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This paper explores the possibility of tracking finger drawings in the air leveraging WiFi signals from commodity devices.
Prior solutions typically require user to hold a wireless transmitter, or need proprietary wireless hardware. They can only
recognize a small set of pre-defined hand gestures. This paper introduces FingerDraw, the first sub-wavelength level finger
motion tracking system using commodity WiFi devices, without attaching any sensor to finger. FingerDraw can reconstruct
finger drawing trajectory such as digits, alphabets, and symbols with the setting of one WiFi transmitter and two WiFi
receivers. It uses a two-antenna receiver to sense the sub-wavelength scale displacement of finger motion in each direction.
The theoretical underpinning of FingerDraw is our proposed CSI-quotient model, which uses the channel quotient between
two antennas of the receiver to cancel out the noise in CSI amplitude and the random offsets in CSI phase, and quantifies the
correlation between CSI value dynamics and object displacement. This channel quotient is sensitive to and enables us to detect
small changes in In-phase and Quadrature parts of channel state information due to finger movement. Our experimental
results show that the overall median tracking accuracy is 1.27 cm, and the recognition of drawing ten digits in the air achieves
an average accuracy of over 93.0%.
CCS Concepts: • Human-centered computing → Ubiquitous and mobile computing systems and tools.
Additional Key Words and Phrases: Channel Quotient, WiFi, Channel state information (CSI), Finger-draw gesture
ACM Reference Format:
Dan Wu, Ruiyang Gao, Youwei Zeng, Jinyi Liu, Leye Wang, Tao Gu, and Daqing Zhang. 2020. FingerDraw: Sub-wavelength
Level Finger Motion Tracking with WiFi Signals. Proc. ACM Interact. Mob. Wearable Ubiquitous Technol. 4, 1, Article 31
(March 2020), 27 pages. https://doi.org/10.1145/3380981

1

INTRODUCTION

In recent years, finger gesture has gained increasingly attentions in facilitating advanced human computer
interaction. Different from touch-based finger input which requires traditional hardware such as a keyboard and
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touch screen, finger gesture input offers drawing in the air in a contactless and free manner. It facilitates natural
interaction for small form-factor devices or devices which are lack of input interface, and provides many benefits
especially for older adults and disabled people. Traditional finger gesture techniques leverage on peripheral
devices and hardware systems, e.g., Kinect [29] and Leap Motion [9]. Recent radio signal based finger gesture
sensing has the virtue of contact-free, transparent and non-intrusive, and it is an ideal input solution for smart
applications. For instance, a user can perform finger gestures to control home appliances or manipulate characters
in online gaming. The success of finger interaction depends much on effectively tracking of finger movements
and recognition of finger gestures.
Tracking and recognizing finger gestures have been well studied in the literature. Early solutions instrument
finger with wearable sensors [7, 13], but they are rather burdensome to be applied in real home scenarios. Other
solutions use cameras/infrared sensors [6, 14, 16], but they do not work well under non-line-of-sight (NLoS)
conditions. Acoustic-based solutions leverage on speaker and microphone to measure the range information
of fingers, thus achieve high precision (6 ∼ 8 mm) with no accumulative errors [23, 30, 42]. However, it often
suffers from environmental noise and privacy concerns (i.e., unattended recording of voice). Radio wave based
solutions such as RFID systems [36, 39] and radar [11] need dedicated hardware, which are relatively expensive.
WiFi-based sensing has recently attracted much attention due to its low deployment cost, always-on communication links, and rich subcarrier-level sensing information obtained from Channel State Information (CSI). With the
availability of CSI information, WiFi-based sensing has shown great progress in various applications ranging from
intrusion detection[19, 43, 46], human activity recognition [4, 22, 28, 40, 41], fall detection [24, 38], indoor localization [47], walking direction and trajectory estimation [10, 18, 26, 44], to vital sign monitoring[20, 21, 37, 50, 52].
Existing WiFi-based systems mainly leverage on CSI waveform patterns to train a machine learning classifier
for recognizing hand gestures [1, 32, 53]. Patterns are matched based on features extracted from waveform
shapes [32] or waveform frequency distribution [1]. The pattern-based approaches assume there exists a fixed
mapping between gesture and signal pattern. However, according to the study in this paper, the same fingerdrawings performed at different locations or with different drawing sizes would lead to very different CSI
waveforms. Previous learning-based gesture recognition approaches are sensitive to the drawing position and
drawing sizes. It’s difficult to collect the CSI waveforms of different people with all gesture-drawing positions
and gesture-drawing sizes for training, thus the gesture recognition performance cannot be guaranteed. Apart
from the pattern inconsistency problem, learning-based approaches require intensive training to recognize a
predefined set of hand gestures, not for arbitrary finger-draws.
Another set of solutions do not rely on training but make use of the physical model between signal and
sensing target for motion tracking. Signal Angle-of-Arrival has been used to track a hand’s motion by sensing its
occlusion directions with a dense deployment of WiFi devices [31]. It gives a rather coarse trajectory estimation.
Doppler shifts in WiFi signals have also been explored to sense the motion speed of human body [18, 27]. The
Doppler-based solutions are designed for tracking the coarse motion of large body parts such as arm and leg rather
than finger, the best can only achieve submeter-level motion tracking [18]. Fully capturing the tiny movement of
a finger require precise CSI amplitude and phase information. As the commodity Wi-Fi raw CSI phase contains
random offsets, the existing phase sanitation methods could only stabilize CSI phase offsets to some extent, but
not able to cancel the random phase offset perfectly to obtain the precise phase [15, 48]. Sensing tiny moitons of
a finger also require high signal-to-noise ratio (SNR). The captured CSI signal variations of tiny finger motions
are likely to be overwhelmed by amplitude impulse noises. We need methods to greatly increase the SNR in CSI
signal in order to capture the tiny finger motions.
In this paper, we design and implement a tracking system named FingerDraw to track centimeter-level finger
drawings with commodity WiFi devices in a contactless manner. Limited by the relatively low bandwidth
(20 MHz), the WiFi-based technologies can only achieve a low ranging resolution of 15 m. We demonstrate that
with carefully designed signal processing techniques, small motion displacement within a wavelength (5.8 cm
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in a typical 5.2 GHz frequency band) of WiFi signal can be accurately extracted. We present two key enablers
underpinning the basis of FingerDraw–the CSI-quotient model for sensing tiny motions and the techniques for
finger-draw segmentation and reconstruction.
We begin with exploiting the capability of CSI signals obtained from commodity WiFi transceivers in a typical
indoor setting. CSI signals are complex in nature. There exist both hardware and environmental noise in CSI
amplitude [41], extremely limiting signal resolution which is essential in tracking and reconstructing small finger
motions. There are also random offset noise in CSI phase which is hard to compensate [45, 48], limiting the use of
its fully available orthogonal information for moving direction and displacement sensing. In FingerDraw, we aim
to improve CSI signal resolution. As illustrated in Fig.1, we deploy two antennas for each receiver to obtain two
CSI signals reflected from the finger. We then propose a novel CSI-quotient model which computes the quotient
of these two CSI signals. The newly transformed signal will be used as the basis for tracking. The proposed model
is able to cancel random phase offsets which are identical among the antennas of the same receiver based on
the study in [18, 38]. In addition, it effectively removes uncertain impulse noise in CSI amplitude based on our
experimental studies. Essentially, the CSI-quotient model maximizes SNR so that the resolution of CSI signals
can be significantly improved. With most noise being removed, we make the orthogonal information of newly
constructed CSI signals fully available, similar to the In-phase and Quadrature signals used in radar systems [8].
It is thus possible to track tiny finger motions and reconstruct its trajectories.
With significantly improved CSI signal resolution, we are able to quantify the correlation between the reflected
path length and the phase change of the CSI quotient in a sub-wavelength level granularity. However, reconstructing the complete drawing trajectory is still not a trivial task. In principle, tracking and reconstructing a 2D
trajectory requires information from two dimensions. We therefore deploy one WiFi transmitter and two WiFi
receivers. We discover that the two WiFi receivers are best placed orthogonally. With this setting, we collect
CSI signals from the two receivers in two orthogonal directions. We then design a method to segment the finger
drawing into pieces, recover and combine the displacement for each piece from each pair of transceivers to finally
track and reconstruct the trajectory of finger drawing.
We made the following contributions in this work.
• We propose a CSI-quotient model leveraging on two antennas of a WiFi receiver to achieve finger motion
sensing. With this model, CSI signal noise can be largely eliminated because the two antennas on the same
receiver share very similar hardware noise and phase offsets. To the best of our knowledge, it is for the
first time that sub-wavelength level finger motion tracking can be achieved with commodity WiFi devices.
• We analyze how finger drawing affects the CSI-channel-quotient on two antennas based on our proposed
CSI-quotient model, and develop algorithms to sense sub-wavelength level finger motions from CSI data
and reconstruct complete finger trajectory from finger displacement information.
• We implement FingerDraw on commodity WiFi devices and conduct real-world user studies. The system
can reconstruct the trajectory of finger drawings in the wild. Evaluation results with 20 people in three
different environments show that the median tracking error is less than 1.27 cm and the trajectory of 10
digits can be recognized with Microsoft Azure OCR service at an average accuracy of greater than 93.0%.
The remaining of the paper is organized as follows. We survey the state-of-the-arts in Sec. 2, then we provide
the background in Sec. 3, and explain why prior works fail in sub-wavelength level subtle displacement sensing.
In Sec. 4, we propose a novel CS-quotient model and explore its property for motion sensing at high precision.
We show our basic idea of finger tracking in Sec. 5 and detail the implementation of FingerDraw in Sec. 6. In
Sec. 7, we evaluate the performance in various settings. Sec. 8 discusses the limitation and opportunities. Finally,
we conclude our work in Sec. 9.
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RELATED WORK

Gesture recognition and motion sensing have been broadly studied in the literature. It can be classified in three
categories: Non-WiFi-based gesture recognition, WiFi-based gesture recognition and WiFi-based micro-motion
tracking.
Non-WiFi-based gesture recognition Non-WiFi based gesture recognition techniques usually require specialized hardware devices to capture predefined signals to recognize gestures.
Imaging-based systems (such as Xbox Kinect [29], and leap motion [9]) use monochromatic infrared cameras
and LEDs to build body-depth imaging. These solutions are all based on the line-of-sight (LOS) operation. The
required specialized equipment are rather expensive.
Sonar-based systems use one or more active sonars and sound receiver for fine-grained finger tracking.
LLAP [42] uses the phase change of the continuous wave sound signal for motion sensing. FingerIO [23] transmits
specially modulated OFDM signals and locates finger based on the change of the echo profiles. Strata [49]
combines the frame-based approach and the phase-based approach. All the above sonar based systems provide
reasonable tracking accuracy. Like camera-based solutions, sound-based systems have privacy concerns, since
they record all the sounds in a room, including human conversations.
TV and cellular transmissions have been used for recognizing coarse-grained hand, arm and leg gestures [3, 54].
Radar based systems such as Google Soli [11] show the ability to track minor finger movement by constructing
Doppler profile using 60GHz radar signals. WiSee [25] uses specialized devices (USRP) with OFDM modulated
signals to extract the Doppler shift of the movement to recognize gestures. WiTrack [2] also uses custom radar
transmissions to detect pointing gestures. Such systems, however, require embedded chips to capture and process
radar signals.
RFID based techniques have been widely used to sense micro-motions of fingers. RF-IDraw [39] traces a finger
with RFID tag attached using multiple antenna arrays to enable a virtual touch screen application. RF-finger [36]
enables device-free finger tracking using specially arranged tag arrays with one RFID antenna.
In a nutshell, the above systems often require dedicated hardware which are not cost-effective, and they may
work on specific occasions, but their further deployment is limited.
WiFi-based gesture recognition Recent WiFi-based gesture recognition approaches are learning-based.
They use CSI values obtained from widely deployed commodity WiFi devices for gesture recognition.
Most learning-based gesture recognition systems are trained using CSI waveforms. They assume that each
gesture has its own unique CSI signal variation pattern. The signal patterns are compared either in the timedomain or frequency-domain with the reference patterns in the training set. WiFinger [32] extracts patterns
in time domain using principal component identification and compares waveform shapes with Dynamic Time
Warping (DTW) to identify different gestures. WiGest [1] and WiAG [35] extract frequency distributions using
Discrete Waveform Transform (DWT) to recognize different hand gestures. WiMu [34] uses frequency features
of short time Fourier transform (STFT) and generate virtual samples to enable multi-user gesture recognition.
Mudra [53] uses the “cancellation” between two antennas in a receiver which is sensitive to finger movements. It
then compares the patterns in frequency distribution for recognizing different gestures. WiAG [35] and Widar
3.0 [55] propose orientation-independent gesture recognition solutions. WiAG uses gesture translation function to
generate virtual samples of different orientations to increase the training set. Widar 3.0 use multiple WiFi device
pairs to build cross-domain body-coordinate velocity profile from Doppler information for gesture recognition.
The above systems essentially leverage on patterns, they can only recognize a pre-defined gesture set, not for
arbitrary finger motion tracking.
WiFi-based micro-motion tracking The systems in this category exploit WiFi signals for motion tracking without training. They track objects by tracking changes in signal arriving angles or variations of signal
propagation path length.
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Fig. 1. illustration of FingerDraw design.
An AP is transmitting WiFi signals, two
WiFi receivers each equipped with two
antennas are placed orthogonally for the
touchless finger-draw tracking.

Fig. 2. illustration of the CSI dynamics. CSI signal is composed of signals from
static and dynamic paths. As a finger moves from a to b, the CSI signals form
an arc on the complex plane.

WiDraw [31] shows signal Angle-of-Arrival (AoA) can be used to track hand motions. It senses hand/arm
occlusions of incoming wireless signals from 20-30 known WiFi devices by detecting signal drops in certain
direction. QGesture [48], WiDance [27] and Doppler-MUSIC [18] sense target motion by estimating the length
change of the reflected path with both CSI amplitude and phase information. Due to the added random offset
in CSI phase[15, 33, 45, 48], they need to compensate phase offset before use. QGesture [48] propose a method
to estimate the Carrier Frequency Offset (CFO) and Sampling Frequency Offset (SFO) and stabilize CSI phase
for the movement distance and direction estimation of human hands. WiDance [27] and Doppler-MUSIC [18]
use conjugate multiplication of two CSIs from two receiver antennas to cancel phase offset and extract Doppler
speed information of a moving human target. The above methods also suffer from noise in raw CSI amplitude
and render low SNR in the extracted Doppler speed profile. They also require target to move at least several
wavelengths for the motion to be correctly extracted.
In summary, existing WiFi-based systems are either pattern-based for recognizing a pre-defined set of hand
gestures, or model-based for tracking coarse-grained motions that span multiple wavelengths. None of them has
the capability of tracking centimeter-level finger motions.

3

BACKGROUND & CHALLENGES

To understand why existing WiFi sensing approaches fail to sense sub-wavelength level finger motions, we first
introduce the mapping between finger motion and CSI signal variation in the context of Fresnel Zones. Then
we use an example to illustrate the sensing limitation with CSI waveform patterns used in most of the existing
gesture recognition systems.

3.1 Sensing Finger Motions with CSI Signals
As illustrated in Fig. 2, a finger moves within the sensing range of a pair of WiFi transceivers. The received signal
strength is the superposition of all the path components from the static Line-of-Sight (LoS) propagation and
environmental reflections, and the dynamic reflection path of a finger. For a radio wave with a wavelength of 𝜆,
when it travels along a reflected path with a length of 𝑑, its phase is shifted by 2𝜋𝑑/𝜆. As a finger moves, the
reflected path changes in length, and the phase of the dynamic component changes accordingly.
We study CSI signal variations with the Fresnel Zone model [37, 44]. As illustrated in Fig. 2, a WiFi transceiver
pair is placed at a fixed location and a finger moves in the Fresnel Zones for a short distance. CSI is the superposition
of components from all the paths a radio wave travels through, which can be divided into static and dynamic
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 31. Publication date: March 2020.
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Fig. 3. the recorded CSI waveforms for the same drawing of letter ‘d’ in three cases , we can see clearly the waveform patterns
are inconsistent. There are noticeable noises in the CSI waveforms.
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Fig. 4. the same move with different initial position lead to different initial phase of the dynamic phasor, thus the different
waveforms

components. Apparently, the static component is affected by the surrounding environment and the LoS of
transceivers while the dynamic component is determined by the reflection path from the finger. Mathematically,
the total CSI can be denoted as follows [37, 41, 44]:
𝐻 (𝑓 , 𝑡) = 𝐻𝑠 (𝑓 , 𝑡) + 𝐻𝑑 (𝑓 , 𝑡) = 𝐻𝑠 (𝑓 , 𝑡) + 𝐴(𝑓 , 𝑡)𝑒 −𝑗2𝜋

𝑑 (𝑡 )
𝜆

(1)

−𝑗2𝜋 𝑑 𝜆(𝑡 )

where 𝐻𝑠 (𝑓 , 𝑡) is the static phasor component, 𝐴(𝑓 , 𝑡), 𝑒
and 𝑑 (𝑡) are the attenuation, the phase shift and
the path length of the dynamic phasor component 𝐻𝑑 (𝑓 , 𝑡), respectively. The CSI waveform is the magnitude of
the complex CSI data 𝐻 (𝑓 , 𝑡) over time.
As the finger moves, the reflected path changes its length and the dynamic phasor component rotates accordingly. If the reflected path changes less than a wavelength in length, the superimposed CSI changes along a
circular arc. The rotation direction of the dynamic component is tightly coupled with the motion direction of the
finger, causing the reflected path increases or decreases in length.
An interesting finding in previous studies [37, 51] shows that when an object moves across a series of Fresnel
Zones, the received signal shows a continuous sinusoidal-like waveform. If the reflection path length change
caused by a moving object is shorter than one wavelength, the received signal is just a fragment of the sinusoidallike waveform. This finding implies CSI waveform patterns may be different for similar finger motions, it depends
on how many Fresnel Zones a finger moves across at the time of drawing, as well as the initial position in the
Fresnel Zone.

3.2 Pattern Inconsistency Problem in Sub-Wavelength Level Gesture Recognition
The common problem in the existing gesture recognition when recognizing finger drawings is pattern inconsistency. Previous researches [35, 55] show that the gesture orientation and location influence CSI waveform shapes.
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The problem is even worse in recognizing centimeter-level finger-draws, as drawing size and initial drawing
position also matters. Slight change of finger drawings may result in totally different CSI waveform. To reveal
the issue, we conduct an experiment by placing a pair of WiFi transmitter and receiver at fixed locations with a
spacing of 70 cm. We ask a volunteer to draw a letter ‘d’ with a finger in the air in three cases. Case a) and Case
b) are different in letter size, while Case b) and Case c) are different in their initial drawing positions. The results
are shown in Fig. 3. It is clear to see that the recorded patterns of CSI waveforms in the three cases are quite
different. The waveform of Case a) in Fig. 3(a) has much more observable fluctuations than that of Case b) in
Fig. 3(b), as a longer stroke in Case a) moves across more Fresnel Zone boundaries. To understand why initial
drawing position matters in Cases b) & c), we study the following simulation.
We fix the other variables and change only the initial position to observe CSI waveforms. Suppose the reflected
path length decreases first for one-third wavelength, then increases for two-thirds wavelength. According to
the Fresnel Zone model, we expect the dynamic phasor component rotates one-third of a circle clockwise and
then two-thirds of a circle counter-clockwise, respectively. The initial phase of the dynamic phasor component is
determined by the initial position where an object starts to move. If we repeat the same movement two times
each with a slightly different initial position, the CSI signals are different as they contain the same static phasor
component but different time-varying dynamic phasor component, as shown in Fig. 4.
Centimeter-level finger motions usually induce sub-wavelength scale reflected path changes, thus the CSI
waveforms are highly depend on the drawing position and size. Learning-based approaches essentially rely on
intensive training to achieve good results. Previous learning-based gesture recognition approaches are sensitive
to the drawing position and drawing sizes. It’s difficult to collect the CSI waveforms of different people with
all gesture-drawing positions and gesture-drawing sizes for training, thus the gesture recognition performance
cannot be guaranteed.

4

SENSING MOTION WITH CHANNEL QUOTIENT

Instead of adopting learning-based approaches, in this paper, we use a mathematical method to reconstruct
centimeter-level finger-draw trajectories, thus are free from the difficulties of location dependency and drawing
size dependency in traditional pattern-based machine learning methods. In achieving this goal, we construct
a new transformed signal by taking the CSI quotient between two antennas of the same WiFi receiver. The
advantage of using the CSI quotient is two-fold: 1) it cancels out most noise in raw CSI signals, thus it is very
sensitive to tiny finger movements, 2) it provides fully available phase and amplitude information of a complex
value and still preserves the correlation between motion displacement and CSI signals.

4.1 Noise Cancellation
MIMO technology has been widely used in wireless communication. Multiple antennas increase signal diversity,
and hence provide us an opportunity to cancel out signal noise more efficiently. For example, the phase difference
over different antennas has been explored in Angle-of-Arrival (AoA) estimation [15] and motion speed estimation [17]. The benefit of using phase difference is that it contains no offset noise. Since different antennas on a
receiver share the same clock, the phase offsets such as CFO and SFO are identical [33, 48]. The subtraction of
the phases on two antennas of a receiver removes these phase offsets completely.
CSI quotient signal cancels noise in a similar way. The channel quotient information on a receiver is calculated
by dividing the CSI value of the two antennas on that receiver. The result is a new complex value called CSI
quotient (also named as channel quotient). Based on the division operation of complex values, the phase of
CSI quotient is the phase difference between two antennas with all the offset subtracted and the amplitude of
CSI quotient is the amplitude ratio between two antennas. We find that the high amplitude impulse and bursty
noise which are hard to eliminate in raw CSI amplitude have been canceled out in this division operation. This
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cancellation works because the impulse noise in CSI amplitude is scaling noise, which amplifies the power at
each antenna on the same receiver at the same level. In other words, although the power scaling varies over time,
it is consistent across the antennas of the same receiver.
Figure 5 shows raw CSI and channel quotient. In Fig. 5(a), the samples of CSI phase are randomly distributed
in [−𝜋, 𝜋] at all the antennas, and we observe severe impulse noise in the amplitude. After the division of two
CSI signals, we have most noise removed both in amplitude and phase of the channel quotient.
Unlike phase difference that has been explored previously, amplitude quotient between two antennas has
not been studied before in WiFi sensing. The main reason is probably due to lack of clear physical meanings.
However, we observe that CSI quotient can form a perfect circle in the complex plane when the reflected path
of a moving object changes for exactly one wavelength, as shown in Fig. 6. This implies that correlation exists
between the displacement of an object and the CSI quotient dynamics, which implies the possibility of using the
orthogonal information of a complex CSI quotient value, i.e., both phase difference and amplitude quotient, for
motion sensing of a moving target. With CSI quotient as a new transformed base signal, it not only achieves high
SNR by canceling the noise in raw CSI amplitude and random offsets in the raw CSI phase but also preserves
orthogonality between phase difference and amplitude quotient, making it possible to capture the tiny motion of
a finger.
In the next section, we introduce our CSI-quotient model and explore its properties for sub-wavelength level
finger tracking.

4.2 CSI-quotient Model
The CSI-quotient model builds upon the connection between the motion displacement of a target and the signal
variations of CSI quotient like what an ideal CSI signal does. Suppose we have a pair of transceivers at two fixed
locations and a moving target such as a finger. There are static signal components of the combination of signals
from the LoS and the reflected environmental static objects, and a dynamic signal component reflected from the
finger, as introduced in Sec. 3.1. Then the CSI quotient has the form of:
𝐻𝑞 (𝑓 , 𝑡) =

𝐴𝑛𝑜𝑖𝑠𝑒 (𝑓 , 𝑡)𝑒 −𝑗𝜃𝑜 𝑓 𝑓 𝑠𝑒𝑡 (𝑓 ,𝑡 ) (𝐻𝑠1 (𝑓 , 𝑡) + 𝐻𝑑1 (𝑓 , 𝑡))
𝐴𝑛𝑜𝑖𝑠𝑒

(𝑓 , 𝑡)𝑒 −𝑗𝜃𝑜 𝑓 𝑓 𝑠𝑒𝑡 (𝑓 ,𝑡 ) (𝐻

𝑠2 (𝑓 , 𝑡)

+ 𝐻𝑑2 (𝑓 , 𝑡))

=

𝐻𝑠1 (𝑓 , 𝑡) + 𝐻𝑑1 (𝑓 , 𝑡)
𝐻𝑠2 (𝑓 , 𝑡) + 𝐻𝑑2 (𝑓 , 𝑡)
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where 𝐴𝑛𝑜𝑖𝑠𝑒 is the impulse noise in amplitude, 𝜃𝑜 𝑓 𝑓 𝑠𝑒𝑡 is the random phase offset, 𝐻𝑠 (1,2) (𝑓 , 𝑡) are the static
phasor components and 𝐻𝑑 (1,2) (𝑓 , 𝑡) are the dynamic phasor components for the two antennas of the same
receiver, respectively.
We make two assumptions to simplify the CSI quotient model. Firstly, we assume the static components and
the magnitude of a channel dynamic component remain unchanged at the two antennas of a receiver as a target
moves for some short distance. This assumption also holds in CSI-Speed model [41] and Fresnel Zone model [51].
Secondly, we assume the angle-of-arrival of the signal reflected from moving target changes very little as the
target moves for some short distance.
With these assumptions, we rewrite Equ. 2 into a new form as follows:
𝐻𝑞 (𝑓 , 𝑡) =

𝐻𝑠1 (𝑓 , 𝑡) + 𝐴1 (𝑓 , 𝑡)𝑒 −𝑗2𝜋

𝑑 1 (𝑡 )
𝜆

−𝑗2𝜋

𝑑 2 (𝑡 )
𝜆

𝐻𝑠2 (𝑓 , 𝑡) + 𝐴2 (𝑓 , 𝑡)𝑒

where 𝐴 (1,2) (𝑓 , 𝑡), 𝑒 −𝑗2𝜋

𝑑 (1,2) (𝑡 )
𝜆

=

𝐻𝑠1 (𝑓 ) + 𝐴1 (𝑓 )𝑒 −𝑗2𝜋

𝑑𝑑𝑖 𝑓 𝑓
𝜆

𝐻𝑠2 (𝑓 ) + 𝐴2 (𝑓 )𝑒

−𝑗2𝜋

𝑒 −𝑗2𝜋
𝑑 2 (𝑡 )
𝜆

𝑑 2 (𝑡 )
𝜆

=

𝑎𝑧 + 𝑏
𝑐𝑧 + 𝑑

(3)

and 𝑑 (1,2) (𝑡) are the attenuation, the phase shift and the path length of dynamic
𝑑 2 (𝑡 )

component 𝐻𝑑 (1,2) (𝑓 , 𝑡) for the two antennas of a receiver, respectively, and 𝑧 = 𝑒 −𝑗2𝜋 𝜆 is a unit complex
variable, its phase representing the change of reflected path, the coefficients 𝑎, 𝑏, 𝑐, 𝑑 are complex numbers.
We observe from the new form that there is only one independent variable 𝑧 left. It means the value of channel
quotient solely depends on how the total length of the reflected path changes for any given radio frequency.
Mathematically, the latter part of Equ. 3 is the Möbius transformation known in the field of geometry and complex
analysis [5].
Möbius transformations are fundamental complex maps. They are invertible meromorphic functions, and so
are conformal everywhere. The transformations preserve angles, map every circle to a circle on the complex
plane [5], provided |𝑐 | ≠ |𝑑 |. When applied in sub-wavelength level motion sensing, it has a geometrical property
that they map arcs of circles in CSI to arcs of circles in CSI quotient. That is to say, we can sense subtle finger
movements by observing the rotations of arcs in CSI quotient, instead of observing it in raw CSI.
We now investigate the correlation between the rotation direction of the arc in CSI and the one in CSI quotient,
as it indicates the motion direction of a finger. To study how the rotation direction of arcs in CSI quotient is
related to the moving direction of an object which causes the reflected path length increases or decreases, we
rewrite Equ. 3 into a more concise form as follows.
𝜌𝑒 𝑖𝜃
𝑎𝑧 + 𝑏
𝑏𝑐 − 𝑎𝑑
1
𝑎
=(
)
+ =
+𝛽
(4)
𝑐𝑧 + 𝑑
𝑐
𝑐𝑧 + 𝑑 𝑐 𝑧 + 𝛼
for appropriate 𝛼, 𝛽 ∈ C and 𝜌, 𝜃 ∈ R. 𝑧 is the unit vector on the complex plane with its phase represents the
𝑑 (𝑡 )
signal phase of the reflected path 𝑑, subject to 𝑧 = 𝑒 −𝑗2𝜋 𝜆 .
Assume an object moves with its reflected path length changing, then 𝑧 rotates accordingly. Geometrically, a
Möbius transformation 𝑔(𝑧) can be obtained as the composition of translation 𝑧 ↦→ 𝑧 + 𝛼, inversion 𝑧 ↦→ 1/𝑧,
dilation 𝑧 ↦→ 𝜌𝑧, rotation 𝑧 ↦→ 𝑧𝑒 𝑖𝜃 and another translation 𝑧 ↦→ 𝑧 + 𝛽. This decomposition makes many properties
of Möbius transformation obvious.
As we can see, translation, rotation, and dilation transformations are quite straightforward, as shown in Fig. 7.
They do not change the rotation direction and rotation phase of variable 𝑧. The only transformation we need to
be aware of is inversion transformation (Fig. 7(d)).
Inversion transformation has the form of 1/𝑧. It has a property that 1/𝑧 and 𝑧 are collinear with the origin
and that the product of their distances from the origin is equal to 1, where 𝑧 is the conjugate complex of 𝑧. This
transformation is conformal, thus it maps arc of 𝑧 to arc of 1/𝑧. As an example shown in Fig. 7(d), |𝑃 1 ||𝑃 2 | = 1,
and 𝑃 3 = 𝑃 2 , so 1/𝑃1 = 𝑃 3 . The rotation direction of the arc depends on whether the circle of 𝑧 contains the
𝑔(𝑧) =
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(a) translation

(b) rotation

(c) dilation

(d) inversion

Fig. 7. a Möbius transformation can be decomposed to four transformations. All the four transformations preserve the
rotation direction of the arc in our finger tracking case.

origin point. For finger tracking, the signal reflected from a finger is much weaker than the environmental static
component. We always have |𝑑 | > |𝑐 | in Equ. 4 which means the circle of 𝑧 does not contain the origin point. It is
easy to verify that the rotation direction of the arc in 𝑧 remains unchanged before and after inversion.
We summarize the properties of our CSI-quotient model as follows.
P1 The trace of CSI quotient in the complex plane is a perfect circle when the reflected path of a moving object
changes for exactly one wavelength. As the reflected path changes for multiple wavelengths, the circle of
CSI quotient rotates the same number of rounds accordingly.
P2 When the reflected path changes less than a wavelength in length, the CSI quotient forms a circular arc
whose radian measure roughly matches the length change of the reflected path.
P3 The rotation direction of the arc in CSI quotient is tightly related to the moving direction of the target in
the Fresnel Zone.

4.3

Model Verification

In this subsection, we conduct experiments to empirically verify the above three properties of CSI-quotient model.
We use a transmitter (Tx) and a receiver (Rx) to record CSI, and a metal plate acts as a perfect signal reflector as
shown in Fig. 8(a). We drive the metal plate using a high precision THK programmable linear motion slider at a
constant speed. The slider is arranged perpendicular to the LoS between transceivers. The frequency of WiFi
signal is set to 5.24 GHz in the experiment.
Verification of P1 We separate the transmitter and the receivers apart for 1.2 m and the metal plate moves
outward for 1 m in distance. We count the number of circles in CSI quotient. The initial position of the plate is at
1.2 m perpendicular to the LoS. We expect to see 33.09 periods based on the calculation. And we get 33 circles in
the CSI quotient signals, which is very close to our claculation.
Verification of P2 (Figure 9 Case 1-4). We separate the transmitter and the receivers apart for 1.8 m and the
start positions of the metal plate are set to 1 m in Case 1&2 and 1.6 m in Case 3&4, respectively. The moving
distances for the plate are 5 mm in Case 1&3 and 20 mm in Case 2&4, respectively. The motion direction of the
plate in all the four cases are towards outside. Figure 8(b) shows the settings of the four cases.
The results are shown in Fig. 9. In all the cases, the length changes of the reflected path are less than a
wavelength, so the channel quotients are only arcs. The motions for Cases 1 and 2 start from the same location,
their initial phases are identical. The same as Cases 3 and 4. The moving distances in Cases 1&3 are shorter than
that in Cases 2&4, so the phase change of the arcs are smaller in Fig. 9(a) and Fig. 9(c), compared with the arcs in
Fig. 9(b) and 9(d).
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 31. Publication date: March 2020.

FinderDraw: Sub-Wavelength Level Finger Motion Tracking with WiFi Signals •

31:11

TX
Distance:1.0m
Metal Plate

LOS=1.8m

Rx

Metal plate

Distance: 1.6m

Case2
Case1

Tx

20mm

Case4
Case3

5mm

20mm
5mm

RX

(a) model verification setting

(b) conceptual illustration of settings

Fig. 8. model verification using a linear motion slider and a metal plate

(a) case 1

(b) case 2

(c) case 3

(d) case 4

(e) case 5

Fig. 9. the exhibition of CSI quotient arcs in the complex plane as object moves in five cases, the dots are the samples of CSI
quotient, and the line is the denoised CSI quotient with the color indicates the rotation direction of arcs.

Verification of P3 (Figure 9 Case 5). The setting is similar to Case 4 except the moving direction is backward.
As shown in Fig.9, the directions of how arcs of CSI quotient rotate are marked with arrows and colors. The
sequence order of the samples is painted from dark blue to light red. We can observe that, as the object moves
outward, the phase of arc in channel quotient rotates clockwise, as in Fig. 9(d); while as the object moves with
its reflected path length decreases, the phase of arc in channel quotient rotates counter-clockwise, as shown in
Fig. 9(e).
In summary, the channel quotient among antennas on the same receiver efficiently removes most impulse
noise in CSI amplitude and random phase offsets in CSI phase. It provides much higher SNR than raw CSI signals
on a single antenna. The channel quotient provides fully orthogonal information on the complex plane and thus
is an ideal base signal for location independent sub-wavelength level sensing. The phase change of an arc in the
channel quotient can be mapped to the motion of the object in the sub-wavelength scale. It makes sub-wavelength
level finger tracking possible.

5

UNDERSTANDING CSI DYNAMICS OF FINGER DRAWINGS

We use an example to illustrate how the motion of finger-draw dynamically changes CSI signal, as well as
channel quotient. The key observation is that the stroke is segmented into parts due to the dynamic reflection
path changes. Each piece of stroke corresponds to a piece of arc in CSI quotient signal. Then we explain how
to extract displacement information from CSI quotient signal piece by piece and splice them together. The
reconstruction of finger drawing trajectory in 2D plane requires information from two pairs of transceivers. We
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find the optimal strategy is to place the devices orthogonally based on the understanding of Fresnel Zones theory.
The reconstruction involves an iterative process to calculate each location point of the finger. With the above
understandings, we summarize the steps of reconstructing any finger drawing trajectories from CSI quotient
signals.

5.1 Mapping Finger Stroke to CSI Quotient Signal by Segmentation
Assume the power of the reflected path of a finger is consistent as the finger moves for some short distance, then
the CSI signal is determined by the phase of the dynamic component, according to the background introduced in
Sec. 3.1. That is, the dynamic phasor component of CSI rotates with respect to the changes in the reflected path
of the finger. As the length of the reflected path decreases, the dynamic component rotates counter-clockwise,
and vice versa.
Consider we write a letter ‘d’ with a finger near a pair of WiFi transceivers, as shown in Fig. 1. To understand
how the reflected path changes in length as we draw the letter, we study the drawing in Fresnel Zones. As
illustrated in Fig. 10(a), the transceiver devices are located at two foci of the Fresnel Zone ellipses, each elliptical
boundary of Fresnel Zones indicates the reflected path is equal in length, as long as the target is on the same
ellipse. With the auxiliary lines of Fresnel Zone boundaries, it is easy to observe the reflected path length changes
as we write. When the finger moves towards inner ellipse of Fresnel Zone boundary, the length of the reflected
path of the finger decreases, and vice versa.
Drawing of letter ‘d’ is composed of a circle stroke and a straight line stroke. In the specific setting illustrated
in Fig. 10(a), when we draw the circle stroke of letter ‘d’, the length of the reflected path decreases first, then
increases. The same observation can be found when we draw the line stroke. If we consider the monotonous
changing section of the drawing based on the increase and decrease of the reflected path, then we can segment
the continuous drawing of letter ‘d’ naturally into four stroke pieces. In this view, each piece of the stroke causes
the dynamic component of CSI to rotate in only one direction, leaving a single trace of an arc in the complex
plane, as shown in Fig. 10(b). Between two stroke pieces, the reflected path stops to change its length, and the arc
in complex plane stops to rotate. It is also true for CSI quotient, as the arcs in CSI quotient rotates in the same
direction with similar phase angles as the arcs in CSI in case of finger tracking, as we have learnt in Sec. 4.2. We
can see in Fig. 10(c) that our real data recording of the channel quotient in the complex plane contains four pieces
of arcs, each represents a piece of stroke for letter ‘d’.
The segmentation in Fig. 10 solely depends on how the transceiver devices are placed relative to the drawing.
If the same drawing happens in the Fresnel Zones of another pair of devices, then the length of the reflected path
changes in a different way. Fig. 11 illustrates a drawing in Fresnel Zones of another pair of WiFi transceivers,
where there exist only three monotonous segments for the same drawing.

5.2 Mapping CSI Quotient Signal to Finger Motion Displacement by Extracting Phase Changes
After segmentation, we have several pieces of arcs in CSI quotient signal. Next, we extract the displacement in
Fresnel Zones, i.e, the change of the reflected path length from it. The basic idea of inferring the change of the
reflected path is to extract the phase change in a piece of rotating circular arc. As we have learned in Sec. 3.1, the
length changes of the reflected path can be estimated by measuring the phase change of the dynamic phasor
component, and the displacement information can be calculated from it. Some skills are needed in order to extract
this information from pieces of arcs. Since the finger motion causes sub-wavelength changes in the reflected
path, there are no complete circular rotations. As a consequence, we cannot use the same method proposed
in QGesture [48] to estimate the static component by averaging the CSI data over a sliding window and then
separating out the dynamic phasor component. It is because determining the circular center of a piece of arc
accurately becomes challenging. Instead, we track the phase change of the dynamic component by measuring the
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Fig. 10. A finger-draw of ‘d’ is segmented into four pieces based on the displacement in Fresnel Zones. The arcs in CSI
quotient rotate accordingly to the displacement in Fresnel Zones, with the phase changes represent the displacement

changes of the slopes for the tangent line at each position on the arc. The two phase changes are identical based
on some geometry knowledge, as illustrated in Fig. 12. This method has two advantages, i.e., 1) no need to worry
about the static component, 2) computationally efficient, as the tangent calculation only involves subtraction of
two adjacent sample points on the arc.
With the tangent slope information for a segment piece of drawing, we can calculate how phase changes over
time by subtracting the tangent slope of two consecutive samples. The physical meaning of the phase change is
the length difference of the reflected path between two consecutive observation samples as the finger moves.
With this information, we can calculate the displacement information in Fresnel Zone for each sample interval,
based on the following equation:
Δ𝜃 (𝑡)𝜆
(5)
2𝜋
where Δ𝑑 (𝑡) is the length change of the reflected path, and Δ𝜃 (𝑡) is the phase change of the dynamic component.
Then the displacement information of each segment piece of stroke is spliced together to provide the whole
information of the finger drawing of a letter.
Δ𝑑 (𝑡) =

5.3 Mapping Displacement to the Finger-draw Trajectory
Now, we have the displacement information that describes changes of reflected path length in Fresnel Zone of
one transceiver pair. However, the patterns of displacement changes for a drawing obtained from a single pair of
transceivers is not enough to recover the trajectory. As a 2D finger-draw trajectory is composed of displacement
in two orthogonal directions. We need at least two displacement information from different transceiver pairs.
Hence, we add another receiver which is placed orthogonally to the first pair of transceivers to provide more
information and use the displacement information reported at the two receivers to fully recover the finger-draw
trajectory.
The placement strategy of WiFi device pairs is based on the observation from Fresnel Zones. Theoretically, the
trajectory can be recovered by solving a group of ellipse equations for any placement of WiFi devices provided
they are not co-linear. However, we find that the optimal placement of devices is placing another receiver
orthogonally to the first pair of transceivers, and keeping their length of LoS equal, as shown in Fig. 13. Then at
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Fig. 12. the phase change of the dynamic phasor component can be estimated by measuring the slope change
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the center of the crossed Fresnel Zones, the space intervals between each Fresnel Zone boundary are equal for
the two receiver pairs. The benefit of this placement strategy is that it tolerates more noise in the displacement
input, and produces a better shape of the reconstructed finger-draws.
The displacement information in Fresnel Zones we obtain describes how the length of the reflected path
changes, not the moving finger itself. We reconstruct the finger-draw trajectory iteratively. We calculate the
position of a finger based on the information of the previous position and the displacement related to the two
pairs of transceivers, as shown in Fig. 14. This can be done by solving a group of ellipse equations. We first use
the previous finger position and the displacement of the reflected path to calculate the total length of reflected
path. With the positions of two foci and the total reflected path length, we can write the equation of the ellipse.
With two pairs of transceivers, we have two ellipses intersected. The new position of the finger locates at the
intersection point of two ellipses. Solving a group of ellipse equations may result in multiple location candidates.
However, with the constraint of the sensing area, there will be only one possible solution left.
From the concrete example illustrated above, we summarize the steps of reconstructing any finger drawing
trajectories from CSI quotient signals. We know that drawing any characters with a finger in the Fresnel Zones
of a transceiver pair produces several segments of arcs in the CSI quotient signals. The segmentation is solely
based on how the reflected path changes in length. The phase change on an arc in the CSI quotient corresponds
to the displacement changes in Fresnel Zones. With these understandings, to recover the trajectory of a letter
needs the following steps:
(1) Segment the CSI quotient signals of each transceiver pair into pieces of arcs based on its rotation direction.
Each arc rotates in only one direction.
(2) Extract displacement information of finger for every sample interval on each arc, and splice the information
from each arc together for the whole stroke.
(3) With the displacement information from a pair of orthogonally placed transceiver pairs, we reconstruct the
trajectory of finger-draw by calculating the finger position based on the information of previous position
and the displacement iteratively. It can be done by solving a group of ellipse equations.

6

IMPLEMENTATION

We now discuss how to put FingerDraw into practice, and detail our design and implementation in this section.
The hardware configuration includes three WiFi devices, i.e., a WiFi access point (AP) and two computers (as
receivers) equipped with wireless cards. Each receiver is equipped with at least two external omni-directional
antennas. The placement of the devices is shown in Fig. 13.
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Fig. 15. FingerDraw system overview

FingerDraw consists of three modules: data collection & preprocessing, motion displacement estimation,
and drawing trajectory reconstruction. The three modules are sequentially connected and all the steps are
essential to the successful reconstruction of finger drawings. The data collection module gathers CSI information
from the WiFi receivers and divides them to produce CSI quotient data streams. The motion displacement
estimation module extracts displacement information in Fresnel Zones from the CSI quotient streams. And
finally, the drawing trajectory reconstruction module rebuilds finger drawing trajectories based on the calculated
displacement information. The system information flow is illustrated in Fig. 15. We build a real-time prototype
system with MATLAB. It collects CSI streams from TCP/IP sockets and reconstructs finger drawing trajectories
as output images. The computation is lightweight to support the real-time processing. It takes 12ms to process
the input data of 1 second on an old MacBook Pro (2012 version).

6.1 Data Collection & Preprocessing
6.1.1 Data Collection. We collect CSI data from the two receivers, each receiver has at least two antennas. In the
case of Intel 5300 wireless chip, CSI data contains information of 30 sub-carriers. Along with the three antennas
that 5300 chip supports, each CSI data is a 3 × 30 complex matrix. We take element-wise division of two CSI data
of the two antennas on the same receiver to get the channel quotient. It produces a 1 × 30 complex array. With
two receivers, we have two CSI quotient streams. We send all these CSI quotient data to a dedicated computer via
TCP/IP socket for further processing.
6.1.2 Data Denoising. Data preprocessing involves data denoising and segmentation. Although the division of
CSI over two antennas greatly suppresses CSI noise, the CSI quotient data still need to be smoothed in order to
reveal the circlular shape of CSI quotient clearly for phase change extraction. We use Savitzky-Golay filter to
smooth out the CSI quotient data. Savitzky-Golay smoothing, which fits successive subset of data points with
low degree polynomial by the method of linear least square and introduces less distortion than band-pass filters
in [44]. It is also efficient in smoothing out the complex data. We show an example of denoised CSI quotient data
in Fig. 10(c).
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6.1.3 Segmentation. The segmentation step is designed to identify a sequential piece of CSI quotient data which
corresponds to a single drawing such as a letter. In order to segment finger drawings, we require the subject to
keep still for a short while in between the drawings. Since the data samples of CSI-quotient move along a circular
arc as a finger moves, and while a finger keeps still, the data samples of channel quotient do not move either. The
Euclidean distances between the consecutive samples of CSI quotient data on the complex plane are larger in
case of moving than that of in a still case. Fig. 16(a) shows the distribution of the sample distances of a letter ‘d’
drawing. We can distinguish whether the finger moves easily with a threshold value. The threshold can be pretty
stable, and it can be determined on the fly by observing how CSI quotient data distributed in an environment
with no moving objects.

6.2 Motion Displacement Estimation
6.2.1 Tangent Slope Extraction. Once we cut out a bulk of smoothed CSI quotient data that correspond to a
single drawing, we are ready to extract the displacement information in Fresnel Zones due to finger motion.
According to Sec. 5.2, the displacement changes in Fresnel Zones can be measured as the phase changes of the
tangent lines on the arcs of the CSI quotient data. The tangent line can be approximated by subtracting a sample
point with its successor on the arc, thus it is computationally efficient. The result is a sequence of complex vector
data, its amplitude represents the Euclidean distances between samples, and its phase represents the slopes of the
tangent lines. We extract the phase sequence and unwrap it by changing absolute jumps greater than 𝜋 to their
2𝜋 complement. Figure 16(b) shows the tangent slopes of all the sub-carriers. We can see all the 2𝜋 phase jumps
are eliminated. However, there are still several noticeable phase jumps of approximately 𝜋 in the data. The extra
𝜋 phase jumps need to be handled in the next step before the displacement estimation.
6.2.2 Stroke Segmentation. The most tricky part of our implementation is stroke segmentation. Stroke segmentation refers to the breaking of the CSI quotient data into segments according to the monotonous changes of the
reflected path length as we write. This step is crucial to the success of trajectory reconstruction. Although data
samples on the arcs of CSI-quotient data correspond to the finger motions, there are plenty of data samples near
the segmentation points, which does not correspond to any finger motions. These data samples are also denoised
and smoothed as curves in the previous steps, thus extra phase changes are introduced that correspond to no
motion. As the dynamic phasor component changes its rotation direction before and after each segmentation
point, the extra phase changes are roughly 𝜋 in the data sequence. It corresponds to additional displacement of
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Fig. 17. the stroke segmentation step and the reconstruction of finger drawing from the displacement data

𝜆/2 in the reconstructed trajectory, greatly distorting the shape of a drawing. As a result, the data samples near
segmentation points need to be discarded before the displacement calculation. It is illustrated in Fig. 17(a).
The segmentation points are identified with the help of sample distance information. As we have learned in
Sec. 5.1, the segmentation points located at the spacial positions where a finger changes its moving direction in
the air. As illustrated in Fig. 16, we use the fact that the moving speed of the finger changes its direction near
these positions. As a result, the sample distances on the complex plane have local minimums at these positions
which we can identify by searching all the valley positions in Fig. 16(a).
Once we have all the indexes of the segmentation points identified, we locate the CSI quotient data samples as
the centers and draw circles on the complex plane to mark the discard zones. The data samples covered by the
circles in these areas are discarded. As shown in Fig. 17(a), the segmentation points are marked as the red asterisk
and the continuous CSI quotient curves are broken down into disjointed arcs by the circle of the discard zone.
The radii of the circle are decided by finding the positions of the cross-zero data samples in the phase change
diagram, as shown in Fig. 17(b). The cross-zero points always exist because the phase changes its sign before and
after the segmentation points. After we find the cross-zero points, we locate their positions in the complex plane.
The radii are then decided as the distances between these positions and the segmentation points.
6.2.3 Displacement Extraction. The next step is to extract displacement information in Fresnel Zones. We first
calculate the phase change information and then convert it to displacement. The phase change information is
calculated by subtracting two consecutive phases, as shown in Fig. 16(c). The physical meaning of the phase
change is the angle in which a dynamic phasor component rotates between two consecutive CSI quotient samples.
Then we discard data near the segmentation points in the phase change sequence and fill the missing data
segments by interpolation. It is implemented using a simple linear interpolation method. Finally, we have the
phase change data as shown in Fig. 17(b). Based on Equ. 5, we convert phase change to the signal propagation
distance change of the reflected path.

6.3 Drawing Trajectory Reconstruction
The displacement information in Fresnel Zones we obtained describes how the length of reflected path changes,
not moving finger itself. In order to map the reflected path length change to finger motions, we adopt the similar
solution proposed in Widar [26] and Doppler-MUSIC [18]. We assume the initial drawing position is at the center
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Fig. 18. illustration of the experimen- Fig. 19. tracking accuracy evaluation using three templates and the recontal setting in a meeting room
structed trajectories

of the sensing area. Start from this point, we calculate the trajectory position point-by-point using the technique
introduced in Sec. 5.3. The reconstructed trajectory is illustrated in Fig. 17(c).

7

EVALUATION

In this section, we evaluate the performance of FingerDraw with commodity WiFi devices. We first describe
details about the devices, the environments, and the participants. Then, we show finger-drawing trajectory
reconstruction errors using three templates under various conditions. After that, we show the proposed method
can recognize finger-drawing digits in natural settings. Then, we compare with the state-of-the-arts to show
existing solutions are both position and drawing size dependent in a controlled setting, while our solution
achieves consistent performance in these cases. Finally, we show some free-style drawing examples.

7.1 Experimental Settings
7.1.1 Devices: In all the experiments, we use three GigaByte mini PCs as WiFi transceivers. Each receiver is
equipped with an Intel 5300 wireless card and three omnidirectional antennas. The receivers are configured to
work under the monitor mode, to capture packets from the transmitter simultaneously. We mount one transmitter
(marked as Tx) and two receivers (marked as Rx1 and Rx2, respectively) on tripods placed orthogonally. The
direction of antennas is placed in parallel to the ground, in order to better capture finger motions as a user sit in
front of it. The distance between transmitter and receiver is set to 0.6 m, as shown in Fig. 18. We use open-source
Linux CSI tool released by Washington University to collect CSI data from the two receivers [12]. The frequency
of WiFi signal is set to 5.24 GHz and the bandwidth is set to 20 MHz. The transmitter sends 500 packets per
second at a transmitting power of 15 dBm.
7.1.2 Environments: We test FingerDraw in three environments, i.e., an office (4 m × 5 m), a meeting room
(6 m × 8 m), and an empty hall (8 m × 12 m). Both office and meeting room are multi-path rich environments. The
office has many types of furniture, including a sofa, two set of desks, a cabinet, and several chairs. The meeting
room also has a large conference table, four small long tables, and a lot of chairs. The example settings and the
surrounding environments are shown in Fig. 18.
7.1.3 Participants: We recruit 20 participants, i.e., 7 females and 13 males, aging from 21 to 40. They are college
students and staffs. Among the participants, four are the authors of this paper (participant No.1-4). The rest of
the participants know nothing about our system. All the participants follow the same instructions to conduct
experiments. We use cardboard hanging in front of the participants to mark the drawing area. The writing area is
about 30 cm × 30 cm in size. The participants sit in front of the WiFi devices with their forearms lifted, writing in
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the air with their index fingers, as shown in Fig. 18. For each drawing, the participants are asked to keep still first,
then move their hands with fingers to draw letters, and in the end stop moving. While drawing, the participants
cannot perform other activities. All the finger drawing data are recorded individually and processed off-line for
evaluation.

7.2 Tracking Accuracy
We use three templates (a triangle, a letter ‘Z’, and a closed half-circle) to evaluate the accuracy. These templates
contain straight-line strokes of different angles and curves, which comprise letters and digits. We print these
templates on cardboard and hang them in front of the subjects to act as the ground-truth. We ask the participants
to draw the templates with their index finger touching the cardboard and tracking the printed templates on the
cardboard. The drawing speed is roughly 5 cm per second if not mentioned.
We set the starting positions of the reconstructed trajectory to coincide with the template and calculate the
distance between the template and the reconstructed one as errors. An example is illustrated in Fig. 19. We collect
150 drawings for each template from 6 volunteers in three environments. The overall median error is 1.27 cm
with a standard deviation of 1.28 cm. The 50% errors are 1.12 cm, 1.46 cm and 1.29 cm for triangle, letter ‘Z’ and
half-circle templates, and the 90% errors are 2.98 cm, 3.38 cm and 3.52 cm for triangle, letter ‘Z’ and half-circle
templates, respectively. Fig. 20(a) shows the overall CDF of tracking accuracy of the three templates.
Impact of different drawing sizes: We print the templates on the cardboard in three sizes (4.5 cm × 4.5 cm,
8 cm × 8 cm and 11.5 cm × 11.5 cm for the triangle template, 5 cm × 7 cm, 7 cm × 10 cm and 9 cm × 12 cm for the
letter ‘Z’ template, and diameter of 8 cm, 12 cm and 15 cm for the half-circle template, respectively). Some of the
templates are smaller than a wavelength (5.8 cm in our case), while others are a litter bigger. We ask a volunteer
to draw the templates 50 times each in the office room. The results are illustrated in Fig. 20(b). We can see there
is no obvious difference in tracking accuracy among different template sizes, expect that the small half-circle and
small triangle perform slightly better.
Impact of different LoS distances: We deploy the system with three different LoS distance between the
transmitter and the receiver from 50 cm, 75 cm and 100 cm in the office room and ask a participant to draw
the template of letter ‘Z’ 50 times under each LoS setting. The results are shown in Fig. 20(c). We find that the
performance under a shorter LoS distance is slightly better than that under a longer LoS setting. The probably
reason is that the smaller LoS distance produces stronger reflection signal from hand and finger, thus it is less
likely to be influenced by other moving objects in the environment and EM interference.
Impact of different wireless environments: We deploy the system in three different environments (i.e., an
office, a meeting room, and an empty hall) and test it over a period of two weeks with all the six participants
using the template of ‘Z’ with a size of 7 cm × 10 cm. The results are shown in Fig. 20(d). We find that the
environment has noticeable impact on accuracy, but not too much. It is reasonable since our method relies on a
stable combination of the static environmental reflection signals at the time of the drawing. It doesn’t matter how
these multi-paths superimposed. We also test the influence of activities performed by other people in the room.
We observe other people’s activities have little influence provided they stay 3 meters away from the WiFi devices.
However, activities such as walking and waving hands near the devices deteriorate our performance greatly.
Impact of lower sampling rates: We use a sampling rate of 500 Hz in most of the experiments, but in practice,
the sampling rate can be much lower. To evaluate the influence of sampling rate on accuracy, we test our algorithm
using different sampling rates, i.e., 25 Hz, 50 Hz, 125 Hz, 250 Hz and 500 Hz, respectively. A participant draws a
template ‘Z’ 25 times for each sampling rate. The results are shown in Fig. 20(e). We find that a higher sampling
rate does lead to higher accuracy, but the performance degradation with lower sampling rates is not significant.
For example, when the sampling rate is 100 Hz, the accuracy does not change too much compared with the
results of higher sampling rates. However, when the sampling rate is lower than 25 Hz, the performance becomes
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(f) different writing speeds

Fig. 20. the tracking accuracy under various settings

unacceptable. Hence the minimum sampling rate we recommend in this setting is 50 Hz. If the participants draw
at a higher speed, we need a higher minimum sampling rate accordingly.
Impact of different drawing speeds: We test the drawing accuracy of a template ‘Z’ with three different
writing speeds in the office room. The speed is calculated based on the stroke length in the printed template, as
well as the time a user spends to finish drawing. We asked a participant to draw the template at three different
speeds. The measured motion speed is 9 cm/s, 6 cm/s, and 3.5 cm/s for the fast, usual, and slow speed, respectively.
We collect 20 data samples for each speed. The tracking accuracy at three different speeds is shown in Fig. 20(f).
We observe that the reconstructed trajectories are recognizable at all three speeds in most cases. But in some
tests, the shapes of the reconstructed trajectories at the fast speed is worse than that of at two lower speeds. It
comes from the distortions of the misidentified uncut segmentation points.

7.3 Text Recognition
In this section, we evaluate FingerDraw by allowing the users to input digits to a computer by writing in the air
naturally, that is, the users write digits without templates. We interface FingerDraw with Microsoft Azure OCR
service. As users write in the air, we feed the image of reconstructed trajectories of digits into Azure OCR and
Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 31. Publication date: March 2020.

FinderDraw: Sub-Wavelength Level Finger Motion Tracking with WiFi Signals •

31:21

use the recognition functionality to interpret the digits written by users. We collect and count the recognized
characters to evaluate the accuracy of text input.
The experimental settings are the same as the one in tracking accuracy test. We hang blank cardboard to mark
the writing area. The participants can draw digits in normal or italic type, and they can draw in different sizes
and initial positions as well. We do not limit the drawing speed of the participants. They use the speed from
3 cm/s to 6 cm/s based on the off-line analysis.
We collect 20 samples for each digit from 20 participants over a period of several weeks. In total, 20 × 10 × 20 =
4000 data are collected. Among all the data, the tests of participant No.1,4,6,8,12,13,14 are conducted in the office,
the tests of participant No.2,7,9,11,18 are conducted in the hall, the rest tests are conducted in the meeting room.
An example of the reconstructed digits is illustrated in Fig. 24(a) Table 1 shows the detail of recognition accuracy.
We plot the overall recognition rate for each participant in Fig. 22. We can see that most of the users achieve an
accuracy of greater than 90%. The first four participants marked with an asterisk indicate they are the authors.
We observe no obvious difference in recognition rates among the participants.
In all the digits, the overall recognition rate of digit ‘8’ is lower than the others. It is because the starting and
ending strokes of digit ‘8’ need to be closed. Because of the accumulated error of FingerDraw, when the glyph is
not closed properly, the reconstructed trajectory is sometimes difficult to recognize. This also happens to digits
‘0’ and ‘6’, as in some rare cases these two digits are confusable for the same reason.
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Comparison with the State-of-the-Arts

Existing learning-based gesture-recognition solutions can recognize centimeter-level finger gestures [1, 32, 35].
In this section, we compare FingerDraw with state-of-the-arts.
As we have observed in this paper, previous gesture recognition works face a pattern inconsistent problem
in sensing centimeter-level finger motions, as both the finger position and drawing size matter. To evaluate
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it, we use the same setting as in Sec. 7.3 and the same set of digits for recognition. We control the position
and the drawing size of each digit in the test. We print each digit in three sizes, which are 18.4 cm × 11.4 cm,
15.2 cm × 9.2 cm, and 12 cm × 6.8 cm, respectively, and attach each template on a cardboard at three locations
with a spacial interval of 1.4 cm. Fig. 21(a) shows an example of the templates of different sizes and positions. The
three locations are marked by a fixed ruler, to ensure all the templates are attached to the three fixed places in the
tests. This combination produces 3 × 3 = 9 test settings. We ask five participants to draw these digits according to
the printed shape of digits. Each digit is drawn 10 times in each setting. Totally we collect 10 × 3 × 3 × 5 × 10 = 4500
data. We choose one of the CSI data streams from multiple antennas on a WiFi receiver and take its amplitude to
get CSI waveforms.
We use two commonly used methods in previous WiFi-based gesture recognition systems as our baseline. That
is the Dynamic Time Warping (DTW) for comparison of waveform shapes, and the Fast Fourier Transform (FFT)
for comparison of frequency distributions. All the data follow the same preprocessing steps before comparison.
We first cut off both ends of the data to ensure that the data contains only a single digit written by fingers. Then
we smooth data with S-G filter. After that, we normalize the data by Z-score.
7.4.1 Waveform Shapes of CSI. WiFinger [32] uses time-domain waveform shapes for recognizing some predefined gestures. To evaluate this method in centimeter-level finger motion sensing task, we utilize DTW to
align and compare the waveform patterns to the reference profiles in the library. DTW provides a robust metric
for measuring the similarity between the test CSI patterns and profiles in the library. The one with the profile
in the library that has the highest and also sufficient similarity with the test CSI pattern is then identified as
the recognized digit. We build the reference profiles collected from setting No.1 by one participant, that is, the
user draws the digits with the smallest drawing size at location 1. Then, we compare the other participant’s
data collected from all the nine settings with the reference profiles for classification. Before comparison, all the
waveforms are down-sampled so that each pattern contains 20 samples.
From Fig. 21(b) we can see, the DTW performance highly depends on the setting that the test data and the
reference profiles are collected. The test gets the best match score of 84% when both the test data and the profiles
are in the same test setting group and deteriorate quickly in other settings. The more differences in drawing sizes
and locations, the fewer similarities of their waveform shapes. As a result, the waveform-shape-based pattern
matching method is not a good choice for recognizing centimeter-level finger drawings.
7.4.2 Waveform Frequencies of CSI. WiGest [1] and WiMu [34] are based on the patterns of frequency distributions for gesture recognition. They use the Discrete Wavelet Transform (DWT) and FFT for frequency feature
extraction. Both the two methods convert waveforms to its frequency representations, thus provide similar
information. We evaluate the FFT method by down-sample the denoised CSI waveforms to 128 samples, then
apply 128-point FFT on it. The calculated frequency distribution data is 65-sample vectors. As the spectrum of
frequency is not linearly separable in a finite-dimensional space, we use Radial Basis Function (RBF) kernel SVM
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(b) three symbols

Fig. 24. illustration of some free-style drawings

to classify digits on frequency. Since we collect 450 samples for each digit in all the nine settings and each sample
contains 30 sub-carriers, we obtain 13500 SVM vectors for each digit.
We evaluate the SVM method with two test settings. In test setting No.1, we train the SVM model with the data
from four participants conducted in the test setting No.1 and predict data of the fifth person collected in all the
nine settings. The test result is in Fig. 21(c), we can see the classification result is 97% when the test data is coming
from the same experimental setting group, but below 35% when the test data is coming from other settings. In test
setting No.2, we train the SVM model with the data from four participants conducted in all the nine test settings
and predict data of the fifth person. We can see the performance increase significantly compared with test setting
No.1. These results suggest the performance of CSI-waveform-based learning systems highly depends on how the
training data distributed. The data from all the possible test settings are needed to train the SVM model. However,
consider plenty number of combinations of drawing sizes and locations, traditional CSI-waveform-based learning
systems require labor-intensive training, yet their performances are still not guaranteed.
7.4.3 The Comparison Result. We compare FingerDraw with state-of-the-arts in a natural setting. This comparison use dataset from Sec. 7.3. In this dataset, the finger-draw position, size, and font style are not controlled
deliberately. The overall recognition results of FingerDraw and the baselines are compared in Fig. 23. The
data is reported per recognition class. DTW, SVM, and OUR correspond to the waveform-shape-based gesture
recognition, frequency-distribution-based gesture recognition, and our implementation, respectively. In this
comparison, DTW use profiles taken from user No.1 and SVM use data of the first 15 participants for training.
The rest data is used for testing. The overall accuracy of DTW and SVM is 9.6% and 47%, respectively. We can see
the previous learning-based approaches (such as the shape or frequency-distribution-based gesture recognition
solutions) are sensitive to finger-drawing positions, sizes, and font styles, they cannot maintain robust recognition
performance when finger-drawing gestures vary in size, drawing position and writing style. Compared with the
gesture recognition works, FingerDraw achieves an average accuracy of over 93.0% for all the ten digits, which is
consistent on change of drawing size and location.

7.5 The Free-Style Drawings
Before we conclude this section, we show some free-style tracking examples of characters and symbols. Fig. 24(a)
shows examples of all the digits and letters. Fig. 24(b) shows the example of connected line segments, a five-point
star, and a treble clef symbol.

8

LIMITATION AND DISCUSSION

In this section, we present and discuss several limitations of this work.
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8.1 Sub-wavelength Motion Accuracy
The phase change of dynamic phasor component in CSI has a precise mapping to the length change of reflected
path. It rotates uniformly as the finger moves at a constant speed. However, the mapping of arc rotation in
channel quotient is not precisely related to finger motion distance. As we can see in Fig. 9(a) and Fig. 9(c), the
same moving distance of an object lead to different phase changes of the arcs of CSI-quotient signals. It is a
side effect of channel quotient for a precise sub-wavelength motion measurement. Nevertheless, it has limited
influences in finger drawing recognition, as slightly distorted letters can also be recognized. By studying the
Möbius transformation, we can alleviate the side effect by choosing the antenna with the biggest CSI magnitude
as the denominator in the division. It will produce a more accurate mapping to the motion distance.

8.2 Segmentation of Letters and Multi-stroke Alphabets or Symbols
Our system segments each finger drawing with the assumption that a participant has to keep her/his hand
still before and after each drawing. It is required to ensure the success of segmenting each letter for further
recognition. Our current implementation does not consider the word input which is composed of several letters.
The main reason is that our method is not based on range information, it will have the accumulative tracking
errors.
Since our system keeps track of finger movements continuously, we currently only support drawings that
consist of a single continuous stroke. Alphabets or symbols that contain multiple strokes will be constructed as
single-stroke drawings. It makes letters quite different from what we normally write on paper. It is much better
to remove the connections between the strokes to make the letter easier to recognize. We can potentially solve
this problem by adding one more WiFi receiver to sense hand motions from Z-axis. We leave the multi-stroke
letter segmentation problem as our future work.

9

CONCLUSION

This paper presents FingerDraw, the first sub-wavelength level tracking system for finger drawings with commodity WiFi devices. FingerDraw significantly increases the motion sensing capability into sub-wavelength
level granularity. The theory behind the scene is the CSI-quotient model which removes most of the noise in
raw CSI signals leveraging on channel quotient between two antennas of a receiver, thus it is very sensitive
to minute-level finger movements. In addition, we place two WiFi transceivers orthogonally where we obtain
orthogonal CSI signals. We then design our methods to extract micro-displacement information of stroke and
segment the strokes based on reflected path length changes. By obtaining the displacement from orthogonal
directions, we are able to reconstruct finger drawings in 2D plane.
We believe the technology developed in this paper contributes to not only fine-grained WiFi sensing, but
also other wireless sensing scenarios where there is a lack of clock synchronization between transceivers. The
sub-wavelength sensing capability is even more important for signals with longer wavelengths, such as LTE.
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