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Abstract

In this paper, we explore a system to sense the roughness of surfaces,

even if obstructed from the �eld of view. We pose this question

in the context of robotic grasping and manipulation to explore

whether robots can learn the texture of objects prior to grasping

them. Importantly, we seek to do so in a completely contact-free

fashion (ruling out tactile sensors), despite obstructions (ruling

out cameras and lidar). We present mmTexora, a novel roughness

sensing system using mmWave radar. mmTexora leverages ambient

vibrations that produce temporal phase variations to objects in

everyday environments, when perceived by radar. We demonstrate

how these phase variations convey valuable information about the

structure of bumps and ridges on a surface, thereby revealing de-

tails about surface roughness. We then develop a signal processing

and deep learning pipeline that extracts surface roughness from

the signal’s temporal variations. mmTexora uses this information

to classify surface textures when the material type of an object is

known. Conversely, mmTexora can also classify material types for

objects when they are known to have similar textures. We perform

a qualitative study on a robotic arm tested on diverse objects, where

either texture or material type is varied individually. Our classi�ca-

tion model achieves an average surface classi�cation accuracy of

93.7% on 50 surfaces that are commonly seen in daily life, with an

average absolute error of 0.11 mm in roughness measurements.
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• Computer systems organization → Embedded and cyber-
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1 Introduction

In this paper, we ask: Can we use mmWave radars to understand

textured surfaces? The two properties - material type and surface

roughness - are important characteristics that directly in�uence a

robot’s ability to interact with an object. The material of an object

determines key factors such as friction in grasping and manipula-

tion. Even among objects of the same material, surface roughness

provides valuable cues for interaction and manipulation. An ob-

ject’s roughness quanti�es �ne-scale di�erences in surface heights.

For robotic grasping, roughness sensing enables robots to estimate

the coe�cient of friction and apply appropriate forces without

causing damage. For human–tool interaction, roughness provides

intuitive tactile feedback for operation. Applications range from

cognitive research [7, 8], immersive gaming [27, 44], assistive de-

vices [25, 38] to robotic manipulation [11, 36], and teleoperated

operation [37]. A critical �rst step is to identify surface properties,

including roughness and material, to enable real-time feedback.
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Figure 1: The local roughness can generate scatterings with

phase shifts related to ambient vibrations and roughness.

While rich work exists on contact-based roughness sensing (e.g.,

torque [13], vibration [35], microphones [18]), these approaches

inherently require physical interaction with the object. This adds

latency and limits mobility, as such sensors cannot reach distant

objects or hard-to-grasp objects. On the other hand, most non-

contact methods, such as cameras and microscopes, fail in low-light

conditions or when the line of sight is obstructed. In contrast, ra-

dio frequency-based sensing o�ers resistance to obstruction; how-

ever, prior work at sub-6 GHz (e.g., Wi-Fi bands) fails to resolve

micrometer-scale roughness detection with limited resolution and

is best limited to material classi�cation [41, 42, 45, 48]. Recent work

in sub-THz/THz spectrum o�ers promising roughness imaging ca-

pabilities [46, 49], yet they are bulky, expensive, and sensitive to
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Figure 2: mmTexora’s design overview.

environmental dynamics. This motivates us to explore how the

mmWave spectrum (tens of GHz) situated between these frequency

bands can perform accurate roughness sensing.

This paper proposes mmTexora, a surface sensing framework

using commodity 77 GHz automotive mmWave radars. We demon-

strate that, despite operating at a wavelength of a few millimeters,

careful analysis of the radar data can capturemicrometer-level wavi-

ness in surfaces, enabling accurate surface classi�cation. Inspired

by active vibrometry sensing, we develop a learning-based method

that classi�es one surface property: either material or roughness,

when the other is given. Our approach leverages naturally occur-

ring ambient vibration sources in the environment, such as building

ventilation and structural vibrations, eliminating the need for an

external actuator. We implement and evaluate mmTexora on 50

textured surfaces, demonstrating a classi�cation accuracy of 93.7%,

and an average absolute error of 0.11 mm relative to the optical

baselines. To our best knowledge, we are the �rst paper to study

two important surface properties, roughness or material sensing,

through an integrated pipeline from a compact low-cost, single-

modality platform (Table 1).

mmTexora’s key insight stems from a curious phenomenon we

observed: object re�ections producing unexpected phase variations.

This observation emerged from a relatively simple experiment –

placing a single object on a static surface (e.g. table) in front of

the mmWave radar and isolating the desired target. Given that our

entire setup (radar, object, table, etc.) is static, we would anticipate

that the phase remains constant over time. Surprisingly, however,

we observed subtle temporal variations in the phase. We initially

attributed this to system noise; we found that the phase variations

were curiously systematic and correlated very strongly with the

surface roughness of the object. However, this experiment was

surprising in two respects: why does the phase of a static object vary

at all, and how does this variation relate to roughness?

Through a series of subsequent experiments (described in Sec. 7),

we conclude that the source of surface phase variations was due

to the object itself vibrating owing to ambient disturbances – such

as air vents, machinery, fans, etc. In hindsight, this observation is

unsurprising. While the wavelength of 77 GHz mmWave radar is

3.9 millimeters, a displacement as small as 10 microns results in an

observable phase shift of 1.85 degrees. A natural environment, such

as a typical o�ce space (even a quiet one), can easily produce such

levels of displacement from ventilation alone. To validate this, we

clamped the object carefully in an external vibration-free special

environment (validated with a vibration sensor) and observed no

phase shifts. This still leaves the second part of our question: why

do these vibrations and the phase shifts they induce correlate with the

roughness of the object?

To explain the roughness-phase correlation, it helps to under-

stand that the texture of an object ultimately depends on the height

variations of the surface, as shown in Fig. 1. When a radar signal

impinges on a surface, it scatters at di�erent points on the object’s

surface. Each of these points lies at a slightly di�erent distance de-

pends on the precise location where it impinges. Object vibrations

caused by ambient disturbances induce slight shifts in the mmWave

signals’ impinging point on the surface that vary subtly, and these

small di�erences in propagation distance result in measurable phase

variations. These small di�erences in propagation distance result

in measurable phase variations. As an extreme example, a perfectly

smooth surface vibrated parallel to the surface would not produce

phase variations at all. In contrast, a highly jagged surface would

induce phase variations that correlate strongly with the extent of

height variations. Sec. 4 presents a series of validations for phase

variations which are explicable with the roughness-related surface

height variations measured with an optical microscope. Having es-

tablished this correlation, we now ask our main question of interest

– how best can we process the radar signals to classify the roughness?

Our key technical challenge is that the surface roughness in-

�uences the measured radar signal phase in complex ways under

ambient vibrations. Given that these surfaces are vibrated in an

uncontrolled fashion, the precise movement of the surface dictates

the phase variations observed. In other words, the precise phase

temporal variations from any given surface, even with a known

roughness, are extremely hard to predict. Our key insight to resolve

this is to study the distribution of phase variations over time rather

than the precise temporal trend. We rely on a common approxima-

tion that the roughness of any textured surface follows a Gaussian

distribution characterized by root mean square (RMS) heights along

the vertical axis [10]. As a result, under di�use scattering, phase

shifts allow us to capture roughness properties.

The rest of the paper describes our technical approach to learn

roughness features under ambient vibrations in typical environ-

ments with signal multipath. As illustrated in Fig. 2, we �rst perform

background subtraction and utilize the minimum-variance distor-

tionless response (MVDR) across radar chirps to suppress ambient

multipath and strong vibrations of objects that are not of interest.

We observe that most mechanical vibrations occur at low frequen-

cies (0.5 − 5 Hz), allowing even short recordings of 1–2 seconds

to capture su�cient surface responses. Sec. 5 and 6 detail the ne-

cessity of using a data-driven approach to surface classi�cation.

To capture subtle and complex temporal features that might be

overlooked by traditional signal processing pipelines, we adopt In-

ceptionTime [20], a deep learning architecture speci�cally designed

for surface classi�cation tasks.

Applications:mmTexora opens up several applications in the �elds

of robotics and human-computer interaction:

• Surface Identi�cation: mmTexora enables accurate sensing of sur-

face material and roughness, which can help automated quality

control in smart manufacturing, allowing early detection of wear,

defects, or contamination.
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Reference Modality
Coarse-grained Fine-grained No Target Sensor Requirements

Material Sensing Texture Sensing Manipulation Contactless Extra hardware Required

[23, 32, 47] contacted-based Yes Yes No No -

[21, 29] active vibrometry Yes No No Yes Speaker

[26, 40] re�ective tags Yes No No Yes RF tags

[45, 48] radio frequency Yes No Yes Yes Drone/Motion stage

[46, 49] THz spectroscopy No Yes Yes Yes Beam focusing lenses

[41, 42] mmWave Radar Yes No Yes Yes -

mmTexora mmWave Radar Yes Yes Yes Yes -

Table 1: mmTexora exploits surface scattering to enable a single mmWave radar to sense tactile and material without manipu-

lating targets or sensors. We highlight preferred features in green and undesirable components that hinder mobility in red.

• Robotic manipulation: mmTexora can help robots identify sur-

face properties such as friction and texture, allowing robots to

dynamically adjust grip force and motion strategy.

• Augmented Interaction: Surface-aware sensing can enhance haptic

feedback, enabling richer human-computer interfaces.

Limitations: We emphasize a few important limitations of mm-

Texora (details in Sec. 8): (1) mmTexora is designed to classify one

surface attribute at a time (either material or roughness) while

the other remains �xed; we leave simultaneous sensing of both at-

tributes through larger-scale training to future work. (2) mmTexora

performance degrades under signi�cant environmental changes;

therefore, our approach explicitly emphasizes the incorporation of

new calibration data into the training set to help the system adapt

to ambient vibration patterns over days.

Contributions: The paper makes the following contributions:

• We introduce mmTexora, the �rst system that performs single-

modality wireless sensing to identify either one of two key surface

properties: roughness and materials.

• mmTexora pushes the radar object detection from simple material

labeling to �ne-grained roughness characterization.

• We build a data-driven model to perform surface identi�cation

and further predict surface roughness based on ground truth

labels; mmTexora achieves an average classi�cation accuracy of

93.7%, and an average absolute error of 0.11 mm in surface heights

along 50 surfaces with mixed materials and roughness.

• We build a prototype system using commercial radars and evalu-

ated its performance in a variety of scenarios, including a robotic

grasping arm in a manufacturing facility.

We implement mmTexora on a commercial mmWave radar

testbed (TI IWR1843Boost [1]) and evaluate system performance

on 50 di�erent textured surfaces. We perform microbenchmark

studies to show the system’s resilience and robustness in Sec. 7.

We demonstrate that mmTexora can learn new surfaces with a few

calibration samples provided. We further train the network model

to estimate surface roughness as height variations and compare

with the optical pro�lometer’s ground truth measurements.

2 Related Work

We outline prior work on material and roughness sensing in Table 1.

Contact-based multimodal tactile sensing: Haptic sensing on

textures and roughness plays a key role in human-computer interac-

tion and robotic applications. Singlemodalities such asmicrophones

and friction sensors are used to infer roughness upon contact with

a surface [18, 24, 28, 31, 33, 35]. Some work explores multi-modal

processing, combining vision-based, microphones, and vibration

sensors to improve classi�cation accuracy [22, 23, 32, 47]. In this

work, we explore an entirely contact-free wireless solution that

avoids any damage or contamination of the targets.

Optical pro�lometer: Optical pro�lometer is a more advanced

non-contact solution, which measures surface topography at sub-

nanometer resolution [5, 17, 39]. The pro�lometer can illuminate a

testing area with laser or white light to synthesize high-resolution

3D surface scans and quantify roughness as distance pro�les along

elevation and horizon. However, this equipment is specialized for

laboratory use and is neither a�ordable (costs approximately $5,000)

nor portable for mobile or robotic systems. We use a Kayence VR-

5000 pro�lometer [5] to collect ground truth data.

Radio Frequency based material sensing: Radio frequency (RF)

systems for material detection fall into three broad categories: RFID

tags, mmWave radar, and other commodity wireless technologies.

RFID-based sensing [40, 43] measures frequency shifts from tags

attached to the targets, whose impedance matching changes as

the material’s dielectric properties di�er. IntuWition [45, 48] uses

commodityWiFi channel and polarization to identify material types.

[41, 42] explores mmWave radar and range-azimuth readings to

classify materials [21, 26, 29, 50].

RFVibe [29] is the closest to our work, which leverages actively

generated acoustic signals to induce amplitude and phase changes

in radar re�ections from di�erent materials. mmTexora di�ers from

this work in two ways: (1) mmTexora uses ambient vibrations in-

stead of active vibrometry with fewer constraints on setup; (2)

mmTexora senses surface roughness while RFVibe senses mate-

rial properties only. To the best of our knowledge, prior mmWave

radar sensing systems across the board do not sense roughness.

As summarized in Table 1, existing methods either largely over-

look roughness features or depend on active motion, either from

the sensors themselves or via manipulation of the objects being

sensed. In contrast, our approach focuses on leveraging ambient

environmental signals to infer surface characteristics.

Terahertz surface scattering: Terahertz spectroscopy uses broad-

band RF radiation (0.1-10 THz) with lenses to collimate and focus

its short-wavelength (30 um to 3 mm) signals to sense surface

height pro�le with line-of-sight captures [30, 49]. However, their
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bistatic transceiver con�guration is highly sensitive to incident an-

gles, occlusion, and mechanical setup – even a displacement at the

submillimeter level can introduce signi�cant artifacts. In contrast,

mmTexora aims to provide a comparable sensing resolution for

mobile contexts with tolerance to interference and blockage.

3 Primer on Surface Sensing

3.1 mmWave Radar Sensing

mmTexora uses a mmWave frequency modulated continuous wave

(FMCW) radar with 2 transmitters (TX) and 4 receivers (RX) to

capture re�ected signals from surfaces of interest. Speci�cally, we

measure the signal amplitude and phase shift over a sampling period

to characterize both thematerial and texture. The received signals

at the Ĥth RX antenna and the chirp ġth can be denoted as:

ĕĤ,ġ (Ī) =

ĐĔ
∑

ģ=1

Ă ∗ ěĮĦ

(

2ÿ Ġ ĜĥĪ + ÿ Ġ
þē

Đ

(

Ī −
Đ

2
− ġĐ

)2
)

(1)

, where Ă denotes the complex re�ective coe�cient and þē is the

bandwidth of the chirps with starting frequency Ĝĥ and a duration

of Đ at instant Ī . Conventional FMCW radar estimates target range

using Range FFT amplitude; unfortunately, its range resolution is

limited by bandwidth ( ę
2þē ), up to 3.8 cm for our 77GHz radar.

To achieve a �ner resolution, we can exploit phase information at

the ġth chirp: ą = 2 ∗ 2ÿ Ě
ą
traveling round-trip distance 2Ě . The

phase di�erence between the chirps re�ects displacement from

scattering or vibrations, with a resolution limited by the chirp rate:

�Ě (ġ, ġ − 1) =
�ą (ġ,ġ−1)ą

4ÿ . Consequently, relying solely on phase

information may misrepresent vibrations that occur faster than the

sampling rate or evolve more slowly across multiple data frames.

3.2 Radar Scattering Fundamentals

Here, we discuss some basic concepts on how mmWave signals

scatter from textured surfaces. We ask the following question. How

does surface roughness in�uence its re�ectivity?

Surface properties and scattering:While material sensing has

been well studied [41, 42, 45, 48], mmTexora also investigates tex-

tures. We consider roughness as minute variations in surface height

on the microscopic scale, as shown in Fig. 3. Mathematically, rough-

ness is characterized by the standard deviation of horizontal varia-

tion (RMS height) from the lowest horizon on the surface. Typical

machinery tools require smoothness with height irregularities less

than 5 um. Fabrics and furniture usually have ℎĨģĩ ranging from

ten to a hundred micrometers. Rough surfaces that human �ngers

can feel or visually identify as rough, such as stones and carpets,

have ℎĨģĩ in hundreds to thousands of micrometers [3]. We hy-

pothesize that these microscopic height variations induce di�use

scattering, as incident waves are dispersed in multiple directions.

We will analyze and evaluate this e�ect in detail in Sec. 4.

Electromagnetic Roughness: According to the Raleigh scattering

criterion [10] a surface is considered electromagnetically rough if its

RMS height exceeds approximately ą
8
(e.g. occurs if ℎĨģĩ < 0.49mm

for 77 GHz radar), causing signi�cant di�use scattering of incident

waves. Fig. 3 shows the scanned image of a rough carpet obtained

with an optical pro�lometer, where the heat map represents the

height pro�le (Fig. 4) – a typical electromagnetically rough surface.

4 Understanding Surface Roughness and Radar

In this section, we investigate how rough surfaces a�ect mm-Wave

radar responses, considering that objects undergo ambient vibra-

tions. Previous research [15, 16, 30, 49] has investigated electromag-

netic wave scattering and roughness through the integral equation

model (IEM), where the surface’s RMS heights exhibit a Gaussian

distribution (Fig. 4). Speci�cally, we leverage the IEM to estimate the

re�ected waves as a function of signal frequency, incident/receiving

angles, and RMS height distribution. We simplify this scattering

model to better �t monostatic radar (i.e., co-located transmit and

receive antennas), where we assume the receiving angles equal

the incident angles: ĂĨ = Ăğ and čĨ = čğ for elevation and azimuth,

respectively (Fig. 3). This simpli�cation facilitates the interpretation

of surface scattering e�ects from roughness, which we summarize

as being primarily dominated by ambient vibrations and character-

ized in two dimensions: signal phase and amplitude.

4.1 Signal Phase and Surface Roughness

We�rst explore ambient vibrations on the phase of mmWave surface

scattering using proof-of-concept experiments and explore its cor-

relations with surface texture. We present a series of experiments

to reveal the following key insights.

Ambient vibrations subtly alter radar phase: Ambient distur-

bances cause objects to vibrate slightly, leading to subtle shifts in

the point where mmWave signals strike the surface. Environmental

vibrations typically exhibit low-frequency periodicity of 0.2-2 sec-

onds (10 radar frames for our con�guration). A full micro motion

cycle spans tens of chirps (about 64 us per chirp and 20 ms per

frame with idle periods between chirps). This implies that we need

to observe multiple chirps, or frames that contain a pack of chirps,

to visualize the in�uence of ambient vibrations on radar.

Temporal phase data captures information on texture: Recall

from Sec. 3.1 that the phase change is proportional to the level

of micro-motion displacement induced by ambient vibration and

scattering. In an ideal world without vibrations, we should expect an

absolute constant phase value versus time in a perfectly static set-

ting, even from a surface that can induce strong di�use scattering. In

practice, however, subtle environmental vibrations cause dynamic

scattering at di�erent points on the surface, leading to time-varying

radar phase responses. We formulate the phase changes from ambi-

ent vibration and di�use scattering as follows:

�ą (Ī) =
4ÿ�ℎĨģĩ

ą
ýĬğĘĩğĤ(2ÿ ĜĬğĘĪ) (2)

, where�ℎĨģĩ is the height change on themicroscale due to the vari-

ation of the scattering point on the surface, and ýĬğĘĩğĤ(2ÿ ĜĬğĘĪ)

approximates the vibration of the ambient environment at a cer-

tain strength ýĬğĘ and time Ī . Although it is clear that signals do

indeed capture a texture-dependent component (i.e. ℎℎĨģĩ ), it re-

mains a challenge to isolate it from all other extraneous factors

(e.g., environment/vibration-dependent terms) – the main problem

we tackle in this section.

Multipath phase components combine within chirps:While

the IEM test can predict the power of the scattered signal, it does

not capture phase information. To remedy this, we assume that

scattered paths interfere consistently within a chirp and are uniquely
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in�uenced by the height distributions. Such di�use scattering from

surface texture causes each point to contribute a distinct phase

delay. Since the chirp duration (64 us) far exceeds the total propa-

gation delay of multipath signals (a signal can travel 9000 meters

in that time), the received phase e�ectively sums up these delays.

This e�ectively creates a direct link between the signal’s phase

components and the surface height distribution – i.e. roughness.

We visualize this observation in Fig. 5, which shows that both

external vibrations and surface scattering contribute. In fact, they

modulate the radar echo simultaneously, capturing both surface

texture and ambient clutter. Fortunately, we �nd although clutter

vibrations dominate absolute phase and amplitude shifts, the relative

phase and amplitude variations preserve texture-related features. For

example, temporal phase variations are more pronounced and stable

for a rough wooden surface than for a smooth surface (Fig. 5 and

Fig. 6c). We build on this insight to develop our texture feature

identi�cation in Sec. 5.

Ambient vibration induced phase shifts are observable well-

above phase noise: A natural question is whether the phase shifts

induced by ambient vibrations are detectable above the noise, such

as thermal noise or hardware imperfections. Could these noise

sources alone account for the unexpected phase variations, over-

shadowing the e�ects of surface scattering? In fact, Fig. 6a validates

that our radar’s phase noise is far below the phase introduced by

the ambient vibrations. We observe the near-�eld phase response,

demonstrating high noise from spherical propagation, while a far-

�eld range bin with no objects exhibits minimal phase changes.

Meanwhile, phase measurements are largely stable in locations

further away, albeit with negligible levels of thermal noise. We note

that careful radar con�guration, tuned to the periodicity of ambient

disturbances, is crucial for accurately capturing phase variations.

Speci�cally, mmTexora uses frames of 32 chirps, each 64.13 µs long

with 10 µs idle between chirps and a frame duration of 20 ms.

Roughness-to-Phase correlation remains consistent: In dif-

fuse scattering, re�ections from small surface wavinesses cause

phase changes even within a single range bin (Eq. 2). By comparing

the unwrapped phase between materials, we �nd that the phase

variations remain consistent in the same clutter, as shown in Fig. 6b.

Interestingly, we observe that smooth surfaces are slightly more

vulnerable to changes in clutter. Since the phase is sensitive to

sub-wavelength displacements, scattering tends to augment the

randomness and decorrelation in the unwrapped phase pattern in

Fig. 6c. This �nding implies that the �ne-grained texture changes

in the target are traceable.

4.2 Signal Amplitude and Surface Roughness

In this section, we show that beyond the signal phase (our focus thus

far), signal amplitude also proves pivotal in learning the surface.

Surface material is highly correlated with RF re�ectivity, de-

spite vibrations: As we described in our primer (Sec. 3.2) and prior

material-sensing papers [29, 45, 48], RF re�ectivity measured from

amplitude is strongly in�uenced by the material type. Interestingly,

this amplitude vs. re�ectivity relationship is preserved, even in

the presence of both subtle and strong variation in the environ-

ment (Fig. 5). In Fig. 7e, we observe that the higher-order multi-

path bounces appear as weaker peaks in further range bins, and

in Fig. 7f, we observe that rough surfaces produce stronger higher-

order bounces than smooth ones, as they tend to di�use power

more sideways. This is consistent with prior results [29, 45, 48]

since ambient vibrations are unavoidable. It is unsurprising, given

the fact that ambient vibrations in�uence signal phase much more

than amplitude. We next show that we can, in fact take advantage

of these subtle amplitude changes to detect texture (rather than

material) as an addition to signal phase.

Roughness impacts amplitude changes, not its absolute value:

Conventional radar-based material sensing focuses on analyzing

absolute Range FFT amplitude to infer re�ectivity. In contrast, we
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aim to �nd the relative temporal-amplitude variations that stem

from radar scattering changes. Fig. 7c and 7d show the Range FFT

comparing the textures of materials with di�erent roughness. Our

observations show that both the material type and the surface

texture signi�cantly a�ect the re�ectivity. Notably, when comparing

wooden samples that only vary in roughness, we �nd that di�use

scattering leads to rapid changes in re�ected amplitude. This is

because rough surfaces tend to occasionally scatter back more

power when paths constructively interfere as the object vibrates.

This behavior explains why previous work [29, 45, 48] could only

support coarse material classi�cation but struggle with textures:

textures add ambiguity to the Range FFT, hindering the classi�cation

task that simply utilizes re�ected power from a single time snapshot.

Roughness-to-amplitude correlation can be enhanced with

carefully chosen radar parameters: Next, we discuss how vari-

ous parameters of the radar systemmatter. We observe that mmTex-

ora isminimally a�ected by signal frequency variations from FMCW

chirps. To evaluate this, we performed the IEM test [15, 16, 30, 49]

using a known ℎĨģĩ = 1ģģ and estimated the scattering behavior.

Fig. 8a illustrates the radar’s beam pattern, and Fig. 8b simulates

the normalized signal power received from a point re�ector along

the elevation and azimuth axes. We then incorporate the surface

height parameters (i.e. ℎĨģĩ = 0.5ģģ), where Fig. 8c shows the

normalized re�ected power of a textured surface along the two

axes. We observe that the varying frequency of chirps has a neg-

ligible impact, except at extreme incident angles. In Fig. 8d, we

map the scattering pro�le to the radar’s re�ectivity test in Fig. 8b,

which suggests that placing the test sample near the center of the

radar �eld of view yields the best performance. As highlighted in

Fig. 8e, where we compare the measured results of a small surface

of ℎĨģĩ = 0.61ģģ, it has a matched power distribution with simula-

tions. Thus, to achieve good detection, we �rst apply conventional

range-azimuth methods to locate the object and maximize signal

quality.

5 Signal Processing for Feature Robustness

Resilience to noise, interference, and clutter limitations: We

�nd that projecting target data onto a reference background can

help isolate the target and reduce multipath e�ects when captures

are close in time. Speci�cally, we record two measurements, one

with the surface and one without, for cancellation, but these dy-

namics do not always cancel out. We empirically �nd that reference

capture is helpful only if taken within a short period, approximately

10 minutes; otherwise, the ambient vibrations change fundamen-

tally and would further pollute the data. We discuss the impacts of

these factors in Sec. 7.6. In addition, we leverage the radar channel
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Figure 9: Exploratory studies to identify time series phase changes are unique features of surface roughness.

to further zoom in on the target surface. Our radar provides 8 vir-

tual channels (2 TX and 4 RX). We apply the Minimum Variance

Distortionless Response (MVDR) algorithm to optimize the beam,

focusing on the surface while suppressing distortion and preserving

the target phase with minimal interference. We then isolate the

temporal phase response by subtracting theMVDR-enhanced ampli-

tude from the original range FFT output, increasing the sensitivity

to subtle variations within the target’s range bin.

Temporal feature resilience to vibrating clutter: Building on

observations in Sec. 4, we postulate that the radar Range FFT’s

temporal changes are directly related to texture. However, the most

critical challenge mmTexora faces is to e�ectively extract surface

scattering information when it is buried far below the contributions

of ambient vibrations. Inspired by speech recognition, which iden-

ti�es words despite variations in voice and pitch, we aim to extract

features from surface temporal data for classi�cation tasks, treating

ambient vibrations as analogous to noise in tone and pitch. From

there, we attempt Dynamic Time Warping (DTW) as a proof-of-

concept metric to guide the design of our classi�cation algorithm

in Sec. 6. DTW paths can measure the similarity between two tem-

poral sequences that can be misaligned [6, 12, 14]. Interestingly, we

observe a stronger alignment, with paths lying closer to the diago-

nal, for two radar captures of the same surface in Fig. 9a and Fig. 9c.

In contrast, even visually similar carpets in Fig. 9a show distinct

DTW paths. To demonstrate further, we run a small-scale nearest

neighbors (DTW-1NN) classi�cation on two carpets and two rubber

surfaces with data from di�erent days and locations (Fig. 9e). This

result con�rms that the temporal data retain meaningful rough-

ness and material cues, despite unpredictable ambient vibrations,

making this problem well-suited for a data-driven solution.

6 Classi�cation and Roughness Model

6.1 Time-series Deep learning model

Why we need a data-driven approach? In Sec. 5, we have shown

that traditional time series similarities such as DTW can help iden-

tify the hidden clues of the temporal-amplitude and temporal-phase

features related to surface properties. However, is the problem solved

with a simple DTW-1NN classi�cation? The short answer is no.

Choosing the optimal model: Unfortunately, the simple DTW-

1NN model struggles to scale due to its inability to capture hidden

features behind clutter noise, its high computational cost, and its
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Figure 10: InceptionTime network architecture for mmTex-

ora time series classi�cationwith simpli�ed bottleneck layer.

susceptibility to learning hidden patterns in the presence of vary-

ing ambient vibrations, making it unsuitable for surface roughness

prediction.We can observe notable detection errors in Fig. 9e. There-

fore, we implement a data-driven approach that can better extract

hidden features with larger datasets. Although time-series data are

inherently challenging for extracting physics-based insights in vi-

brometry, we prefer InceptionTime over recurrent neural networks

and long short-term memory models due to its ability to simultane-

ously capture both short- and long-term features [20]. One unique

advantage is that InceptionTime does not require careful tuning

and saves computational resources with parallelized convolution

layers, which instead is �ltered and parameterized based on the

data sampling rate. This feature adds robustness against over�tting

and vanishing gradients; thus, we choose InceptionTime.

6.2 Neural Network Architecture

Owing to the inherent challenge of modeling physics-based dis-

criminative features from the vibrating clutter, we choose Inception-

Time architecture to extract the hidden features primarily through

a data-driven method. InceptionTime model is a convolution-based

set of multiple Inception modules that learns features simultane-

ously [20]. From Sec. 3, we have concluded that the temporal trends

in amplitude and phase can re�ect surface properties, however,

ambient vibrations might obscure these subtle features. To address

this problem, we leverage InceptionTime �lters [19], transforming

the classi�cation model’s inputs to a concatenation of multivariate

time series with reduced complexity.

Fig. 10 illustrates the architecture of the model. Speci�cally,

we �rst normalize the amplitude and phase time series obtained

from the radar digital signal processing pipeline. We applied a

sliding-window approach with smoothing and local peak detection

to highlight temporal trends. These �lters are independently and

automatically parameterized to the temporal data based on radar

192



SenSys ’26, May 11–14, 2026, Saint Malo, France Yawen Liu, Bert Shan, and Swarun Kumar

Through-occlusion

Battery

Data collecting laptop

Occlusion: object 

inside box

Occlusions: cardboard, 

acrylic and plastic bag

Radar

Surface of interest

Environment 1 Environment 2 Environment 3

Detect multiple surfaces

Radar

Figure 11: Experiment setup and environments

1 2 34 5 6 7 820 21

9 10 15 1612 17 4618 1913

14 22262524 292827 23 47

30 34333231 48 35 36 37 38

45 501149414039 444342

10mm paper plastic fabricplastic

fabric

rubber

metal

foam

leather

mixed material

knitted 

wood

flooring

Figure 12: Experiment surfaces; Index of surface stays the

same for all evaluation �gures

chirp con�guration, transforming them into a concatenation of a

4-channel �nal input with normalized phase, normalized amplitude,

and �ltered local peaks and troughs.

To further mitigate the perturbations from unknown vibrations,

we introduce a bottleneck layer with a 1D convolution to reduce

the dimensionality of the multivariate time sequences. Three con-

volution kernels with 10, 20, and 40 time steps are used to extract

features in parallel. This allows the network to e�ectively capture

both short-term and long-term features. To further enhance the

stability, a stride one MaxPooling layer with a pool size of three

is applied, followed by a 1D convolution. The output of parallel

convolutions and MaxPooling is concatenated at each module. The

cascaded Inception modules can extract hierarchical features, inte-

grating with conventional layers for more e�ective residual con-

nections. The trained results �nish with an average 1D pooling,

and a softmax dense layer for predictions.

7 Evaluation

7.1 Evaluation Setup

Hardware and data collection: mmTexora uses the 77 GHz TI

IWR1843BOOST front-end (2 TX and 4 RX antennas used) with the

DCA1000EVM [1, 2] evaluation board. Data were collected through

mmWave Studio and Python socket connections.

Experiment setup: We evaluated mmTexora at 5 locations across

2 di�erent buildings, including a typical o�ce setup and a use

case study in a manufacturing facility with a Yaskawa GP4 indus-

trial robots [4] for grasping, as shown in Fig. 11 and Fig. 20a. We

conducted data collection over several weeks to ensure diversity

from clutter and ambient changes. The target surfaces were placed

between 0.2 m to 2 m from the radar in four setups: a tripod, a pre-

sentation board, a table, and a robotic arm manufacturing platform.

Each data capture consisted of 80 frames in 1.2 seconds.

Surface properties: We collected a large data set that includes 50

di�erent surfaces, spanning 11 material types and varying rough-

ness (Fig. 12). All surfaces were standardized to 8×11 inches for

direct comparison. To isolate roughness from material, we crafted

multiple wooden squares from a wood panel (surface 36 in Fig. 12)

with di�erent levels of roughness using sandpaper and tools. This

allows us to evaluate whether mmTexora identi�es the true texture

of the surface rather than the simple composition of the material.

Evaluation standards:We design mmTexora to perform classi�-

cation on a single property at a time, where the output corresponds

either to a surface category label or to an estimated surface rough-

ness value. However, the sensing precision and model capacity are

su�cient to jointly infer multiple surface properties simultaneously.

To validate this capability, we performed experiments on a data

set that includes (i) surfaces with di�erent materials but similar

texture or roughness characteristics and (ii) surfaces composed

of the same material but showing di�erent levels of roughness in

Sec. 7.7. The classi�cation performance remained consistent across

both conditions, demonstrating the system’s ability to measure one

of material types or roughness, when the other remains �xed.

Dataset and metrics: To facilitate training, we obtain a total of

5,270 radar captures. Our main evaluation uses 70 percent of the

data split for model training and the remaining for testing, in a

non-overlapping manner. We trim all data captures to the same

frame length so that our InceptionTime model has a consistent

number of dimensions for all input time series. We �rst present the

overall accuracy (in %) and classi�cation matrix (CM) results for

detecting 50 surfaces, types of materials, and levels of roughness in

ℎĨģĩ measurements.

Ground truth and baselines:We use ground truth measurements

from a Keyence VR-5000 optical pro�lometer [5] to label the rough-

ness metrics, ℎĨģĩ , in micrometer scale. In the rest of the evaluation

section, we train and test the network 20 times for classi�cation

tasks and 10 times for numerical roughness estimates with di�erent

training and testing sets to verify stability and robustness. The re-

sults are compared with the baseline work [29] originally developed

for material detection 1 and ground truth measurements from the

pro�lometer. We did not use a speaker like that in RFVibe [29], but

only their feature extraction and classi�cation pipeline on our data.

7.2 Surface Classi�cation

Experiement. We �rst present the overall performance of mm-

Texora in three classi�cation tasks: (1) identi�cation of 50 textures

from the training dataset; (2) detection of material types with 11

classes, metal/non-metal/RF absorbing labels, and binary hard/soft

labels; (3) coarse-grained roughness level labeling. Training and

testing data were randomly selected from a mix of experiments at

di�erent times and locations. For material detection, we group the

1We add the caveat that while these systems were not designed for texture, we simply
explore the performance to sense texture with their material sensing pipeline – because
we lack prior art performing radar-based texture sensing as baselines.
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Figure 13: Performance on di�erent detection tasks.

50 textures in 11 classes, including paper, plastic, and plastic fabrics

(coated with re�ective, shining surfaces), regular fabrics, leather,

rubber, wood, foam, �ooring materials, metal, and knitted surfaces

(metal grids, silk, and tablecloth). When labeling texture features

with roughness levels, we divide them according to the distribution

of ℎĨģĩ into 3, 5, and 10 sub-levels.

Result. mmTexora achieves an average accuracy of 93.7% classify-

ing 50 surfaces, which is 18% higher compared to the baseline as

shown in Fig. 13a. Fig 14 shows an example of confusion matrix re-

sults sorted by material types. Since RFVibe [29] leveraged a similar

phase feature through an active, controlled vibrometry method us-

ing a speaker, they provide some capability to generalize to ambient

vibrations and can distinguish some surfaces with an average accu-

racy of 75.3% classifying 50 surfaces and 76.8% estimating roughness

labels, but still signi�cantly lower than mmTexora’s performance.

Since RFVibe leverages the same temporal-phase features, it can

distinguish between some surfaces of the same materials and di�er-

ent textures from the ambient vibrations. In contrast, mmTexora’s

main advantages are that it does not require active vibrometry like

RFVibe and can eliminate the need for additional hardware (e.g., a

speaker), while still maintaining robust performance under ambient

clutter and vibrating sources.

We observe that mmTexora outperforms the baseline in both

material and roughness detection. As shown in Fig. 13b, the perfor-

mance still achieves an accuracy of 78.0% with 6 training captures

for each surface. mmTexora’s performance in detecting material

types undergoes multipath and environmental variations, can still

provide a promising accuracy of 92.6%, 95.1%, and 93.2% for three

di�erent material characterization tasks in Fig. 13c. This results lead

to another advantage of our design: mmTexora with a simple Incep-

tionTime network can generalize to new environments and unseen

surfaces with a few calibration data. In comparison, RFVibe, which

uses a convolutional model that requires careful tuning of weights.

7.3 Material and roughness classi�cation

Experiment. We evaluate mmTexora’s classi�cation performance

among the two surface properties, showing confusionmatrix results

from the overall performance in Sec. 7.2.

Results. Fig. 15 illustrates the confusion matrix among all 50 sur-

faces; Fig. 16 illustrates the confusion matrix of all surfaces into

10 di�erent levels of roughness. We observe in general, promising

accuracy of more than 90% for detecting materials. When we sep-

arate the surface roughness into levels, we observe that only one

level, between 227 and 337 um yields our poorest (worst-case) ac-

curacy of 84%. This is caused by the abundance of surfaces that fall

into this range compared to other levels. In fact, the more di�erent

the surface roughness, the higher the accuracy, because the radar

responses can be easily distinguished.

7.4 Roughness detection on surfaces made of
the same material

Experiment. mmTexora’s main goal is �ne-grained surface rough-

ness estimation. To ensure we are not characterizing the minute

di�erence in the surface material, but are truly extracting surface

textures, we evaluate mmTexora’s performance in two di�erent

ways: categorizing the surface roughness into labels for classi�ca-

tion, and predicting the numerical ℎĨģĩ measurements as described

in Sec. 4. We chose one material and created di�erent surface rough-

ness with the same size and weight as mentioned in Sec. 7.1 and

followed the same experiment setup in Sec. 7.2.

Results. Fig. 17a shows the confusion matrix on detecting surface

roughness on wooden planks. We can observe that the sandpaper

and tool-scratches successfully created signi�cant variances from

their ground truth scans in Fig. 20b. We observe that most samples

can be identi�ed with high accuracy, with the sanded pieces with a

75% accuracy. This challenge may arise because the hand sanding

was uneven, resulting in irregular surface roughness. Similarly,

we also test mmTexora on rubber with di�erent surface textures

as labeled in Fig. 12. The confusion matrix in Fig. 17b show both

rubber 30 and rubber 32 have excellent detection accuracywith their

unique patterns. Although rubber 34 and rubber 48 are visually

dislike in their textures, rubber 34 only achieves 67% accuracy

because it is a thin layer of soft rubber, which can easily bend.

7.5 Numerical predictions on roughness

Experiment. To predict surface roughness numerically, we extend

the network model in Sec. 6 by adding a 16-unit layer using a

recti�ed linear unit (ReLU) activation function followed by a single-

unit linear output layer. We calculate the loss as the mean squared

error between the measured RMS height and the output estimate

of the roughness measurements. We evaluate the model with 30

testing samples on each surface and compared their estimated mean

and standard deviation with ground truth measurements.

Result. Fig. 18a shows the RMS height estimates for all testing data

split from the 50-surface dataset. We observe that the estimations

have a good match with the measured ground truth; nevertheless,

the error increases for surfaces with smaller RMS height. Unfortu-

nately, this is an inherent challenge because of the limitations of
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Figure 17: (a) - (b) Confusion matrix of roughness detection

of surfaces made of the same material. (c) - (d) Predicted ℎĨģĩ

as roughness measurements compared to ground truth.

manual experiments - the error of ground truth measurements also

increases for smooth surfaces with tiny ℎĨģĩ < 10 īģ.

Compared to previous work using THz spectroscopy [46], which

reaches an absolute error of 0.039 mm in RMS height estimation,

mmTexora achieves a median absolute error of 0.041 mm in RMS

height estimation and an average absolute error of 0.069 mm. We

�nd that mmTexora achieves comparable performance, while it can

signi�cantly reduce the costs of the hardware sensor. We note that

mmTexora achieves good estimation accuracy for the surface with

ℎĨģĩ > 0.1ģģ, as shown in the CDF results of all 50 surfaces in

Fig. 18b. Due to the wavelength limitation of the mmWave signals,

our system cannot achieve the same level of repeatability as optical

microscopes (ground truth methods have 4.0 um accuracy and 1.0

um repeatability [5]). mmTexora’s estimations on the 50 surfaces

dataset yield a median of 77 um standard deviation. We believe this

is still a valuable performance, considering that our mmWave radar

has a wavelength of 3.9 mm. Hence, mmTexora can detect surface
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Figure 18: Numerical estimations on roughness ℎĨģĩ of all 50

surfaces and the comparison to ground truth data.

features 50 times smaller than the radar’s wavelength. We calculate

an average absolute error of 0.11 mm and a median absolute error of

0.0398 mm for the estimations on the 50 surfaces, with the smallest

absolute error of 7 microns from ground truth.

7.6 Microbenchmarks

(1) Impact of surface area. It is important to see how surface area

sizes can alter system performance. In Fig. 19a, we compare three

sizes, with the four surfaces with samples cut into squares of 15 cm,

20 cm, and 25 cm, and �t to our model trained in the main results.

We observe that 8-by-11 inch (20.3-by-27.9 cm) samples achieve the

highest precision, since they match the surface size of the training

data. The overall test precision �uctuates less than 4.9%. A larger

area leads to better detection performance, while a smaller area

leads to greater variability and a larger standard deviation.

(2) Impact of calibration data on roughness estimations. We

also perform roughness estimation experiments on testing samples

of di�erent sizes in Fig. 19b. Four surfaces with divergent roughness

are used as testing data to �nd the absolute error in ℎĨģĩ before

and after calibration. The solid lines show the mean absolute error

on the model tested without calibration data; the dashed lines show

the results after calibration on 6 data samples. We observe smaller

absolute errors after calibration; using a larger surface area sample

also reduces this error. We calculate a mean absolute error of 0.174

mm and 0.076 mm before and after calibration, respectively.

(3) Calibration to occlusion and changing clutter.Owing to the

reliance on feature extraction and interference with ambient clutter,

mmTexora requires calibration captures to generalize to unknown
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Figure 19: Micro benchmark studies on mmTexora under di�erent parameters and scenarios: (a) impact of testing surface

area size; (b) roughness estimations vs. surface area with and without calibration data; (c) impacts of calibration captures on

obstructed objects; (d) impacts of di�erent occlusions; (e) detecting multiple surfaces; (f) impacts of background cancellation;

(g) compare individual mmTexora features; (h) compare performance with data collected across days; (i) generalization to

unknown environment and known surfaces; (j) generalization to unknown environment and unseen surfaces.

surface sizes or clutter changes. On top of the trained model on the

same surfaces but �xed sizes and no occlusions, we vary the calibra-

tion data size to �nd the minimal number of captures required to

achieve e�ective performance. We place a total of 8 surfaces (used

in Sec. 7.4) behind the occlusion objects as shown in Fig. 11. As in

Fig. 19c, we observe that introducing 3 calibration captures reaches

58.0% accuracy, and using more than 6 calibration captures yields

82.3% accuracy, comparable to tests without occlusions. Similarly,

we also compare calibration results for di�erent days in Fig. 19h

and conclude that the preferred number of calibration samples is 6.

(4) Impact of occlusion types. For vision-based and contact-based

sensing methods, loss of line-of-sight data collection can lead to

complete system failure. To verify performance change in non-

line-of-sight conditions, we place our objects of interest behind a

plastic bag, an acrylic sheet, and a cardboard box(Fig. 11), and then

classify the material and roughness levels. We calculate an average

accuracy of 73.4%, 59.7%, and 81. 3% to identify roughness levels

(up to 10 levels) and 66.5%, 67.5%, and 48% to identify materials

behind the three occlusions, respectively, in Fig. 19d. This result

matches our expectation, as obstructions attenuate the signal power

and introduce additional multipath. Interestingly, we found that

roughness detection is more robust than material detection. We

believe that this is caused by the fact that the temporal-phase feature

is closely correlated with the surface scattering as described in

Sec. 4 – unwrapped phase does not change substantially when

signal power drops, making it less in�uenced by the obstructions.

(5) Impact ofmultiple objects and placement.To testmmTexora

with multiple objects presented in the radar �eld-of-view and to

use beamforming techniques to isolate each object. We evaluate

classi�cation accuracy directly without any calibration steps with

features extracted from the corresponding Range-FFT bins of each

surface using the trained model with 50 surfaces. We consider a

total of 6 combinations, placing three surfaces at di�erent azimuth

angles as in Fig. 11. Fig. 19e shows an average classi�cation accuracy

of 61.6%, 67.3%, and 63.1% for objects at −20◦, 0◦ and +20◦ from the

radar’s perspectives. We show mmTexora has some resilience to

multiple targets and �nd that the objects in the center exhibit the

highest detection performance, as expected from Sec. 4.2.

(6) Impact of individual features and background cancella-

tion.We discuss the importance of background cancellation and

two individual features, amplitude and phase, in Sec. 5. We evaluate

mmTexora with and without background cancellation, and then

repeat the same experiment on individual features. Fig. 19f shows

that subtracting a misaligned background can pollute the data and

degrade the performance. When conditions permit, clutter subtrac-

tion leads to a small increase in accuracy of 1.4%. This implies that

clutter subtraction is not always required if the model has been

trained well in known environments. According to Fig. 19g, we

observe that using both features outperforms individual features

by 8.3% and 12.2% for amplitude-only and phase-only classi�cation.

(7) Generalize to unseen environments and surfaces. Fig. 19i

shows a confusion matrix when we deploy mmTexora to a robot

arm, but train themodel with datameasured elsewhere.We �nd that

mmTexora can generalize to unknown environments and unseen

surfaces, albeit with some performance loss. Fig. 19j predicts the

4 rough wood planks (surface 36 is excluded from training data)

using a model trained with the other wooden surfaces in Fig. 12 35,

37, 46, and 38. Although the absolute error increases to 0.0291 mm,

mmTexora can still predict the roughness at the correct magnitude

and scale. This demonstrates mmTexora ’s potential to predict

surface roughness even when the exact surface has not been trained,

allowing similar surfaces to be used for generalization.
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Figure 20: Qualitative study deployingmmTexora in an indus-

try environment and commercial robot arm grasping objects

using a pre-trained model with three calibration attempts.

7.7 Qualitative Studies on Robotic Arm

Real-world use case study. To access the real-world performance

of mmTexora, we perform experiments in a factory-like setting on

a grasping robotic arm, where we �nd that such a manufacturing

facility contains richer ambient vibration sources. Subsequently,

we leverage 3 calibration captures to adapt the model trained from

the quieter o�ce setup. We test on surfaces 13, 14, 32, and 36; in

addition, we test the four wooden planks with di�erent roughness

(Fig. 20b). We mount the radar to a robot arm, facing the operating

platform, as shown in Fig. 20a.

Result. The results in Fig. 20c indicate the robustness of mmTexora

in a new environment with 80.6% and 89.0% accuracy in detecting

materials and roughness, separately. We further evaluate detect-

ing all eight surfaces: four materials and four wooden pieces with

di�erent roughness levels, to evaluate performance with simulta-

neous material and roughness sensing based on the robotic arm’s

positioning. As the robotic arm’s joints constrain its range of mo-

tion, we then evaluate performance at three radar-target distances

(Fig. 20d). mmTexora achieves an average accuracy of 89.6% with

onlyminimal variation across distances. Indeed, material and rough-

ness characteristics are important for these robot-tool interactions,

helping them grasp the item with the correct amount of force and

position. Our results show that, although strong clutter vibrations

can reduce performance, the system remains e�ective with envi-

ronmental learning.

8 Discussion and Future Work

Practicality and Limitations: We acknowledge that the practical

implementation of the proposed system faces several key chal-

lenges: (1) Our evaluation in Sec 7 considers two di�erent scenarios

for potential applications, including o�ce and factory. However,

our approach assumes relatively stable environmental conditions.

An important assumption is that vibrating noise in daily life is

often predictable [9, 34]. mmTexora requires a recalibration if the

environment undergoes signi�cant structural changes due to its

sensitivity to clutter noise. Despite these limitations, we demon-

strate robustness over time with continuous training in Sec. 7.6,

suggesting that adaptive learning techniques can improve system

robustness to evolving environmental conditions. (2) The system

is currently optimized for objects within primarily indoor sensing

scenarios; for instance, we evaluated mmTexora’s performance on

a �xed robotic operating table in Sec. 7.7. (3) The current design can

detect either texture or material with di�erent labeling, but does

not support simultaneous detection of both. Fig. 20d in Sec. 7.7 eval-

uates a scenario containing eight surfaces - spanning four materials

and four surfaces of di�erent roughness levels within one same wooden

material — treated as eight distinct labels. This result demonstrates

the potential of extending mmTexora to simultaneously classify

two properties: material type and surface roughness.

Future Work and Applications: In this paper, we deployed mm-

Texora using commercial mmWave front-ends and a robotic arm for

evaluation, demonstrating its potential for integration into more

robust and adaptive robotic perception systems. Our observations

from Fig. 6a (Radar itself is under vibrations from the near-�eld

phase responses) and Sec. 7.7 show the potential of mmTexora to

operate under robot dynamics in realistic confections, where the

radar experienced vibrations as the armmoved across the operating

platform. In addition, our approach could enable mobile robots to

manipulate conventionally hard-to-grasp objects for practical real-

world applications. We believe several limitations of mmTexora

that can be improved in future work: (1) supporting simultaneous

material and roughness sensing; (2) supporting liquid and elastic

objects; (3) supporting operation under extreme clutter, such as

outdoors and scenes with dynamics and crowds.

9 Conclusion

This paper presents mmTexora, a 77-GHz mmWave radar-based

system for the detection of �ne-grained surfacematerials and rough-

ness.We show the feasibility of leveragingmicro-motion induced by

ambient vibrating sources, like ventilation andmachinery, to extract

the embedded surface scattering information related to the surface’s

properties in a static setup. Experimental results demonstrate the

capability of mmTexora to achieve tens of micrometer granularity

in surface sensing. Through extensive experiments on a large set

of di�erent surface materials, we demonstrate submillimeter-level

roughness detection in a �xed location.
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