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Fig. 3: Experiment settings: (a) single-person, LOS (b) multi-person, LOS (c) single-person, NLOS (d) multi-person, NLOS.

3) Average K,: Still assuming that K is known and the
monitoring system outputs K, = min(K, K) estimations. In
this case, there is no penalty if K > K since the breathing
rates estimations are given by the first K estimations with
the highest likelihoods. On the other hand, when K < K,
the breathing rates associated with K — K people are missing
in the estimations. Therefore, the average of K,, denoted as
K,, is also an important metric, as K, closer to K indicates
that most of the human breathing rates can be resolved by the
monitoring system.

4) Estimation Error of Number of People: When K is
unknown, we formulate an estimation on the number of people
K via K()\), with the performance evaluated by the function
P()\) = E(|K — K()\)|), where E stands for the expectation
operator.
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Fig. 4: Classification performance for breathing detection.

C. Breathing Detection Performance

The proposed breathing detection scheme determines the
existence of breathing based on the output of the SVM
algorithm. We use 84 CSI measurements for evaluation, where
32 of them are collected in the presence of at least one person
breathing, and 52 measurements are obtained without people
breathing in the room. The devices are placed according to the
NLOS setting shown in Fig. 3(c).

In Fig. 4, we demonstrate the breathing detection perfor-
mance of the proposed system. First of all, we observe that the
labels ¢ can be inferred from («, 8) without errors. Secondly,
we observe that SVM returns a hyperplane that partitions
(o, B) perfectly, implying a 100% detection rate. This is
further validated by performing K-fold cross-validation on the
results, leading to a 100% accuracy for each cross-validation.

D. Performance of Breathing Rate Estimation

In this part, we evaluate the performance of the pro-
posed system based on the ground-truth breathing rates using
metronomes.
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Fig. 5: Accuracy with single-person breathing under the LOS
scenario. M; = 45s, W, = 40.5s, P, = 4.5s, B = 5, and
Ttot = 63s.

1) Accuracy under Single-Person LOS Scenario: We ask
one participant to sit at 5 positions as shown in Fig. 3(a) under
the LOS scenario. For each position, the participant breathes at
15 BPM in synchronization to the metronome. After that, the
participant switches the breathing rate to 17.5 BPM and later
20 BPM. The accuracy performances at the 5 positions with
various breathing rates are depicted in Fig. 5. For comparison
purpose, Fig. 5 also demonstrates the ground-truths. As can
be seen from the figure, the proposed system can estimate the
breathing rate with an accuracy of 99.56% averaging over all
cases. The worst case is when the participant sits at position
4 and breathes at 17.5 BPM with an accuracy of 98.58%,
equivalent to an estimation error of +0.249 BPM.

2) Accuracy under Multi-Person LOS Scenario: A total of
12 people were invited into the conference room as shown
in Fig. 3(b) under the LOS scenario. The details of the
position and breathing rate for each participant are displayed
in Fig. 3(b). The normalized population, variance, likelihood,
and centroid for each cluster are presented in Fig. 6. It can be
seen that the proposed system resolves the breathing rates of
9 out of a dozen people with an accuracy of 98.65%.

3) Accuracy under Single-Person NLOS Scenario: One
participant was invited into the conference room to breathe
with 15 BPM at 6 different positions, with details shown in
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Fig. 6: Performance of estimating breathing rates of a dozen
people under the LOS scenario. M; = 45s, W; = 40.5s, P; =
4.5s, B =15, and T},; = 63s.
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Fig. 7: Accuracy with single-person breathing under the NLOS
scenario. M; = 45s, W; = 40.5s, P, = 4.5s, B = 5, and

Ttot = 63s.

Fig. 3(c). Both WiFi devices are placed outside the conference
room. Fig. 7 shows that a mean accuracy of 98.74% averaging
over the 6 positions is achieved even when the two devices
are blocked by two concrete walls of the conference room,
which validates the high accuracy under the through-the-wall
scenario.

To evaluate the impact of distances between WiFi devices
on the performance, we place the AP at 6 different locations
with 1 meter resolution. The participant breathes at 15 BPM
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Fig. 8: Accuracy of breathing rate estimation with various
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distances. M; = 4bs, W; = 40.5s, P, = 4.5s, B = 5, and
Ttot = 63s.
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Fig. 9: Accuracy of breathing rate estimation with 10 seconds
of CSI measurement. M; = 10s, W; = 9s, P, = 0.5s, B =1,
and T},; = 10s.

in this experiment. The distance between the AP and the STA
ranges from 5 meters to 11 meters. As shown in Fig. &, the
proposed scheme achieves more than 98.38% in accuracy,
with a mean accuracy of 99.37% averaging over the results of
various distances. Even when the device distance reaches 11
meters, the accuracy is maintained at 99.70%, demonstrating
the robustness of the proposed system under different device
distances.

We further evaluate TR-BREATH by reducing M; to 10s.
Besides, we set W; = 9s, P, = 0.5s, and T},; = 10s.
The packet rate is increased to 30 Hz. One participant sits
at position 1 of Fig. 3(c) and breathe at 15,17.5,20 BPM,
with each breathing rate lasting for 20 seconds. The total
measurement time is 60 seconds. Fig. 9 shows that TR-
BREATH could track the breathing rate accurately with a
mean accuracy of 99%. Therefore, TR-BREATH can provide
accurate breathing rates every 10 second for single-person
breathing monitoring that fits well to the patient monitoring
scenarios.
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Fig. 10: Accuracy with multiple people under the NLOS
scenario. M; = 45s, W; = 40.5s, P, = 4.5s, B = 5, and
Ttot = 63s.

4) Accuracy under Multi-Person NLOS Scenario: We invite
up to 7 people into one conference room with two devices
placed under the NLOS scenario. The positions and breathing
rates associated with each person are depicted in Fig. 3(d).
Fig. 10 summarizes the accuracy performances, which shows
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that an accuracy of 99.1% when K = 7 and a mean accuracy
of 97.3% averaging over all 7 cases can be achieved.
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Fig. 11: K, with multiple people under the NLOS scenario.
M; = 45s, Wy = 40.5s, P, = 4.5s, B =5, and T}, = 63s.

5) K, under Multi-Person NLOS Scenario: Fig. 11 demon-
strates the K, performance for the multi-person NLOS sce-
nario. As we can see, with a various number of people K,
K, equals to K, which shows that the proposed system could
resolve the breathing rates of all people. Combining the results
in Fig. 10, we conclude that given K people, the proposed
system resolves the breathing rates of K people with high
accuracy.
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Fig. 12: Performance of estimating the natural breathing rates
of one person under the NLOS scenario. M; = 45s, W; =
40.5s, P, = 4.5s, Ty, = 63s.

E. Performance of Natural Breathing Rate Estimation

In this part, we investigate the performance of the proposed
system in a more practical setting by asking the participants
to breathe naturally. Instead of using the metronomes, the
participants were asked to memorize how many breaths they
took in a minute.

1) Accuracy under Single-Person NLOS Scenario: One
participant is asked to breathe naturally at 4 different positions
in the same conference room as in Fig. 3(c). Then, the
participant lies on the ground and breathe. Fig. 12 shows that
a mean accuracy of 97.0% can be achieved. Moreover, the
breathing rate of a person lying on the ground can be estimated
accurately, which shows the viability of the proposed scheme
in monitoring the breathing rate of a sleeping person.
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Fig. 13: Performance of estimating the natural breathing rates
of 9 people under the NLOS scenario. M; = 45s, W; = 40.5s,
Pt = 4.58, Ttot = 63s.

2) Accuracy under Multi-Person NLOS Scenario: Nine
participants breathe naturally in the conference room
shown in Fig. 3(c). The breathing rates are given as
[16,11.5,10.5,12,13,15.5,16.5,26.5,12] BPM, where two
participants coincide in their breathing rates. Fig. 13 shows
that 6 out of the 8 resolvable breathing rates are obtained
with an accuracy of 98.07%.

3.5

A

Fig. 14: Performance of people number estimation. M; = 45s,
Wy = 40.5s, P, = 4.5s, B =5, and T}, = 63s.

F. Estimating the Number of People K

Fig. 14 illustrates that the optimal P()\) is 1.15 when \ =
0.88. Thus, the proposed system can estimate the number of
people with an error around 1.

V. IMPACT OF VARIOUS FACTORS

In this section, we further investigate the performance of
TR-BREATH in a more practical application scenario. First
of all, we study the performance under the influence of packet
loss with various severity. Then, we discuss the effects of
motions on TR-BREATH. Finally, we demonstrate the signif-
icant improvement of TR-BREATH using both amplitude and
phase information compared to the approach using amplitude
only in [5]. The parameters are configured to be the same as
Section IV-AS5 unless otherwise stated.
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A. Impact of Packet Loss

We present the accuracy under the NLOS single-person at
position 1 shown in Fig. 3(c) with different packet loss rate.
We consider two packet loss mechanism, i.e., bursty packet
loss and random packet loss. The bursty packet loss is mainly
caused by the continuous data transmission among few WiFi
devices which fully jams the medium for a long time. On the
other hand, the random packet loss is due to the random access
of a large number of nearby WiFi devices which occupy the
medium occasionally.

To emulate packet loss, we intentionally discard collected
CSI samples in the experiments. More specifically, for the
bursty packet loss, we discard CSI samples within a certain
time period, while for the random packet loss, we discard CSI
samples with index following a uniform distribution. When
the packet loss compensation is enabled, ¢, », = sl — sl is
used, otherwise ¢, , =m —n.

The results with different packet loss rate with the aforemen-
tioned two mechanisms are shown in Fig. 15. We observe that
the consequence of random packet loss is much more severe
than the bursty packet loss when the packet loss compensation
is not enabled. With 10% random packet loss, the accuracy
drops to 88.35% from 99.35%. The accuracy further deterio-
rates to 74.13% and 62.83% with 20% and 30% packet loss,
respectively. The advantage of packet loss compensation is
obvious since TR-BREATH maintains an accuracy of 99.70%
even with 30% packet loss. On the contrary, bursty packet loss
does not degrade the accuracy greatly. It can be justified by
the fact that most CSIs are still sampled uniformly under this
scenario.
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Fig. 15: Impact of packet loss on accuracy

B. Impact of Motion

To study the effect of motion, we perform additional ex-
periments involving ambient motions and subject motions.
The experiment settings are shown in Fig. 16. The participant
breathes at 20 BPM.

1) Impact of Ambient Motion: Besides the participant under
breathing monitoring, we ask another participant to walk
randomly in the eight highlighted areas in Fig. 16, where S;
to S, stands for the ambient motions in the conference room
and S5 to Sg in the foyer. We further classify these areas in
terms of their distances to the WiFi AP as very close, close,

11
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Fig. 16: Experiment settings for investigation of ambient
motions and subject motions

far, and very far. For instance, S; is considered to be very
close from the WiFi AP, while S, is regarded as very far
away from the WiFi AP. Despite that the impact of motion
is location-dependent, in general, we find that the motions
introduce severe interference into TR-BREATH when they
occur within 1m radius to either the AP or the STA.

The results are depicted in Fig. 17. Clearly, when the
ambient motion occurs very close to the WiFi AP, the accuracy
degrades significantly, especially for the case of ambient
motions in the foyer area indicated by S5. When the distance
between the motion to the WiFi AP increases, the accuracy is
improved. We observe similar results when the ambient motion
occurs close to the WiFi device. Thus, we conclude that TR-
BREATH can tolerate ambient motions as long as both WiFi
devices of TR-BREATH are far from these motions.
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Fig. 17: Impact of ambient motion on accuracy

2) Impact of Subject Motion: In this experiment, we ask the
participant under monitoring to move randomly for a certain
period of time, and then sit back to the original position as
shown in Fig. 16 to continue breathing. The results are shown
in Fig. 18. We observe that when the participant only moves
for 10 seconds, the accuracy can be maintained at 95.96%.
The accuracy drops to 87.61% when the participant moves
for 40 seconds, corresponding to an error of £2.48 BPM.
This demonstrates that TR-BREATH can tolerate the subject
motions given that the participant stays still during most of
the time.

3) Impact of using CSI Amplitude Only: Thanks to the
additional step of CSI calibration mentioned in Section III,
TR-BREATH makes full use of the complex CSIs, which is
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Fig. 18: Impact of subject motion on accuracy

a major difference from [5] which uses the CSI amplitudes
only. In this section, we show that using both CSI amplitudes
and phases could improve the performance of TR-BREATH.
Furthermore, we replace the Root-MUSIC algorithm with
the conventional Welch estimator [26], a widely used non-
parametric scheme. For the Welch estimator, we use the CSI
amplitude only, which coincides with the spectral analysis
scheme used in [5].

We ask the participant to breathe at [20, 25, 30, 35, 40, 45]
BPM under the setting of Fig. 16 without ambient and subject
motions. Each experiment lasts for 1 minute. The cumulative
density functions (CDFs) of the accuracy for this experiment
are shown in Fig. 19. We observe that the results are more
concentrated in areas close to 100% accuracy in the complex
CSI case, indicating that using complex CSIs outperforms the
amplitude-only case and the Welch estimator.

-e— Amplitude + Phase
Amplitude Only
08 ~~—Welch Estimator

CDF

Accuracy

Fig. 19: Comparison of CDFs among different schemes

VI. FUTURE WORK

As a future work, we would conduct long-term experiments
to investigate the performance of TR-BREATH in the long
run. Meanwhile, we would investigate the way to detect and
discard CSI samples significantly affected by subject and
ambient motions so as to further enhance the robustness of
TR-BREATH.

VII. CONCLUSION

In this paper, we present TR-BREATH, a contact-free
and highly accurate breathing monitoring system leveraging
TR for breathing detection and multi-person breathing rate

12

estimations using commercial WiFi devices. The TR resonat-
ing strengths are analyzed by the Root-MUSIC algorithm
to extract features for breathing detection and breathing rate
estimation. Experiment results in a typical indoor environment
demonstrate that, with 63 seconds of measurements, a perfect
detection rate can be obtained. Meanwhile, the proposed sys-
tem can estimate the single-person breathing rate in the NLOS
scenario with an accuracy of 99% with only 10 seconds of
measurement. With 63 seconds of measurement, the proposed
system achieves a mean accuracy of 98.65% for a dozen
people under the LOS scenario and 98.07% for 9 people
under the NLOS scenario even when the two WiFi devices are
blocked by two walls. The proposed system can also estimate
the number of people with an average error around 1. We
also show that TR-BREATH is robust against packet loss and
motions in the environment. With the ubiquity of WiFi-enabled
mobile devices, TR-BREATH can provide real-time, in-home,
and non-invasive breathing monitoring in the future medical
applications.
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