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ABSTRACT This paper describes the application of micro-Doppler radar (MDR) to gait classification based
on fall risk-related differences using deep learning and gait parameter-based approaches. Two classification
problems were considered in this study: elderly non-fallers and multiple fallers were classified to investigate
the detection of fall risk-related gait differences, and middle-aged (50s) and elderly (70s) adults were
classified to detect aging-related gait differences. The MDR signal data of the participants were simulated
using an open motion capture gait dataset. The classification results obtained using the deep learning and
gait parameter-based approaches showed that the classification accuracy achieved using a support vector
machine with the gait parameters extracted from the MDR signals was better than that resulting from the
deep learning of spectrogram (time-velocity distribution) images of the MDR signals for both classification
problems. The gait parameter-based approach achieved the classification rates of 79 % for faller/non-faller
classification and 82 % for 50s/70s classification, whereas the corresponding accuracies were 73 % and 76
%, respectively, using the deep learning approach. These results reveal that the gait parameters extracted via
MDR measurements include sufficient information on gait to detect individuals with a high risk of falls and
the gait parameter-based approaches are thus effective for both classification problems.

INDEX TERMS Doppler radar, gait recognition, statistical analysis.

I. INTRODUCTION
Falls often lead to morbidity and disability in the elderly.
Daily gait assessment is important for evaluating the fall
risks of individuals because most falls that result in physi-
cal injuries in the elderly occur while walking [1]. For this
purpose, gait information that shows differences in fall risks
should be effective for screening people with high fall risks.
Many studies have verified the significant differences in gait
between participant groups with different fall risks, such as
young adults, elderly adults, and elderly adults with a history
of falls [2]–[4]. In particular, elderly adults with a history
of multiple falls have significant fall risks [5], [6], and the
detection of such risks via the gait information is important
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to prevent repeated falls. Further, investigations of age-related
gait changes are important to evaluate fall risks because aging
is associated with slowing of gait [7], [8].

However, biomechanics researchers often have used opti-
cal motion capture (Mocap) to measure detailed gait infor-
mation [2], [9]. This technique is unsuitable for daily use
because of the requirements of time-consumingmarker place-
ment, numerous cameras, and a constrained environment for
the participant. Accelerometry-based measurement systems,
including wearable sensing techniques, have been developed
to measure daily gait [3], [9]. However, participants must
wear numerous acceleration sensors in these approaches.
Although sensing systems using force plates or pressure mats
have also been used [4], [8], their measurement areas are
limited to the sensor surface and the measurable gait infor-
mation is thus limited compared with that obtainable using
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other sensors. To achieve simple and unconstrained gait
measurement, optical remote sensing techniques such as
depth sensing and camera-based analysis have been widely
used [10]–[12]. However, their accuracies depend on the
light conditions and clothes of the participants. In addition,
none of the above techniques can measure velocity directly,
which is a critical problem because one of the most impor-
tant parameters in gait analysis is the walking velocity. For
example, Steinert et al. [12] recently reported that some gait
parameters such as gait speed and cadence can be measured
using smartphone cameras and depth sensors to some extent.
However, their accuracies are insufficient for the detailed gait
measurements required in fall risk evaluation.

To resolve the above problems associated with conven-
tional techniques, micro-Doppler radar (MDR) is a promising
candidate [13]–[21]. MDR can remotely measure the velocity
of whole human body parts without placing any constraints
on the participant. Moreover, MDR devices are appropri-
ately small for daily monitoring in homes, hospitals, and
other such places. The effectiveness of MDR for the gait
classification has been verified in rehabilitation and hospi-
tal applications [13], [14] and fall-detection systems [15].
In recent years, deep learning-based approaches involving
the time-velocity diagram (spectrogram) of the MDR have
achieved classification of various types of motion [16], [17]
and person identification [18], [19]. Moreover, gait classifi-
cation of healthy young and elderly adults based on the gait
parameters related to their age- or fall risk-related gait differ-
enceswas achieved in our previouswork [20], [21], indicating
the possibility of remotelymeasuring gait differences. In [21],
we demonstrated the gait classification of young (aged in
their 20s) and elderly (65 years and older) groups with over
80% accuracy using a support vector machine (SVM) whose
feature vector was composed of the gait parameters. Thus,
the measurements of detailed parameters in gait have been
obtained, which will be effective for the development of a
daily fall risk assessment method. However, the classification
of elderly fallers was presented with quite a limited number of
data in [20], and the model construction and its evaluation for
practical use were not conducted. In addition, the deep learn-
ing of MDR data was not applied for such problems on the
classification of participant groups that have gait differences.
This state-of-the-art technique related to deep learning should
be applied and compared with the conventional techniques
involving gait parameter-based classification.

In this study, we demonstrated gait classification for par-
ticipant groups with different ages and fall risks using MDR.
The deep learning- and gait parameter-based approacheswere
applied and compared. We dealt with two types of gait clas-
sification problems: classification of elderly multiple fallers
and non-fallers (faller classification) and gait classification in
middle aged (50s) and elderly (70s) adults (50s/70s classifica-
tion). The aim of the faller classificationwas to detect individ-
uals with high risks of falls, and the objective of the 50s/70s
classification was to detect age-related gait differences. The
MDR data were simulated using the Mocap data in the AIST

Gait Database 2019 [22] because we could generate accurate
MDR data for a sufficient number of participants without
performing time-consuming experiments (note that recruiting
participants with histories of multiple falls is difficult and
time-consuming). We investigated the effectiveness of the
two approaches using the MDR measurements for both gait
classification problems. The contributions of this research are
as follows.
• The deep learning approach was applied to faller and age
classifications using MDR for the first time.

• MDR was applied to gait classification of middle-aged
and elderly adults for the first time and demonstrated
over 80% accuracy.

• The classification results of the deep learning and
gait parameter-based approaches were compared and
revealed that the gait parameter-based approach was
more accurate than the deep learning approach for both
classification problems.

• We demonstrated that the gait parameters extracted from
spectrogram envelopes included sufficient information
to classify the participant groups with different fall risks.

The remainder of this paper is organized as follows:
Section II thoroughly describes the experimental participants,
datasets, classification procedures, and analyses. Section III
provides a detailed presentation of the classification results
of the two considered approaches and comparisons with the
existing published findings. Finally, Section IV highlights the
main contributions of this work and topics for future research.

II. METHODS
A. EXPERIMENTAL PROTOCOL
This paper describes the two MDR-based gait classification
problems of faller/non-faller and 50s/70s classification. The
data of all participants selected for this study are included
in the AIST Gait Database 2019 [22]. For the faller classi-
fication, the study participants included 28 healthy elderly
adults [non-fallers: 18 men; mean age 65.5± 2.6 years, mean
height 160.3 ± 8.9 cm, mean mass 57.6 ± 10.3 kg] and
28 elderly adults with a history of multiple falls within one
year [fallers: 12men; mean age 67.8± 2.6 years, mean height
159.0 ± 7.2 cm, mean mass 61.0 ± 9.1 kg]. The participants
were aged 60 years and older, and we selected the participants
so that there was no significant difference in age between the
two groups, as the objective of this classification was to eval-
uate gait differences due to fall risk, rather than age-related
gait changes. Note that participants with a history of one
fall within one year were excluded in order to maximize the
possibility of selecting a sample of older adults with recurrent
falling problems. None of the participants had any physical
disability or serious disease, such as dementia.

For the 50s/70s classification, the study participants
included 35 healthy adults aged in their 50s [50s: 21 men;
mean age 53.2 ± 2.5 years, mean height 166.9 ± 7.9 cm,
meanmass 64.0± 10.2 kg] and 35 healthy adults aged in their
70s [70s: 19 men; mean age 72.1 ± 1.8 years, mean height
159.3 ± 7.4 cm, mean mass 57.8 ± 8.9 kg]. All participants
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FIGURE 1. Assumed MDR measurement situation.

were healthy and did not have any physical disabilities, seri-
ous diseases, or falls within one year.

The study procedure can be summarized as follows.

1. RealisticMDR signals were generated using theMocap
data of the gait database based on a ray-tracing
method [23], 24], as described in Subsection II-B.

2. Spectrograms (time-velocity distribution) of the gener-
ated MDR signals were generated using a short-time
Fourier transform, as described in Subsection II-B.

3. Using the spectrograms, gait classification of the
fallers/non-fallers and 50s/70s groups was conducted
by utilizing the following two approaches.

3-1 Deep learning approach: Spectrogram images
were input into a convolutional neural network
(CNN), which is a deep learning method that is
known to be effective for various MDR-based
motion classification problems [16]. Subsec-
tion II-C describes the details.

3-2 Gait parameter-based approach: The gait param-
eters such as walking velocity and velocity in
leg motion were extracted from the spectrograms
using a method similar to that described in [21].
Then, the SVM using the extracted gait param-
eters was employed for classification. Subsec-
tion II-D describes the details.

4. The classification accuracies using the two approaches
were evaluated and compared as explained in
Subsection II-E.

B. GENERATION OF MDR SIGNALS AND SPECTROGRAMS
In this study, simulated MDR signals generated using the
AIST Gait Database 2019, which includes the Mocap data of
participants walking at a comfortable pace, were employed
because sufficiently accurate MDR signals can be generated
as demonstrated in the conventional studies [23], [24] and
recruiting a sufficient number of participants for the fallers
group would have been quite time-consuming. Fig. 1 shows

FIGURE 2. Representative spectrogram of a generated MDR signal.

the assumed MDR measurement situation. The transmitted
signal was a sinusoidal wave with a frequency of 24 GHz.
The received signals were calculated using the Mocap data
ray-tracingmethod [24]. The sampling frequency of theMDR
received signals was 600 Hz, which corresponds to a maxi-
mum measurement velocity of 3.75 m/s. The length of each
datum was one walking cycle (approximately 1 s). For each
participant, 10 data were used to generate radar data. Thus,
the faller and non-faller datasets each included 280 data and
the 50s and 70s datasets each included 350 data. Note that
this study did not consider measurement noise and clutter to
pursue the possibility of the gait classification based on fall
risks.

For the gait classification using both approaches, spec-
trograms of the generated received signals were calculated
using the short-time Fourier transform (STFT) [16]–[21].
For the STFT process, we utilized a Hamming window
function with a width of 128 samples (213 ms) and an
overlap length of 127 samples (these parameters were empir-
ically optimized). The spectrogram is the map of the time-
velocity-power of the received signals, where the velocity
v was calculated using the frequency f and transmitting
wavelength λ as v = f λ/2. Fig. 2 provides an example of
the spectrogram of the data of the non-faller group. This
figure shows the gait features of the body oscillations as the
components with large received powers and those of the legs
as relatively large velocity variations. For example, larger
velocity components correspond to the forward motion of
the legs and smaller velocity components correspond to the
motions of the legs in contact with the floor.

C. GAIT CLASSIFICATION USING DEEP LEARNING
APPROACH
In the deep learning approach, we applied a CNN, which is a
representative deep learning method for the gait classification
problems similar to the MDR-based motion classification or
person identification methods [16], [19]. Firstly, the spec-
trograms in Fig. 2 without labels, axes, and color bars were
converted into JPEG images with dimensions of 224 × 224
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FIGURE 3. Structure of the CNN used in the deep learning approach.

pixels and RGB color. Then, the spectrogram images were
input into the CNN to construct the classification models.
The ResNet-18 architecture was chosen for the CNN because
it was proven effective for radar-based motion recognition
methods based on CNNs [16]–[19]. Subsection III-C presents
classification accuracy comparisons with other representative
CNNs. Fig. 3 shows the CNN with a basic ResNet-18 struc-
ture [25]. Because the input images have three color channels
corresponding to RGB, the input layer is 224 × 224 × 3.
After the convolution and max pooling layers, ResNet blocks
were applied. The ResNet blocks were configured in the fol-
lowing sequence: batch normalization (BN)–rectified linear
unit (ReLU)–Convolution (Conv)–BN–ReLU–Conv. Global
average pooling was performed, and a fully connected layer
was then employed for class prediction using stochastic gra-
dient descent with momentum optimization. A cross-entropy
function was used as the loss function.We performed training
for 200 epochs and used a batch size of 64. The learning
rate was 0.01 and was decreased by multiplying it times
0.5 every 10 epochs. These hyperparameters were empirically
optimized.

D. CLASSIFICATION USING GAIT PARAMETER-BASED
APPROACH
In the gait parameter-based approach, the parameters were
extracted from the spectrogram and the SVM was used for
classifications, similar to the method described in [21]. Three
envelopes shown in Fig. 4 were determined from the MDR
spectrogram |S(t , v)|2 (t: time). To determine the upper and

FIGURE 4. Examples of spectrogram envelope extractions.

lower envelopes, the significant peaks of |S(t , v)|2 for each
time were identified as the components satisfying d|S(t ,
v)|2/dt = 0 and |S(t , v)|2 > ρ MAX[|S(t , v)|2], where
MAX[ ] indicates the maximum value and ρ < 1 deter-
mines the threshold power for the significant peaks. In this
study, we empirically set ρ = 0.1. The upper envelope Vu(t)
was extracted as corresponding to the maximum v in the
significant peaks at each t after low-pass filtering using a
moving average filter with a length of 50 samples to remove
effects of noise. The lower envelope Vl(t) was identified as
corresponding to the minimum v in the significant peaks at
each t using the low-pass filter, as was done for Vu(t). Then,
the mean envelope Vm(t) = ∫ v|S(t , v)|2 dv / ∫ |S(t , v)|2

dv was extracted. Using these envelopes, we calculated the
12 gait parameters defined in Table 1. Please note that some
additional parameters were considered compared with our
previous works [20] and [21].

The gait classifications were performed using the SVM
whose feature parameters were the extracted gait parameters
in Table 1. In this study, the Gaussian kernel function was
chosen because it is known to be a general-purpose function
for the SVM [26]. The classification hyperplane parameters
were determined by utilizing a soft-margin optimization pro-
cess, and the SVM parameters were optimized by performing
a grid search [27].

E. EVALUATION
We evaluated and compared the faller and 50s/70s clas-
sification accuracies using the deep learning and gait
parameter-based approaches. For the accuracy evaluations,
we performed hold-out validation. In each case, the corre-
sponding CNN and SVM were trained using 70% of the
data (392 data for the faller classification and 490 data for
the 50s/70s classification), and the remaining 30% of the
data spectrograms were used as test data. Then, 30 trials of
hold-out validations were conducted by randomly varying
the training/test data split. The mean and standard deviation
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TABLE 1. List of extracted gait parameters using MDR.

TABLE 2. Mean and standard deviation of classification accuracies for
two classification problems using two approaches.

TABLE 3. Confusion matrix of faller classification.

of the classification accuracy across the 30 trials were
calculated.

III. RESULTS AND DISCUSSION
A. CLASSIFICATION RESULTS AND COMPARISON OF TWO
APPROACHES
Table 2 summarizes the means and standard deviations of
the accuracies of 30 tests for the two classification prob-
lems using the two aforementioned approaches. Although
the deep learning approach achieved over 70% accuracy for
both problems, the gait parameter-based approach achieved
better classification accuracies. Tables 3 presents confusion
matrices of the faller classification results obtained using both
approaches. The gait parameter-based approach accurately
classified the fallers with an appropriately small false positive
rate, leading this approach to be more accurate than the deep
learning approach. Tables 4 presents confusion matrices of
the 50s/70s classification results for both approaches. As in
the faller classification, the gait parameter-based approach
achieved better accuracy. In particular, the high classification
accuracy for the 50s group was confirmed.

TABLE 4. Confusion matrix of 50s/70s classification.

These results reveal that the spectrogram envelopes used in
the gait parameter-based approach include sufficient informa-
tion to classify individuals with different fall risks and that the
rich information in the spectrograms used in the deep learning
approach is less effective than these parameters. Although
their concrete reasons cannot be revealed because the CNN
mechanism is unclear, it can be predicted that mislearning
due to the existence of excessively rich information in the
spectrograms is one of the factors causing lower accuracy of
the deep learning approach. Based on the accurate classifica-
tion results obtained using the gait parameter-based approach,
it can be hypothesized that the information about the main
gait factor changes caused by differences in fall risk was
sufficiently included in the envelopes that reflected the body
and leg motions. However, in the deep learning approach,
other detailed gait information, such as information about
arm motion, was included in the spectrogram images and is
also used for gait classification. Although some information
about the age- and fall risk-related differences in gait was
also included, this information was not sufficiently extracted
as features and could lead to feature extraction and learning
errors. Subsection III-C discusses the details of the effective-
ness of the gait parameters.

B. COMPARISON WITH OTHER CNNS
This subsection compares the classification accuracy with
those of representative CNNs other than ResNet, which were
also reported to be efficient networks for motion classifica-
tion using MDR spectrograms [16]: AlexNet, GoogLeNet,
and VGGnet. The hyperparameters of these networks were
optimized in the same manner as the ResNet-18 parameters.
Table 5 presents the results and demonstrates that the CNNs
other than ResNet-18 did not achieve accurate classification
for the faller classification and indicates that ResNet-18 is the
most effective network for the faller classification and that the
residual learning in ResNet enables effective recognition of
micro-motions in gait related to fall risk. On the other hand,
AlexNet was effective for the 50s/70s classification same as
ResNet-18. However, these results also indicate that the best
accuracy of the deep learning approach is worse than that
of the gait parameter-based approach for both classification
problems.

C. DISCUSSION ON EFFECTIVENESS OF THE
EXTRACTED GAIT PARAMETERS
This subsection discusses the effectiveness of the extracted
parameters in the gait parameter-based approach. We investi-
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TABLE 5. Comparison of CNN architectures.

gated the effectiveness of the parameters extracted from each
envelope. Table 6 shows the classification results obtained
using the parameters of all combinations of the envelopes
and SVM. The accuracy achieved using all 12 parameters
extracted from the three envelopes is better than those in the
other cases in which parameters of one or two envelopes
were used. Thus, these three envelopes include significant
information about the age- and fall risk-related differences
in gait, and these results demonstrate the effectiveness and
necessity of using the extracted gait parameters to classify
individuals based on age- and fall risk-related differences in
gait. Besides, the average time for the calculation of 12 gait
parameters from the received signal was 0.917 seconds per
data using a computer with a 1.7 GHz Intel Xeon bronze
3106 CPU and this computation time is adequate for real-time
use.

The following discusses the details of the effectiveness
of the parameters extracted from each envelope and their
mechanisms. Firstly, we focus on the faller classification
results, which indicate that the three spectrogram envelopes
include significant information on the fall risk. For the cases
in which the parameters extracted from one envelope were
used, the results achieved by utilizing Vu(t) or Vl(t) were
better than those obtained by using Vm(t). These findings
are consistent to our conventional results: gait differences
due to fall risk is more closely related to the leg motions
(corresponding to Vu(t) and Vl(t)) than the walking speed
(corresponding to Vm(t)) [20], [21]. Further, the results for
the combination of parameters extracted from Vu(t) and Vl(t)
achieved highly accurate classifications compared with the
cases in which the parameters extracted from each envelope
were used. Fig. 5 provides example plots of the extracted
gait parameters. Fig. 5(a) confirms the divergence in the
plane of vu,mean and vu,std that are extracted from Vu(t), and
Fig. 5(b) indicates that the relationship between vu,mean and
vl,std extracted from Vl(t) is different from that in Fig. 5(a),
while preserving the clear divergence. These results reveal
that the gait parameters related to both leg forward motions
in swing and stance phases reflect gait differences that may
reflect differences in balance ability associated with fall risks.

However, it can also be confirmed that combining the
parameters extracted from Vm(t) improves the classification
accuracy. In fact, the best accuracy was achieved by combin-
ing all parameters. Fig. 5(c) shows the relationship between
vu,mean and vm,mean, which again reveals the divergence.
between the two groups. Thus, the gait parameters extracted
from Vm(t) that reflect the body motion during walking con-
tain fall risk information independent of the leg motions.

FIGURE 5. Examples of plots of all participants for faller classification.
(a) plots of vu,mean and vu,std (b) vu,mean and v l,std (c) vu,mean and
vm,mean.

That is, all gait parameters extracted from three envelopes
were efficiently used for faller classification.
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TABLE 6. Classification accuracies for various combinations of gait
parameters (envelopes).

Next, we discuss the 50s/70s classification results, which
are similar to the faller classification results in that the param-
eters extracted from all envelopes were effectively used.
In the cases in which the parameters of one envelope were
utilized, the results obtained using Vu(t) achieved classifica-
tion and those acquired using the other two envelopes almost
failed to classify 50s/70s groups. Ref. [8] reported that the
differences in the stance time parameters between 50s and
70s groups were not large, whereas the differences in the step
length and step width were relatively large; these character-
istics explain our results. Figs. 6(a) and (b) show example
plots of the parameters extracted from Vl(t) and Vu(t), respec-
tively. Although vl,mean and vl,std differ between the two
groups, a clear boundary between them in this plane cannot
be confirmed. In contrast, there is clear divergence between
the two groups in vu,mean and vu,std; thus, the parameters
extracted from Vu(t) achieved accurate classification. These
characteristics explain the classification results because Vu(t)
reflects the step length (swing phase of gait) and Vl(t) reflects
the motions in the stance phase. In addition, no significant
difference in walking speed between 50s and 70s groups
was reported in [7]. Thus, the parameters extracted from
Vm(t) and Vl(t) were ineffective for the 50s/70s classifica-
tion. However, our results demonstrated that the parameters
of not only Vu(t), but also Vm(t) and Vl(t) were effective
for classification when their combinations were considered.
Fig. 6(c) shows the plots of vu,std and vm,mean, revealing a
different relationship between vu,std and vu,mean in compari-
son with that in Fig. 6(b). Furthermore, the clear divergence
of the two groups is similar to that in Fig. 6(b). Thus, the
combination of parameters extracted from other envelopes
improved the classification accuracy. The accuracy of over
80% for the 50s/70s classification indicates that signifi-
cant information related to age-related gait differences was
included in the three envelopes extracted from the MDR
spectrograms.

In summary, our results reveal that the motion information
of the body and legs during the swing and stance phases
included in the spectrogram envelopes is effective for gait
classification related to both fall risk and age-related gait
differences. Hence, the contributions of this study include
not only accurate gait classification with our MDR-based
technique, but also clarification of the effectiveness of the

FIGURE 6. Examples of plots of all participants for 50s/70s classification.
(a) plots of v l,mean and v l,std (b) vu,mean and vu,std (c) vu,std and
vm,mean.

combination of the gait parameters for the detection of indi-
viduals with gait differences with respect to fall risks.
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IV. CONCLUSION
In this study, gait classification of groups with different
ages and fall risks was performed using MDR data sim-
ulated using a gait database based on deep learning and
gait parameter-based approaches. The fallers/non-fallers and
50s/70s groups were classified with 78.9% and 81.6% accu-
racy, respectively. These results demonstrate the possibility of
MDR-based detection of individuals with high risks of falls.
Furthermore, although the CNN of the MDR spectrogram
images achieved gait classification to some extent, the SVM
whose feature vectors were gait parameters extracted via
the spectrogram envelopes achieved better accuracy for both
classification problems. Thus, the study results reveal that the
spectrogram envelopes reflecting the leg and body motions
include sufficient information related to the fall risk-related
gait differences. In contrast, deep learning using spectrogram
images could extract not only efficient features, but also
some features that led to misclassification, other than those
related to the spectrogram envelopes. Furthermore, the effec-
tiveness of the extracted gait parameters was discussed and
validated.

However, validation using actual MDR data is required as
future work even though the simulated signals were accu-
rately generated because accurate consideration of measure-
ment noise and clutter is important to implement practical
MDR systems. In addition, we performed only 50s/70s classi-
fication to investigate differences in gait due to aging. In fur-
ther investigations, the gait differences of other age groups
will need to be considered to find more concrete factors
indicating fall risks in daily gait. Furthermore, to apply our
techniques for real-life situations, experiments assuming par-
ticipants walking with arbitrary directions are our important
future tasks.
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