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As an important indicator of the infusion monitoring for clinical treatment, the drip rate is expected to be monitored in an
accurate and real-time manner. However, state-of-the-art drip rate monitoring schemes either suffer from high maintenance
or incur high hardware cost. In this paper, we propose DropMonitor, an RFID-based approach to perform the mm-level sensing
for infusion drip rate monitoring. By attaching a pair of batteryless RFID tags on the drip chamber, we can estimate the drip
rate by capturing the RF-signals reflected from the vibrating liquid surface caused by the falling droplets. Particularly, we
use the sensing tag to perceive the liquid surface vibration in the drip chamber and further derive the drip rate for infusion
monitoring. Moreover, to sufficiently mitigate the multi-path interference from the surrounding human activities, we use the
reference tag to perceive the multi-path signals from the indoor environment. By computing the difference of RF-signals from
tag pairs, we cancel the multi-path interference and extract the drip-rate-related signals. We have implemented a prototype
system and evaluated its performance in real applications. The experiment results show that DropMonitor can accurately
estimate the infusion drip rate, and the average relative error of drip rate estimation is below 1% for conventional cases. In
this way, considering the essential sampling rates of each tag, DropMonitor is able to monitor the drip rate for over a dozen of
infusion bottles/bags in parallel with one COTS RFID system.
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Fig. 1. Prior approaches versus DropMonitor

1 INTRODUCTION
Intravenous therapy (IV) is one of the most commonly used clinical treatment methods in hospitals. It is important
that IV fluids go into the vein at a particular drip rate. In fact, the drip rate has a definite effect on the therapy of
patients. On the one hand, if the drip rate is too high, there would be harmful physiological effects on patients,
such as the increased blood pressure and the slowed heart rate. For a patient with issues involving the heart,
kidneys or the liver, this might bring the adverse effect like the pulmonary edema. On the other hand, if the drip
rate is too low, e.g., the drip rate goes to zero, the IV process might be completed and should be ended at once.
Otherwise, the blood will flow into the infusion tube, leading to the tube occlusion and increasing the risk of
bloodstream infections. Thus, during the IV process, it is essential to monitor and maintain the appropriate drip
rate for patient safety. To perform the drip rate monitoring, considering that the patients are usually unable to
keep monitoring their own drip rates, it becomes the nurses’ duty to keep paying attention to multiple patients’
drip rates during the whole IV process. It is a great burden for nurses as they often rely on a timer or watch to
estimate the drip rate, which is both time-consuming and inaccurate. Therefore, an intelligent drip rate monitoring
system is in great demand for hospitals, which can automatically and accurately monitor the IV drip rate and
promptly remind the medical staffs to tackle the drip-rate-related issues in time.

State-of-the-art technologies of the infusion drip rate monitoring mainly include the manual counting, infusion-
pump-based, sensor-based, and camera-based approaches, as shown in Fig. 1(a). The manual counting is straight-
forward, but it involves the large manpower consumption, and could be inaccurate due to the human error. The
infusion-pump-based approach is regarded as a standard way to deliver fluids at a precise rate, but it is rather
expensive and usually used for critical fluids. To reduce the hardware cost, the sensor-based approach leverages
the capacitive or photoelectric sensors to count the falling droplets. Ordinarily, these solutions require the
complicated deployment of sensors, e.g., attaching the wired/battery-powered sensor to a precise place of the drip
chamber. The camera-based approach requires a high-resolution camera to capture the movement of tiny infusion
droplets, but the hardware cost of high-resolution camera is still relatively high. These solutions also suffer from
poor light conditions, and could raise underlying privacy concerns. In addition, the above three solutions are all
battery-powered, which further increase the manpower consumption for the routine maintenance. Therefore, to
tackle the limitations of above approaches, a novel solution is required for the infusion drip rate monitoring,
which is expected to be battery-free, lightweight, and easy to deploy.

Due to the sensitivity to the environment during the backscatter communication, the RFID tag can work as
an extremely lightweight sensor, which is batteryless and rather cheap. In this paper, we present DropMonitor,
an RFID-based approach to monitor the infusion drip rate based on COTS RFID devices. Specifically, we attach
an RFID tag pair on the drip chamber. One is the sensing tag to perceive the mm-level vibration from falling
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droplets, and the other is the reference tag to cancel the multi-path effect from the surrounding environment.
Fig. 1(b) illustrates the deployment of tag pair, the sensing tag is directly attached to the drip chamber, so it is very
close to the liquid surface, whereas the reference tag is deployed with a distance of about 2cm from the infusion
drip chamber. Meanwhile, we deploy an RFID reader to continuously interrogate the tag pair by transmitting
continuous waves, and collect their backscatterred RF-signals within the effective range (1-5m). Fig. 2 shows
the basic principle of DropMonitor for the drip rate monitoring. During the infusion process, as the droplets fall
continuously and periodically, the liquid surface in the drip chamber vibrates correspondingly. The reflected
RF-signals from the vibrating liquid surface can be captured by the sensing tag, and further backscattered to the
reader. We build a model to derive the drip rate from the collected RF-signals, develop a wavelet-based signal
denoising mechanism to extract the mm-level liquid surface vibration, and further estimate the drip rate. Note that
the RF-signals from the sensing tag also contain themulti-path interference from surrounding human activities, we
thus use the reference tag to cancel the multi-path interference. Therefore, DropMonitor can monitor the infusion
drip rate accurately in real hospital wards and infusion halls, without requiring patients or surrounding human
subjects to keep still. Besides, the identification nature of RFID can be utilized to distinguish different infusion
bottles/bags. In this way, considering the essential sampling rate for the drip rate estimation, DropMonitor can
monitor over a dozen of infusion bottles/bags in parallel using one COTS RFID reader.

There are two main challenges to address in this paper. The first challenge is to perform the mm-level sensing for
the drip rate monitoring. The drip rate depends on the number of liquid droplets falling in the drip chamber per
unit time. Since the size of droplet is usually at mm-level, it is hard to count droplets by directly perceiving the
movement of droplets with RF-signals. To address this challenge, instead of directly perceiving the movement of
droplets, we perceive the vibration of liquid surface, which is synchronized with the period of falling droplets.
Specifically, we deploy an RFID tag near the liquid surface in the drip chamber, as a sensing tag to capture the
reflected signals from the vibrating liquid surface. According to the periodic pattern of phase variation from the
sensing tag, we can derive the instantaneous drip rate by counting the occurrence of specific pattern in a short
time period. The second challenge is to mitigate the indoor multi-path interference from the non-line-of-sight (NLOS)
RF-signals, especially from the human activities. The human body in the effective scanning range actually reflects
the non-negligible amount of continuous waves from the antenna to the tag. Thus, the surrounding human
activities could incur the multi-path interference to the collected RF-signals, which is usually unpredictable and
much stronger than the reflection from the vibrating liquid surface. To address this challenge, we propose a
tag-pair-based scheme to suppress the multi-path interference from human activities. Specifically, we deploy a
reference tag close to the sensing tag, which is separated with a distance of about 2cm to the drip chamber. By
computing the difference of RF-signals from the tag pair, we can cancel the multi-path interference.

To the best of our knowledge, this paper presents the first study of using RFID to monitor the infusion drip rate.
We make three contributions. First, by attaching an RFID tag pair on the drip chamber, we propose DropMonitor
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to perform the mm-level sensing for the drip rate monitoring. Instead of directly perceiving the movement of
droplets, we leverage the sensing tag to capture the RF-signals reflected from the vibrating liquid surface caused
by the falling of droplets. Second, we develop a tag-pair-based scheme to sufficiently mitigate the multi-path
interference from human activities, which is usually unpredictable and much stronger than the reflection from
the vibrating liquid surface. Third, we have implemented a prototype system and evaluated its performance in
real applications. The experiment results show that DropMonitor can accurately estimate the infusion drip rate,
and the average relative error of drip rate estimation is below 1% for conventional cases.

2 RELATED WORK
Traditional infusion monitoring: Traditional approaches leverage cameras or specific sensors to monitor the
infusion by estimating the drip rate in the drip chamber or the liquid volume change in the infusion bottle/bag.
Particularly, the camera-based solutions [22] capture the image of liquid, and count droplets or estimate the
liquid height by image processing. The capacitive-sensor-based approaches [19, 29] deploy the capacitive sensor
around the drip chamber, and leverage the capacitance change caused by falling droplets to estimate the drip rate.
The photoelectric-sensor-based approaches [4, 8, 9, 20, 23, 30] set a pair of light transmitter and receiver around
the drip chamber, and leverage the block of light caused by falling droplets to estimate the drip rate. Ultrasonic-
and microwave-sensor-based solutions [7] calculate the liquid height by analyzing the signal propagation time.
However, the camera-based solutions require the high-resolution cameras, limited by the high hardware cost, poor
light conditions and privacy concerns. The specific sensor-based solutions demand the complicated deployment,
it is troublesome to redeploy sensors for each infusion. Moreover, the above solutions are all battery-powered,
which would further increase the complexity for routine maintenance, e.g., timely replacing batteries.

RFID-based liquid sensing: Depending on whether the liquid is stationary or not, previous RFID-based liquid
sensing approaches can be divided into the static status detection and the periodic motion monitoring. The static
status detection schemes include the material identification and the liquid height measurement [5, 12, 17, 27, 31].
For example, TagScan [27] leverages the signal attenuation characteristics to identify the material and estimate the
height. TagTag [31] utilizes the impedance change of tag’s antenna caused by liquid to differentiate materials and
estimate the liquid height. However, these liquid height estimation methods are too coarse to accurately detect the
slight liquid height change in a short time interval. The periodic motion schemes mainly monitor the respiration
and heartbeat of human subjects [3, 13, 14, 16, 25, 26, 28, 32, 34, 35]. Since the water in a human body is up to
60% [2], the respiration and heartbeat can be viewed as the periodic motion of liquid. For example, TagBreathe [28]
attaches the tag on the chest, and tracks the respiration when the user keeps still. ER-Rhythm [34] estimates the
locomotor-respiratory coupling ratio with a pair of antennas, and monitors the respiration rate when the user
does exercises. RF-ECG [26] further eliminates the respiration signal, and monitors the fine-grained heart rate
with the tag array on the chest. However, the motion of chest or heart is much larger than the vibration of liquid
surface, the signal changes caused by falling droplets could be fully suppressed by the multi-path interference
from moving human subjects or the ambient noise. Moreover, in regard to the tag-array-based sensing, Caizzone
et al. [6] exploit the use of sensitive and reference tags to achieve distance-independent measurements. Nikitin
et al. [18] infer the orientation of object with multiple tags in an arbitrary environment case with the help of
relative phase difference.

Compared to previous approaches, DropMonitor has the following advantages: 1) battery-free, it greatly reduces
the complexity for routine maintenance; 2) lightweight, only an RFID tag pair is required to be attached on each
drip chamber, and it costs only a few cents, which is feasible for the large scale deployment; 3) easy to deploy,
by deploying only a few antennas in the hospital ward or infusion hall, it is able to monitor the drip rate for all
infusion bottles/bags in parallel. Through the proposed tag-pair-based scheme, DropMonitor can achieve both
accuracy and robustness in regard to the drip rate monitoring.
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3 EMPIRICAL STUDY
To investigate the principles of using RFID to perceive the infusion drip rate, we conduct a series of empirical
studies: 1) Which feature of RF-signal is sensitive to the falling droplets? 2) Which factor can indicate the droplet
falling and be effectively captured? 3) What is the impact of the multi-path interference from human activities?
By default, a single tag E41-B is attached on the drip chamber with its end of tag antenna just above the liquid
surface, as shown in Fig. 3. We use an ImpinJ Speedway R420 reader [1] to interrogate the tag. The distance
between tag and antenna is set to 3m, and the drip rate is set to 48 drops per minute (i.e., 0.8Hz). To guarantee the
high sampling rate, we switch the reader mode to MaxThroughput, such that the sampling rate is about 110Hz for
each tag. A camera is used to record the droplet falling process as the ground truth.

3.1 RSSI versus Phase
To investigate the impact of falling droplets on RF-signal features, i.e., RSSI and phase, we observe the variation
of RSSI and phase during the infusion process, respectively.
Observation 1: During the droplet falling process, the phase is more sensitive than the RSSI of RF-signals, so the

phase is more suitable for perceiving the infusion drip rate.
As shown in Fig. 5(a) and Fig. 5(b), there is no regular pattern in the RSSI variation, indicating that the

interference of falling droplets is too weak to bring the significant change to the power of received signals. In
contrast, the phase variation has obvious periodical mutations in the waveform, so we can rely on the phase
mutation to estimate the drip rate. Thereby, we prefer the phase rather than the RSSI for the drip rate monitoring.

3.2 Falling Stage versus Vibration Stage
To investigate which factor leads to the phase mutation, we divide the droplet falling process into two stages.
One is the falling stage, when the droplet is falling before striking the liquid surface. The other is the vibration
stage, when the liquid surface is vibrating after the strike of droplets. As shown in Fig. 4, the signal propagation

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 2, Article 72. Publication date: June 2021.



72:6 • Lin et al.

path might be affected by the refraction of falling droplet in the falling stage, and the reflection of vibrating liquid
surface in the vibration stage. In Fig. 3, the tag perceives the droplet falling as well as the liquid surface vibration.
To examine the impact of droplet falling, we cut off the bottom of drip chamber to eliminate the surface vibration.

Observation 2: The vibration stage is the dominating factor of phase mutation, that is, the reflection effect from the
vibrating liquid surface is an effective indicator of droplet falling.
Fig. 5(b) shows that the phase variation is slight and negligible in the falling stage, while significant and

periodical in the combined stages. Compared with the timestamp of vibration stage captured by camera, we find
that the phase mutation occurs synchronously when the liquid surface vibrates due to the strike of droplets in
the drip chamber. Thereby, rather than the refraction from the falling droplet, the reflection from the vibrating
liquid surface can effectively indicate the falling of droplets.

3.3 Multi-path Interference from Human Activities
To investigate how human activities influence RF-signals, three volunteers are required to walk randomly around
the drip chamber but avoid blocking the line-of-sight (LOS) propagation path for a long time.

Observation 3: The multi-path interference from surrounding human activities has obvious impacts on RF-signals,
so the phase mutation caused by falling droplets could be totally drowned by the multi-path interference.
As shown in Fig. 5(b), for the default static environment, where there is no moving human subject, we can

roughly detect the periodical phase mutations. While for the dynamic environment, where volunteers walk
around randomly, the phase varies irregularly and dramatically as the phase variation caused by moving human
subjects is much larger than falling droplets. Moreover, according to the frequency distribution of phase in
Fig. 5(c), there even lacks the local peak value around the actual drip rate in the dynamic environment. That is,
the multi-path interference totally drown out the phase mutations caused by falling droplets. Thereby, when
there exists the dynamic multi-path interference from human activities in the environment, it is hard to extract
periodical patterns caused by falling droplets from the phase variation.
Actually, for the real applications in the hospital ward or infusion hall, the medical staff, patients or other

people may perform activities from time to time, i.e., walking around, standing up and sitting down. These
activities could result in the unpredictable multi-path interference, thus it is essential to design an efficient scheme
to sufficiently mitigate the dynamic multi-path interference.

3.4 Summary
According to the observations, we obtain the following clues to address the two challenges in the introduction.

Solution to Challenge 1: To perform the mm-level drip rate monitoring, a sensing tag can be deployed near the
liquid surface in the drip chamber to perceive the reflected signals from the vibrating liquid surface. According to
Observation 1 and 2, when each droplet falls onto the liquid surface in the drip chamber, the surface vibrates in a
synchronized manner. During the backscatter communication process, as the liquid surface continuously and
periodically vibrates, the propagation path from the antenna to the tag via the liquid surface changes accordingly,
which leads to the phase variation of collected RF-signals. Hence, the continuous wave reflected from the vibrating
liquid surface can be captured by the sensing tag. Referring to the periodic pattern of phase variation, we are able
to derive the instantaneous drip rate.
Solution to Challenge 2: To mitigate the indoor multi-path interference from surrounding human activities, a

reference tag can be further deployed close to the sensing tag to cancel the multi-path interference. According
to Observation 3, the surrounding human activities could incur unpredictable and much stronger multi-path
interference for the reflected signals from vibrating liquid surface. Hence, by leveraging an additional reference
tag deployed close to the sensing tag, it is possible to sufficiently suppress the multi-path interference from
human activities. Considering the relatively large distance from the reader to tag pairs (1-5m) versus the distance

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 2, Article 72. Publication date: June 2021.



DropMonitor: Millimeter-level Sensing for RFID-based Infusion Drip Rate Monitoring • 72:7

ℎAT

C
A

ℎABT

ℎAC
T

T
B

(a) Signal propagation in forward link

B

A

T
ℎTA

(b) Signal propagation in backward link

Fig. 6. Model of signal propagation

between tags in a pair (about 2cm), both tags can be regarded as suffering from the approximately identical
multi-path interference. By carefully deploying the tag pair, we can ensure that only the sensing tag is sensitive
to the periodic liquid surface vibrations related to the drip rate. By computing the difference of RF-signals from
the tag pair, we are able to cancel the indoor multi-path interference.
Therefore, to efficiently tackle the two corresponding challenges, in Section 4 “Modeling Droplet Sensing

with RFID System”, we first build a model to depict the relationship between the droplet state and the signal
variations from the sensing tag, and further build a model to depict the consistent and inconsistent components
of signal variations from the sensing and reference tags. We then show how to cancel the multi-path interference
according to the signal variations from the tag pair. In Section 5 “System Design”, we elaborate the detailed
process of signal pre-processing, interference cancellation and drip rate estimation.

4 MODELING DROPLET SENSING WITH RFID SYSTEM

4.1 Droplet Sensing via Single Tag
To understand how the droplet influences RF-signals, we build a signal propagationmodel to depict the relationship
between the signal variation and the liquid surface vibration in the drip chamber. Fig. 6 separates the signal
propagation into the forward link and the backward link. In the forward link, the tag receives the signal transmitted
from the antenna, and in the backward link, the antenna receives the signal backscattered from the tag.
For the forward link, as shown in Fig. 6(a), the signals received by the tag may be either transmitted directly

from the antenna in the LOS path, or reflected by the ambient objects via the multi-path effect. Therefore, given
the signal transmitted from the antenna (𝑆𝑇𝑋 ), the signal received by the tag (𝑆𝑡𝑎𝑔) can be represented as:

𝑆𝑡𝑎𝑔 = 𝑆𝑇𝑋

𝑚∑
𝑖=1

ℎ𝑖 , (1)

where𝑚 is the number of signal propagation paths from the antenna to the tag, and ℎ𝑖 is the channel coefficient
of path 𝑖 . Denote the antenna, liquid surface, ambient environment and tag as A, B and C, T , respectively. The
propagation paths mainly contain three categories: the direct path ℎAT , the reflection path via liquid surface
ℎABT , and the reflection path via environment ℎACT . Thus, the signal received by the tag can be represented as:

𝑆𝑡𝑎𝑔 = 𝑆𝑇𝑋 (ℎAT + ℎABT + ℎACT). (2)

For the backward link, as shown in Fig. 6(b), the tag backscatters the received signals to the antenna through
modulation. Thus, the signal received by the antenna can be represented as:

𝑆𝑅𝑋 = 𝑆𝑡𝑎𝑔ℎTA, (3)

where ℎTA is the channel coefficient when the tag backscatters the received signals to the antenna. Therefore,
through extracting the channel coefficients of 𝑆𝑅𝑋 , i.e., the phase of signal, we can perceive the falling of droplets.
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According to whether the propagation path changes during the droplet falling process, 𝑆𝑅𝑋 can be divided into
the static component and the dynamic component. Particularly, the static component refers to the steady signals in
the environment, such as the LOS signal and reflected signals from static objects (i.e., walls, floors). The dynamic
component refers to the signals with varying propagation paths during the droplet falling process, especially
for the signals reflected by the liquid surface in the drip chamber. Note that, the multi-path interference like
surrounding human activities also belongs to the dynamic component, we will discuss it in Section 4.2. Thus,
based on Eq.(2) and Eq.(3), the static component (𝑆𝑠 ) and the dynamic component caused by liquid surface (𝑆𝑑,B)
can be expressed as: 𝑆𝑠 = 𝑆𝑇𝑋ℎTA (ℎAT + ℎACT), 𝑆𝑑,B = 𝑆𝑇𝑋ℎTAℎABT , respectively. Here, ℎABT is related
to the vibration of liquid surface B, caused by the strike of droplets. Suppose the distance variation of signal
propagation path due to the liquid surface vibration is 𝑑 (𝑡), 𝑡 is the time point, so ℎABT is calculated as:

ℎABT = 𝐷𝑒−𝑗2𝜋𝑑 (𝑡 )/_, (4)

where 𝑗 is the imaginary number, _ is the wavelength. As the vibration is too small to incur the power variation
of signals, which is consistent with Fig. 5(a), we use a constant 𝐷 to represent the steady amplitude. Thus, we
only focus on the phase variation due to the liquid surface vibration.
Fig. 7(a) plots the combined signal without the human interference in the I-Q plane. The combined signal

received by the antenna is composed of the static component 𝑆𝑠 and dynamic component caused by liquid surface
𝑆𝑑,B , as: 𝑆𝑅𝑋 = 𝑆𝑠 + 𝑆𝑑,B . When the liquid surface vibrates along with time 𝑡 , the distance 𝑑 (𝑡) of reflection path
changes correspondingly. Hence, 𝑆𝑑,B rotates in the I-Q plane, and the phase of 𝑆𝑅𝑋 changes. That is, the phase
of 𝑆𝑅𝑋 changes in a synchronized manner with the dynamic component 𝑆𝑑,B . As the liquid surface vibrates each
time when the droplet strikes the surface, if the strike is periodical, the phase of 𝑆𝑅𝑋 will change periodically.
Therefore, in order to estimate the infusion drip rate, we only need to measure the phase variation period of
collected signals from the antenna.

4.2 Droplet Sensing via Tag Pair
So far, we have introduced the situation where the reflection objects in the surrounding environment are static,
and ℎACT is regarded as the coefficient belonging to the static component. However, for real applications in the
hospital ward or infusion hall, the medical staff, patients or other people may perform activities from time to
time, i.e., walking around, standing up and sitting down. As depicted in Section 3.3, these activities would bring
dynamic and unpredictable multi-path interference to signals. In this situation, the reflection from the moving
human subjects varies with activities, so ℎACT should belong to the dynamic component. Therefore, in order
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to monitor the drip rate in the dynamic environment, it is essential to sufficiently mitigate the interference of
surrounding human activities, i.e., canceling the impact of ℎACT .

Considering the situation with multi-path interference from human activities, the static component of received
signal by antenna is 𝑆𝑠 = 𝑆𝑇𝑋ℎTAℎAT . The dynamic component can be further divided into 𝑆𝑑,B = 𝑆𝑇𝑋ℎTAℎABT
and 𝑆𝑑,C = 𝑆𝑇𝑋ℎTAℎACT , representing the reflected signal from the liquid surface and surrounding human
subjects, respectively. Fig. 7(b) plots the combined signal with the multi-path interference in the I-Q plane. The
combined signal received by the antenna is the superposition of static component 𝑆𝑠 , dynamic component from
liquid surface 𝑆𝑑,B and dynamic component from ambient environment 𝑆𝑑,C , as: 𝑆𝑅𝑋 = 𝑆𝑠 + 𝑆𝑑,B + 𝑆𝑑,C . Due to
the reflection from moving human subjects and the vibrating liquid surface, 𝑆𝑑,C and 𝑆𝑑,B vary correspondingly.
Meanwhile, according to Observation 3, the variation of 𝑆𝑑,C is usually much larger than 𝑆𝑑,B . Thereby, both
𝑆𝑑,B and 𝑆𝑑,C can change the phase of received signals, and the periodical pattern from 𝑆𝑑,B could be severely
influenced by the irregular pattern from 𝑆𝑑,C .
To solve this problem, instead of using a single tag to perceive the vibration of liquid surface, we deploy a

tag pair to eliminate the dynamic component 𝑆𝑑,C caused by the ambient environment. The tag pair includes
one sensing tag and one reference tag. As shown in Fig. 8, the sensing tag is attached to drip chamber, which is
very close to the liquid surface, whereas the reference tag is deployed with a distance of about 2cm away from
the drip chamber. The basic intuition of tag-pair scheme is that, in comparison to the distance between tags in
the pair (about 2cm), the distance from the reader antenna to the tag pair (1-5m) is relatively large, such that
the sensing tag and the reference tag in the pair can be regarded as suffering from the approximately identical
multi-path interference. By carefully selecting the relative position to deploy the tag pair, we can ensure that only
the sensing tag, rather than the reference tag, is sensitive to the periodic liquid surface vibration related to the
drip rate. Through computing the difference of RF-signals from the tag pair, we are able to cancel the dynamic
multi-path interference caused by human activities.

Denote the received signals of antenna from the sensing tag and reference tag as 𝑆𝑅𝑋,1 and 𝑆𝑅𝑋,2, respectively,
so they can be represented as: {

𝑆𝑅𝑋,1 = 𝑆𝑑,B + 𝑆𝑑,C + 𝑆𝑠 ,

𝑆𝑅𝑋,2 = 𝑆
′

𝑑,C + 𝑆
′
𝑠 ,

(5)

where 𝑆𝑑,B denotes the dynamic component from liquid surface, 𝑆𝑑,C and 𝑆 ′

𝑑,C denote the dynamic components
from the ambient environment of sensing tag and reference tag, respectively, while 𝑆𝑠 and 𝑆

′
𝑠 denote the static
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components of sensing tag and reference tag, respectively. We further plot the received signals of sensing tag and
reference tag in the I-Q plane, as shown in Fig. 7(b) and Fig. 7(c). Since the distance between sensing tag and
reference tag is much smaller than the distance between tag pair and ambient objects in the environment, we can
assume that: 𝑆𝑑,C ≈ 𝑆

′

𝑑,C , 𝑆𝑠 ≈ 𝑆
′
𝑠 . Therefore, the dynamic component from the liquid surface can be calculated by

the differential signal of 𝑆𝑅𝑋,1 and 𝑆𝑅𝑋,2, as:

𝑆𝑑,B ≈ 𝑆𝑅𝑋,1 − 𝑆𝑅𝑋,2. (6)

Fig. 7(d) shows the differential signal of tag pair in the I-Q plane. By subtracting the signal of reference tag
from the signal of sensing tag, we can sufficiently mitigate the multi-path interference from surrounding human
activities, and extract the drip-rate-related signals, which are reflected from the liquid surface.

5 SYSTEM DESIGN

5.1 System Overview
Fig. 9 shows the system architecture of DropMonitor. With the collected signals from the tag pair, we design three
main modules to estimate the drip rate. Specifically, 1) Signal Preprocessing module first smooths the raw collected
RF-signals to reduce ambient noises, then resamples the signals by interpolation. 2) Tag-pair-based Interference
Cancellation module uses the tag pair to mitigate the multi-path interference and extract drip-rate-related signals.
Firstly, it reshapes the phase of reference tag to reduce the inconsistency between phase variations of sensing tag
and reference tag. Secondly, it subtracts the reshaped phase variation from the phase variation of sensing tag to
cancel the interference and extract drip-rate-related signals. Thirdly, it amplifies the differential signals for the
drip rate estimation. 3) Auto-correlation-based Drip Rate Estimation module estimates the drip rate based on the
signals with some remaining noises. Firstly, it extracts signals within the frequency band of drip rate with the
Discrete Wavelet Transform (DWT) method. Secondly, it enhances the periodical signals due to droplets using the
auto-correlation method. Thirdly, it detects the local peaks of auto-correlation result, and calculates the intervals
of adjacent peaks. A clustering-based method is further proposed to eliminate the influence of miss-detected or
wrongly-detected peaks to guarantee the estimation accuracy.

5.2 Signal Preprocessing
The received signal of antenna is easily distorted by the ambient environment, so it is essential to smooth the
received signal to reduce noises. According to the literature [33], the noises of RF-signals follow the Gaussian
distribution. Hence, we use the Kalman filter [11] to smooth the raw phase sequence of signals, such that we can
reduce the ambient noises while keeping the features of periodical droplets.

Moreover, due to the EPC Gen2 standard [21] adopted by COTS RFID systems, the tags response to the reader
randomly, so the collected signals from tags are not uniform. To tackle this issue, we assume that the phase
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Table 1. Default values for related parameters

Parameter Default
Value

Detailed Description

Resampling
Interval

8ms The resample interval should be smaller than the original signal interval. If the sampling interval of
resampling is too large, the information in the original signal could be lost. So we set the resampling
interval to 8ms considering the appropriate computational complexity.

Amplification
factor

6 If the value of amplification factor is too large, it is inconvenient for the subsequent filtering processing.
If the value is too small, it is not easy to distinguish the signal from noise. So we set the value to 6.

Attenuation
factor

0.2 The purpose of using the attenuation factor is to suppress noise, so the value should not be too large.
Considering that the corresponding component still contains the drip-rate-related signal in the static
environment, we set the attenuation factor to 0.2.

Sliding win-
dow size

5 × 𝑡𝑑 The size of sliding window should be adaptively set according to the estimated drip rate. If it is too
small, the robustness can be degraded in an environment with large interference. If it is too large, the
delay can be large due to the large window size.

changes continuously, and thus use a cube spline interpolation method [10] to resample the phase sequence at a
uniform sampling rate for each tag. Empirically, the resampling interval is set to 8ms (refer to Table 1).

5.3 Tag-pair-based Interference Cancellation
The processed signal after preprocessing is mixed with the multi-path interference from surrounding human
activities and the reflection from liquid surface. According to Observation 3, the multi-path interference from
surrounding human activities have non-negligible influence on received RF-signals, which could even drown out
the reflection effect of vibrating liquid surface. Therefore, to accurately estimate the drip rate, we need to mitigate
the multi-path interference from surrounding human activities, and then extract the drip-rate-related signals.
In our work, we propose a tag-pair-based mechanism to eliminate the multi-path interference caused by

human activities. Specifically, the received signal from reference tag 𝑆𝑅𝑋,2 can be regarded as the multi-path
interference from human activities on the signal from sensing tag 𝑆𝑅𝑋,1. Then based on Eq.(6), we cancel the
human interference by computing the differential signal between 𝑆𝑅𝑋,1 and 𝑆𝑅𝑋,2. In this way, we can derive the
signal only related to the reflection from liquid surface for the drip rate estimation.
Actually, if directly calculating the difference of signals from the tag pair, additional noises will be brought

into the differential signals, whose amplitude could be even larger than the drip-rate-related signals. The reason
is that the multi-path interference from human activities on the reference tag is not perfectly consistent with
that on the sensing tag, so the phase variations caused by the multi-path interference of the two tags are a
bit different. Moreover, the phase variation of the two tags contains Gaussian noises, which cannot be totally
eliminated by the data preprocessing. Thus, the direct subtraction of signals from the tag pair could amplify
the noise, making it hard to extract the drip-rate-related signals. To tackle this issue, we use the low-pass filter
to smooth the phase of reference tag, such that we can extract the coarse-grained phase variation caused by
multi-path interference without much noises. Then, we apply the phase reshaping on the smoothed phase of
reference tag, so as to minimize the euclidean distance between the phase variations of reference tag and sensing
tag. The phase reshaping includes the translation transformation and the scaling transformation. Denote the phase
samples of reference tag in a time window as {𝑥1, 𝑥2, 𝑥3, ..., 𝑥𝑛}, the corresponding phase samples of sensing tag
as {𝑦1, 𝑦2, 𝑦3, ..., 𝑦𝑛}. Thereby, the goal of phase resampling can be represented as:

argmin
𝑘,𝑏

𝑛∑
𝑖=1

((𝑘 · 𝑥𝑖 + 𝑏) − 𝑦𝑖 )2, (7)
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Fig. 10. Impact of phase reshaping on interference cancellation

where 𝑘 is the scaling factor, and 𝑏 is the translation factor. By solving Eq.(7), the optimized solution is as follows:
𝑘 =

∑
𝑖≠𝑗 𝑥𝑖𝑦 𝑗 − (𝑛 − 1)∑𝑖 𝑥𝑖𝑦𝑖∑
𝑖≠𝑗 𝑥𝑖𝑥 𝑗 − (𝑛 − 1)∑𝑖 𝑥

2
𝑖

,

𝑏 =

∑
𝑖 𝑦𝑖 − 𝑘

∑
𝑖 𝑥𝑖

𝑛
.

(8)

In this way, by subtracting the reshaped phase of reference tag from the corresponding phase of sensing tag, we
can sufficiently mitigate the multi-path interference and extract the drip-rate-related signals for estimation.
To verify the performance of our method, we carry out experiments to evaluate it in the real environment.

Note that, the selection of window size is important to the performance of phase reshaping. If the window size is
too small, the phase variation caused by the vibrating liquid surface could be eliminated by mistake. While if the
window size is too large, the phase variation caused by human activities cannot be mitigated thoroughly. Thus,
we empirically set the window size to 50ms. That is, the phase sequence is split into small bins every 50ms, and we
reshape the smoothed phase of reference tag for each bin. Fig. 10 plots the comparison of interference cancellation
with and without the phase reshaping. As shown in Fig. 10(a), the phase variation of sensing tag has the similar
tendency to that of reference tag, and their values are close to each other. It conforms to the intuition that two
nearby tags suffer from the very similar multi-path interference from the surrounding environment. However, if
directly calculating the differential signal, we cannot extract the clear drip-rate-related signals. Nevertheless, as
shown in Fig. 10(b), if applying the phase reshaping, the reshaped phase variation of reference tag is almost the
same as the phase variation of sensing tag. As the difference of the two phase variation patterns are too slight,
we empirically amplify the differential signals by 6 times (refer to Table 1), which will benefit the further drip
rate estimation. In this way, the periodic phase mutations caused by the vibrating liquid surface are very clear in
the waveform, as marked with red boxes in Fig. 10(b).

5.4 Auto-correlation-based Drip Rate Estimation
5.4.1 DWT-based Denoising. Although we have eliminated the obvious multi-path interference, the extracted
differential signals still contain some remaining noises due to the signal subtraction. As the infusion drip rate is
usually within a certain frequency range, we can further remove the noises from extracted signals based on the
frequency range. Compared with other filter techniques, the Discrete Wavelet Transform (DWT) method makes
no assumption about the nature of signal, and analyzes the signal in both time and frequency domains, so we
select DWT to denoise the extracted signals. Fig. 11 illustrates the workflow of DWT-based denoising method
used in our work. Specifically, the DWT-based denoising method includes the following three steps.
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Decomposition. DWT can decompose the signal into the approximation coefficients and the detailed coefficients.
The approximation coefficients involve the low-frequency signals, corresponding to the direct component and
residual noises in the extracted differential signals. The detailed coefficients involve the signal component
caused by the liquid surface vibration and the high-frequency noises introduced by hardware. We run the
DWT-based signal decomposition recursively by 5 levels with Daubechies wavelet filter [24]. Thus we obtain the
approximation coefficients 𝑦𝑎𝑝𝑝 and a sequence of detailed coefficients (𝑦1

𝑑𝑒𝑡
, 𝑦2

𝑑𝑒𝑡
, · · · , 𝑦5

𝑑𝑒𝑡
), where 𝑦𝑖

𝑑𝑒𝑡
has the

higher frequency than 𝑦𝑖+1
𝑑𝑒𝑡

.
Filtering. Considering that the drip rate usually ranges from 0.5Hz to 2Hz, we apply the filtering method to

extract the components within the frequency band of drip rate. In particular, the approximation coefficients
𝑦𝑎𝑝𝑝 are removed as they are not related to the drip rate. According to our experience, the detailed coefficients
(𝑦2

𝑑𝑒𝑡
, 𝑦3

𝑑𝑒𝑡
, 𝑦4

𝑑𝑒𝑡
) are relevant to the drip rate, so we keep them unchanged. While for detailed coefficients 𝑦1

𝑑𝑒𝑡

and 𝑦5
𝑑𝑒𝑡

, they contain more noises than drip-rate-related signals, thus we reduce them to 20% (refer to Table 1)
empirically. Thereby, we can remove most of noises while keeping sufficient signal components caused by the
liquid surface vibration.
Reconstruction. After the filtering process, we reconstruct the filtered signals using the inverse DWT. The

reconstructed signals remove the basic wave of original signals, and retain the signals which are highly dependent
of the drip rate. We then extract the phase variation of reconstructed signals. Based on the extracted phase
variation, we can estimate the drip rate accurately.

5.4.2 Auto-correlation. Before estimating the drip rate, we leverage an auto-correlation-based approach to
enhance the periodicity embedded in signals. We use a sliding window to extract signals from the denoised
signals. The size of sliding window is adaptively set according to the estimated drip rate. Empirically, when the
estimated period of two consecutive droplets is 𝑡𝑑 seconds, the window size is set to 5 × 𝑡𝑑 seconds (refer to Table
1). The initial window size is set to 15s. Considering that the auto-correlation of normalized data is more general
and stable, we first normalize the signals in the time window to [−1, 1], then calculate the auto-correlation of
normalized signals. Let 𝑁 be the sample number in the time window, the auto-correlation can be calculated as:

𝑅(𝑚) =
𝑁−𝑚−1∑
𝑛=0

𝑠𝑛+𝑚𝑠
∗
𝑛, 𝑚 = 0, · · · , 𝑁 − 1. (9)
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Fig. 12. Example of droplet period extraction

Here, 𝑅(𝑚) is the result of auto-correlation with lag𝑚, 𝑠𝑛 is the normalized phase sample of index 𝑛. The asterisk
(∗) means the complex conjugation, but in our work, the phase sample is a real number, so 𝑠𝑛 = 𝑠∗𝑛 .

5.4.3 Peak Detection and Clustering. With the auto-correlation result, we estimate the drip rate by peak detection.
Through identifying the period of two consecutive local peaks related to droplets, we can calculate the drip rate
in that time interval. Compared with other traditional techniques of frequency analysis, i.e., FFT, detecting peaks
after auto-correlation is more robust, especially for the normalized signals with high signal-to-noise ratio.
Fig. 12 shows an example of droplet period extraction. The normalized phase and its corresponding auto-

correlation result are shown in Fig. 12(a) and Fig. 12(b), respectively. The ground truth of observed droplets is
marked with red boxes in Fig. 12(a). As shown in Fig. 12(b), according to the principle of auto-correlation, the
first peak with large amplitude, i.e., 𝑃1, should indicate the period of adjacent phase peaks in the normalized
phase sequence in Fig. 12(a). However, due to the remaining interference and noises in the normalized signal,
there still exists the local peak 𝑃0 with the comparable amplitude before 𝑃1. The appearance of 𝑃0 could lead
to errors in estimating the droplet period. To tackle this issue, instead of directly using the first large peak in
the auto-correlation result, i.e., 𝑃0, we prefer the average interval between local peaks in the auto-correlation
result to estimate the droplet period. Specifically, we set an empirical threshold, i.e., a third of the maximum
amplitude in the auto-correlation result, to detect the local peaks larger than the threshold. In theory, these
local peaks correspond to an integer multiple of droplet period, i.e., 𝑃1 indicates one period, 𝑃2 indicates two
periods in Fig. 12(b). Thus, with the selected peaks, we can utilize the average interval between adjacent peaks to
estimate the droplet period. Note that, the set of selected peaks may miss peaks related to the droplet period or
even involve wrong peaks. Therefore, we use the 𝑘-means algorithm [15] to cluster the calculated intervals, and
select the center of largest cluster as the estimated droplet period. For example, we select seven peaks from the
auto-correlation result in Fig. 12(b), and calculate intervals between adjacent peaks. As plotted in Fig. 12(c), these
intervals are clustered into two categories, we use two ovals to highlight the two clusters. As Cluster 2 has more
samples in the cluster, we calculate the mean of intervals in Cluster 2, and take it as the estimated droplet period.
Note that when performing the k-means clustering algorithm, we usually set 3 initial clusters. The reason is that,
there may exist two abnormal situations in the peak identification. The first is that a peak is incorrectly identified,
which causes the interval between adjacent peaks to become smaller. The second is that a peak is missed during
identification, this results in the expansion of the interval between two adjacent peaks. In all, there are three
situations for the interval of adjacent peaks, which are “small”, “normal” and “large”. Hence, we can differentiate
these cases by using 3 initial clusters. In this way, assume the estimated droplet period is 𝑝 samples, the sampling
rate of input is 𝑟 samples per second, then the drop rate can be calculated as (60 × 𝑟/𝑝) drops per minute.
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6 PERFORMANCE EVALUATION

6.1 Experimental Setup
Implementation.We have implemented DropMonitor using COTS RFID devices, including an ImpinJ Speedway
R420 reader, an Laird S9028PCL directional antenna and several ImpinJ E41-B tags. As shown in Fig. 13, we put
two tags into the reusable infusion clip made by the 3D printer, and attach the clip onto the drip chamber. The
reader continuously interrogates the tags inside the infusion clip, and collects the RF-signals from tags. For the
software, we adopt the LLRP protocol for communication, and our algorithms are implemented with Java.

Experiments.We vary five key parameters to evaluate the performance in a comprehensive way. 1) Drip Rate:
The drip rate is varied from 20-80 drops per minute. 2) Distance: The distance between the antenna and the
infusion clip is varied from 2m to 4m; 3) Direction: The facing direction of infusion clip is varied from −90◦ to
90◦; 4) Displacement: The horizontal displacement of drip chamber against the main beam of antenna is varied
from -2m to 2m; 5) Background: The background of drip chamber contains four types, involving the wall, glass,
wood, and nothing at all. During the experiments, a volunteer is required to act as the patient and sit beside the
infusion frame during the infusion process. By default, the drip chamber is placed 3m away from the antenna
with 0◦ direction, 0m displacement and no background. The spacing of tags in the pair is set to 2cm. The drip
rate is set to 60 drops per minute. We use the Max Throughput mode to collect data, and the reading rate is about
110Hz. For each case, we collect RF-signals for one minute and repeat 10 times, thus the dataset of each parameter
contains about 600 drops in total. The sliding window size for calculating the drip rate is set to 10 seconds. For
each result in Fig. 14, we only change one of the parameters based on the default configuration.
Metrics. We use the relative error, i.e., |𝑣−𝑣 |

𝑣
, as the performance metric to evaluate the accuracy of drip rate

estimation. Here, 𝑣 is the measured drip rate and 𝑣 is the ground truth of drip rate. Considering that the ground
truth of drip rate 𝑣 can be 0, we thus further depict the relative error as |𝑣−𝑣 |

𝑣+𝜖 , here 𝜖 is a very small value, say 𝜖 =
0.1 drops/min. We collect the ground truth according to the video of falling droplets in the drip chamber recorded
by the camera.

6.2 Evaluate the Accuracy of DropMonitor
6.2.1 Drip Rate Estimation with Different Setup Parameters. DropMonitor achieves the relative error below 2% when
varying the drip rate from 20 to 80 drops per minute. We first present the Cumulative Distribution Function (CDF)
of the relative error in Fig. 14(a). When the drip rate is 20 drops per minute, 80% of the relative error is below 2%.
When we increase the drip rate from 40 to 80 drops per minute, 80% of the relative error gets below 1%. It means
that the absolute error is usually less than half drop per minute. We further show the average value and the
standard deviation of relative error for different drip rates, as shown in Fig. 14(b). Note that the relative error is
relatively high when the drip rate is 20 drops per minute, because the absolute estimation of drip rate per minute
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Fig. 14. Evaluate the accuracy of DropMonitor with different setup parameters

is figured out as an integer in the sliding time window. Thus, the higher the drip rate is, the smaller the relative
error is for the drip rate estimation. According to the experiment results, over 99% of our measurements have
an absolute error of less than one drop per minute. Therefore, DropMonitor can achieve the good accuracy in
estimating the drip rate for different drip rates.
DropMonitor always achieves the good accuracy in the drip rate estimation when varying the setup parameters

like distance, direction, displacement and background. We vary the other four main setup parameters, i.e., distance,
direction, displacement and background, to evaluate the accuracy of DropMonitor. Fig. 14(c)∼14(f) show the
corresponding relative drip rate errors when varying these parameters, respectively. As shown in Fig. 14(c), when
we vary the distance between the antenna and drip chamber from 2m to 4m, the relative drip rate error increases
slightly from 0.55% to 0.76%, as the strength of RF-signal fades gradually with the increment of propagation
distance. Nevertheless, we can still achieve the relative error of less than 1% at 4m, which guarantees the
performance in accuracy for the drip rate monitoring over a large coverage region. As shown in Fig. 14(d), when
we vary the direction of infusion clip from −90◦ to 90◦, the average relative error does not vary obviously with
the direction, which means that the orientation of infusion clip does not affect the performance of drip rate
estimation. It is convenient to attach the clip to the drip chamber with any arbitrary orientation. As shown in
Fig. 14(e), when we vary the horizontal displacement of drip chamber from -2m to 2m, the average relative error
does not vary obviously with the displacement, which means that the system can achieve the good performance
with different angles relative to the antenna. Thus, we do not need to intentionally adjust the direction of antenna
to face the infusion frame. We further vary the background with different surrounding materials including the
wall, glass, and wood. Fig. 14(f) shows the relative error in different backgrounds. We find that the relative error
corresponding to the wall background is slightly higher than the other backgrounds, which is due to the increased
multi-path effect from the wall. Nevertheless, the relative errors for all backgrounds are below 0.8%. It implies
that DropMonitor achieves the good performance in different background environments.
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Fig. 15. Accuracy with different tag spacing Fig. 16. Accuracy with/without denoising

6.2.2 Drip Rate Estimation with Different Tag Spacing. The spacing between the tag pair greatly affects the
performance in drip rate estimation, an appropriate value of the tag spacing should be carefully selected. On one
hand, since the coupling effect between the two tags will interfere with the drip rate signal, the spacing between
the two tags should not be too small. On the other hand, to make the multi-path interference from the NLOS
RF-signals be closely consistent for the two tags, their spacing should not be too large. Fig. 15 shows the detailed
experiment results of accuracy with different tag spacing. We first evaluate the performance when there is barely
no multi-path interference from surrounding human activities, i.e., no human activities exist in the surrounding
environment. It is observed that when the spacing between the tag pair is less than 1cm, our method cannot
accurately estimate the drip rate at all. This is because the spacing is too small, and the drip-rate-related signal is
overwhelmed by the interference signal generated by the mutual coupling of the two tags. We then evaluate
the performance when there exists obvious multi-path interference from surrounding human activities, i.e., the
human subjects are moving around the drip chamber continuously. We observe the similar accuracy degradation
when the spacing between the tag pair is less than 1cm. Moreover, when the spacing between the tag pair is
greater than 4cm, the accuracy greatly decreases. That is because the quality of the drip-rate-related signal
decreases after the tag-pair-based interference cancellation, which further leads to the accuracy degradation for
the drip rate estimation. Therefore, we set the spacing between the tag pair to 2cm by default. At this distance,
the mutual interference between tags is small enough, and the impact of multi-path interference on both tags is
quite similar.

6.2.3 Drip Rate Estimation with/without Denoising. The denoising method in DropMonitor can efficiently remove
the noisy signal for the accurate drip rate estimation. It is known that the raw signal contains different kinds of
noises, e.g., the noise from environment and the noise from phase reshaping, which could lead to non-negligible
error in the drip rate estimation. We thus evaluate the effectiveness of denoising method by comparing the relative
error with and without the denoising method. Fig. 16 shows the corresponding relative error with different drip
rates. It is obvious that the solution with denoising method outperforms the solution without denoising method,
which achieves much lower relative error than the latter one. Therefore, it implies that the denoising method in
DropMonitor is essential and efficient for the accurate drip rate estimation.

6.3 Evaluate the Robustness of DropMonitor
6.3.1 Drip Rate Estimation with Different Numbers of Bystanders. DropMonitor achieves the accurate drip rate
estimation, even if some bystanders walk around the infusion frame. To evaluate the robustness of DropMonitor
against the unpredictable multi-path interference, we arrange different numbers of volunteers around the infusion
frame with a distance of 1-2m. We let the volunteers perform different kinds of activities around the infusion
frame, e.g., random walking, sitting, talking or drinking. Besides, we consider two kinds of walking speeds, i.e.,
slow walking speed of less than 1m/s and fast walking speed of larger than 1m/s. Fig. 17 presents the relative error
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Fig. 17. Robustness with different by-
stander numbers

Fig. 18. Robustness with different infu-
sion numbers

Fig. 19. Time delay with different drip
rates

for different numbers of bystanders with various walking speeds. It is found that the relative error is always lower
than 1.5%, even though there are up to four people in the monitoring area. Meanwhile, the faster walking speed
does not dramatically affect the accuracy of drip rate estimation. Therefore, it implies that DropMonitor achieves
the good performance in typical multi-path environments where several people are continuously moving around.

6.3.2 Drip Rate Estimation with Different Numbers of Parallel Infusions. DripMonitor achieves the good performance
in accuracy with different numbers of parallel infusions. We evaluate the performance when multiple users
simultaneously take infusion in the monitoring area of an RFID system. Particularly, we let one to twelve users
take infusion in the monitoring area in a parallel manner. Fig. 18 shows the relative error and sampling rate
of a single tag when varying the number of parallel infusions. It is found that when the number of parallel
infusions increases, the corresponding sampling rate for a single tag-pair decreases obviously. Nevertheless,
when the number of parallel infusions reaches 12, even if the sampling rate is as low as 25 samples per second,
DropMonitor still achieves the relative error of lower than 1%. Therefore, it implies that DropMonitor is able to
monitor over a dozen of users simultaneously with one RFID system, while guaranteeing the high accuracy in
drip rate estimation.

6.4 Evaluate the Time Delay of DropMonitor
DripMonitor achieves an average time delay of 1.4s by varying the drip rate from 55 drops/min to 105 drops/min. In a
normal infusion process, after the initial drip rate is set, it usually does not change unless manual intervention.
To evaluate the response time of DropMonitor when the drip rate changes, we fix the initial drip rate at a certain
value (i.e., 40 drops/min), then adjust it to a new value and observe the time required for DropMonitor to estimate
the new value. We set the initial size of sliding window for calculating the drip rate to the time interval of 5 drops,
and then update the estimation every 1s. The drip rate estimated by the sliding window is the average value of
the past periods. Fig. 19 shows the time delay of DropMonitor for different drip rates. It is found that, as the drip
rate increases, the estimation time delay is decreasing, specifically, the average time delay for detecting the drip
rate varying from 55 drops/min to 105 drops/min is 1.4s. Besides, the time delay is approximately the time of two
droplets’ interval, which is very short. Therefore, DropMonitor is able to provide the quick response to drip rate
estimation when the drip rate changes dramatically.

6.5 Case Study in the Hospital Ward
We deploy DropMonitor in the hospital ward to evaluate the accuracy of drip rate monitoring in the real
environment. To make the system more convenient to use for real applications, we carry out two specialized
optimizations. Firstly, we design a reusable infusion clip to hold the tag pair by 3D printing. Fig. 20(a) shows
the infusion clip made by 3D printer, which is lightweight and reusable. With the infusion clip, the nurses can
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Reusable  

Infusion Clip

(a) Infusion clip made by 3D printer (b) PDA customized for nurses (c) DropMonitor used by nurses

Fig. 20. Case study: DropMonitor used in hospital ward

Start infusion

Change drip rate

(a) A typical use case (b) Comparison of tag-pair-based and single-tag-based solutions

Fig. 21. Performance of DropMonitor in hospital ward

easily attach the tag pair to the drip chamber. Secondly, we customize a Portable Digital Assistant (PDA) with
Android system for nurses to check the infusion status, as shown in Fig. 20(b). When the drip rate changes
dramatically, the PDA could timely alert the nurses. Moreover, the nurses could use the PDA to bind the tag pair
with the specified infusion bottles/bags and bed number, as shown in Fig. 20(c). To evaluate the real performance
of DropMonitor, we have guided the nurses to use DropMonitor for several weeks in the hospital.

6.5.1 A Typical Use Case. To evaluate the effectiveness of DropMonitor in the hospital ward, we deployed our
system in a single ward and performed the evaluation in the real environment. Specifically, we stored the drip
rate estimated by DropMonitor in our PDA and used the camera on smart phone to record the ground truth. The
distance between the antenna and infusion frame was about 3m. We attached the infusion clip onto the drip
chamber, and started a new infusion after finishing the binding operation. The initial drip rate was set to 40
drops/min. After about 10 minutes, we manually changed the drip rate to 60 drops/min. Fig. 21(a) shows both
the estimation and ground truth of drip rate during the whole infusion process. We use the circles to highlight
the drip rate regulation process. According to the experiment results, we find that: 1) The estimated drip rate
of DropMonitor has a slightly time delay of about 3s. This is because we used a sliding window to calculate the
average drip rate during the time interval. 2) Most of the estimated drip rates have an error of below one drop per
minute. The large errors occur at about the 2𝑛𝑑 and 16𝑡ℎ minutes, which are mainly caused by the blockage of LOS
path. The strong interference in drip rate regulation process slightly increases the estimation error. Nevertheless,
the overall error is still relatively small. The experiment results show that DropMonitor achieves the high accuracy
and robustness in the hospital.
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6.5.2 Comparison of Tag-pair-based and Single-tag-based Solutions. To test the effectiveness of tag-pair-based
solution against single-tag-based solution, we conducted an experiment by using a tag pair and one single tag to
monitor the drip rate simultaneously. Particularly, we set the same initial drip rate (i.e., 40 drops per minute) for
two infusion devices, which are placed adjacent to each other with a distance of 0.2m on the same infusion frame.
Then after starting the monitoring, we let two volunteers walk fast around the infusion frame and antenna. As
shown in Fig. 21(b), the tag-pair-based solution makes no large errors, whereas the single-tag-based solution
makes quite a number of large errors. Therefore, the tag-pair-based solution is effective and robust in mitigating
the large multi-path interference from the environment.

6.5.3 Long-term Behavior and Lessons Learned from the Study. Long-term Behavior. After 8 weeks’ deployment
and evaluation in the hospital ward, DropMonitor achieves the stable and reliable performance in regard to the
accuracy, robustness and time delay, in the situations of various drip rates, positions, background, and interference
from human activities. Besides, DropMonitor greatly relieves the nursing staffs’ burden to manually check the
infusion status from time to time.

Lessons Learned from the Study.We learned lessons from the real-application study as follows: 1) The deployment
of infusion clip is crucial to the overall performance. As shown in Fig. 3, to effectively capture the reflected signal
from the vibrating liquid surface, the tag in the infusion clip should be attached on the drip chamber with the
end of tag antenna right above the liquid surface. However, in real applications the medical staffs sometimes
cannot be careful enough to attach the infusion clip to the exact position of the drip chamber. In this situation,
the performance can be degraded when the end of tag antenna is either below or above the liquid surface. 2)
The liquid level in the drip chamber could affect the overall performance. In DropMonitor, the reflection from the
vibrating surface is mainly captured for the drip rate monitoring. During the study, we find that when the liquid
level in the drip chamber is too high or too low, the vibration of liquid surface cannot be strong enough, such
that the reflected signals can be rather weak. In this situation, the performance can be degraded due to the
inappropriate liquid level. To tackle the above issues, we can further optimize the design of infusion clip such
that the tag can be easily aligned to the liquid surface. Moreover, we can set an effective window in the infusion
clip to suggest the appropriate range of liquid level in the drip chamber. The optimized design of infusion clip is
going to be addressed in our future work.

7 DISCUSSION AND LIMITATION
Line-of-Sight (LOS) Path for Drip Rate Monitoring.DropMonitor relies on the received RF-signals from the LOS path
between the antenna and tags to accurately estimate the drip rate. The LOS path between the antenna and tags
should not be continuously blocked by human bodies or other obstacles for a long time, i.e., over 5s. Otherwise,
the drip-rate-related signal could be very weak among the received signals. Moreover, the received signals could
be mixed with various non-line-of-sight (NLOS) signals involving the movement or respiration-related signals,
which significantly increase the noise ratio in the received signals. Hence, we cannot monitor the drip rate
promptly until the LOS path recovers. However, in the hospital scenarios, it is common for the nurse or patient’s
family members to unconsciously block the LOS path. To tackle this issue, a feasible solution is to adjust the
deployment of antenna to sufficiently guarantee the LOS path between the antenna and tags. We can deploy the
antenna at a high enough position, e.g., on the ceiling, to both guarantee the LOS path propagation and provide a
large scanning area. Meanwhile, to deal with the unexpected sudden blocking of the LOS path, we can use the
sliding window to filter out those outlier patterns and use the average value in the effective window as the drip
rate estimation.

Time Delay in Drip RateMonitoring. DropMonitor estimates the drip rate based on the number of drip-rate-related
signals in a sliding window, it could cause certain delay for the real-time drip rate monitoring. A straight-forward
approach for estimating the real-time drip rate is to calculate the time interval between the latest two adjacent
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droplets. However, it could lead to the incorrect estimation due to the signal disturbance in a short period.
Therefore, we usually compute the average time interval among a number of periods in the sliding window
to improve the estimation accuracy. Conventionally, since the infusion drip rate cannot change dramatically,
the sliding-window-based strategy is acceptable. To deal with the sudden change of drip rate (e.g., the patient
manually adjusts the drip rate), we can use an adaptive sliding window with adaptive window size and step
length to reduce the time delay for the drip rate estimation. In this way, we are able to make a feasible tradeoff
between the precision and the time efficiency.

8 CONCLUSION
To the best of our knowledge, this paper presents the first study of using RFID for the infusion drip rate monitoring.
By attaching a pair of batteryless RFID tags on the drip chamber, we can estimate the drip rate by capturing
the RF-signals reflected from the vibrating liquid surface caused by the falling of droplets. In particular, we
use the sensing tag to perceive the liquid surface vibration in the drip chamber and further derive the drip rate
for the infusion monitoring. Moreover, to sufficiently mitigate the multi-path interference from surrounding
human activities, we use the reference tag to perceive the multi-path signals from the indoor environment. By
computing the difference of RF-signals from the tag pair, we are able to cancel the multi-path interference and
extract the drip-rate-related signals. We have implemented a prototype system and evaluated its performance in
real applications. The experiment results show that our system can accurately estimate the infusion drip rate,
and the average relative error of drip rate estimation is below 1% for conventional cases.
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