Figure92

2. The onset time of each motion is determined as the time index at which the filtered PBC exceeds the93

threshold, whereas the offset time corresponds to the time index at which the filtered PBC falls below94

the threshold.95

Figure 2. An example of the PBC method.

3. Extraction of the Maximum Instantaneous Doppler Frequency Signature96

The arm has a bone structure which makes it more rigid than the hands. For example, the motion
of any point on the upper arm, which is the part from the shoulder to the elbow, can be discerned
from any other point in the same part. This property motivates us to use the maximum instantaneous
Doppler frequencies as principal features. These features represent the positive and negative frequency
envelopes in the spectrograms and attempt to capture, among other things, the maximum Doppler
frequencies, the time-duration of the arm motion event and its bandwidth, and the relative portion of
the motion towards and away from the radar. In this respect, the envelopes can accurately characterize
different arm motions. An energy-based thresholding algorithm discussed in [17,35] can be applied to
extract the envelopes. First, the maximum positive and negative Doppler frequencies are determined
by computing the effective bandwidth of each motion from the spectrogram. Second, the positive
frequency and negative frequency parts of a spectrogram are used to generate the positive envelope
and negative envelope, respectively. The corresponding energies of the two parts, denoted as EU(n)
and EL(n), are computed separately as,

EU (n) =

K
2

∑
k=1

S(n, k)2, EL (n) =
K

∑
k= K

2 +1

S(n, k)2 (5)

Figure 3 shows the resulting positive energy and negative energy of the example considered. These
energies are then scaled to define the respective thresholds, TU and TL,

TU(n) = EU(n) · σU , TL(n) = EL(n) · σL (6)

where σU and σL represent the scale factors, both are less than 1. These scalars can be chosen empirically,97

but an effective way for their selections is to maintain the ratio of the energy to the threshold values98

constant over all time samples. This constant ratio can be found by time locating the maximum positive99
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Doppler frequency and computing the corresponding energy at this location. In this example, ti = 2.54s,100

f j = 340Hz and A(ti, f j) = 320, where (ti, f j) and A(ti, f j) represent the location of the maximum101

positive Doppler frequency and its strength, respectively. The corresponding scale factor can be found102

by σU = A(ti, f j)/EU(ti). Once the threshold is computed, the positive frequency envelope is then103

provided by locating the Doppler frequency at each time instant for which the spectrogram assumes104

the first higher or equal value to the threshold. This frequency, in essence, represents the effective105

maximum instantaneous Doppler frequency. Similar procedure can be followed for the negative106

frequency envelope. The positive frequency envelope, eU(n), and negative frequency envelope, eL(n),107

are concatenated to form the feature vector e = [eU , eL]. The extracted frequency envelopes of the108

example considered is plotted in Figure 4.109

Figure 3. The energy of the positive and
negative spectrogram.

Figure 4. The extracted envelopes from the
spectrogram.

4. Time Series Analysis Methods110

The extracted maximum instantaneous Doppler frequencies are considered as a time series. To111

measure the similarity between two time series, the traditional L1 and L2 distance methods do not112

take into account the temporal or evolutionary behavior of the series. We seek similarity measure that113

accounts for these properties and is robust to time shift and scaling. To fully exploit the characteristics114

of the maximum instantaneous Doppler frequencies, two time series analysis methods are presented,115

namely the DTW method and the LSTM method. The DTW method is a well established distance116

measure which permits time and scale misalignments. A NN classifier can be applied in conjunction117

with the DTW [29,37]. On the other hand, the unique design structure of the LSTM allows the network118

to exhibit temporal dynamic behavior and as such, is cognizant of past input samples. It has already119

achieved a great success in handwriting recognition and speech recognition [38,39].120

4.1. Dynamic Time Warping Method121

The NN classifier is applied to the MD signature feature vector to discriminate among six arm122

motions. The DTW distance is one of the principal methods used to calculate the similarity between123

two motion time series which may vary in time or speed. For instance, similarities in walking patterns124

could be detected using DTW, even if one person walks faster than the other, or if there are accelerations125

and decelerations during the course of an observation.126

Suppose X = (x1, x2, . . . , xi, . . . , xn) and Y = (y1, y2, . . . , yj, . . . , yn) are two time series
representing the maximum instantaneous Doppler frequencies, an n-by-n distance matrix D is then
formed, where the (i, j) matrix element represents the distance D(xi, yj) between xi ∈ X and yj ∈ Y
(the distance D(xi, yj) is typically computed by the L1 or L2 norm). Each element also corresponds to
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an alignment between xi ∈ X and yj ∈ Y. A warping path, W, finds a path in the distance matrix D
[21,40,41],

W = w1, w2, . . . , wl , . . . , wL, n ≤ L ≤ 2n− 1 (7)

where each wl corresponds to an element (i, j)l . The warping path is typically restricted by the127

following three constraints [21,40,41].128

• Boundary conditions: The beginning and end of the path are w1 = (1, 1) and wL = (n, n)129

respectively.130

• Monotonicity: Given wl1 = (a, b) and wl2 = (c, d) where a ≤ c, we have b ≤ d.131

• Continuity: Given wl = (a, b) and wl+1 = (c, d), we have c− a ≤ 1, d− b ≤ 1.132

When the distance matrix D is computed by L2 norm, the diagonal line in the Figure 5 represents the
Euclidean path which is just one case of all possible paths. The DTW is the path that satisfies the above
restrictions, and also has the minimum warping cost, as illustrated in Figure 5 and given by,

DDTW(X, Y) = min
L

∑
l=1
|wl | (8)

The applied NN classifier is among the most commonly used classifiers in pattern recognition. It is a

Figure 5. An example of dynamic time warping path.
133

simple ML classification algorithm, where for each test sample, the algorithm calculates the distance to134

all training samples. The DTW distance is chosen as the distance metric due to its better performance in135

time series analysis compared with conventional L1 and L2 distances. The classification is performed136

by assigning the label of the closest training sample based on the resulting DTW distance.137

4.2. Long Short-Term Memory138

The CNN and recurrent neural network (RNN) are two common deep learning tools. The former139

performs well in spatial-distributed data processing, which is mainly used for image classification140

with the predefined size data. On the other hand, RNN can recognize the time information, and it is141

more commonly used in speech recognition and natural language processing. Since we cast the feature142

as time series, we opt to use the RNN to analyze the temporal information embedded in the data.143
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However, the conventional RNN suffers from long-term memory. The LSTM is an alternative RNN144

architecture which can overcome this shortcoming. The details explanation of LSTM can be found in145

[25–28].146

Figure 6. Diagram of the LSTM network.

The diagram in Figure 6 illustrates the architecture of the employed LSTM network. The input147

layer inputs the time series data into the network, and the LSTM layer learns temporal information from148

the input. The fully connected layer combines all features learned by LSTM layers for classification.149

Therefore, the output size is equal to the number of classes. The softmax layer normalizes the output150

of the former layer to be used as the classification probabilities.151

Figure 7. Details of the LSTM layer.

At any given time, the input data Xinput is two-dimensional. Along each dimension, a time series
of length N, representing the maximum positive and negative instantaneous Doppler frequencies, is
considered. That is,

Xinput =
[

X1 X2 · · · Xt · · · XN

]
=

[
eU1 eU2 · · · eUt · · · eUN
eL1 eL2 · · · eLt · · · eLN

]
(9)

where Xt is the two dimensional input vector containing the maximum positive and negative Doppler
frequencies at time t. Figure 7 shows the details of the LSTM layer. Each LSTM block contains three
gates to control the flow of the information, namely the forget gate, the input gate and the output
gate. The hidden state ht and the cell state ct of the LSTM layer at time t can be obtained by following
equations [25]:

ft = σ(W f xt + R f ht−1 + b f )

it = σ(Wixt + Riht−1 + bi)

gt = tanh(Wgxt + Rght−1 + bg)

ot = σ(Woxt + Roht−1 + bo)

ct = ft � ct−1 + it � gt

ht = ot � tanh(ct)

(10)
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where ft is the forget gate, it is the input gate, gt is the cell candidate, ot is the output gate. The W, R152

and b are the input weights, recurrent weights and bias, respectively, with the subscripts corresponding153

to different gates. The W f , R f and b f are the parameters of the forget gate, the Wi, Ri and bi are the154

parameters of the input gate, the Wg, Rg and bg are the parameters of the cell candidate, and the Wo,155

Ro and bo are the parameters of the output gate. The σ and tanh(·) represent the sigmoid activation156

function and hyperbolic tangent activation function, respectively. The � denotes the Hadamard157

product.158

The difference between the conventional RNN and the LSTM network is that the LSTM has three159

gates to regulate the flow of the information, which also leads to its long-term memory. The forget gate160

ft can learn what information is relevant in the time sequence, and decide to keep or forget accordingly.161

The previous hidden state ht−1 and the current input xt are passed through a sigmoid function, and162

the smaller the output value, the more information from the previous cell state ct−1 is forgotten. The163

candidate gt is the output by a tanh function to compress the inputs, and the input gate it is applied164

to control how much information of the candidate is added in the updated cell state. The cell state ct165

itself can be updated by the previous cell state ct−1, the forget gate ft, the input gate it and candidate166

gt. The output gates ot decide how much information to output. The hidden state ht can be obtained167

by the update cell state ct and output gate ot, which is also the output of the LSTM block at time t.168

5. Arm Motion Experiments169

Figure 8. Illustration of experiment setup.

The system in the experiments utilizes one K-band portable radar sensor from Ancortek company170

with one transmitter and one receiver. It generates a continuous wave (CW) with the carrier frequency171

25 GHz and the sampling rate is 12.8 kHz, respectively.172

The data analyzed in this paper was collected in the Radar Imaging Lab at the Center for Advanced173

Communications, Villanova University. The radar was fixed at the edge of a table. The vertical distance174

between radar and the participant was approximately three meters. During the experiments, the175

participants were in sitting position, and the body remained fixed as much as possible. In order176

to mimic typical people behavior, the arms always rested down at a table or chair arm level at the177

initiation and conclusion of each arm motion. Different orientation angle and speed of the arm motion178

are also considered. As shown in Figure 8, five different orientation angles, 0,±10◦,±20◦, are chosen,179

and the participant was always facing the radar at different angles. Since speed of the arm motion180

varies from person to person and is also influenced by age, we took into account both the normal181
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speed and slow speed arm motions. The normal speed is more natural and relatively fast, whereas the182

slow speed arm motion is about 30% slower than the normal.183

The six arm motions were conducted as depicted in Figure 9, i.e. (a) Pushing arms and pulling184

back, (b) Crossing arms and opening, (c) Crossing arms, (d) Rolling arms, (e) Stop sign, and (f) Pushing185

arms and opening. In “pushing," both arms moved towards the radar, whereas the “pulling" is an186

opposite motion in which the arms moved away from the radar. The “pushing" is followed by “pulling"187

immediately with a very short pause or almost no pause between them. The motion of “crossing arms"188

describes crossing the arms from a wide stretch. Six people were invited to participate the experiment,189

including four men and two women. Each arm motion was recorded over 40 seconds to generate190

one data segment. The normal arm motion and slow arm motion were both recorded twice at each191

angle. Each segment contained 12 or 13 individual same arm motion, and the PBC was applied to192

determine the onset and offset times of each individual motion. A 5 second time window was utilized193

to extract every individual motion from the long time sequence. As such, repetitive motions and the194

associated duty cycles were not considered as features and were not part of the classifications. In total,195

we generated 1913 samples for six arm motions.196

Figure 9. Illustrations of 6 different arm motions. (a) Pushing arms and pulling back, (b) Crossing arms
and opening, (c) Crossing arms, (d) Rolling arms, (e) Stop sign, (f) Pushing arms and opening.

Among the six arm motions, we chose the most discriminative arm motion as an “attention”197

motion for signaling the radar to begin as well as to end. Without the “attention” motion, the radar198

remains passive with no interactions with human. Among all arm motions, “Pushing arms and pulling199

back” and “Pushing and open arms” assume the highest accuracy. However, the former motion can be200

confused with common arm motions such as reaching for a cup or glasses on table. Thus, “Pushing201

and open arms” was chosen as the “attention” motion.202

The spectrograms for six arm motions with normal speed at zero angle are obtained by performing203

the STFT, and are shown in Figure 10. Through the envelope extraction method, the corresponding204

envelopes are also plotted in Figure 11. The yellow curves and the red curves in the figure are the205

maximum positive and negative envelopes, respectively. It is clear that the envelopes can well enclose206

the local power distributions. It is also evident that the MD characteristics of the spectrograms are207
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(a) (b) (c)

(d) (e) (f)
Figure 10. Spectrograms of 6 different arm motions. (a) Pushing arms and pulling back, (b) Crossing
arms and opening, (c) Crossing arms, (d) Rolling arms, (e) Stop sign, (f)Pushing arms and opening.

(a) (b) (c)

(d) (e) (f)
Figure 11. Spectrograms and corresponding envelopes. (a) Pushing arms and pulling back, (b) Crossing
arms and opening, (c) Crossing arms, (d) Rolling arms, (e) Stop sign, (f) Pushing arms and opening.
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in agreement and consistent with each arm motion kinematics [16]. For example, in “Pushing arms208

and pulling back,” the arms push forward directly which generates positive frequencies, whereas the209

“pulling” phase has negative frequencies. At the initiation of the arm motion, “Crossing arms and210

opening,” the two arms move slightly back, resting on table or chair arms, in the ready position. This211

causes negative frequency at the beginning. The motion itself can be decomposed into two phases.212

In the “crossing” phase, the arms move closer to the radar at the beginning which causes positive213

frequencies, then move away from the radar which induces negative frequencies. The “open” phase214

is the opposite motion of “crossing” phase, which also produces positive frequencies first and then215

negative frequencies. At the conclusion of the arm motion, the arms rest down causing positive216

frequencies at the end of the spectrogram. The motion “Crossing arms” only contains the first phase217

of the motion “Crossing arms and opening,” and has the same respective MD signature. The two218

arms of “Rolling arms” perform exactly the opposite movements, as one arm moves forward along219

a circular trajectory, while the other moves backwards. So, the MD has simultaneously positive and220

negative frequencies. In one motion cycle, the right arm experiences three phases, moving forward,221

moving backward and moving forward again. The left arm always performs the opposite motion to222

the right arm. For the motion, “Stop sign,” the arm moves backwards which only causes negative223

frequencies. The last arm motion, “Pushing arms and opening ” includes the pushing, which has224

positive frequencies, and the opening, which has negative frequencies.225

Figure 12 is an example of the “attention” motion with different velocities at 0◦. The time period226

of the normal motion is shorter than that of the slow motion, and the speed is faster which causes227

higher Doppler frequencies. The main characteristics and behaviors, however, remain unchanged.228

Figure 13 shows the “attention” motion with the normal speed at different orientation angles. As the229

angle increases, the energy becomes lower owing to the dB drop in the antenna beam.

(a) (b)
Figure 12. The “attention” motion with different velocities at 0◦. (a) Slow motion, (b) normal motion.

230

(a) (b) (c)

Figure 13. The “attention” motion with normal speed at different orientation angles. (a) The “attention”
motion at 0◦, (b) The “attention” motion at 10◦, (c) The “attention” motion at 20◦.
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Figure 14. Alignment by the DTW with time shift.

6. Simulation231

In the previous sections, we discussed the extraction of the maximum instantaneous Doppler232

frequency signatures and two different time series analysis methods. In this section, the extracted233

features are regarded as a sequence that is input to both methods. The classification accuracy is used234

to evaluate the performance of the two ML methods, and all the classification results are obtained235

through 500 Monte Carlo trials. In each trial, we randomly select 70% of the data segments for training236

and 30% for testing. All experiments were performed on Intel(R) Core(TM) i7-3770 CPU with 16 GB of237

memory.238

6.1. The classification accuracy of the DTW method239

The DTW distance is robust to time mislignments and time scaling. Figure 14 shows two envelopes240

of the same motion class, but with a large misalignment in time. Although similar in shape, the L2241

distance, which only accounts for the corresponding samples in the two time series, yields a high error242

norm. By applying the DTW distance, the two time series can be aligned well and the effect of the243

misalignments is significantly reduced. Similarly, two time series with different time scaling can also244

be aligned in value. Figure 15 shows the alignment of the envelopes of two members of the same245

motion class but with different speeds. In essence, by applying the DTW method, the two time series246

which belong to the same motion class assume small distance and high similarity, which reduces the247

probability of misclassification.248

Figure 15. Alignment by the DTW with different speeds.

In our previous work [16,17], each of the original extracted envelope feature contained 2000249

samples for both positive and negative Doppler frequencies, and was directly inputted into the250
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NN classifier with L1 distance measure, achieving an overall accuracy 97.17% [16]. Considering251

the real-time processing and to avoid high computations of DTW dealing with long time series,252

we downsampled the envelopes to 200 samples. Figure 16 shows one example of the frequency253

envelope before and after downsampling. It is evident that the main characteristics of the envelope254

are maintained when downsampled. To further examine the impact of downsampling on the NN255

classifier, the downsampled features are put into the NN classifier with L1 distance. This resulted in256

classification accuracy of 97.13% [16], which is nearly the same as when using the entire sequence. The257

corresponding confusion matrix is given in Table 1.258

Figure 16. An example of the envelope feature
before and after downsampling.

Figure 17. Accuracy of the LSTM method
with a different output size.

Table 1. Confusion matrix yielded by NN-L1 classifier.

a b c d e f

a 98.92% 0 0.02% 0.01% 1.04% 0.01%
b 0.03% 95.28% 2.62% 0.03% 0.45% 1.59%
c 1.12% 0.24% 95.74% 0.14% 2.28% 0.48%
d 2.82% 0 0.59% 95.78% 0.81% 0
e 2.58% 0 0.82% 0 96.60% 0
f 0.60% 0.01% 0.05% 0 0.56% 98.78%

Table 2. Confusion matrix yielded by NN-DTW classifier.

a b c d e f

a 96.96% 0 0.02% 0 2.79% 0.23%
b 0.03% 98.70% 0.71% 0.07% 0 0.45%
c 0.28% 0.38% 97.87% 0 1.39% 0.08%
d 1.02% 0 1.42% 96.82% 0.59% 0.15%
e 0.17% 0 0.48% 0 99.09% 0.26%
f 0.13% 0 0.04% 0 0.69% 98.14%

Since the arm motion recognition accuracy based on the original and the downsampled envelopes259

is unchanged, we opted to use the downsampled envelope features as the input to the NN-DTW260

classifier. The result is an overall accuracy of 98.20%, with the confusion matrix shown in Table 2. It261

took about 0.2 s to classify each test sample with the downsampled data using the DTW distance which262

makes it suitable for real time processing. By comparing these two confusion matrices, the accuracy of263

motions (b), (c), (d) and (e) improves by 1% to 3%, whereas motion (a) dropped by 2%. There is 1%264

overall improvement.265
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Since we concatenated the positive and negative envelopes to form a long vector, the relation266

between the time occurrences of the corresponding samples is not captured in the concatenated vector267

and is not paid attention to by the DTW method. Thus, we move to also include the vector of the268

two envelope differences as a feature. The new feature vector is then enew = [eU , eL, eU − eL], and269

includes the differences between the positive and negative envelopes. A remarkably higher average270

classification rate of 99.12% is achieved. The confusion matrix is shown in Table. 3. All motions are271

classified with an accuracy over 98.50%, especially, the motion (c), (d) and (e) have an accuracy higher272

than 99%.273

Table 3. Confusion matrix yielded by NN-DTW classifier with new feature vector.

a b c d e f

a 98.50% 0 0.01% 0 1.45% 0.04%
b 0.11% 98.80% 0.55% 0.01% 0 0.53%
c 0.26% 0.29% 99.10% 0 0.31% 0.04%
d 0.66% 0 0.15% 99.15% 0.03% 0
e 0.01% 0 1.01% 0 98.97% 0.01%
f 0.02% 0 0.01% 0 0.32% 99.65%

6.2. The classification accuracy of the LSTM method274

The structure of the LSTM method, described in Section 4.2, is applied. The input data is the275

maximum instantaneous Doppler frequencies. The output of the LSTM layer is the last sequence, and276

its size is determined by trial and error. During the training process, the number of batch is set to277

10, and the maximum epochs is 200. An epoch is an iteration over the entire training samples. The278

optimisation solver is the stochastic gradient descent with momentum optimizer, and the learning279

rate is the constant value 0.001. The training accuracy and the loss of the training during the training280

process is plotted in Figure 18 and Figure 19. The arm motion recognition results with different output281

sizes are shown in Figure 17. The highest accuracy of 96.67% was achieved with the ouputsize 400.282

The confusion matrix is given in Table 4.283

Table 4. Confusion matrix yielded by the LSTM method.

a b c d e f

a 95.77% 0 0.59% 1.73% 1.49% 0.42%
b 0 98.38% 0.40% 0 0 1.22%
c 0.89% 2.02% 93.22% 1.37% 2.02% 0.48%
d 2.02% 0.06% 0.84% 96.97% 0.11% 0
e 1.31% 0 1.94% 0.44% 96.12% 0.19%
f 0.25% 0.63% 0.13% 0 0 98.99%

6.3. Analysis the classification accuracy with time misalignment284

The NN classifier with the L1 distance only considers the frequency envelope values individually,285

whereas the DTW distance takes into account the temporal information. Thus, it is expected that286

the NN classier with DTW distance can achieve a better performance. The onset and offset times of287

each motion are obtained by the PBC, and used to center the individual motion in the middle of the288

spectrograms. Since the time span and speed of each motion may vary, misalignments can occur within289

the same class. To validate the DTW method robustness to time misalignment, each test envelope290

feature was shifted to the left or right within [0, Tshi f t], where Tshi f t is the maximum time shift. This291

time shift process is not included in the training data, which means the classifier has no knowledge292

about the time shift during the training. The recognition accuracy based on NN-L1 and NN-DTW293

classifier with different maximum time shifts is plot in Figure 20. With the maximum time shift of 0.5 s,294
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Figure 18. The training accuracy of the LSTM network.

Figure 19. The training loss of the LSTM network.

the accuracy based on NN-L1 classifier dropped by 15.06 %, whereas the NN-DTW based method only295

dropped by 0.33%. We also consider the affect of the time misalignment on the LSTM method. From296

Figure 20, it is clear that the recognition accuracy is maintained and is unchanged with different time297

shifts. This demonstrated that both the NN-DTW method and the LSTM method are robust to time298

misalignment.299

7. Conclusion300

In this paper, we considered a time series analysis method for effective automatic arm motion301

recognition based on radar MD signature envelopes. No range or angle information was incorporated302

in the classifications. Taking advantage of the Doppler continuity of the arm motion, the PBC was303

used to determine the individual motion boundaries from long time series. The positive and negative304

frequency envelopes of the data spectrogram are then extracted by an energy-based thresholding305

Figure 20. Recognition accuracy with time shift.
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algorithm. The feature vector is the augmented positive and negative frequency envelopes, and their306

differences. The augmented feature vector was provided to the NN classifier based on the DTW307

distance, which is more suitable to describe the similarity between time series in lieu of the L1 and308

L2 distance measures. The LSTM, a time series analysis method commonly used in ML, was also309

presented for comparison. The experimental results showed that the NN classifier based on the DTW310

distance achieves close to 99 percent classification rate which is superior to both existing classifiers311

based on L1 distance and the LSTM method by an overall 2% improvement. It was also shown that the312

DTW and LSTM methods are robust to the time shift of the signal.313
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Abbreviations321

The following abbreviations are used in this manuscript:322

323

RF Radio frequency
MD Micro-Doppler
DTW Dynamic time warping
LSTM Long short-term memory
PCA Prinicipal component analysis
TFR Time-frequency representation
STFT Short-time Fourier transform
PBC Power burst curve
NN Nearest neighbour
NN-DTW NN classifier with the DTW distance)
STFT Short-time Fourier transform
PBC Power burst curve
CW Continuous wave
ML Machine learning
CNN Convolutional neural network
RNN Recurrent neural network
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