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Abstract—Motion tracking systems based on optical sensors
typically suffer from poor lighting conditions, occlusion, limited
coverage, and may raise privacy concerns. More recently, radio-
frequency (RF) based approaches using commercial WiFi devices
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have emerged which offer low-cost ubiquitous sensing whilst pre-
serving privacy. However, RF sensing systems typically output
range-Doppler maps, time-frequency spectrograms, cross-range
plots etc which cannot represent human motion intuitively and usu-
ally requires further processing. In this study, we propose MDPose,
a novel framework for human skeletal motion reconstruction based
on WiFi micro-Doppler signatures. MDPose provides an effective
solution to represent human activity by reconstructing a skeleton
model with 17 key points, which can assist with the interpretation
of conventional RF sensing outputs in a more understandable way.
Specifically, MDPose is implemented over three sequential stages
to address a series of challenges: First, a denoising algorithm is
employed to remove any unwanted noise that may affect feature
extraction and enhance weak Doppler measurements. Secondly,
a convolutional neural network (CNN)-recurrent neural network
(RNN) architecture is applied to learn temporal spatial depen-
dency from clean micro-Doppler signatures and restore velocity
information to key points under the supervision of the motion
capture (Mocap) system. Finally, a pose optimisation mechanism
based on learning optimisation vectors is employed to estimate the
initial state of the skeleton and to limit additional errors. We have
conducted a comprehensive set of tests in a variety of environments
using numerous subjects with a single receiver radar system to
demonstrate the performance of MDPose, and report 29.4mm mean
absolute error over all key points positions on several common daily
activities, which has performance comparable to that of state-of-
the-art RF-based pose estimation systems.

U Index Terms— Deep Learning, Human Skeletal Motion

Reconstruction, WiFi Sensing Technology

I. INTRODUCTION

WITH the rapid development of the Internet of Things
(IoTs) and smart buildings in recent years, users can
engage with their surroundings in a more natural way,
such as through voice and pose. This requires accurately
tracking human movements and interpreting them prop-
erly. One of the most promising solutions is based on
computer vision and machine learning algorithms[1], [2].
However, camera-based systems suffer from issues around
lighting conditions, occlusion, coverage and privacy. This
motivates the emergence of RF-based techniques using
ubiquitous WiFi signals which offer low-cost precise
sensing in a variety of scenarios whilst preserving privacy.

Many WiFi-based sensing methods use the amplitude
changes of the channel state information (CSI) to analyze
the human motion properties, and have validated their
feasibility in the fields of indoor localisation[3], activity
recognition[4], [5] and healthcare[6]. However, few CSI-
based systems can use the phase information due to
unsynchronised local oscillators in WiFi networks[7],
resulting in a loss of the important Doppler information.
More recently, the passive WiFi radar (PWR) system pro-
vides an alternative for WiFi-based sensing tasks. There
are many applications that have been successfully demon-
strated by PWR systems, including occupancy detection,
activity classification and hand gesture recognition[8]—
[11]. Different from the CSI-based systems, PWR can ex-
press not only the amplitude of returned signals, but also
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the micro-Doppler frequency shifts in different body parts
using micro-Doppler ( -Doppler) spectrograms, which
offers a more comprehensive perception of human move-
ments. Furthermore, it is a passive radar system in which
the signal illumination is independent of the radar itself.
This implies that no modifications to the existing WiFi
network are required, instead the CSI-based systems still
need additional network interface cards. Therefore, PWR
has the great potential to improve the performance of the
current WiFi-based sensing.

However, neither -Doppler spectrograms nor CSI
amplitudes are intuitive to ordinary users. Even if some
general information, such as human activity categories,
can be obtained using machine learning algorithms, more
details of the motion are still not available. In this case,
there is considerable interest in the wireless sensing field
which aims to reconstruct more detailed human skeletal
motions from RF signals. Zhao et al. [12], [13] proposed
RF-Pose and RF-Pose3D to achieve human skeleton esti-
mation with only RF signals. The frameworks used RGB
frames or Mocap data as the supervision to train the CNN-
based skeleton reconstruction model. From the results, we
can see that with the skeletal estimation, wireless sensing
systems present comparable performance to traditional
camera-based systems and outperform them in extreme
conditions, such as through-the-wall, occlusion and dark
environments. However, the RF source they use is a
frequency modulated continuous wave with a 1:78GHz
sweep bandwidth, which requires the construction of ad-
ditional hardware equipment and may limit the application
of the system in some cases. Jiang et al. [14] proposed
the WiPose framework to achieve 3D pose estimation
using WiFi CSI information. Their model is based on
the CNN-RNN architecture and can recursively calculate
poses from the estimated quaternion information. The
final results demonstrated that WiFi signals carry suffi-
cient information for human skeleton reconstruction and
can also tackle extreme sensing environments. However,
as previously stated, the lack of phase information may
impede further developments of CSI-based systems. Fur-
thermore, how to initialise the first pose and deal with the
accumulation of errors in long-term estimation have not
been fully discussed in [14]. Therefore, the system still
has potential for improvement.

The pioneering efforts by researchers in this area have
inspired us to develop MDPose, a novel framework for hu-
man skeletal motion reconstruction using the commercial
WiFi network. After removing noise from measurement
spectrograms, MDPose can extract velocity information
from -Doppler spectrograms for up to 17 skeletal key
points (as shown in Fig. 1) and recursively calculate
poses. Herein, the Mocap system is used as a supervision
to train the MDPose networks. Apart from the ability
to accurately reconstruct skeletal motion from -Doppler
information, the highlights of our work also include:

MDPose has a pose optimising mechanism that can
obtain optimisation vectors based on the current pose
and the future’s motion to address issues related to

Fig. 1: The key points locations on human body

the initial pose estimation and the long-term error
accumulation;

MDPose enables training the velocity estimation
network with simulation spectrograms due to the
chosen denoising strategy, which can effectively ad-
dress the training difficulties caused by the lack of
measurement data.

The effectiveness and generalisation performance of
MDPose has been verified by experimental data
collected from 3 different locations and 7 subjects.
In the end, MDPose achieves 29:4mm mean absolute
error over all key points.

The rest content of our paper is organized as follows:
First, Section II briefly describes the framework. Next,
Sections III to V introduce details of three main compo-
nents of MDPose. Then Section VI explains the dataset,
hardware and software we used in experiments, and the
training settings of neural networks. Finally, we present
experimental results and important discussions in Section
VII, and conclude the work in Section VIII.

Il. System Overview

MDPose is based on -Doppler information and al-
lows the reconstruction of human skeletal movements
without any modifications to the existing WiFi network.
To address a series of challenges in practical applications,
we design a novel framework to handle them step by step.

Data Collection: To collect -Doppler changes,
MDPose uses the PWR system in which the signal
illumination i.e. WiFi access point is independent of
the radar itself. This implies that no modifications to
the existing WiFi network are required. Compared to
CSI systems that operate using NIC cards, it can be
more easily adapted to a wide range of scenarios.

Data Denoising: Interference and noise may mask
important signals and thus affect the extraction of
dynamic characteristics. Therefore, the data denois-
ing is the first step in MDPose. In this step, a deep
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learning-based denoising network is implemented to
effectively remove unwanted signals and enhance -
Doppler signatures.

Velocity Estimation: There are many choices to
describe the motion property, such as the position,
quaternion, etc. For the -Doppler, it is strongly
related to velocity profiles. Therefore, in our case,
estimating velocity could have more accurate results
compared with using other types of data. So, we pro-
pose a CNN-RNN neural network to extract veloc-
ity information. The training of velocity estimation
network is supervised style, where the ground-truth
velocity is provided by the Mocap system.

Pose Optimising: Although we can obtain the ve-
locities from the previous step, we do not know
the initial pose pg so that we cannot calculate the
following poses. In this case, we propose a pose opti-
mising mechanism to help estimate a proper pg. Then
with pp and velocities, we can finally calculate the
following poses based on the relationship between
the velocity and the position. However, unlike the
quaternion-based approach[14], there is no strong
constraint between the velocities of the different
joints, and therefore unrealistic skeletons are likely
to occur as time increases. To address the issue of
accumulative error, the pose optimising method can
be used again, which can recursively optimise the
current pose according to the velocities and poses
afterwards.

The overall framework of MDPose has been presented in
Fig. 2, and more details will be discussed in the following
sections.

lll. Clean Up Micro-Doppler Spectrogram

PWR includes separately located reference and
surveillance channels. The reference channel captures the
source signals, while the surveillance channels gather sig-
nals reflected off targets but may also receive reflections
from environmental clutters, etc. This section introduces
the signal processing methods that are used to extract
the desired -Doppler spectrogram and useful denoising
algorithms to clean up the measurement data.

A. PWR Signal Processing

If we denote the source signal as u(t), then the signal
received by reference channel Syef(t) can be expressed

as:

Sref(t) = Areru(t ref) (1)
where Sref(t) is the copy of u(t) with a delay rer
and amplitude scaling factor Arer. For the surveillance

III CLEAN UP MICRO-DOPPLER SPECTROGRAM:

channel, its received signal Sgyr can be expressed as:

Ssur( = At ez Tt
=1
e ' ()
+ Anu(t  p)el? Tt
m=1
+ Apsiu(t  psi) + Anu(t 1)

where A and  still are the ampliturzielscaling factor and
the delay that belong to different returns. And we will
have four terms that represent the reflected signals from
the L targets, the multipath reflection, the direct signal
interference (DSI) and the returns from stationary clut-
ter objects in the surrounding environment, respectively.
Specifically, we also have Doppler shift f; caused by the
movement of targets which is also related to the target
velocity profiles, and another Doppler shift f,, due to
the multipath effect. Next, we can extract -Doppler and
range information by cross-ambiguity function (CAF) as
shown in the follzw:{ng:

CAF (M fp) = Ssur(t)Syer(t

1

where  and 5 are the expected target delay and Doppler

shift, respectively, and the [ ] is the complex conjugate.
This will output CAF results as:

Me 12 otgt (3)

D2 ¢ o
CAqultipath

m=1 (4)

CAF(Nfp) = CAFj, +

+ CAFps, + CAFQutter

In Equation 4, we can see that t?lelresult does not only
contain the desired target Dopper-range information, but
also have noise caused by multipath reflections, DSI and
environmental clutters. Among them, the DSI has the
greatest impact on the results, which may mask reflected
signals from targets and cause unwanted peaks at the zero-
Doppler frequency. To eliminate it, we then apply the
CLEAN algorithm as presented below:

CAF' (N Tp) = CAF(NTD)  CAFer (™ Tii D)

&)
where CAFge e (" Tk;ﬁ\g) is the CAF over the ref-
erence channel and  is the maximum absolute value
of CAF (™, 'ﬁ\)). Due to the insufficient range resolution,
after the CLEAN process, the PWR system only takes -
Doppler information i.e. velocity profiles from the CAFs
and combines them along the time axis to generate the
final -Doppler spectrogram. However, even the DSI
can be removed, the multipath noise and the attenuation
of the signal with distance may still affect the quality
of the spectrogram. Therefore, other effective denoising
algorithms are required to further clean up the data.



Fig. 2: The architecture details of MDPose: "Frame” represents one column in the spectrogram matrix.

B. Spectrogram Denoising and Enhancement hand, the -Doppler spectrogram is directly related to

Apart from the impact of noise, the energy Ios%he velocity pro les: the position of a Doppler bin refers

of WiFi signals during the propagation and re ection© the direction of a target movement and how fast it

also seriously affect the extraction of motion feature§)OVes: the strength of a Doppler bin is determined by

Therefore, an algorithm that can simultaneously redu@dar cross-section, the distance between the target and

noise and enhance Doppler features is necessary. receivers, the speed overlay and other complex factors.

Tang et al[15] proposed a denaising network baséégerefore, learning velocities is more consistent with the

on the latent feature-wise mapping mechanism to remo aracteristic of -Doppler spectrograms. After obtaining

unwanted interference while enhancing features, call Slocgues, v(\;e usebatS|mpIe updatel_keqtlr?n?n”to pu”_d the
FMNet. It can reduce noise and enhance Doppler si me dependency p?\;vep?nlpf?/??, ke the 1o owm(%.)

natures by nding the closest latent features to a ”Oi‘Wherep andv are pose and velocity vectors, their sub-

spectrogram in the latent feature space of clean specti@yinis represent frame indices andis the time interval
grams. In short, FMNet initially learns how the variouganveen two frames.

motion attributes are spread over a clean space and how to

restore data from the clean space via an encoder-decoder

structure. Then, given a noisy spectrogram, it can nd

the latent features in the clean space that have the closgst Neural Network

motion information to it. After that, the decoder structure .

of FMNet reconstructs the-Doppler spectrogram based To learn velocity sequence from a spectrogram, we

on the found clean features. In [15], it has demonstratgﬁvek)p a CNN-RNN architecture, as presented in the

that compared with other networks[16], [17], FMNet ha%?loc'ty, estllmatlonl n_etw<1r:< in Fig. 2. Weh ert use 1-
better generalization ability, up t40% improvement, Imensional convolutional layers over each frame to ex-

which still performs well in some challenging scenariog,raCt spatial featgres. T_hese featu_res are then concate-
such as through-the-wall sensing nated along the time axis and fed into a two-layer Long
In our framework, we applied a similar idea to be th§hort-Term Me_mory (LSTM) RNN to Iearn. their time
ggpendency. Finally, the outputs of each time step are

denoising step. Furthermore, to construct the clean spa
we used the simulation data matched to the measurem ﬂ§sed through fully-connected layers (FCs) to generate
e velocity sequence.

data to train the FMNet, so the denoised outputs ha M  call he k I si f |
the clean background and strong Doppler patterns as the lolre Speci ca ]}’ WI"? set the ergfe Size of convolu-
simulation spectrograms. tional layers tds 5 for the ne-grained feature extraction.

Each convolutional layer is followed by batch normalisa-

tion and recti ed linear unit to accelerate training speed

IV. Velocity and Pose Estimation and add non-linearity to outputs of this layer. The nal
To reconstruct the skeletal motion, an intuitive sol@yer does not use any non-linear activation function and

tion might be directly learning the positions of each ke§firéctly outputs estimated velocity values.

point from a -Doppler spectrogram. However, common _ FOr training the network, we aim to minimize the
WiFi bandwidth is from20 to 40MHz, corresponding difference between estimated velocities and the ground-

to a range resolution of arounid to 3:5meters, which truth velocities (optained from Mocap system) for each
is not sufcient to distinguish between different partdrame and key point. Therefore, the loss function can be

within the body range (normally less thameters). de€ned as: N
Moreover, independently considering positions may lead Loss = 11 jv{o v{j )
to discontinuity in reconstructed movements. On the other TN .
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whereT is the length of frames\ is the number of key (GV) that is de ned as:

points,vi’ andvi are estimated and real 3D velocity of !O(i) 0
i" key point at framet. oV = ﬂw )
N jipo(Dpo()ii
wherejjjj is the norm of a vector. This vector can let
B. Training Data us optimisepg by moving it with a short distance in

) : o he appropriate direction, and enable us to approach the
As a data-hungry algorithm, training a deep neur%:otimal position by repeating this process. This method

network often requires large volumes of data to reta s a high fault-tolerance and can effectively prevent over-
strong generalisation performance. However, coIIectir\Fing prgblems yp

experimental data for radar sensing systems is tim
consuming and laborious. In Section Ill, we propose to
use FMNet to remove noise from measurement SpeB- Learn Optimisation Vector
trograms, w_h|c_h _naIIy generates §|mulqt|on-llke results. Given V = [vi:v,:zw] and an initial pose, the
Due to the similarity between the simulation spectrograms

and denoised spectrograms, it is feasible to only u%%se sequence = [pi; pp; - pr] can be calculated with

. ! e uation 6. As discussed at the beginning, this sequence
simulation spectrograms as the training data, and thﬁnght be illogical because of a erronequsbut it could

e e 1 B clues about how to” V. Thereor, e
P 9 ) b O%truct a optimising model that includes a bi-directional

a large number of simulation spectrograms is much easf&lr\1 and ECs to estimatelV based orV and P . as
than collecting data from real experiments, this trainin own in the pose optimising network in Fig. 2 '

strategy can greatly ease issues caused by insuf cien For creating a training dataset, we randomly select
measurement data. To the best of the authors knowled%eState from the entire Mocap measuremenqo%asand

this is the rst implementation of this approach. generate & sequence. Then we de ne the input features
of the network as the element-wise concatenatiorV/ of
Vil . . .
V. Pose Optimising Mechanism andP, ;oo while the corresponding label is
1 ...
Once we have extracted velocities fromDoppler GV. Furthermore, the objective function is de ned as the
spectrograms, new questions arise: what is the initial posdiowing:

po for deriving the subsequent poses and how can we LN O,\v" Y

limit the accumulation of positional errors over time? minLoss= — (1 cof————))

For the rst question, due to the restrictions of WiFi N . iioV4 i SViji )
bandwidth, it cannot provide suf cient range resolution to N .
determine positions of different body parts directly from +— (1] OVijp?

the radar returns. However, a faulpg may result in a N =1

sequence of illogical postural shifts. This can provide Ughere[ | refers to dot productlV; is the predicted vector
clues about whether the curremt needs to be optimised. for the i joint. For the rst term, we aim to minimize
0

Furthermore, if we can correct periodically during a Iongt—he angle between th@l, andoi, and the second term
H H H H | [}
term motion reconstruction, we can effectively avoid thl% used to limit the vector to be the unit length.

Z.CCUTma}'OLg_I?'{A ;:E)osm(c)jnal errorf_. I_n_thls Se‘;\“"r_" a b'll- In practice, we can select numeropf§for the same
b|re_ct|or(1ja d "based pose optimising mechanism WI\}elocity sequence to generate more training data, which
€ Introduced. can highly enhance the model's generalisation perfor-
mance.

A. Optimisation Vector

Although conventional supervised learning methods Algorithm Overview
have the ability to directly predicpy from -Doppler Based on this network, the pose optimising mech-
or velocity proles. it may lead to the out-of-sampleanism is proposed as shown in Algorithm 1. We also
issue and requires a signi cant amount of training datde ne a hyper-parameter, optimization rate (optr), to
to maintain good generalisation performance. Due to tlagljust the step of each optimisation, whiclDi61 in our
uncertainty of pg, we can rst initialise it based on experiments.
some empirical guesses, such as a person standing beforéApart from the initialization of the rst frame, we can
sitting, or a universal initialisation like T-pose, indicatedlso apply this mechanism periodically during a long-term

0 .. . . . .
asp,. The challenge then becomes determining a vectskeletal reconstruction. In this case, rather than beginning
paitf  Such thatPg = P8+ P4irr . But again, because offrom a random pose, we will use the pose from the
possible over- tting issue, directly learnirms; is risky. previous frame as a starting point and optimise it, which
Therefore, we decompose the problem and graduatign signi cantly lessen the effect due to positional error
approach the optimaly by learning optimisation vectors accumulation.

VI DATA COLLECTION AND EXPERIMENTAL DETAILS: 5



Algorithm 1 Pose optimising mechanism B. PWR Experimental Setup

The PWR experimental setup is shown in Fig. 3. Our
quenceV PWR system contains one surveillance channel which
while not convercgedjo was placed together with the Mocap sensor where they
PV andp, _S|multan_eously capture subjects' RF returns and skeleton
Network input ~ concatenat® andV information. The reference channel was placed close to
0 L the WiFi AP to receive reference signals. Three different
AV optimising network o experimental environments were carried out: a broad
Updated initial posey,” p, + GV optr living room, a narrow living room and a broad meeting
end while room. Furthermore, aiming to properly test the feasibility
of MDPose, the geometrical layout of the surveillance and
reference channels were organized similarly through three
experiments. As stated before, this work focuses on the
skeleton reconstruction at pre-de ned layout.
VI. Data Collection and Experimental Details In hardware side, a NI USRP RIO software-de ned
A. Dataset radio 2945 had been used, where two synchronized chan-
nel had been connected to the surveillance and reference

To demonstrate the performance of MDPOSe, W& annel, respectively. The received data was then pass to
carried out various experiments to collect data fram , computing unit for real-time processing.

subjects and3 different environments. In the dataset,
activities include walking towards the receiver (W+), o
walking away from the receiver (W-), turn-around (TR)C. Training Networks

sit-down (SD), stand-up (SU), aggressive hitting (HT), Al neural networks are implemented with Pytorch[19]
passive covering (CV), pick-up (PU) and body rotatiofprary on NVIDIA Quadro RTX 4000 graphics process-
(BR). We also recorded some combined movements, SUgf unit, and the architecture details and the training

as W# TR! SD and SU W-!' PU. Each is completed hyper-parameter settings of each network have been listed
within 5 to 10 seconds and the length of the wholgy Taple |I.

measurement is arount90 minutes, resulting in over

2000individual activities (also calle@000samples). Fur- ]

thermore, we deployed a Mocap system to simultaneousfy)- Experimental Results

collect the ground-truth Mocap data for labelling the mea- In this section, a thorough evaluation of MDPose
surement data and generating simulation data. Therefoi@l] be carried out both quantitatively and qualitatively.

every measurement spectrograms has associated mateb@parisons with state-of-the-art approaches will also be
velocity pro les and simulation spectrograms. Some dataade.

examples are shown in Fig. 4.

We can see that the dataset contains various activities, . o
such as movements with continuous changes (W+, V\A Velocity Estimation
quick and strenuous movements (HT, CV), movements As introduced in Section Ill, spectrograms will be rst
with similar -Doppler pattern (SD, HT), etc. This candenoised with FMNet, which aims to remove unwanted
provide comprehensive scenarios to validate the robusiterference and reconstruct clear motion details. Further-
ness of the framework. Furthermore, when we split thraore, it enables training the network with the simulation
data into training and testing sets, apart from commalata. To demonstrate the advantages of this strategy, we
splitting strategies i.e. splitting the whole dataset witbompared its velocity estimation results with those ob-
70%/60%/50% split rates, we divided the dataset withtained from networks trained directly with measurement
the split rate 0f23% This training set only has sampledata. We denote simulation, measurement and denoised
from one person and one environment with a length gpectrograms aS, M andD, respectively.
around 44 minutes, while the testing set contains data In Fig. 4, the rst column presents the match&dM
from different subjects and different environments. ThiandD spectrograms of ve example activities. Frdvhs,
extreme situation is to test whether MDPose still performge can observe the overall direction of movement as well
well with different subjects and in new environments. as the magnitude of velocities of different body parts. For

On the other hand, to generate the simulation spezxample, in W+ (the rst column), the subject approaches
trograms, an open-source simulation tool, SimHumal#he receiver from a distance. Therefore, the overall mag-
tor[18], was applied. We used the same WiFi standardtude of the velocity increases rst and then decreases.
and PWR parameters settings in SimHumalator as thMeanwhile, when the person gets closer, the power of the
real experiments, and produced humaboppler spectro- received signal rises, making the Doppler pattern more
grams via Mocap data. This can guarantee that the sangible. Such properties are important for applications
motion information is conveyed in both measurement atite localisation and ranging, however, when retrieving
simulation data. human motion, the weak signal might be masked by noise,

Require: the previous initial posepo0 ; velocity se-
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Fig. 3: The schematic plot (a) and example experimental setup (b) of PWR system

Network Layer Parameter Setting BatchNorm | Activation Training Setting
Convld Iters 32, kernel size 5x5, stride 2x2, padding O Yes RelLU
Convild Iters 64, kernel size 5x5, stride 2x2, padding 0 Yes RelLU
Convld Iters 64, kernel size 5x5, stride 2x2, padding 0 Yes RelLU optimizer: Adam
Velocity Estimation LSTM hidden size 64, number of layers 2, bidirectional True  No - learning rate: 0,001
Linear input size 128, output size 128, bias True Yes RelLU batch size: 64
Linear input size 128, output size 51, bias True Yes RelLU
Linear input size 51, output size 51, bias True No -
LSTM hidden size 51, number of layers 2, bidirectional True  No - optimizer: Adam
Optimisation Vector Estimationy Linear input size 102, output size 256, bias True No RelLU learning rate: 0,001
Linear input size 256, output size 51, bias True No Tanh batch size: 128

TABLE I: The architecture and training details of the two networks

Joints | 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 Overall
M 0 16 60 85 19 56 8 28 45 77 145 158 7.6 148 185 5.7 |7.67.7
D 0 15 61 85 15 60 84 26 49 72 105 117 7 124 158 5.1 |6.96.8

TABLE II: Velocity estimation errors of each key points (unit: mm/frame)

resulting in information loss. In contrast, the effects oivhich is because the motion features are masked by the
signal attenuation and noise are limitedSnSo, we can background noise and the model fails to extract them.
observe a distinct and complete Doppler pattern, which@n the other hand, after being processed by FMBet,
bene cial for the human skeletal reconstruction task. Andased estimations do not have the same issue and all
this is also why we made denoising and data enhancemehthem are qualitatively close to the ground-truth plots.
the rst step of MDPose. FronD s, we can observe thatFurthermore, theD-based results are obtained using a
FMNet can effectively cleaM s and generate data that iCNN-RNN model trained on simulation spectrograms,
close to correspondings. Although some local regionswhich can easily generate a large dataset to assist the
remain blurred, the enhanced features can signi canttygaining. So, the difference between the andM -based
improve the performance of velocity estimates, which cgrerformances might be more evident in the case of the
be demonstrated from velocity plots. lack of suf cient measurement data.

The second to the last rows in Fig. 4 are plots of the For the quantitative analysis, we present the velocity
ground-truth velocity, the estimated velocity basedMn errors of each key point in Table 1. We compared the
and the estimated velocity based@nrespectively. Over- mean absolute errors betwedh- and D-based results.
all, MDPose can successfully extract velocity informatioft shows that theD -based results have fewer errors than
from both M and D, and most results have consistenthe M -based results for most of the key points, and even
patterns with the ground truth. However, we can seeith some exceptions3( 6, 7, 9), their errors are still
that theD -based estimation has better performance thah a low level. For some points, the-based results
the M -based estimation, most notably in the plots fotan achieve a maximund:lmm=frame (i.e. around
W- and CV. We can observe that in the weak signdllmm=s) improvement, and this difference would sig-
sections, the corresponding -based estimations haveni cantly affect the long-term motion estimation. Finally,
considerably lower velocity amplitudes than they should,
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