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ABSTRACT
Millimeter-wave (mmWave) has emerged as a promising

solution for contact-free sensing due to its high resolution.

Although promising, it faces several critical issues, includ-

ing occlusion from the surrounding environment, unstable

orientation-dependent sensing performance, and significant

interference when multiple targets are in close proximity.

These fundamental issues hinder the widespread adoption

of mmWave sensing in the real world. In this paper, we

propose SeRadar, the first systematic framework that lever-

ages all useful secondary reflections to significantly enhance

reliability and bring mmWave sensing one step closer to

real-world adoption. Unlike primary reflections commonly

used in wireless sensing, secondary reflections—typically

much weaker due to being reflected multiple times—are gen-

erally ignored in existing literature. However, we observe

that secondary reflections are common in various scenar-

ios and carry valuable information about target movements,

which could also contribute to sensing. To effectively utilize

secondary reflections for sensing, SeRadar addresses several

challenges associated with secondary reflections. Specifi-

cally, it boosts weak secondary reflections to improve their

sensing capability, identifies useful ones from a large number

of secondary reflections captured in the environment, and

mitigates primary-secondary interference in multi-target

scenarios. We evaluate the performance of SeRadar in vari-

ous environments, including offices, apartments, and vehicle

cabins. Extensive experiments demonstrate SeRadar can en-

hance accuracy and reliability in diverse sensing scenarios.
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1 INTRODUCTION
In recent years, significant efforts have been devoted to

utilizing wireless signals for pervasive intelligent sensing.

The basic rationale behind wireless sensing is that wire-

less signals reflected from targets vary with target motions.

Through analyzing the induced signal variations (e.g., ampli-

tude and phase changes), target motions can be inferred. A

large range of applications have been realized with wireless

sensing including gesture/activity recognition [25, 28, 72], in-

trusion detection [21, 38, 69], vital sign monitoring [9, 13, 55],

and even target size and material sensing [35, 45, 50]. Var-

ious wireless signals have been utilized for sensing includ-

ing WiFi [46, 59, 73], LoRa [19, 51, 52], sound [3, 47, 68],

RFID [8, 45, 53], and mmWave [43, 57, 66]. Among the sig-

nals exploited for sensing, mmWave stands out owing to its

large frequency bandwidth and accordingly high resolution

in terms of sensing granularity. It has been widely used for

sensing fine-grained human activities such as gestures [24].

While promising, there are still issues associated with

mmWave-based sensing. (i) The high carrier frequency is

a double-edged sword. While it brings high range resolu-

tion due to broad bandwidth, the penetration capability of

mmWave is low, meaning mmWave signals can be easily

occluded by objects in the environment (Fig. 1a). (ii) The

sensing performance is highly orientation-dependent. Take

gesture recognition as an example, the signal features can

be very different when the human target is facing different

orientations (Fig. 1b). This causes high recognition errors
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Figure 1: Scenarios of wireless sensing failure utilizing the primary reflection in reality.

and what is worse, low generalizability because the same

gesture can cause dramatically different signal features. (iii)

Although mmWave radars achieve a high range resolution, it

is still challenging when multiple sensing targets are within

a small space, such as car cabins (Fig. 1c), where signals from

multiple targets can be mixed in the same range bin.

In this paper, we propose to exploit the secondary reflec-
tions, traditionally ignored in wireless sensing to address all

the issues above, moving mmWave sensing one step towards

real-life adoption. Our idea is inspired by the fact that exist-

ing mmWave sensing systems always rely on the primary

reflection, which is reflected by the target and reaches the

receiver without other intermediate reflections, usually ex-

hibiting the strongest signal strength. However, we observe

that the secondary reflections (i.e., signals reflected once at the
target and once at another object in the environment such as
furniture or wall) widely exist, which also contain useful target
information. Although they are weaker than the primary

reflection, they can still be utilized for sensing in a lot of

scenarios. What is more important, different from narrow-

band signals such as WiFi, the primary and secondary re-

flections of mmWave signals are inherently separated in

different range bins. Employing secondary reflections for

sensing presents us with the following benefits.

• Blind spot is a severe issue in wireless sensing [7]. When

primary reflection is occluded, we can still employ sec-

ondary reflections for sensing, mitigating this issue.

• Secondary reflections present multiple “sensing views”

from different angles compared to the primary reflection.

This helps address the orientation-dependent issue in wire-

less sensing. With secondary reflections, we do not require

the target to face a particular orientation and the diverse

sensing features extracted at different views greatly en-

hance the generalizability of RF sensing.

• Secondary reflection helps address themulti-target sensing

problem, one well-known challenge in wireless sensing.

Even the primary reflections are close to each other, the

secondary reflections can be much further away due to dis-

tinct propagation paths and reflection surfaces, resulting

in different arrival angles and time delays at the receiver

to enable multi-target sensing.

Inspired by the above observations, we propose SeRadar,
a system that exploits secondary reflections to significantly

enhance the sensing performance. While it is a promising

technique, several challenges need to be tackled before we

can turn the idea into a functional system.

• While secondary reflections contain the target information,

they are much weaker than the primary reflections and

thus critical signal features for sensing can be buried in

the noise. It is challenging to effectively utilize secondary

reflections for fine-grained sensing.

• There are usually a large number of secondary reflections

in the environment and not all of them are reflected from

the region of interests (ROI) of the target. It is non-trivial

to identify those “useful” secondary reflections for sensing.

• When there is only one target, the primary reflections

and secondary reflections are usually separated into differ-

ent range bins. However, when multiple targets exist, the

problem becomes more challenging because the primary

reflection of one target can be in the same range bin as the

other target’s primary or secondary reflection.

To address the first challenge, we propose to strengthen

weak secondary reflections to improve sensing capability.

Our intuition is that the size of reflectors in the environment

is typically much larger than the range resolution of the

mmWave radar. In this case, signals can be reflected from

multiple points at the reflector. Benefiting from mmWave

signal’s large bandwidth, these reflections fall into multi-

ple adjacent range bins, each exhibiting independent noise

characteristics. We thus propose to aggregate these signals

to enhance secondary reflections for sensing. For the sec-

ond challenge, we leverage an interesting observation that

among the large number of secondary reflections, those with

target information are correlated. We thus apply the mutual

information coefficient (MIC) metric [20] to measure the

possibility of signals containing similar target information

and accordingly identify those useful secondary reflections

without requiring any pre-measured pattern or feature. To

address the challenge of separating signals reflected from

multiple targets, we formulate the problem as an optimiza-

tion task. The objective is to search for the steering vectors
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that maximize the signal strength at the target angle of in-

terest while simultaneously minimizing the signal strengths

at the angles of other targets. Note that the inherent large

bandwidth of mmWave and beamforming technique help

separate signals in the time domain and the spatial domain

respectively. With these two orthogonal separations, the

interference between signals is dramatically reduced.

We implemented SeRadar using commercial millimeter-

wave hardware and conducted comprehensive experiments

in several representative environments including office, home,

and car cabin. We employed gesture recognition (macro-

motion sensing) and breath monitoring (micro-motion sens-

ing) as example applications to demonstrate the effective-

ness of the proposed system. Extensive experiments show

that SeRadar achieves highly accurate sensing even in chal-

lenging scenarios, significantly improving the robustness of

mmWave sensing. To summarize, we made the following

contributions in this paper.

• SeRadar is the first systematic framework to bring sec-

ondary reflections into the ecosystem of mmWave sensing.

We show that the traditionally ignored secondary reflec-

tions can be utilized to address multiple well-known is-

sues in mmWave sensing including blind spot, orientation-

dependence and multi-target sensing.

• We address challenges including weak signal, path recog-

nition, and multi-target interference to make sensing with

secondary reflections work. We believe the proposed tech-

niques can benefit other wideband signals such as UWB

and ultrasound for sensing.

• We implemented the proposed system on commodity hard-

ware and conducted comprehensive experiments to demon-

strate the effectiveness of the proposed system. We show

that secondary reflections can significantly increase the

sensing accuracy and robustness, moving mmWave sens-

ing one step towards real-life adoption.

2 PRELIMINARY
This section introduces the background knowledge ofmmWave

radar. mmWave radar operates in the 30-300𝐺𝐻𝑧 frequency

range. Frequency Modulated Continuous Wave (FMCW) is

a commonly used modulation scheme for mmWave radar,

which transmits periodic chirp signals with linearly increas-

ing frequency over time. The transmitted signal can be rep-

resented as

𝑆𝑇𝑥 (𝑡) = 𝐴𝑇𝑥 cos

(
2𝜋

(
𝑓𝑐𝑡 +

𝐵

𝑇𝑐

𝑡2

2

))
, (1)

where 𝐴𝑇𝑥 is the amplitude, 𝑓𝑐 , 𝐵, and 𝑇𝑐 are the starting

frequency, bandwidth and chirp duration, respectively.

This mmWave signal is reflected by objects in the environ-

ment and captured at the receiver. After mixing and low-pass

filtering, an intermediate frequency (IF) signal is generated.

In complex environments, the received signal is the mix of

multiple copies of the transmitted signal with varying delays

and attenuation, corresponding to different paths which can
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Figure 2: Signal processing procedures.
be represented as

𝑆𝐼𝐹 (𝑡) =
𝑁∑︁
𝑛=1

𝐴𝑛 cos

(
2𝜋

(
2𝐵𝑅𝑛

𝑐𝑇𝑐
𝑡 − 𝐵𝑅𝑛

𝑇𝑐

))
, (2)

where 𝑁 represents the number of paths, 𝐴𝑛 and 𝑅𝑛 denote

the amplitude and length of 𝑛-th path, and 𝑐 is the speed

of light. The received signal is processed across multiple

dimensions: the fast-time dimension for a single chirp, the

slow-time dimension across multiple chirps, and the spatial

dimension for multiple transceiver pairs, as shown in Fig. 2.

Based on Eq. 2, it is evident that the IF frequency corre-

sponding to a path length 𝑅𝑛 is 𝑓𝐼𝐹 =
2𝐵𝑅𝑛
𝑐𝑇𝑐

. By performing

an FFT operation, the peak frequency appears in the bin at

𝑓𝐼𝐹 , which enables distance estimation. When the target is

in motion, it introduces a Doppler shift 𝑓𝑑 on the signal. By

extracting the phase variation, we can capture fine-grained

motions with a displacement smaller than range resolution.

The phase change between adjacent chirps can be used to es-

timate the Doppler velocity 𝑣𝑑 as the time interval is known.

In the spatial dimension, the angle of arrival (AoA) can be

estimated by the phase difference of the signals received at

different antennas. For adjacent antennas with a spacing of

𝑑𝑖𝑛𝑡 , the phase difference (𝜙ant) can be used to calculate AoA

𝜃𝑛 = arcsin

(
𝜆Δ𝜙ant

2𝜋𝑑𝑖𝑛𝑡

)
. (3)

3 MOTIVATION
3.1 Limitation of Primary Reflections
This section analyzes the limitations of traditional human

sensing based on primary reflection, i.e., the signal is re-

flected only at the target and reaches the receiver without

other intermediate reflections. However, primary reflections

fail to work in multiple scenarios as illustrated in Fig. 1. (a)

Primary reflection is occluded; (b) the target changes the ori-

entation; and (c) strong interference exists among multiple

targets close-by.

Without loss of generality, this section utilizes gesture

recognition and respiration monitoring as application ex-

amples to illustrate the issues in relying only on primary

reflections for sensing. As shown in Fig.3b, when the target

is oriented towards the radar and is unobstructed, solutions

based on primary reflections can accurately capture the ges-

ture feature. However, when the target’s orientation changes,
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Figure 3: Limitation of sensing via primary reflection.
Table 1: Degradation of breath monitoring reliability
based on primary reflection

Case Mean Absolute Error (bpm)

Ordinary condition 0.3

Orientation variation 4.7

Occlusion 5.1

Interference 8.6

gesture feature quality degrades as shown in Fig. 3c. When

the primary reflection is occluded, the gesture feature can

hardly be seen in Fig. 3d. When there are interferers near

the target, the motion of the interferer is superimposed with

the gesture of the target as shown in Fig. 3e.

We conducted benchmark experiments on respiration

monitoring. Table 1 compares the mean absolute error in

beat-per-minute (bpm) of primary reflection-based respi-

ration monitoring in the three challenging scenarios with

that under ordinary conditions. While the error is as low

as 0.3 bpm under ordinary conditions, it increases to 4.7,

5.1, and 8.6 bpm in the challenging scenarios, much larger

than the error requirement (below 1 bpm) for respiration

sensing. The significant performance degradation highlights

the limitations of primary reflection-based sensing.

Primary reflection

Secondary reflections

(a) Existence of multiple sec-
ondary reflections.

(b) Features extracted via a
secondary reflection (𝛼 = 90°).

Figure 4: New opportunities via secondary reflections.

3.2 Opportunitiy via Secondary Reflections
In typical indoor settings, walls, ceilings, furniture, and appli-

ances lead to rich secondary reflections. As shown in Fig. 4a,

in addition to the primary reflection, multiple secondary re-

flections exist, which are caused by different reflectors in the

environment. The secondary reflections are also sometimes

called “ghosts”. Interestingly, these secondary reflections can

help when primary reflections suffer. As shown in Fig. 3a,

when a reflector is in front of the target, this reflector leads

to a secondary reflection path. Leveraging this secondary re-

flection, Fig. 4b shows a more reliable gesture pattern when

the target orientation is at 𝛼 = 90
◦
, compared to the pat-

tern obtained in Fig. 3c. Similarly, for respiration sensing,

using this secondary reflection, we can reduce the error from

4.7 bpm to 0.5 bpm. These results demonstrate the feasibility

and capability of accurate sensing via secondary reflections.

4 THEORETICAL MODEL
4.1 Reflections via a Single Reflector
Fig. 5 illustrates different types of reflections. 1) First-order
primary reflection: The mmWave signal gets reflected

back directly from the target along the path 𝑀 → 𝑇 → 𝑀 .

2) Second-order secondary reflections: There are two

second-order reflection paths, 𝑀 → 𝑅 → 𝑇 → 𝑀 and

𝑀 → 𝑇 → 𝑅 → 𝑀 , generating ghosts 𝐺1 and 𝐺2. 3)

Third-order secondary reflection: This path involves two

reflections, where the mmWave signal travels along path

𝑀 → 𝑅 → 𝑇 → 𝑅 → 𝑀 , generating ghost 𝐺3. We do not

consider higher-order reflections because they are too weak

to be utilized for sensing.

Radar

𝐆𝟐

𝐆𝟑

Target

𝐆𝟏

Reflector

𝑴

𝑹

𝑻

(a) Geometric model of sec-
ondary reflections.

Target

𝐆𝟏

𝐆𝟐

𝐆𝟑

(b) Reflections reveal reflector
and target directions.

Figure 5: The theoretical multi-reflection model.

4.2 Reflection via Multiple Reflectors
Besides the wall and ceiling, a lot of objects in the environ-

ment, such as home appliances and furniture, can also serve

as the reflector. By extending our prior analysis of a single

reflector to multiple reflectors, multiple secondary reflec-

tions can be generated. The rich secondary reflections help

capture the target information from various angles, offer-

ing additional perspectives to enhance the sensing perfor-

mance. As shown in Fig. 6a, reflector 1 and reflector 2 lead to

secondary reflection #1 and #2, respectively, which contain
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Figure 6: Reflectors provide multi-view observation.

target motion information from different angles that are com-

plementary to that contained in the primary reflection. As

shown in Fig. 6b, the target’s hand motion with a displace-

ment of Δ𝐿𝑚 can be decomposed into components along

primary reflection’s direction and the two secondary reflec-

tions’ directions as Δ𝐿𝑝 , Δ𝐿𝑠1, and Δ𝐿𝑠2. The relationship

between these displacement components can be expressed

as

Δ𝐿𝑝
cos(𝜃𝑝 ) =

Δ𝐿𝑠1

cos(𝜃𝑠1 ) =
Δ𝐿𝑠2

− cos(𝜃𝑠2 ) . This indicates a correlation

exists between the motion components captured by primary

reflection and secondary reflections.

5 SERADAR DESIGN
In this section, we first present an overview of SeRadar,
followed by a detailed explanation of its components.

5.1 SeRadar Overview
Fig. 7 depicts the overview of SeRadar, which is composed of

four modules: path enhancement, path selection, multi-user

paths association, and path fusion.

• Path Enhancement. The secondary reflections are much

weaker than primary reflection. Therefore, we propose to

enhance the signal strength of secondary reflection via

two schemes. Scheme 1: We first perform multi-directional

beamforming to amplify all possible reflections. Scheme 2:

We then identify similar signals reflected from different

points of the same object and merge these reflections to

further enhance signal strength.

• Path Selection. With lots of secondary reflections, we

propose to select those that contain target information.

Specifically, we select the secondary reflections that exhibit

the target-induced signal variations. To quantify the signal

variation, we employ a metric, Signal-Variation-to-Noise

Ratio (SVNR).

• Multi-user Paths Association. In the multi-target sce-

nario, it is challenging to match each secondary reflection

to the corresponding target. We propose novel methods to

categorize these secondary reflections and also associate

them with their corresponding target. SeRadar further ad-
dresses the interference caused by multiple users, as their

reflections can overlap and affect each other.

• Path Fusion: After identifying the effective secondary

reflections, we fuse them to accurately extract human mo-

tion information, such as respiration rate estimation and
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MIMO
Radar
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Multi-angle
Beamforming

Path Detection

Path Selection

Multi-user Paths
AssociationPath Fusion

Similar Paths 
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Valid Path Selection

Interference Mitigation

Correlation-based 
Path Grouping

Feature Extraction and Analysis

Micro-scale Macro-scale
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Multi-view Fusion
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Variation

Doppler 
Variation

Wave 
reconstruction

Multi-view
model

I

Q

Figure 7: System overview of SeRadar.

gesture recognition. For micro motions, we implement di-

rect path combination of secondary reflections, while for

macro motions, we employ a multi-view sensing model to

effectively combine the reflections from various directions.

5.2 Path Enhancement
Since secondary reflections are much weaker than primary

reflections that are commonly used in traditional solutions,

SeRadar proposes to enhance the signal strength of sec-

ondary reflections.

PathDetection.Before amplifying the reflections, SeRadar
identifies the potential reflections (including primary and

secondary reflections) without any knowledge of reflectors

in the environment in advance. Specifically, SeRadar first
generates the range-azimuth spectrum by calculating the

Minimum Variance Distortionless Response (MVDR) [40] of

the received signals. SeRadar then detects all the primary

and secondary reflections from the range-azimuth spectrum,

by applying the 2D Cell-Averaging Constant False Alarm

Rate (CA-CFAR) algorithm. Since there are multiple reflec-

tions from the same object, these reflections are very close

in the range and azimuth domains and form clusters in the

range-azimuth spectrum. To accurately determine each re-

flection direction, we perform the DBSCAN clustering [42]

and calculate the centroid of each cluster.

𝜃!"

𝜃!#

I

Q

∆∅!"
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𝑅𝑥!
Phase 

Alignment

I

Q

…

Enhancement
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𝑅𝑥"

Vectors of multiple antennas Weighted sum

𝜃!"

𝜃!#

𝜃!$

Figure 8: Example of beamforming at 𝜃𝑟1.

Multi-angle Beamforming.We apply digital beamform-

ing [17] to each azimuth angle to boost the strength of cor-

responding secondary reflections. After scanning across all

azimuth angles, all the secondary reflections can be effec-

tively enhanced. Specifically, for each direction, we align

the phase values of signals received at multiple antennas.
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(a) Before path merging. (b) After path merging.
Figure 9: Time-frequency spectrums before and after
merging similar signal paths from the same reflector.

The phase difference between two adjacent antennas can be

calculated as Δ𝜙𝑟𝑖 =
2𝜋
𝜆
· 𝑑𝑖𝑛𝑡 · sin(𝜃𝑟𝑖 ) where 𝜃𝑟𝑖 represents

the azimuth angle and 𝑑𝑖𝑛𝑡 denotes the distance between

two adjacent antennas. During phase alignment, SeRadar
compensates the phase difference by applying 𝑒− 𝑗 (𝑛−1)Δ𝜙𝑟𝑖

,

where 𝑛 denotes the antenna index. After the phase align-

ment, SeRadar adds the phase-aligned signals from each

antenna constructively. The two steps described above can

be modeled as follows

𝑆𝐵𝐹𝜃𝑟𝑖 (𝑡) =
𝑁∑︁
𝑛=1

𝑆𝐼𝐹 ,𝑛 (𝑡) exp (− 𝑗 (𝑛 − 1)Δ𝜙𝑟𝑖 ) . (4)

This beamforming process enhances the signal from the

angle 𝜃𝑟𝑖 , while the signals from other angles are randomly

combined due to unaligned phase values. Fig. 8 shows an

example of phase alignment at the azimuth angle of 𝜃𝑟1.

Similar Paths Merging. As the size of the reflectors is
usually much larger than the radar’s range resolution, multi-

ple signals can be reflected from different points on the same

reflector, as shown in Fig. 5a, and they exhibit similar char-

acteristics. SeRadar proposes to aggregate these reflections

to further enhance the signal strength. Specifically, SeRadar
first extracts the time-domain samples for each individual

reflection signal. SeRadar then identifies the reflections from

the same object by computing the correlation between their

time-domain samples. Reflections with a correlation coeffi-

cient larger than a predefined threshold are considered to

come from the same object. Note that these reflection sig-

nals share similar range bins, and the correlation is only

performed for reflection signals whose range bin differences

are smaller than 𝑙 . After identifying these similar reflections,

we add them up to enhance the signal strength. As shown in

Fig. 9a, the secondary reflection signal before signal merging

is very weak. In contrast, after merging similar reflection

signals as presented in Fig. 9b, the signal strength is notably

improved.

Here is the computational complexity analysis for the

methods described. (1) Beamforming at 𝑁 angles: 𝑂 (𝑁 ·𝑇 ),
where beamforming at each direction requires 𝑂 (𝑇 ) oper-
ations. (2) Path correlation for 𝑚 reflections with 𝑙 adja-

cent bins: 𝑂 (𝑚 · 𝑙 · 𝑇 ). Therefore, the overall complexity

is 𝑂 (𝑇 · (𝑁 +𝑚 · 𝑙)).

Time-Frequency Spectrum

Frequency Envelope

(a) Time-frequency spectrum
and frequency envelope.

Phase Difference

Filtered Wave

(b) Raw and filtered phase dif-
ferences.

Figure 10: Features extracted for (a) macro-motion and
(b) micro-motion.

5.3 Path Selection
Although there are many secondary reflections in indoor

environments, only some of them are reflected from the

ROI of a target. To identify the “useful” reflections, SeRadar
first extracts the signal variation for each reflection signal,

analyzes the corresponding features, and then filters out

those which exhibit little variation.

Feature Extraction and Analysis. For micro motion

and macro motion, we extract the signal variation for each

reflection path, but utilize different features. Specifically,

for macro motion, such as gestures, its velocity causes a

Doppler shift in the frequency domain. SeRadar leverages
the Short-Time Fourier Transform (STFT) to obtain the time-

frequency spectrogram and extracts the frequency envelope,

as shown in Fig. 10a. For micro motion, such as respiration,

the movement is much smaller than radar’s range resolution

(i.e., 4 cm), causing the frequency to remain stable over short

periods and making the frequency envelope unavailable. As

the phase value is sensitive to subtle movements, we extract

the phase differences as the feature.We apply bandpass filters

with specific frequency range (e.g., 0.2-1.5 Hz for respiration

and 0.8-3 Hz for heart rate) to capture the micro motion of

interest and then extract corresponding phase difference as

presented in Fig. 10b.

Valid Path Selection. SeRadar introduces the Signal-

Variation-to-Noise Ratio (SVNR) metric to quantify the qual-

ity of each reflection signal and selects those with high SVNR

for sensing. The SVNR is defined as

𝑆𝑉𝑁𝑅 = 10 log
10
(
𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐

𝑃𝑛𝑜𝑖𝑠𝑒
), (5)

where 𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐 represents the power of signal feature varia-

tion, and 𝑃𝑛𝑜𝑖𝑠𝑒 denotes the noise power. For macro motion,

the power of dynamic variation is calculated as 𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐 =
1

𝑅𝑑

∑
𝑡

∑
𝑓 ∈F𝑓

|𝑆 (𝑡, 𝑓 ) |2, whereF𝑓 denotes the set of frequency

components induced by the target motion, which are dis-

tributed around the frequency envelope in the time-frequency

spectrum 𝑆 (𝑡, 𝑓 ). Here, 𝑅𝑑 is the number of elements in F𝑓 .

The noise power, which is 𝑃𝑛𝑜𝑖𝑠𝑒 = 1

𝑅𝑛

∑
𝑡

∑
𝑓 ∉F𝑓

|𝑆 (𝑡, 𝑓 ) |2,
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Figure 11: Examples of three paths within a correlation
group, exhibiting synchronous variation.

is calculated as the power of residual components after re-

moving motion-induced components from time-frequency

spectrogram, where 𝑅𝑛 denotes the number of components

after removing motion-induced components. To calculate

the SVNR for micro motion, we perform FFT on the phase

difference of each reflection signal to obtain the amplitude

across all the frequency values, i.e., Φ𝑚 (𝑓 ). We then identify

the frequency range of interest [𝑓𝑑 , 𝑓𝑢] to mitigate the inter-

ference from other body motions. Specifically, we estimate

the power in the frequency range [𝑓𝑑 , 𝑓𝑢] as the dynamic

power, i.e., 𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐 = 1

𝑁𝑑

∑𝑓𝑢

𝑓𝑑
|Φ𝑚 (𝑓 ) |2. The power in the

remaining frequencies is calculated as the noise power, i.e.,

𝑃𝑛𝑜𝑖𝑠𝑒 = 1

𝑁𝑛

∑
𝑓 ∉[ 𝑓𝑢 ,𝑓𝑑 ] |Φ𝑚 (𝑓 ) |2. 𝑁𝑑 and 𝑁𝑛 represent the

number of frequency values in [𝑓𝑑 , 𝑓𝑢] and remaining fre-

quency range, respectively. Finally, SeRadar sorts the SVNR
values in descending order, and the top 70% of reflection

signals, based on SVNR ranking, are selected, while the re-

maining 30% are discarded.

5.4 Multi-user Paths Association
After obtaining useful reflection signals, SeRadar proposes
to associate them with the corresponding targets. To achieve

this, SeRadar first categorizes these reflection signals by

analyzing the correlation of their features. The reflections

coming from the same target exhibit consistent characteris-

tics, while the movements of different targets naturally differ

in timing and patterns [71]. SeRadar further addresses the
interference caused by multiple users, as their reflections

can overlap and affect each other. Finally, we match the path

group to the corresponding target.

Correlation-based Path Grouping. A single target mo-

tion (including both micro and macro motions) generates

multiple reflections which are inherently correlated. Specifi-

cally, when the actual velocity of a human motion reaches its

maximum, the velocity along each corresponding reflection

path is also at its maximum. When the actual velocity of

the gesture reaches its minimum, the velocity along each

reflection path is also at its minimum. Therefore, for each tar-

get, the features (e.g., frequency envelope) of each reflection

path exhibit peaks or valleys at similar timestamps, enabling

us to exploit the correlation for reflection path grouping.

Fig. 11 shows three secondary reflections for “push and

Target 1

Target 2 Target 3

(a)

Target 1

Target 2 Target 3

(b)

Figure 12: Beam pattern comparison of (a) before and
(b) after null steering.

pull” gesture performed twice. These three secondary re-

flections exhibit synchronous variations and belong to the

same group. To identify reflections belonging to each target,

SeRadar computes the correlations among these reflections

and groups them based on their variation patterns. For macro

motion, such as gesture, SeRadar applies correlations to the

frequency envelopes of reflection paths. For micro motion,

such as respiration, SeRadar applies correlation to the phase

differences of reflection paths.

Specifically, SeRadar employs the Mutual Information Co-

efficient (MIC) as the metric [20] to calculate the correlations

between each pair of paths, resulting in an 𝑛 × 𝑛 upper tri-

angular matrix for 𝑛 paths. Based on this matrix, SeRadar
constructs an undirected graph G, where each node repre-

sents a reflection signal, and edges are generated between

paths whose MIC values are larger than the threshold 𝜏 . We

then identify the groups based on the graph G, where each
group consists of connected nodes. The remaining paths are

considered interference-affected or motion-irrelevant paths.

Note that to avoid over-grouping, we adjust the number of

path groups based on the number of targets. Specifically, if

the number of detected groups exceeds the number of targets,

we merge the groups with similar MIC values to ensure that

the final number of path groups matches the target count.

Interference Mitigation. In multi-person scenarios, the

reflections from different targets may overlap within the

same range, resulting in interference. We observe that the

primary reflections are more vulnerable to such interfer-

ence, while secondary reflections are less likely to overlap.

Additionally, when primary reflections of multiple targets

overlap within the range bins, they are likely from different

azimuths. Therefore, we extract each target’s primary re-

flection by performing beamforming at the target direction

and adopting null steering technique to suppress side lobe

interference [29]. If there are multiple targets as shown in

Fig. 12a, we first extract the reflection signal for one target

(e.g., target 1), and null the side lobes towards other targets

(e.g., target 2 and target 3) who are considered as interferers.

We iteratively perform the same process until all the targets’

reflections are extracted. To this end, we need to obtain a

steering vector w𝑛 , which can (1) preserve the main lobe

towards the target direction 𝜙𝑡 and (2) null the side lobe

towards the interferers’ directions 𝜙𝑖 . To meet the first re-

quirement, the beamed pattern ofw𝑛 , especially for the main

lobe, is expected to be as similar as that of the steering vector
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(a) Targets’ features overlap. (b) Feature for Target 1.

Figure 13: The features (a) before and (b) after mitigat-
ing interference.

towards the target’s direction, i.e., w𝑡 . Meanwhile, to satisfy

the second requirement, w𝑛 and the steering vector towards

the interferers’ directions, i.e., w𝑖 , should be orthogonal to

each other. We formulate an optimization problem to null

the side lobes as

min ∥w𝑛 −w𝑡 ∥2

s.t. w𝐻
𝑛 C = 0, (6)

where C =
[
w𝑖1,w𝑖2, . . . ,w𝑖 𝑗

]
, and w𝑖 𝑗 represents the steer-

ing vector of the 𝑗-th interferer’ direction 𝜙𝑖 𝑗 , and (·)𝐻 de-

notes the Hermitian transpose.

This optimization problem can be solved using the method

of Lagrange multipliers to obtain the desired steering vector.

After applying this method, as shown in Fig. 12b, target 2 at

37
◦
and target 3 at 50

◦
are suppressed. Fig. 13a and Fig. 13b

demonstrate the frequency envelopes before and after apply-

ing our method. We can clearly see that the reflection signal

of target 1 is more accurate after mitigating interference.

Note that our method is implemented through quadratic op-

timization with linear constraints, and offers computational

advantages over methods that involve more complex matrix

operations and iterations [18].

Target-path Matching. Finally, SeRadar associates these
reflection groups with their corresponding targets. Specif-

ically, the primary reflections of targets can be utilized to

estimate the targets’ location relative to the mmWave radar,

as well as the temporal characteristics of their motion. By

leveraging spatiotemporal information, we can easily match

each primary reflection to its corresponding target. Within

each reflection group, the primary reflection serves as a key

reference for target association. If the primary reflection

is not available due to occlusion, SeRadar selects the most

stable and strongest secondary reflection as an alternative.

5.5 Path Fusion
In this section, we explain how to leveragemultiple reflection

signals to extract the target motion information.

Path Combination for Micro-motion sensing. For mi-

cro motion, SeRadar combines correlated reflection signals

to improve the subtle target-induced variations. As illus-

trated in Fig. 14a, these reflection paths exhibit stable and

consistent variation patterns in the I/Q domain, which can

be amplified. Our approach amplifies patterns through three

(a) Original signals. (b) After normalization.

(c) Sample of signal for a sin-
gle reflection.

(d) Sample of signal for paths
combination.

Figure 14: Combination of multiple correlated paths.

specific steps: 1) Path Phase Alignment: To effectively com-

bine these reflection signals from different paths, SeRadar
aligns their initial phases with the reference path’s initial

phase. The reference path typically is the primary reflection

signal path. However, if the primary reflection is unavailable

due to occlusion, SeRadar selects the strongest secondary re-
flection as the reference. Specifically, we adjust all the phase

values of the reflection path by a constant to align its initial

phase with that of the reference path. 2) Phase Normalization:
We then normalize phase changes of each reflection signal

within a time window𝑊 , to ensure consistent phase change

patterns. As shown in Fig. 14b, after phase normalization, all

the reflection signals show synchronous and consistent vari-

ation. 3) Phase Weighting: As the quality of reflection signals

varies, we employ a voting-based weighting approach, which

leverages SVNR and path correlation coefficient, to prioritize

high-quality reflection signals. Specifically, the weight𝑤𝑖 for

the 𝑖-th path is defined as

𝑤𝑖 = 𝑆𝑉𝑁𝑅𝑖 · Corr

[
𝜙𝑖 (𝑡), ¯𝜙 (𝑡)

]
(7)

where 𝑆𝑉𝑁𝑅𝑖 represents the SVNR of the 𝑖-th reflection sig-

nal, 𝜙𝑖 (𝑡) denotes the phase variation of the 𝑖-th reflection

signal, and
¯𝜙 (𝑡) is the average phase variation of all the re-

flection signals within the path group. Corr[·, ·] calculates
the correlation coefficient between two phase variations.

Fig. 14c and 14d demonstrate the patterns before and after

path combination for the scenario where target’s chest is

facing sideways to the radar. Before path combination, the

target-induced signal variation is unstable, with larger fluc-

tuations in some parts and smaller ones in others. After path

combination, the variation becomes more stable.

Multi-view Fusion for Macro-motion Sensing. For
macromotion, SeRadar proposes a deep learning-basedmulti-

view model that leverages multiple reflection signals to rec-

ognize target motion, as shown in Fig. 15. Since the number

of secondary reflections varies across different scenes, our

approach aims to adapt to diverse scenes with an unknown

238



SeRadar: Embracing Secondary Reflections for Human Sensing with mmWave Radar ACM MOBICOM ’25, November 4–8, 2025, Hong Kong, China

LSTM LSTM LSTM LSTM

Embedding Embedding Embedding Embedding

Transformer Encoder

𝑆! 𝑆" 𝑆# 𝑆$

High Level Embedding

Classifier

…

…

…

Temporal
Modelling

High-level
Modelling ＆
Aggregation

Recognition

Output

Figure 15: The architecture of multi-view model.
number of secondary reflections. Furthermore, each reflected

signal is treated as a unique “view” for characterizing target

motion, which is why our approach is referred to as a multi-

view model. Our model comprises two main components:

an LSTM module [15] for pre-encoding reflection paths to

obtain temporal features, and a Transformer module [41] for

extracting high-level features and aggregating reflection sig-

nals. We exclude the positional encodings in the Transformer

model to achieve path permutation-invariant design, which

allows flexible addition or removal of reflection signal paths.

Specifically, suppose the input path data is 𝑆 = {𝑠1, 𝑠2, ..., 𝑠𝑛}
with an uncertain number of reflection signal paths. Our

model is 𝑀 = 𝑀𝑐𝑙𝑠 ◦ 𝑀𝑡𝑟𝑎𝑛𝑠 ◦ 𝑀𝑙𝑠𝑡𝑚 , where 𝑀𝑙𝑠𝑡𝑚 , 𝑀𝑡𝑟𝑎𝑛𝑠 ,

and 𝑀𝑐𝑙𝑠 are the LSTM encoder, Transformer aggregator,

and linear classifier. Each path 𝑠𝑖 is encoded by the LSTM as

𝑒𝑛𝑐𝑖 = 𝑀𝑙𝑠𝑡𝑚 (𝑠𝑖 ) to get temporal feature embeddings of the

target. The transformer aggregates them into a high-level

embedding 𝑎𝑔𝑔𝑆 = 𝑀𝑡𝑟𝑎𝑛𝑠 ({𝑒𝑛𝑐1, 𝑒𝑛𝑐2, ..., 𝑒𝑛𝑐𝑛}), using self-

attention to assign distinct attention weights to each path,

capturing significant features and path dependencies. The

final prediction is 𝑦𝑆 = 𝑀𝑐𝑙𝑠 (𝑎𝑔𝑔𝑆 ).

6 EVALUATION
6.1 Implementation and Setup
6.1.1 Implementation. We implement SeRadar on the TI

AWR2944 EVM millimeter-wave radar module [1] that sup-

ports 4 Tx and 4 Rx antennas. InMIMOmode, it forms 12 hori-

zontal equivalent antenna channels for high-resolution angle

measurements (Fig. 16a). It operates in the frequency range of

76 to 81 GHz. Key parameters include a frame time of 40 ms,

chirp duration of 312 𝜇s, and a 160
◦
Field of View (FOV).

The AWR2944 EVM is connected to the DCA1000EVM data

capture board to acquire raw intermediate frequency signals,

which are then transmitted to a laptop via Ethernet [2]. Data

processing is performed using MATLAB and Python. For

ground truth, we use a piezoelectric respiratory belt and

camera recordings.

6.1.2 Experimental setup. We deploy SeRadar in typical en-

vironments such as office, living room, vehicle cabin, and

bedroom, as depicted in Fig. 16. Common objects, such as TVs,

glass windows, ceilings, metal doors, and concrete walls are

potential reflectors due to their high reflection coefficients

and large size. Our experiments cover both single-person and

multi-person settings. The radar is placed at fixed positions

in various scenarios, while targets vary their positions and

orientations relative to the radar, as shown in Fig. 16 and Fig.

19. We evaluate our system through micro-motion sensing

(breathing monitoring) and macro-motion sensing (gesture

recognition) tasks, which are widely adopted benchmarks in

related work [4, 70]. We study multiple influencing factors,

including target orientation changes, multi-person scenar-

ios, LoS/NLoS scenarios, and target-reflector-radar distances.

For all evaluations requiring model training, we collect the

dataset with a 70:30 train-test split.

6.2 Overall Performance
6.2.1 Performance of macro-motion sensing. We evaluate

SeRadar’s performance for macro-motion sensing in five en-

vironments. During data collection, the target’s position and

posture vary as illustrated in Fig. 17b. The target performs

gestures within a 5 m range from the radar with a distance

𝑑 , orientation 𝛼 , and azimuth 𝛽 relative to the radar. 𝛽 is

incremented at a step size of 20
◦
within the radar’s effec-

tive FOV, and 𝛼 is set at 0
◦
, 45

◦
, 90

◦
, 180

◦
, and 270

◦
. Fig.

17a shows evaluated six common gestures: push (a), pull

(b), arm circle (c), circle clockwise (d), lift (e), and wave (f).

Note that the “secondary reflection” marked in Fig. 17c and

subsequent figures represent the simultaneous use of both

primary and secondary reflections. To evaluate the impact of

target orientation, we build four datasets: Set 1 (orientation:

0
◦
and 45

◦
), Set 2 (orientation: 0

◦
, 45

◦
and 90

◦
), Set 3 (orien-

tation: 0
◦
, 45

◦
, 90

◦
and 180

◦
), and Set 4 (adding orientation

of 270
◦
). The model is trained on these orientation-specific

sets and evaluated on a comprehensive dataset covering all

the orientations.

Results demonstrate that target orientation significantly

affects sensing performance, since different orientations pro-

duce distinct features (Fig. 3). Across various orientation sets,

primary reflection-based methods achieve accuracy ranging

from 63.16% to 74.03%. In contrast, with the help of secondary

reflections, SeRadar enhances performance with accuracy

from 80.10% to 92.43%. This highlights SeRadar’s ability to

utilize secondary reflections throughmulti-view analysis and

maintain high accuracy even when primary reflection fea-

tures are compromised. We further analyze the accuracy of

individual gestures, as shown in Fig. 17d. For certain gestures,

such as gestures a, b, and d, both primary and secondary

reflection-based methods perform relatively well. However,

for gestures c, e, and f, the performance using only primary

reflection significantly declines to 64.28%, 71.43%, and 56.25%,

while SeRadar still achieves a high accuracy above 90%. This

improvement is due to the increased number of angles of

view. Certain gestures exhibit similar features at specific an-

gles, which cannot be distinguished by primary reflections,

resulting in the degradation of performance.
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Figure 16: Experiment settings.
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Figure 17: Experimental setting and performance of macro-motion sensing.

6.2.2 Performance of micro-motion sensing. This section

evaluates the peformance of micro-motion sensing under

orientation change and occlusion in indoor and vehicle cabin

environments. Respiratory monitoring is based on the move-

ment of the chest cavity, which varies with orientation due

to posture changes. With the direction when the torso is

facing the radar defined as 0
◦
, we test the performance at 0

◦
,

45
◦
, 90

◦
, and 180

◦
for the indoor scenario and 0

◦
, 45

◦
, and

90
◦
for the cabin scenario. We compare the average absolute

respiratory rate error using primary reflection alone with

the fusion of secondary reflections. Fig. 18 shows SeRadar’s
performance in indoor and cabin scenarios. Sensing based

on the primary reflection shows large errors across all three

orientations. The average absolute respiratory rate errors

are 1.2 bpm, 5.4 bpm, and 7.1 bpm in the indoor scenario,

while 3.5 bpm, 4.4 bpm, and 6.2 bpm in the cabin scenario.

This is due to orientation changes, which make the observa-

tion of the chest’s micro-movements less detectable through

primary reflection. At the orientation of 0
◦
, the primary

reflection-based approach for respiration sensing achieves

a small error of 0.2 bpm. In this case, incorporating the sec-

ondary reflection offers limited performance improvement.

Moreover, seats and other obstacles in the cabin occlude

the LoS path, even at 0
◦
. In contrast, SeRadar yields a low

respiration sensing error of 0.2 bpm, 0.3 bpm, and 0.5 bpm

indoors, and 0.2 bpm, 0.5 bpm, and 0.7 bpm in the cabin, as

it can identify secondary reflections exhibiting significant

breathing patterns.

6.2.3 Comparison of path selection methods. We now com-

pare SeRadar with two alternative path selection methods:

(1) the optimal path approach based on idea of Trebsen [10]

and (2) indiscriminate use of all secondary reflections. In the

experiments, a single target performs either micro motion or

(a) In indoor scenarios. (b) In vehicle cabins.
Figure 18: Comparison for respiration sensing.

macro motion, while each motion is tested in four target ori-

entations, i.e., 0
◦
, 45

◦
, 90

◦
, and 180

◦
. Moreover, the evaluation

includes four different environments: a bedroom, a living

room, an office and a vehicle cabin. The results are shown

in Table 2. We observe that SeRadar outperforms the other

two methods. This is because the optimal path approach

lacks the motion information available in other secondary

paths, and thus is not robust to the user’s orientation change

and environment change. Moreover, indiscriminate use of

all secondary reflections introduces noise from irrelevant

signals with low SVNR.

Table 2: Performance of path selection methods.
Method Opt reflection All reflections SeRadar

Macro-motion 84.21% 87.57% 92.43%

Micro-motion 1.5 bpm 2.8 bpm 0.4 bpm

6.3 Performance in Multi-Person Scenarios
This section evaluates SeRadar’s reliability in multi-person

scenarios, where we test two to three users in motion at

different locations. For micro-motion sensing, we examine

respiration monitoring for rear-seat passengers who sit apart

and sit together in the cabin, in addition to persons lying
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Figure 19: Experiment settings in multi-person scenarios. (a) and (b): sitting on the sofa; (c): lying on the bed; (d):
sitting in the cabin.

(a) Performance of respiration
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Figure 20: Performance comparison in multi-person scenes.

close to each other in a bedroom, as shown in Fig.19 (d) and

(c). For macro-motion sensing, we examine SeRadar’s ges-
ture recognition for targets who sit side by side on a sofa,

where the target is interfered with or occluded by the ad-

jacent person, as shown in Fig.19 (a) and (b). As shown in

Fig. 20a, the errors based on primary reflections in three

scenarios are 5.1 bpm, 8.5 bpm, and 4.6 bpm respectively

while SeRadar’s errors are 0.5 bpm, 0.8 bpm, and 0.44 bpm,

which are significantly lower. This is because breathing sig-

nals overlap within the same range bin, leading to severe

interference for primary reflections, while certain secondary

reflections are less interfered with and more reliable. Fig. 20b

illustrates the macro-motion sensing performance. The accu-

racy based on primary reflection under four settings ranges

from 74.53% to 44.44%. This decline is attributed to the distor-

tion and loss of primary reflection due to nearby movements

or occlusions by other targets.

6.3.1 Impact of target’s orientation. Meanwhile, we evalu-

ate the impact of target’s orientation. In this experiment,

targets sit side by side, and their orientations vary from 0
◦

(facing the radar) to 90
◦
(side-facing). As shown in Fig. 20b,

SeRadar maintains a gesture recognition accuracy above

89.25% across different orientations, demonstrating reliable

sensing performance under varying target orientations.

6.3.2 Performance under varying levels of interference. We

further conduct experiments to investigate SeRadar’s reli-
ability under varying degrees of interference. For micro-

motion sensing, interference is categorized as follows: slight

chest movements (Low), pronounced chest movements (Mod-

erate), and additional torso movements (High). For macro-

motion sensing, interference is classified as slight handmove-

ments (Low), slight torso movements (Moderate), and com-

bined torso and hand movements (High). As shown in Fig.

20c and Fig. 20d, both mean absolute error (MAE) and ac-

curacy using primary reflections suffer with an increasing

level of interference. In contrast, SeRadar still maintains reli-

able performance with small performance degradation under

increasing interference, with an MAE of 0.83 bpm for mi-

cro sensing and an accuracy of 91.67% for macro sensing.

These experiments demonstrate the reliability improvement

of SeRadar by leveraging secondary reflections.

6.3.3 Impact of distance between targets. In this experiment,

we reduce the distance between two targets from 2 m to 0.2

m to evaluate SeRadar’s resolution. Both targets perform

gestures simultaneously toward the radar: one with large,

rapid, and variable movement, while the other with subtle

and slow motion. The results are shown in Fig. 21. When

the distance between targets becomes smaller than 0.3 m,

SeRadar’s average accuracy for the large and subtle move-

ments decreases slightly to 89.12% and 81.67%, respectively.

This demonstrates SeRadar’s reliable performance with mul-

tiple persons in relatively close proximity.

6.4 Impact of Different Factors
6.4.1 Impact of environment type. This experiment evalu-

ates the performance in two bedrooms (BR1 and BR2), a

living room (LR), a dining room (DR), and an office (OFF).

These environments vary in size, structure, and positions

of environmental reflectors. Take gesture recognition as an

example, Fig. 23a shows the recognition accuracy across dif-

ferent environments with the highest accuracy occurs in two

bedrooms (94%) while the accuracy in the office and living

room is lower (88%). Such performance gap stems from the

average path SVNR difference, which is shown in Fig. 23b.

The bedrooms are smaller in size with a higher concentration

of reflectors, resulting in a larger SVNR due to reduced path
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Figure 21: Impact of dis-
tance between targets.

Figure 22: Performance
for out-of-view targets.

(a) Gesture recognition. (b) SVNR in five scenarios.

Figure 23: The impact of environments.

loss. In contrast, in a larger and more spacious environment,

such as the office, the SVNR deteriorates due to decreased

signal quality and fewer effective paths. The results indicate

that sensing with secondary reflections performs better in

smaller spaces with a higher density of reflectors.

6.4.2 Performance for out-of-view target. This section as-

sesses SeRadar’s performance when the target is out of the

mmWave radar’s field of view, which means primary reflec-

tion can not be detected via mmWave radar. The evaluation

covers two corridors (marked as Corridor 1 and Corridor 2)

and a living room with a cabinet obstructing the target. Fig.

22 compares the performance that using the strongest sec-

ondary reflection with those obtained by utilizing all useful

secondary reflections. Specifically, leveraging all secondary

reflections achieves at least 10% higher performance com-

pared to relying solely on the strongest secondary reflection,

demonstrating the need of path fusion. Note that primary

reflection solutions are ineffective for out-of-view targets

since no primary reflections are available.

6.4.3 Impact of reflector quantity. Now we evaluate the im-

pact of reflector quantity. We conduct experiments in a living

room with natural reflectors, such as TV and glass window,

and vary the number of reflectors by removing or adding

specific objects. To reduce the number of reflectors, we re-

move large existing objects (e.g., TV and glass windows).

To increase the number of reflectors, we deploy 1∼4 addi-
tional metal plates. Note that we do not retrain our sens-

ing model when varying the number of reflectors. Fig. 24a

presents the experiment results. The sensing performance

of SeRadar improves as the number of reflectors increases.

Specifically, in the original environment without adding or

removing objects, SeRadar achieves a gesture recognition

(a) Impact of number. (b) Impact of orientation.
Figure 24: The impact of reflectors.

(a) Gesture recognition.
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(b) Respiration monitoring.
Figure 25: Impact of distance from reflector and target.

accuracy of 89.10%. With 4 additional reflectors, the accuracy

increases to 94.89%, while the accuracy reduces to 83.13%

with 3 reflectors removed. This demonstrates that sensing

performance is higher with more reflectors, while ordinary

environment objects (e.g., walls and furniture) can enable

SeRadar to maintain good performance and reliability.

6.4.4 Impact of the reflector orientation. We further evaluate

the impact of reflector orientation.Without loss of generality,

we employ TV, a large natural reflector, as the representative

reflector. In our setup, 0
◦
indicates that the TV is perpendic-

ular to the radar’s center line. We gradually rotate the TV

from 0
◦
to 60

◦
relative to its original position. Our sensing

model is not retrained when the orientation varies. As shown

in Fig. 24b, the sensing performance varies with the orienta-

tion of reflector, because the change of reflector orientation

can alter the corresponding secondary path, which in turn

affects the performance. Specifically, the accuracy of gesture

recognition is the largest (93.62%) at the orientation of 30
◦
,

and gradually degrades at other angles.

6.4.5 Impact of distance from target and reflectors. The dis-
tance between the reflector, the target, and the radar affects

signal propagation and feature quality. First, we vary the

target-reflector distance from 0.5 m (1 m) to 4.5 m (5 m)

for micro (Macro) motion sensing, while fixing the distance

between the radar and reflector. As shown in Fig. 25, breath-

ing error remains below 0.7 bpm, while gesture recognition

is minimally affected, maintaining accuracy above 90.5%.

We then vary the target-radar distance from 0.5 m (1 m) to

4.5 m (5 m) for micro (Macro) motion sensing, while fixing

the distance between the target and reflector. Similar results

are achieved, with gesture recognition accuracy maintained

above 91.21% and breathing rate error kept below 0.8 bpm.
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7 DISCUSSION
Sensing Limitations. (1) The quality of secondary reflec-

tions depends on the environment and reflectors (size, amount,

and materials). For example, secondary reflections can be

significantly attenuated in case of absorptive materials (thick

carpets or acoustic foam). In open environments with fewer

reflectors, the number of effective secondary reflections de-

creases, leading to smaller performance gains. On the other

hand, in such open scenarios, the likelihood of primary reflec-

tions being blocked or encountering interference is also re-

duced. (2) The proposed correlation grouping method works

well for simple motion, e.g., push and pull. However, it is

challenging to group the secondary reflections for complex

motions (e.g., vigorous dancing) which exhibit intricate pat-

terns over space and time. We believe a potential solution

is to leverage deep learning to enhance the grouping of sec-

ondary reflections for complex motions.

Sensing for Mobile Targets. Target mobility introduces

additional interference. The signal variation from the region

of interest (e.g., the chest for respiration or the hands for

gestures) becomes mixed with signal variations from other

body parts, leading to sensing failures. Prior works [4, 9]

have explored this challenging issue, primarily focusing on

primary reflections. These methods can be extended to en-

able sensing via secondary reflections for mobile targets.

For example, by analyzing reflections from different body

regions, motion artifacts caused by other body movements

and device displacement can be identified and eliminated [4].

8 RELATEDWORK
mmWave-based Sensing. mmWave radar leverages the

short wavelength, wide bandwidth, and multi-element an-

tenna array to achieve fine-grained tracking resolution. These

benefits facilitate thewidespread adoption ofmmWave radars

in everyday sensing tasks, such as gesture recognition [31,

33, 48], human activity monitoring [6, 34, 65], vital signs

monitoring [4, 14, 56], material identification [36], speech

recognition [27, 44], blood pressure monitoring [37], and

facial recognition [54, 67]. Despite their great success, the

reliance on primary reflections poses significant challenges

for real-world deployment, as primary reflections can be

occluded, affected by sensing angles, and disrupted by inter-

ference from other targets.

Recent works tackle this issue through additional deploy-

ments, either by introducing extra mmWave radars to in-

crease the number of primary reflections [22, 30] or by lever-

aging metasurfaces to modify primary reflections [32, 49].

While effective, these solutions introduce additional hard-

ware costs and increase deployment complexity. GWaltz [16]

utilizes the observation of coherent multipath reflections

to complement one-dimensional view of the radar, enabling

two-dimensional trajectory tracking of the rotor. Trebsen [10]

optimizes both the transmitter radar and receiver radar’s

waveform to identify a better sensing direction other than the

primary reflection. However, our extensive analysis shows

that typical settings contain multiple secondary reflections,

which can be combined effectively. SeRadar aims to provide

a comprehensive sensing solution using secondary reflec-

tions, without requiring prior knowledge of the reflectors or

environmental settings.

Sensing with Other Wireless technologies. In addi-

tion to mmWave-based sensing, researchers have explored

the use of other wireless technologies for sensing, including

WiFi [23, 60], Bluetooth [11], LoRa [5, 51], and UWB [62, 63].

Among them, WiFi-based solutions are particularly promis-

ing due to WiFi’s widespread coverage. Similarly, these wire-

less sensing systems often suffer from performance degrada-

tion in complex environments, particularly under non-line-

of-sight (NLOS) conditions [39]. As a remedy, recent works

have explored the use of metasurfaces to enhance sensing

reliability [12] or leverage ambient reflected signals in NLoS

environments [26]. Despite the advantages of secondary re-

flections, it is challenging for WiFi sensing systems to adopt

the proposed strategy because the limited bandwidth is in-

sufficient to separate secondary reflections from the primary

ones. Bluetooth and LoRa sensing systems face similar chal-

lenges. Beyond WiFi, UWB-based solutions are also popular

due to UWB’s low power consumption and cost-effective

hardware. It is worth noting that SeRadar’s design princi-

ple of leveraging secondary reflections could be extended to

UWB, given its large bandwidth.

Wireless Localization. Prior research works have ex-

plored the use of multiple reflections for localization and

tracking [58, 64]. For instance, iLocScan [61] models the

indoor multipath propagation and leverages the geomet-

ric relationship between the device and reflection points

for simultaneous localization and floor plan reconstruction.

However, localization and sensing are dramatically different

tasks, and secondary reflections have not yet been exploited

in mmWave sensing. In this work, we introduce secondary

reflections into the ecosystem of mmWave human sensing

for the first time.

9 CONCLUSION
This paper introduces SeRadar, a novel mmWave sensing

framework that systematically exploits secondary reflec-

tions—commonly overlooked in wireless sensing—to tackle

critical challenges in real-world sensing applications. Exten-

sive experiments conducted in diverse settings demonstrate

that SeRadar significantly improves reliability. We believe

this framework advances mmWave sensing towards real-life

adoption and can also benefit sensing applications using

other wideband signals.
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