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Abstract
Each year, large volumes of fruit are wasted due to improper storage
and inaccurate quality checks, causing major economic losses. A
low-cost, non-invasive assessment system that can be deployed
across the supply chain would help ensure only ripe, high-quality
fruit reaches consumers. Existing solutions, however, are often
prohibitively expensive (>$10 k), difficult to set up, or unreliable in
changing environments.

In this paper, we introduce FruitScope, the first low-cost (<$400),
easy-to-deploy system for estimating fruit ripeness. FruitScope com-
bines commodity Frequency-Modulated Continuous-Wave (FMCW)
radar with acoustic sensing to achieve high accuracy and robust-
ness. Our key innovations include (i) an advanced radar frame
structure that increases commodity FMCW radar measurement
granularity within limited bandwidth, (ii) a pseudo-noise method
for capturing acoustic fingerprints, and (iii) a two-stage contrastive
learning pipeline that refines predictions. We built an end-to-end
prototype and evaluated its performance on four different fruits
(avocado, mango, pear, and persimmon) and under multiple envi-
ronmental disturbances. Our results show that FruitScope delivers
a very low Normalized Root Mean Square Error of 2.98% to 4.63%,
well below industry-accepted thresholds, while remaining resilient
to environmental interferences.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools.
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1 Introduction
Fruit waste represents a major global economic problem: the United
Nations estimates that nearly half of all fruit produced each year is
never consumed [1]. Growers often harvest fruit before it reaches
full maturity to allow time for transportation to markets. This
practice creates two key challenges. First, growers must accurately
assess ripeness levels to package fruits of similar maturity together.
If even one overripe fruit spoils, the entire packagemay be discarded.
Moreover, as the industry increasingly adopts robotic harvesting
systems, this task becomes even more complex since robots struggle
to sense ripeness with the same accuracy and subtlety as human
pickers. Second, consumers need to evaluate ripeness at the point
of purchase, since preferences vary depending on how soon they
plan to consume the fruit. Traditional methods such as squeezing
or other manual tests by growers or consumers can damage the
produce [46], ultimately contributing to further waste.

Past work has proposed different techniques to enable non-
invasive fruit sensing. However, each system has its limitations.
For example, near-infrared (NIR) spectroscopy and sub-terahertz
(sub-THz) systems achieve high accuracy [2, 3, 10, 14, 22] yet cost
$10k–$150k [13, 34, 35]. Wi-Fi and millimeter-wave (mmWave) so-
lutions are cheaper [33, 57, 58, 71] but either fragile in dynamic
settings or limited by coarse measurement granularity. Vibration
techniques demand costly hardware (e.g., pulsed lasers) [17, 19]
or forced transducer contact [23, 36, 65], risking fruit damage and
hindering deployment. To the best of our knowledge, no existing
system offers the combination of low cost, practicality, accuracy,
and robustness.

To fill this gap, we introduce FruitScope, a low-cost, easy-to-
deploy, multi-modal system that estimates ripeness accurately and
reliably under real-world conditions. FruitScope fuses commodity
mmWave Frequency-Modulated Continuous-Wave (FMCW) radar
with acoustic sensing using a small speaker and a microphone
array. Our multimodal approach enables capturing fruit proper-
ties related to ripeness from different perspectives. In particular,
our experiments, along with previous work, show that mmWave
can penetrate the fruit flesh, and that the received-signal-strength
(RSS) changes as sugar and water content evolve [58, 71, 76, 77].
Acoustic waves, meanwhile, reflect and attenuate according to me-
chanical properties such as softness, density, and internal texture,
etc., which also change as the sugar-water content changes [63].
Although previous systems have shown the feasibility of using
RF or acoustic signals for ripeness sensing, their single-modality
approaches provide insufficient accuracy and adaptability. In this
work, we increase the measurement diversity by combining two
different perspectives, which helps increase accuracy and adapt to
diverse fruit types, as different fruits can exhibit varying ripening
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characteristics. However, integrating both modalities into a single
system requires addressing several challenges. Below we describe
each challenge and describe how FruitScope solves themwith novel
solutions.

C1 - High-granularity internal RF sensing of a fruit. The
first challenge is to sense the fruit’s interior with high-granularity
using only a low-cost commodity FMCW radar. Commercial radar’s
bandwidth (𝐵) is only 4 GHz which enables a finest ∼4 cm mea-
surement granularity (𝑐/2𝐵) [59]. Such a granularity is inadequate
for sampling the underlying reflection profile of a small fruit (such
as a persimmon), and hence cannot provide reliable ripeness esti-
mation. To solve this problem, we propose a novel frame structure
for FMCW and algorithm to dynamically adjust the FMCW frames.
Our advanced frame structure splits a conventional radar frame into
sub-frames, each transmitting chirps with different bandwidths,
thereby offering measurements at shifted range-bin centers with
varying granularity levels. Using our advanced frame structure and
dynamically adjusting it, we achieve alternate sampling of the re-
flection profile of the fruit at 1 cm granularity using the same 4 GHz
radar hardware. It is worth mentioning that our approach seam-
lessly integrates with commodity FMCW radar without requiring
any hardware changes or any help from the manufacturer.

C2 - Force-free acoustic fingerprinting of a fruit. The second
challenge is to acquire reliable acoustic profiles without applying a
clamping force to the fruit. Prior acoustic-based systems typically
require a contact pressure of 5-7 N to minimize transmission loss
due to acoustic impedance mismatch at the sensor–fruit interface.
The applied force not only increases the risk of bruising the fruit
but also slows down the process [53]. To solve this limitation, we
design a 3D-printed holder structure where the fruit can simply rest
on top of a speaker, with a microphone array above it. However,
due to the gap between the fruit and the speakers/microphone,
some acoustic attenuation occurs. To overcome this signal atten-
uation and precisely track the acoustic channel changes induced
by the fruit, we design to emit a pseudo-noise (PN) sequence in
the 17-22 kHz ultrasonic band and correlate the recording with
the known PN to estimate the acoustic channel impulse response
(CIR). Such a technique functions as a matched filter and provides
processing gain, which eliminates the need for forceful contact.
Our experiments demonstrate that this method effectively captures
acoustic fingerprints of the fruit across different ripeness stages
while maintaining deployment simplicity.

C3 - Label-efficient data collection and learning. Finally, the
third challenge is to reduce the manual effort required to collect
high-quality ripeness labels (e.g., Brix and dry matter) for training
our estimation algorithm. The goldenmethod for collecting ripeness
ground truth is destructive, labor-intensive, and expensive at scale.
We therefore design a novel label-efficient data collection pipeline
that seeks temporal and observation diversity instead of densely
labeling. Specifically, we capture the natural ripening process of
fruits every 12 hours over time, combined with multiple sensor
views (i.e., different orientations of fruits) at each timestamp. After
the evening session, only a small number of fruits are destructively
tested for ripeness, greatly reducing the labor effort. Therefore, for
each fruit, only a single timestamp is destructively labeled, while
the rest remain unlabeled but still reflect its continuous ripeness
changes. To fully leverage such a structure, we build a two-stage

learning framework. First, we apply self-supervised contrastive pre-
training that treats different views of the same fruit at the same
time as natural positives, shaping a radar-acoustic encoder that is
viewpoint-invariant yet fruit/ripeness-specific; second, we attach
a lightweight regression head and fine-tune the full model on the
sparse labels using a hybrid (classification + regression) loss that
improves model convergence. This design attains good accuracy
across fruit types while requiring far fewer labeling efforts than a
conventional fully supervised approach.

We built a prototype of FruitScope using Commercial Off-the-
Shelf (COTS) parts, costing less than $400 in total. With this proto-
type, we collected 5,400+ samples from four representative climac-
teric fruits, avocado, mango, pear, and persimmon (20 specimens
each). To obtain the ground truth, we manually measured ripeness
metrics destructively via Brix and Dry-matter tests as in the fruit
industry [14, 27, 42]. With this dataset, we evaluate the estima-
tion accuracy by conducting the Leave-One-Out-Cross-Validation
(LOOCV). Our results demonstrate an average Normalized Root
Mean Square Error (NRMSE) ranging from 2.98% to 4.63% across
these fruit types, well below the 10% food industry tolerance that
ensures negligible and imperceptible impact on taste to the con-
sumer [22]. We also evaluate the performance of the system under
various environmental conditions. Our results demonstrate that our
system remains stable amid dynamic environments with moving
people, ambient audio noises, and co-located devices. Finally, we
conduct extensive ablation studies to demonstrate the benefit of
multimodal fusion and each design element.

To summarize, we make the following contributions:
• We introduce FruitScope, the first low-cost (<$400) and easy-to-
deploy system for fruit ripeness estimation, while achieving high
accuracy and robustness to environmental noises.

• We propose a novel advanced FMCW frame structure, boost-
ing commercial radar’s effective measurement granularity to 1
cm without requiring additional bandwidth. We also design a
3D structure and a PN-based acoustic CIR extraction method,
enabling a simple force-free setup for acoustic sensing.

• We introduce a label-efficient data collection pipeline along with
a two-stage learning algorithm for ripeness estimation, reducing
reliance on destructive labels.

• We build a prototype of FruitScope using off-the-shelf devices,
and evaluate its performance on four representative climacteric
fruits.

2 Background
2.1 Fruit Categories and Ripeness Metrics
Fruit Categories. Fruits can be divided into climacteric and non-
climacteric categories. Climacteric fruits, such as pears, continue
ripening after harvest, unlike non-climacteric fruits such as or-
anges. Climacteric fruits must be harvested before fully ripening
to withstand transportation, yet their ripeness continues to evolve
post-harvest, making accurate assessment challenging for both con-
sumers and the fruit industry during storage and retail. Due to this
particular challenge, this work focuses on climacteric fruits.

Ripeness Metrics: Brix and Dry Matter Content. The Brix
value is a metric in the food industry that measures sugar content
or the sweetness of fruits. It quantifies the total soluble solids in
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the fruit, with one degree Brix (1°Bx) corresponding to 1 gram of
sucrose in 100 grams of aqueous solution. As fruits ripen, starches
convert to sugars, causing the Brix value to increase, making it an
excellent indicator of ripeness. In the fruit industry, Brix is typically
measured using destructive methods that require extracting juice
from a cut fruit sample and analyzing it with a digital refractometer.

Dry Matter Content (DMC) is another critical metric for deter-
mining fruit ripeness. DMC refers to all solid components of the
fruit, excluding water content, including sugars, carbohydrates, oils,
proteins, etc. The accumulation of these solids increases as fruits
ripen. A fruit typically reaches its maximum DMC at peak ripeness.
Typically, measuring DMC involves drying small fruit samples in
an air-forced oven at 200°F until achieving constant dry weight,
then calculating the ratio of dry matter to original weight. Because
Brix and DMC are widely accepted ripeness metrics [2, 22], we
focus on these as our assessment criteria.

2.2 FMCW Technology
Frequency Modulated Continuous Wave (FMCW) radar is a pow-
erful wireless sensing technology that offers precise distance mea-
surement and material property detection. FMCW radar transmits
a signal with linearly increasing frequency 𝑠𝑇𝑋 (𝑡) = 𝑒 𝑗2𝜋 (𝑓0𝑡+

1
2𝑆𝑡

2 ) ,
where 𝑓0 is the initial frequency and 𝑆 is the chirp slope. When
encountering a scatterer at distance 𝑅, the returning signal experi-
ences a round-trip delay 𝜏 = 2𝑅

𝑐
and signal attenuation. The signal

attenuation factor 𝐴 depends on both distance 𝑅 and the scatterer’s
Radar Cross Section (RCS) 𝜎 following 𝐴 ∝ 𝜎

𝑅4 [44].
Mixing the transmitted and received signals produces an inter-

mediate frequency (IF) signal with beat frequency 𝑓𝑏 = 2𝑆𝑅
𝑐

that
correlates with distance. By sampling this signal and applying a
Fast Fourier Transform (FFT), we obtain a range profile showing
received signal strength (RSS) at different distances. Since RCS
is influenced by material properties, changes in the RSS profile
can indicate material changes. This capability makes FMCW radar
particularly valuable for diverse applications, including material
sensing [50, 69, 72], liquid sensing [29, 68], motion capture [70], ro-
botics [16], leaf wetness sensing [31, 32], and fruit sensing [38, 58].

2.3 Acoustic Channel and Pseudo-Noise
Sequence

Similar to wireless signals, audio signals experience multipath prop-
agation from a speaker to a microphone, where the received signal
𝑟 (𝑛) is a superposition of multiple delayed and attenuated versions
of the sent signal 𝑠 (𝑛), with 𝑟 (𝑛) =∑𝑁

𝑖=1 𝛼𝑖 · 𝑠 (𝑛 − 𝜏𝑖 ) = ℎ(𝑛) ∗ 𝑠 (𝑛).
Here, ℎ(𝑛) is the acoustic channel impulse response (CIR). The
amplitude spectrum of the channel response in the frequency do-
main |𝐻 (𝑓 ) | is related to the internal structure and physical prop-
erties of the transmission media [12]. Placing a fruit between the
transceivers changes the CIR, reflecting the fruit’s properties as an
acoustic medium. Variations in fruit shape and ripeness produce
different CIRs, enabling the extraction of structural and ripeness
information.

Pseudo-Noise (PN) sequences are binary sequences that appear
random but are deterministic. They have excellent auto-correlation
properties, making them valuable for CIR estimation [43]. Common
PN sequences includem-sequence [48], GSM training sequence [73],

Multi-Channel 
Acoustic CIR

Radar RSS
Pro�les

Advanced Frame:
subframes with

varying bandwidths

Multimodal
Backbone
Encoder

Regression
Head

Stage 1:
Contrastive
Pretraining

Stage 2:
Regression
Finetuning

Ripeness Metrics 
Predictions (Brix, DMC)

Speaker

Ultrasounic 
PN Sequence

Mic Array

Unlabeled Labeled

Timestamps

FMCW Radar

Figure 1: System overview of FruitScope. We propose novel
techniques to obtain fine-grained RF properties and acoustic
features of fruits. Combined with a label-efficient two-stage
training pipeline, FruitScope achieves robust and accurate
ripeness estimation with minimal labeled data.

Kasami sequence [56], and Golay sequence [64]. More recently,
PN sequences have been applied for various applications, such as
gesture tracking [73], child presence detection and breadth detec-
tion [56, 75]. While previous acoustic sensing research focuses on
environmental changes, our work firstly applies these techniques
to sense minor changes in fruit’s internal properties.

3 FruitScope System Overview
FruitScope is a novel low-cost sensing system that combines FMCW
radar and acoustic sensing to estimate fruit ripeness. The key idea
is that RF and acoustic sensing provide different information about
the fruit’s internal properties, which can be fused to deliver accurate
and robust estimation of the fruit’s ripeness metrics such as Brix
and DMC for a variety of fruits.

Figure 1 shows the system architecture of FruitScope, which
consists of two main parts: (i) sensing via RF (Section 4) and acous-
tic modalities (Section 5), and (ii) a label-efficient data collection
pipeline (Section 6) paired with the corresponding two-stage learn-
ing framework (Section 7).

4 Fine-Grained RF Sensing
Fruits are complex dielectric materials that can be approximated as
a set of concentric layers (i.e., peel, flesh, and seed), each exhibiting
distinct electromagnetic properties [2]. As fruit ripens, changes in
water and sugar content alter the dielectric properties of each layer,
leading to corresponding variations in the receive-signal-strength
(RSS) profiles captured by an FMCW radar. Recent studies have
demonstrated that mmWave at 60 GHz [71], 75∼110 GHz [76], and
even 110∼170 GHz [77] radios can penetrate fruits and reveal their
internal characteristics, which is a significant advantage over vision-
or near-infrared-based methods.

Limitation of COTS Radars. However, commodity radars face
a significant bottleneck: their limited bandwidth (typically ≤4 GHz)
results in a coarse measurement granularity (every 4 cm) for the
RSS profile, leading to inadequate information and increasing am-
biguity. To understand this limitation deeper, consider𝑀 scatterers
within the radar’s field of view, each at distances 𝑅𝑖 . Each scatterer
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Figure 2: Examples of the amplitude of 𝑠𝑖𝑛𝑐𝑁 ( 𝑅𝑖−𝑘Δ𝑅
𝑁Δ𝑅 ) (nor-

malized by 1
𝑁
) for different sub-frames at different range bins,

with 𝑁 = 256 and measurement granularity Δ𝑅 = 4, 5, 6, 7 𝑐𝑚,
respectively.

generates an IF signal with a beat frequency 𝑓𝑖 . The RSS measure-
ments are obtained by sampling the IF signals at a rate of 𝑓𝑠 over 𝑁
samples and applying an 𝑁 -point FFT, which yields:

𝑋 [𝑘] = 1
𝑁

𝑀∑︁
𝑖=1

𝐴𝑖𝑒
𝑗𝜙𝑖 · 𝑒 𝑗𝜋 (𝑁−1)

(
𝑓𝑖
𝑓𝑠

− 𝑘
𝑁

)
· 𝑠𝑖𝑛𝑐𝑁

(
𝑓𝑖

𝑓𝑠
− 𝑘

𝑁

)
. (1)

Here 𝑘 is the range bin index, 𝑠𝑖𝑛𝑐𝑁 (𝑥) = 𝑠𝑖𝑛 (𝜋𝑁𝑥 )
𝑠𝑖𝑛 (𝜋𝑥 ) is the Dirichlet

kernel induced by the finite FFT window, and 𝐴𝑖 and 𝜙𝑖 are the
attenuation and phase caused by the scatterer’s reflection1. The
frequency resolution of the FFT Δ𝑓 =

𝑓𝑠
𝑁

corresponds to a mea-
surement granularity of Δ𝑅 =

𝑐Δ𝑓
2𝑆 =

𝑐 𝑓𝑠
2𝑆𝑁 = 𝑐

2𝐵 , which indicates
𝑓𝑖
𝑓𝑠

=
2𝑆𝑅𝑖
𝑐 𝑓𝑠

= 1
𝑁

𝑅𝑖
Δ𝑅 . Therefore, we can rewrite the RSS profile as:

𝑋 [𝑘] = 1
𝑁

𝑀∑︁
𝑖=1

𝐴𝑖𝑒
𝑗𝜙𝑖 · 𝑒 𝑗𝜋

𝑁 −1
𝑁

(
𝑅𝑖 −𝑘Δ𝑅

Δ𝑅

)
· 𝑠𝑖𝑛𝑐𝑁

(
1
𝑁

(
𝑅𝑖 − 𝑘Δ𝑅

Δ𝑅

))
,

(2)
where 𝑘Δ𝑅 is the center of the range bin associated with𝑋 [𝑘]. Thus
the FFT acts as a matched filter centered at each 𝑘Δ𝑅, aggregating
reflections across the radar’s field of view2, with the granularity
limited by Δ𝑅. Currently most of FMCW radars offer the finest
granularity of ∼4 cm, resulting in coarse measurements and low
accuracy as in the prior work [58].

Multi-ResolutionDesign. The key to addressing this limitation
is to sample the reflection profile more densely. Although the finest
measurement granularity is upper-bounded by the bandwidth, we
can shift the sampled bin centers to achieve an effective finer gran-
ularity. To do so, we leverage the capability of FMCW radars to
configure chirps differently within a frame. We use this feature
to create an advanced frame structure, which simply repeats the
matched-filter view at several Δ𝑅ℓ , filling the gaps and increasing
the effective measurement granularity for fruit reflection patterns
(Figure 2). In particular, our advanced frame consists of multiple
sub-frames, with each of them configured to send out chirps of dis-
tinct bandwidth, which yields a set of separate FFT representations
of the IF signals with distinct Δ𝑅ℓ . For instance, a single frame with
1The attenuation factor𝐴𝑖 is characterized by the scatter’s property while𝜙𝑖 ≈ 2𝜋 𝑓0𝜏
is due to reflection path, where 𝜏 is the round-trip time between radar and the scatter
2Scatterers near the bin center (𝑘Δ𝑅± Δ𝑅

2 ) dominate𝑋 [𝑘 ] due to the 𝑠𝑖𝑛𝑐𝑁 function’s
sidelobe decay.

Δ𝑅 = 4 cm provides RSS measurements centered at 4, 8, 12 cm, etc.
(corresponding to𝑋 [1], 𝑋 [2], 𝑋 [3], etc. in Figure 2). Using multiple
sub-frames with slightly different resolutions (e.g., Δ𝑅 =4, 5, 6, 7
cm) shifts the bin centers, yielding measurements centered at 4, 5,
6, 7, 8 cm, etc. (corresponding to 𝑋 [1], 𝑋 [1], 𝑋 [1], 𝑋 [1], 𝑋 [2], etc.
in Figure 2).

Note on Range Resolution vs. Measurement Granularity.
Notably, our advanced frame does not narrow the mainlobe or
resolve targets closer than Δ𝑅res = 𝑐/2𝐵; instead, it increases the
sampling density and offers finer information for fruit’s reflection
pattern, which helps improve estimations compared with single-
frame FMCW methods [58], without requiring extra bandwidth or
customized firmware for the hardware.

Apart from the multi-resolution design, we also exploit the
time-division-multiplexing multiple-input multiple-output (TDM-
MIMO) mode that most radars already support to create multiple
virtual channels, which provides more detailed spatial information
and boosts robustness to the fruit’s surface irregularities. With all
these designs, FruitScope is able to obtain fine-grained RF signa-
tures of fruits which reveal their ripeness information.

5 Force-free Acoustic Fingerprinting
In addition to RF sensing, FruitScope incorporates acoustic sig-
nals as a second modality to provide measurement diversity. While
mmWave sensing captures dielectric variations, acoustic waves
are sensitive to the fruit’s properties such as density and elastic-
ity, which also evolve during ripening as the sugar water content
changes [12]. Fruits are nonhomogeneous composite materials com-
posed of organic matter, inorganic salts, and water. As they ripen,
changes in internal composition lead to changes in the material’s
elastic modulus and density [63]. Prior acoustic-based approaches
have leveraged these changes by transmitting sound waves through
the fruit using acoustic device pairs, where variations in signal at-
tenuation or phase correspond to internal changes [5, 7, 23, 24, 74].
However, such methods typically necessitate a 5-7 N force to ensure
perfect transducer-fruit contact, which can potentially damage the
fruit, introduce additional operation complexity, and extend the
measurement time [53].

To capture reliable acoustic fingerprints of fruits without needing
such contact force, we utilize a pseudo-noise (PN)-based sensing
chain to estimate the acoustic channel impulse response (CIR),
which provides processing gain to overcome the attenuation and
gives insights into fruits’ acoustic properties. In particular, we select
Golay sequences [64] due to their complementary properties that
reduce noise and improve CIR estimation accuracy. The Golay
sequence comprises two complementary sequences,𝐴(𝑛) and 𝐵(𝑛),
with the property that their combined auto-correlation produces
a sharp peak: 𝑅𝐴 (𝑙) + 𝑅𝐵 (𝑙) = 2𝑁𝛿 (𝑙), where 𝑅𝐴 (𝑙) and 𝑅𝐵 (𝑙) are
their auto-correlation results of 𝐴(𝑛) and 𝐵(𝑛) at lag 𝑙 respectively,
𝑁 is the sequence length, and 𝛿 (𝑙) is the Kronecker delta function.
When both sequences are transmitted through the same channel
ℎ(𝑛), the CIR can be estimated in the frequency domain as:

𝐻 (𝑓 ) = 1
2𝑁

(Y𝐴 (𝑓 )A∗ (𝑓 ) + Y𝐵 (𝑓 )B∗ (𝑓 )) , (3)

where Y𝐴 (𝑓 ) and Y𝐵 (𝑓 ) are the FFTs of 𝑦𝐴 (𝑛) and 𝑦𝐵 (𝑛), while
A∗ (𝑓 ) and B∗ (𝑓 ) are the conjugates of the FFTs of the original
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Figure 3: Modulation and demodulation scheme for acoustic
sensing in the ultrasound band.

sequences. To implement this method in practice, we address two
challenges.

First, to avoid human-audible disturbance, we modulate the Go-
lay sequences to the ultrasound frequency band (17-22 kHz). We
first up-sample the baseband signal to limit its bandwidth, which is
done by zero-padding and low-pass filtering [40]. We thenmodulate
it with a carrier frequency of 𝑓𝑐 = 19.5 kHz. The modulated signal
is bandpass filtered, PCM encoded, and played through a speaker,
traveling through the fruit to reach the microphones (Figure 3 up).

The other challenge in using acoustic for fruit sensing is that
the received acoustic signals contain significant noise from hard-
ware imperfections and environmental sources. To address this, we
first apply bandpass filtering to remove out-of-band noise upon
receiving. However, we observed a stationary narrow-band noise
at 10.8 kHz whose harmonic at 21.6 kHz falls within our desired
frequency band, caused by clock coupling. To eliminate this in-
band stationary noise (with relatively stable frequency content and
amplitude), we apply spectral subtraction [6, 67] using short-time
Fourier transform (STFT) with a window size of 512 samples. We
estimate the noise profile by averaging the power spectrum of the
first 20 frames and then subtract it from subsequent frames. After
denoising and demodulation, we obtain the frequency-domain CIR
estimation 𝐻 (𝑓 ) by processing both Golay sequences according to
Equation 3 (Figure 3 down). The magnitude |𝐻 (𝑓 ) | serves as the
acoustic profile of the fruit.

Such a design allows our system to estimate repeatable acous-
tic fingerprints that successfully track the fruit’s ripeness changes,
while maintaining a minimal setup requirement. Since during ripen-
ing, different fruits can exhibit varying characteristics (some may
show more significant changes in RF signatures, while others in
acoustics), our multimodal approach could enhance the system’s
applicability across a broader range of fruit types.

6 Data-collection Pipeline
Now that the sensing principles are established, we turn to building
the dataset that trains our model. The main challenge for this is that
golden standard ripeness tests (Brix and dry matter content) for
fruits are destructive, labor-intensive, and costly at scale. Therefore,
instead of seeking dense annotations, we propose a label-efficient
strategy that captures rich measurements over time and across
viewpoints, while collecting ground-truth labels only sparsely.

To enable this, we design a 3D-printed, COTS-based data col-
lection platform, as shown in Figure 4. With a mmWave FMCW
radar positioned beside the specimen, a miniature speaker mounted
underneath, and a microphone array above, the holder on our plat-
form allows us to rotate or tilt the fruit, yielding multiple views, i.e.,

Raspberry Pi

Microphone Array

FMCW Radar

Speaker

10 cm

20 cm

Figure 4: Data collection platform.

Day 1        Day 2                        Day 8 
AM      PM         AM      PM                          AM      PM
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#3
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#1

Ripeness

Destructive test:
Dry matter & Brix

unlabeled
labeled

Multi-view 
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every 12 h...       ...       ...       ...   

...

Figure 5: Data collection pipeline of FruitScope. We collect
data from fruits at different views and timestamps, which
provides aspect diversity and temporal diversity to the dataset,
while keeping manual labeling to a minimum.

signals from the same fruit at different orientations with respect to
both sensors.

With the hardware in place, data collection proceeds in a simple
and efficient way as illustrated in Figure 5. First, we purchase fruits
early in the ripening cycle (e.g., light-green avocados, firmmangoes,
etc.) so that each specimen continues to ripen. Every 12 hours we
record ten views per fruit. For clarity, we define "different views
of the fruit" as signals captured from the same fruit at the same
timestamp but with different orientations or tilt angles relative
to the radar and acoustic sensors. After the evening session, we
destructively measure just two or three fruits for ripeness metrics.
After eight days, each specimen has been labeled at a certain times-
tamp; subsequent measurements are impossible for those tested
fruits, but all earlier (unlabeled) readings still capture their ripeness
progression.

At the end, for each fruit specimen we obtain (i) a multi-view,
labeled set at one timestamp, and (ii)multi-view, unlabeled data at all
earlier timestamps. This design dramatically reduces labeling effort
yet supplies rich variations in both aspect (views) and temporal
(ripening) dimensions to train a robust, generalizable model.
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7 Ripeness Prediction
Next, we present our design for extracting and fusing features from
the two sensing modalities and a two-stage learning framework for
fully leveraging our dataset structure.

7.1 Backbone Encoder and Fusion
With our sensing design, both sensing streams are converted to
matrices X ∈ R𝐶×𝑁 : where 𝐶 represents TX–RX pairs (radar) or
microphones (acoustic), and 𝑁 represents range bins or frequency
bins. This exposes spatial and spectral patterns along two axes.

We extract features using separate but architecturally identical
CNN branches, each with two sequential 1-D convolutions that
decouple spectral and spatial features:

• Spectral block. A Conv1D(𝑘, kernel = (1,𝑚), stride = (1, 𝑠))
learns RSS/frequency patterns per channel.

• Spatial block. A Conv1D(𝑘, kernel = (𝐶, 1)) then aggregates
across the𝐶 channels, capturing inter-antenna or inter-microphone
correlations.

Each convolution is followed by BatchNorm, activation, and
dropout. Features are flattened and projected to a 𝑑-dimensional
embedding for further processing: h𝑟 , h𝑎 ∈ R𝑑 . Such a scheme
has shown its effectiveness in multi-channel signals with similar
characteristics [54, 55].

Since different fruits respond unequally to radar and acoustic
probes, we let the network adaptively fuse features. To do so, we
compute a summary vector u = h𝑟 + h𝑎 and apply a two-layer MLP
with tanh activations. We apply softmax to the output to obtain
weights for each modality, and finally fuse the two modalities with
a weighted-sum mechanism:

s =MLP(u) ∈ R2, 𝜶 = softmax(s), hfused = 𝛼𝑟 h𝑟 + 𝛼𝑎 h𝑎,

where 𝛼𝑟 + 𝛼𝑎 = 1. This weighted-sum mechanism is a common
practice for adaptive fusion [8, 18, 41], yielding a single fused rep-
resentation hfused for further regression.

7.2 Two-stage, Label-efficient Learning
Building upon the backbone encoder and fusion mechanism, we
propose a two-stage learning framework to leverage our data struc-
ture effectively. As mentioned, our dataset is highly imbalanced:
each fruit contributes a single, multi-view labeled timestamp, and
many earlier unlabeled timestamps that record its ripening trajec-
tory. To exploit this structure, we propose a two-stage strategy:
(i) contrastive pre-training on the unlabeled portion and (ii) su-
pervised fine-tuning with a hybrid regression loss on the sparsely
labeled subset.

Stage 1: contrastive pre-training on unlabeled data. Let the
unlabeled set be Dunlabeled =

{
𝑥𝑖 = (r𝑖 , a𝑖 )

}
, where each sample 𝑥𝑖

contains an RF feature r𝑖 , an acoustic feature a𝑖 , and two tags: fruit
ID 𝑓𝑖 and timestamp 𝑡𝑖 . Unlike conventional contrastive learning
methods that rely on artificial augmentations [9], our data offer
natural positives: Specifically, within a mini-batch of size 𝑁 , we
define

P(𝑖) =
{
𝑗 ≠ 𝑖 | 𝑓𝑖 = 𝑓𝑗 , and 𝑡𝑖 = 𝑡 𝑗

}
, N(𝑖) = { 𝑗 ≠ 𝑖} \ P(𝑖),
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Figure 6: The contrastive pretraining framework.

i.e., positives are different views from the same fruit measured at the
same timestamp and therefore corresponds to the same ripeness
level, while all remaining samples serve as negatives.

As shown in Figure 6, each 𝑥𝑖 passes through the encoder and a
projection head to yield a latent z𝑖 . We compute the NT-Xent loss
as follows [9]:

LNTX = − 1
𝑁

𝑁∑︁
𝑖=1

log
( ∑

𝑗∈P(𝑖 ) exp (sim(𝑖, 𝑗)/𝜏)∑
𝑘∈P(𝑖 )∪N(𝑖 ) exp (sim(𝑖, 𝑘)/𝜏)

)
, (4)

where sim(𝑖, 𝑗) =
z𝑇
𝑖
z𝑗

∥z𝑖 ∥ ∥z𝑗 ∥ is the cosine similarity and 𝜏 is the
temperature parameter. This objective forces the representation to
be invariant to viewpoint yet sensitive to fruit identity and ripeness
state.

Stage 2: supervised fine-tuning with hybrid regression loss.
After pre-training, we attach a lightweight regression head and fine-
tune the entire network on the labeled subset Dlabeled =

{
(𝑥𝑖 , 𝑦𝑖 )

}
,

where 𝑦 contains the ripeness metrics. To balance precision and
flexibility, we adopt a hybrid objective that blends classification
over coarse bins with continuous regression [25]:

Lhybrid = 𝜆L1 + (1 − 𝜆) Lcls . (5)

Specifically, we discretize the target range into 𝐶 bins, predict a
softmax over bins, and calculate a cross-entropy loss (Lcls). We
then use the softmax probabilities to compute the expectation of
bin centers as the final predictions, and refine that value with an ℓ1
loss (L1). Empirically, we found that 𝜆 = 0.5 yields the best trade-off
between flexibility and precision and improves model convergence.

8 Implementation
This section details the implementation of FruitScope, including
hardware components and system configurations.

Hardware design: Figure 4 shows our prototype built with
COTS devices. The core hardware includes a Texas Instruments
AWR1843 mmWave radar (77-81 GHz) with 3 transmitters and 4 re-
ceivers creating 12 virtual channels, and a ReSpeaker 6-microphone
array [49], a 3W speaker, and a Raspberry Pi for audio processing.
We designed a 3D-printed structure positioning the radar 5 cm from
the fruit, the speaker directly beneath, and the microphone array 15
cm above. This arrangement ensures acoustic signals travel through
the fruit before capture.

Cost Analysis: The total hardware cost of our current pro-
totype is $395. This includes $300 for the radar module, $40 for
the microphone array, $50 for the Raspberry Pi, and $5 for the
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speaker. However, this cost can be significantly reduced through
mass production. Note that although the current prototype in-
cludes a DCA1000EVM [62] to capture raw IF data, it is for under-
standing the signal properties better and designing our algorithms.
FruitScope do not require it to estimate the fruit ripeness as the
radar board itself can output the range-profile, which is sufficient
for our estimation algorithm.

System Configurations: For RF modality, we configure four
sub-frames with measurement granularity of 4, 5, 6, 7 cm, respec-
tively. We use the mmWave sensing estimator tool [61] provided by
TI to get the chirp configurations. Each sub-frame repeats chirps
12 times per TX, with results averaged during post-processing. For
each chirp, we sample 256 points and collect RSS data from range
bins between 4–16 cm. For acoustic modality, we operate at a 48
kHz sampling rate, generating 512-sample Golay sequences mod-
ulated to 17-22 kHz. Sequences repeat 3 times for measurement
consistency. The Raspberry Pi captures audio as numpy arrays and
transfers files to PC via SFTP. We use Butterworth bandpass filter-
ing and spectral subtraction before using the acoustic signals for
CIR estimation.

Model Architecture and Training: We feed two sensing ma-
trices into a shared 64-dimensional feature space. The radar encoder
uses (1,4) kernels with stride (1,1) and ReLU activation, while the
acoustic encoder employs (1,6) kernels with stride (1,2) and ELU ac-
tivation [11]. Both use 0.2 dropout probability. The regression head
consists of a two-layer network with 16 hidden units and ReLU
activation. We use Adam optimizer with learning rates of 0.015
(pretraining) and 0.001 (fine-tuning), cosine annealing scheduling,
and train for 1,000 pretraining epochs and 100 fine-tuning epochs
with 8:2 train-validation split and early stopping.

9 Evaluation
To evaluate FruitScope, we selected four distinct fruits (avocado,
mango, pear, and persimmon) based on their diverse geometry,
peel structures, and internal seed characteristics, as well as their
prevalence in prior work [2, 22]. We collected an eight-day dataset
comprising over 5,400 multimodal measurements from 80 fruits
(20 per species), purchased from different stores on different days.
Of these, 800 samples include destructive ground-truth values for
dry-matter content (DMC) and Brix3; the rest are unlabeled tem-
poral measurements used for contrastive pre-training. We used a
lightweight vision pipeline to segment each fruit from photos to
show their morphological/geometry diversity4. We computed two
descriptors: roundness (circularity) and area (pixel count). Figure 7
shows that our dataset spans a broad range on both metrics. All
specimens are stored and measured at room temperature (21°C) in
a typical laboratory. While our experiments were conducted in a
typical indoor setting, we did our best to encompass real-world vari-
ability. For example, our dataset includes environmental noise (e.g.,
people were around, talking and moving, and coexisting wireless
signals) and placement variance (i.e., 10 different fruit orientations
per measurement time). Table 1 summarizes our DMC and Brix

3For avocado, only DMC is measured due to low sugar content.
4Side-view for avocado and mango; top-down for pear and persimmon.
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Figure 7: The boxplot of the morphology metrics showing
the quartiles of the distribution.

Table 1: Statistic of the ripeness metrics.

Fruit Metrics Mean±Std Min Max

Avocado DMC (%) 25.50±1.26 23.2 27.8

Mango DMC (%) 19.11±1.31 16.6 21.4
Brix (°) 17.09±1.16 14.8 18.7

Pear DMC (%) 14.67±1.00 13.3 16.8
Brix (°) 13.35±0.81 12.1 14.9

Persimmon DMC (%) 18.66±0.81 17.4 20.1
Brix (°) 16.73±0.69 15.6 17.7

statistics. Although the numeric ranges appear narrow, even a two-
degree increase in Brix (e.g., 15→17) produces a noticeably sweeter
taste in mangoes.

Our evaluation begins with feasibility experiments to validate
the penetration ability of COTS mmWave radars and observe how
radar and acoustic profiles change as fruit ripens.We then report the
overall accuracy of FruitScope, compare single- and multi-modality
configurations, and analyze robustness to environmental noise and
impact of different hardware settings.

9.1 Feasibility Experiment
9.1.1 MmWave Penetration Validation. Although prior work has
shown that mmWave signals at 75–170 GHz can penetrate fruit
flesh and reveal internal structure [76, 77], we additionally validate
this capability on COTS 77–81 GHz FMCW radars. We employ the
AWR1843 and the setup in Figure 8(a). The radar and fruit face each
other on dry Styrofoam risers, which are effectively transparent at
mmWave and introduce negligible reflections/attenuation [39, 60].
We acquire three recordings in immediate succession without touch-
ing or moving the fruit: (i) fruit only, (ii) fruit+coin in which a U.S.
quarter (compact, high-RCS reflector) is placed directly behind the
fruit with a standoff < 1 cm, and (iii) fruit only again. The fruit
and coin rest on separate cabinets so that inserting/removing the
coin does not disturb the fruit. This third recording is to verify
that the fruit and fixtures (risers, mounts) remain static throughout.
The fruit–radar distance is 84 cm; the coin lies at 93 cm. The radar
transmits 3.75 GHz bandwidth chirps, yielding a resolution of 4 cm.
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(a) Experiment setup with a hidden coin
reflector behind a fruit
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Figure 8: mmWave penetration experiment.

We average beat signals across chirps and compute the complex
range FFT for each recording. We then form a differential profile
𝑆coin − 𝑆

(1)
fruit to suppress static returns (antenna leakage, fixtures,

front surface) that are common to both shots. Therefore, the mag-
nitude of the residual highlights new energy attributable to the
hidden reflector. As a reference, we also compute 𝑆 (2)

fruit − 𝑆
(1)
fruit.

Figure 8(b) shows that the fruit+coin subtraction (red) exhibits
a clear peak at 92–96 cm, whereas the fruit vs. fruit subtraction
(green) shows no such feature. Because the direct line of sight (LoS)
from the radar to the coin is obstructed by the fruit body, this
residual peak indicates a penetration path, thereby demonstrating
through-fruit propagation with the COTS automotive radar.

9.1.2 Change of Signatures during Ripening. Next, we verify that
fruit ripening alters both the radar received signal strength (RSS)
profiles and the acoustic channel impulse response (CIR) profiles. To
do so, we monitored a single fruit for 100 hours. Over the measure-
ment, the fruit remained stationary, and the ambient temperature
was held constant. Figure 9 shows the results from a mango and
yields four key observations:
(1) Spatial diversity in RF. RSS traces from the 12 TX–RX paths

differ markedly. Some paths rise monotonically (e.g., TX0–RX3),
some rise and then fall (e.g., TX1–RX1), and a few remain nearly
unchanged (e.g., TX2–RX2). Because each path probes a slightly
different trajectory through the fruit, multi-channel capture
reveals heterogeneity that any single path would miss.

(2) Complex RSS evolution. RSS values at different range bins
change at different rates over time, hinting at layer-specific
processes such as water loss and sugar redistribution. Finer
range resolution is therefore crucial.

(3) Acoustic sensitivity to ripening: Generally, the magnitude
of the CIR |𝐻 (𝑓 ) | rises gradually across the 17-22 kHz band,
suggesting lower attenuation as the fruit loses water and starch
converts to sugar.

(4) Microphone-level variation: Different microphones record
distinct |𝐻 (𝑓 ) | curves, and their evolution spans the whole
bandwidth. A multi-mic array plus a wideband PN is therefore
essential for capturing full acoustic profiles.

9.2 Overall Performance
With collected data, we evaluate the overall performance of FruitScope
in estimating ripeness metrics. To measure the generalizability of
our method, we conduct Leave-One-Out Cross-Validation (LOOCV)
within each species. For each fold, one fruit is held out entirely for
testing. We then pre-train the model using all unlabeled data from
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Figure 9: The change of the normalized RSS and acoustic
channel profile |𝐻 (𝑓 ) | of a mango over time.

the remaining 19 fruits. Subsequently, we fine-tune the model on
the labeled data from those same 19 fruits before evaluating it on
the held-out test fruit. This ensures the test fruit remains completely
unseen during all training stages. This process is repeated for each
fruit specimen in the dataset and the metrics are averaged.

To assess the prediction accuracy, we report common regression
metrics, including Mean Absolute Error (MAE), Standard Deviation
(STD), Pearson Correlation Coefficient (Corr.), Root Mean Squared
Error (RMSE), and Normalized RMSE (NRMSE). The NRMSE, ex-
pressed as a percentage of the mean measured values, is considered
acceptable in the fruit industry if it is below 10% as such errors
do not impact taste and are imperceptible to consumers [22]. For
NRMSE, we also computed the 95% Confidence Interval (CI) of
the average value and report it as margins of error (Mean±CI) to
provide a measure of the statistical significance. To demonstrate
the value of our label-efficient data collection protocol and learning
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Table 2: Overall performance of FruitScope.

Metrics Dry Matter Content Brix Value

MAE↓ STD↓ Corr.↑ RMSE↓ NRMSE↓ [95% CI] MAE↓ STD↓ Corr.↑ RMSE↓ NRMSE↓ [95% CI]

One Stage: Full Supervised with Labeled Dataset

Pear 0.70 0.44 0.74 0.78 5.23% [±1.19%] 0.60 0.38 0.68 0.67 4.97% [±1.01%]
Mango 0.87 0.60 0.73 0.99 5.21% [±1.20%] 0.75 0.54 0.77 0.86 5.11% [±1.23%]

Persimmon 0.54 0.34 0.70 0.62 3.32% [±0.81%] 0.44 0.29 0.72 0.51 3.06% [±0.80%]
Avocado 0.74 0.46 0.81 0.83 3.26% [±0.87%] \

Two Stage: Contrastive Pretraining + Finetuning

Pear 0.61 0.40 0.84 0.70 4.73% [±0.99%] 0.53 0.34 0.81 0.60 4.53% [±0.81%]
Mango 0.74 0.41 0.84 0.83 4.35% [±1.22%] 0.64 0.37 0.87 0.72 4.29% [±1.06%]

Persimmon 0.49 0.33 0.76 0.56 3.05% [±0.83%] 0.43 0.27 0.71 0.49 2.97% [±0.82%]
Avocado 0.66 0.44 0.89 0.76 2.98% [±0.84%] \

↑ means the higher the better, while ↓ means the lower the better.

framework, we also evaluate a baseline one-stage method, where
the model is trained from scratch using only the labeled data.

As Table 2 shows, both methods achieve satisfactory perfor-
mance (NRMSE below 10%) for all fruit types and ripeness metrics,
with the two-stage method outperforming the one-stage method
in all cases. Specifically, the two-stage approach consistently low-
ers NRMSE by 2.9-16.5% and the estimation variance (STD) by
up to 31.7%, confirming that exploiting unlabeled data is key to
FruitScope’s accuracy and stability. For example, using the two-
stage approach, the NRMSE values are 2.98%, 3.05%, 4.35%, and
4.73% for the DMC of avocado, persimmon, mango, and pear, re-
spectively. Additionally, the low standard deviation of predictions
demonstrates the consistency of our method; the two-stage ap-
proach further improved this consistency.

In comparison to existing solutions, spectroscopy [10, 14, 47] and
sub-THz systems [2, 22] are often cost-prohibitive for consumer use.
Meanwhile, acoustic-only methods can be too bulky for practical
deployment [17, 19, 66] or lack sufficient accuracy [23], and many
RF-only systems remain sensitive to environmental noise [33, 57]
(See more comparison on Section 9.4), while FruitScope achieves a
balance among cost-effectiveness, ease of deployment, and sensing
accuracy.

9.3 Benefit of Multimodal Sensing
Because radar and acoustics probe fruit properties from differ-
ent perspectives, FruitScope should outperform either modality
alone. We verify this by comparing three configurations: RF-only,
Acoustic-only, and RF+Acoustic. In single-modality baselines, the
fusion block is replaced with a two-layer MLP.

The results in Figure 10 clearly demonstrate that combining both
modalities consistently produces lower NRMSE values compared
to either individual modality, confirming that the integration of
RF and acoustic data enhances ripeness estimation accuracy. For
example, for pears both RF-only and acoustic-only show NRMSE
exceeding 10% in some cases, whereas combining two modalities
reduced these errors. Similarly, for mangoes and avocados, combin-
ing acoustic modality with RF modality helps improve the accuracy
in general and reduces the largest errors. Lastly, for persimmons,
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Figure 10: FruitScope’s performance using single and multi-
modalities. We compare the performance of the full system
with using only FMCW and using only Acoustic. The predic-
tions from multi-modality are generally more accurate than
single-modality.

both modality shows similar performance while their fusion yields
better results.

To further investigate these relationships, we examine theweights
assigned to each modality during the fusion process, which always
sum to one. The visualization in Figure 11 shows different patterns
of reliance on different modalities: while the acoustic modality gen-
erally receives higher attention weights across all fruit types in
our dataset, avocados, mangoes, and pears show higher attention
weights for the acoustic modality compared to persimmons, which
aligns with our observations before. Despite the prominence of
acoustic sensing in the attention weights, it is worth noting that
the RF modality remains crucial for comprehensive ripeness estima-
tion. When integrated with acoustic sensing, the RF modality helps
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Figure 11: The Kernel Density Estimate (KDE) plot of the
attention weight of acoustic modality for different fruits.

reduce ambiguity in certain cases, leading to lower overall NRMSE
compared to using acoustic sensing alone. This effect is particularly
notable for pears, mangoes, and avocados. These findings demon-
strate that the combination of sensing technologies provides more
robust and accurate ripeness assessment and helps adapt to diverse
fruit types.

9.4 Robustness to Environment Noises
A practical advantage of FruitScope is its robustness to real-world
interference, owing to the inherent resilience of both FMCW and
Pseudo-Noise signals. We evaluate the system’s performance un-
der various environmental conditions, including dynamic environ-
ments, ambient noise, and mutual interference from another device.

9.4.1 Dynamic Environment. To evaluate robustness under dy-
namic conditions, we compare FruitScope against Wi-Fruit [33], a
low-cost RF-based baseline that shares the closest operating prin-
ciples to our system. Wi-Fruit predicts fruit ripeness by analyz-
ing Wi-Fi Channel State Information (CSI) changes when fruit is
placed between transceivers. Despite employing several robustness
techniques such as calibration using fruit-absent measurements,
phase denoising via antenna differencing, and selective subcarrier
analysis, Wi-Fi CSI remains inherently sensitive to environmental
dynamics.

We assess dynamic environment robustness by measuring a
stationary pear under two conditions: (1) a controlled static envi-
ronment, and (2) a dynamic environment where an experimenter
paces laterally and vertically within a 0.5 m radius. Each condition
involves 10 trials. Signal stability is quantified using coefficient of
variation: CV = STD/Mean. For FruitScope, CV is computed over
trials for each range/frequency bin of the radar and acoustic profiles.
For Wi-Fruit, we collect 10 measurements before and after fruit
placement using an ASUS RT-AC86U router with CSI extraction
via Nexmon [15] and a laptop for traffic generation. Following the
original Wi-Fruit processing pipeline, we extract amplitude ratio
and phase difference features, yielding 100 trial combinations over
which CV is calculated.

Figure 12 demonstrates that FruitScope exhibits negligible CV
growth under dynamic conditions compared to static environments.
In contrast, Wi-Fruit shows fundamental limitations: even in static
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Figure 12: Evaluation results under static and dynamic envi-
ronments.
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Figure 13: Evaluation on the mutual interference from an-
other prototype. +∞means no interference.

conditions, its minimal CV for amplitude ratio and phase difference
is 3-8× higher than FruitScope’s values. Under dynamic conditions,
the CV is even 8-33× higher, indicating severe signal instability and
making the ripeness estimation unreliable.

To quantify the impact of prediction accuracy, we treat static
environment predictions as reference values and compute Mean
Absolute Error (MAE) for dynamic conditions. For our system, the
resultingMAE remains <0.10 for both DMC and Brix measurements,
confirming negligible impact on estimation accuracy. These results
conclusively demonstrate that FruitScopemaintains both signal sta-
bility and prediction accuracy in the presence of human movement,
a critical advantage for practical deployment scenarios.

9.4.2 Ambient Noise. Next, we evaluate ambient noise impact by
recording sounds from various locations using a smartphone and
overlaying them onto acoustic recordings taken in quiet condi-
tions. Test environments included: (1) fruit sections of three differ-
ent supermarkets (noise levels 45 dB(A), 50 dB(A), and 55 dB(A)),
(2) a kitchen with both exhaust fan and air conditioner operating
(60 dB(A)), and (3) an industrial warehouse (75 dB(A)). For each
noise level, we create 20 variations by randomly sampling ambi-
ent noise periods and overlaying them onto the original signals.
The processed acoustic profiles remain nearly identical to the origi-
nals across all conditions. Using noise-free recordings as reference,
mean absolute errors after noise injection are minimal: 0.0018 (su-
permarket), 0.040 (kitchen), and 0.0089 (factory). This exceptional
noise resilience stems from two design elements: (1) our sensing
operates primarily in the ultrasound band while ambient noise ex-
ists below 10 kHz, and (2) PN sequences provide superior signal
integrity through low cross-correlation with ambient sounds and
high auto-correlation properties, effectively preventing external
interference.
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9.4.3 Multi-Device Compatibility. Finally, we evaluate the poten-
tial for mutual interference when multiple devices operate in close
proximity, a practical concern for deployment scenarios like super-
markets where several units might assist customers simultaneously.
Due to the directional nature and high attenuation of mmWave
signals, RF interference is unlikely unless transmitters directly face
receivers of other devices. Additionally, our radar’s transmission
pattern is brief and intermittent, with each measurement consisting
of 144 chirps (4 subframes×3 transmitters×12 repetitions) and each
chirp lasting ∼250 𝜇𝑠 , resulting in only 36 ms total transmission
time per measurement. This creates an extremely low probability
of temporal overlap between devices.

Since our acoustic system uses omnidirectional microphones and
transmits signals for longer periods (∼0.5 sec per measurement), we
focus interference evaluation on the acoustic component. Our PN
sequence measures approximately 30 dB(A) without fruit present,
which is a relatively low level that attenuates quickly with distance.
To quantify potential interference effects, we place a speaker of
the same model continuously playing the PN sequence at varying
distances from our device while measuring a stationary pear. For
each distance, we collect 10 acoustic profiles and compare them to
interference-free profiles using MAE. Results in Figure 13(a) show
MAE values remain stable when the interfering source is placed 1
m or more away, indicating minimal impact on raw acoustic pro-
files with sufficient separation. Assessment of prediction accuracy
(Figure 13(b)) also shows MAE values below 0.05 for distances ≥1 m.
These findings confirm that multiple devices can operate effectively
in the same environment with a minimum 1-meter separation5,
enabling scalable deployment across grocery stores, supermarkets,
or farm warehouses without performance degradation from device
interference.

9.5 Impact of System Configurations
We evaluate the importance of different system configurations,
including RF design choices, acoustic bandwidth, and microphone
array size.

9.5.1 RF Configuration. To assess the impact of our RF design, we
compare our full system against three variants: (1) without multi-
channel: single-channel estimation using summed power from all
TX-RX pairs, (2) without multi-resolution: simple frame design with
4 cm granularity, and (3) without multi-resolution but with linear

5One might use orthogonal PN sequences to further lower these spacing requirements.

interpolation to achieve 1 cm granularity. Figure 14 shows that both
multi-channel estimation and advanced frame design significantly
enhance performance. Multi-channel estimation reduces average
NRMSE by 1.86% (DMC) and 2.97% (Brix). More importantly, our
advanced frame design decreases NRMSE by 7.20% (DMC) and
4.34% (Brix). While linear interpolation improves performance over
the basic configuration, it remains less effective than our advanced
frame design. This difference stems from the multi-layered, non-
uniform internal composition of fruits, which linear interpolation
cannot accurately represent. Our advanced frame design effectively
captures reflected power at various range bins, providing a more
accurate profile of the fruit’s internal structure.

9.5.2 Bandwidth of Pseudo-Noise Sequence. We simulate different
PN sequence bandwidths by adjusting the receiver’s bandpass filter.
Figure 15 shows that increasing bandwidth from 1 kHz to 5 kHz
generally reduces NRMSE values. For example, mango DMC esti-
mation NRMSE decreased from 5.41% (1 kHz) to 4.35% (5 kHz). This
trend suggests that a wider bandwidth improves the system’s ac-
curacy. Therefore, we believe that utilizing higher-quality speaker
and microphones with greater bandwidth could further enhance
system performance.

9.5.3 Number of Microphones. We evaluate different microphone
configurations by limiting data to combinations of 2 and 4 micro-
phones from our 6-microphone array. Results averaged across all
fruit types show that increasing microphone count significantly
enhances performance (Figure 16). This improvement stems from
increased acoustic data diversity, allowing better feature capture
for ripeness estimation. Moreover, we find that optimal microphone
combinations vary by fruit type. These differences likely relate to
fruit shapes, which highlights the importance of using multiple
microphones to capture comprehensive acoustic information and
increase adaptability across fruit types.

9.6 Measurement Time
Finally, we evaluate FruitScope’s end-to-end measurement latency,
which is critical for practical deployment in commercial environ-
ments. Since RF and acoustic sensing operate independently, data
collection and processing execute in parallel. Over 100 trials, RF data
collection requires 1.98±0.02 seconds and acoustic collection takes
3.00±0.06 seconds. Signal processing completes in 0.26±0.05 and
0.15±0.02 seconds respectively, with machine learning inference
requiring <0.1 seconds with an Intel i7-1165G7 CPU. In total, our
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Table 3: Summary of the related work.

Specifications
Wi-Fi Based mmWave Based Sub-THz Based Vision Based Spectroscopy Vibration mmWave+Sound

FruitSensing Wi-Fruit mmWave FMCW AgriTera Meta-Stickers Cameras NIR Free vibration Sound Sound Ours[57] [33] [71] [58] [2] [22] [4, 26, 37, 45] [10, 14, 47] [17, 19, 66] [36, 65] [23]

Small form factor ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✗ ✓ ✓

No need for stickers on fruits ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Robust to dynamic environment ✗ ✗ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Non-intrusive to humans ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓

Brix value estimation ✗ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓

Dry-matter content estimation ✗ ✓ ✗ ✗ ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✓

Internal properties ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✓ ✓ ✓ ✓

Accuracya Low High Medium Medium High High Medium to High High High High Low High
Costb $200 $200 $10k $300 $150k $150k $50 $10k∼$100k $20k $5k $50 $400

a Because fruit types, sample sizes, and metrics vary, we coarsely classify accuracy into high,medium, and low, with systems marked as high accuracy if the NRMSE is <10% tolerance.
b Costs are estimated for the sensing hardware only; ancillary items (e.g. a PC or mobile phone) are excluded.

system completes a ripeness assessment in under 3.5 seconds, sig-
nificantly faster than the commercial Felix F-750 (∼10 seconds) [21].
Notably, the time can be further reduced through optimization,
making the system suitable for high-traffic environments like su-
permarkets.

10 Related Work
The fruit industry and research community have tried different
approaches for non-invasive fruit ripeness estimation. Table 3 sum-
marizes the comparison between these systems.

10.1 RF-Based Approach
Researchers have explored various RF modalities for fruit sensing,
including Wi-Fi, millimeter wave (mmWave), and sub-terahertz
(sub-THz) signals.

Wi-Fi-based approach: Early work leveraged Wi-Fi channel
state information (CSI) to estimate fruit ripeness by observing
changes in dielectric properties [57]. However, due to the coarse
resolution of Wi-Fi signals, these methods only offer qualitative
assessments (e.g., unripe to overripe). Further, Wi-Fruit [33] com-
bines Wi-Fi CSI with vision information to improve accuracy but
depends on precise phase calibration before and after placing the
fruit, making it unreliable in dynamic environments. In contrast,
FruitScope uses received signal strength from FMCW radar and
acoustic profiles, both of which are robust to dynamic environ-
ments.

MmWave-based approach: Researchers also use mmWave
technology for fruit ripeness sensing. For example, [71] investi-
gated the feasibility of estimating the sugar content of fruits using
RSS of mmWave signals. However, their setup is costly and they
need to test the fruit at multiple positions to improve accuracy, lim-
iting the practicality. Another work used low-cost mmWave FMCW
radar [58], but the low measurement granularity hinders the accu-
racy. In contrast, FruitScope addresses these limitations through
the advanced frame design, integration of ultrasound modality, and
a learning-based method that delivers accurate estimation from a
single measurement position.

Sub-THz-based approach: Recent systems such as AgriTera [2]
and Meta-Sticker [22] employ sub-terahertz (sub-THz) waves to
assess fruit ripeness, with Meta-Sticker introducing a metamaterial
tuned to the fruit’s dielectric properties. While these solutions offer
accurate sensing, they require significantly expensive hardware

(>$150k), and in Meta-Sticker’s case, per-fruit tagging, making them
unsuitable for large-scale deployment. Even future sub-THz inte-
gration in 6G may lower costs, devices meeting the requirements
of fruit sensing (wide bandwidth and high resolution) will likely
remain more expensive than other RF technologies such as FMCW
radars. In contrast, FruitScope eliminates the need for tags and uses
low-cost devices for a more scalable and affordable solution.

10.2 Other Sensing Modalities
Vision-based approach: Traditional computer vision algorithms
focus on detecting surface defects or color variations from stan-
dard fruit images [4, 26, 37], while recent research [20, 28] applied
hyperspectral imaging techniques to obtain spectral signatures
from a phone camera to determine ripeness stages. However, these
vision-based methods cannot penetrate the peels and therefore are
fundamentally constrained by their reliance on surface characteris-
tics, as the peel properties often do not correlate with the internal
properties of many fruit types.

Near-Infrared-based approach:Near-Infrared (NIR) spectroscopy
evaluates fruit ripeness by analyzing light absorption patterns in the
near-infrared range [51], with validated applications for avocados,
mangoes, and pears [10, 14, 47]. However, accurate results require
spectrometers with wide wavelength ranges and high spectral res-
olution [30], resulting in instruments costing $10k-$100k [13, 35]
that are impractical for widespread adoption [33]. One approach
uses a single green LED-photodiode pair to reduce the cost [78] but
requires 90-second measurements to achieve low variance.

Vibration-based approach: Vibration-based methods assess
fruit ripeness by analyzing internal mechanical properties [12]. Free
vibration approaches observe natural resonance from air pulses
or lasers [17, 19, 66] but require complex setups. Forced vibration
methods use external acoustic stimulus. For example, [23] uses
contact speakers and microphones to analyze sound transmission,
though this yields poor accuracy and operates at 20 Hz-10 kHz
frequencies that may cause discomfort. Ultrasound-based methods
analyze signal attenuation or velocity at 50-100 kHz [36, 52, 65],
but require 5-7 N contact force [5, 7, 24], risking fruit damage and
increasing complexity and measurement time [53].

11 Discussion
In this section, we discuss the limitations of our design and propose
potential solutions to enhance its capabilities.



FruitScope: A Non-Invasive Fruit Ripeness Sensing System via Multi-Resolution FMCW Design and Acoustic Sensing SenSys ’26, May 11–14, 2026, Saint Malo, France

Placement geometry.Our prototype fixes the fruit’s placement
in a tray to get rid of errors induced by the distance and other
disturbances. This is a practical choice for retail and self-checkout
kiosks, where the customers can place the fruit to the device and
assess the fruit. We have emulated the placement variances during
our data collection, and proposed a two-stage learning technique
to achieve low STD among multiple measurements for a single
specimen. On the other hand, our current setup is not a strict
restriction: the tray can be replaced by a shallow rail or belt at
factories, or by a height-adjustable shelf in self-checkout kiosks.
Our label-efficient data collection pipeline, along with the learning
algorithm, can help the system quickly adapt to new geometry.

Dataset size. We only evaluated four climacteric fruits (N = 80)
to demonstrate generality across ripeness profiles. Larger cultivar
diversity will further stress-test the model, and we believe expand-
ing the dataset size could improve the performance; fortunately,
our contrastive stage requires no labels, so collecting unlabeled
rotations at packing houses is straightforward and inexpensive.

Generalizing to Diverse Produce. Our system is currently op-
timized for medium-sized fruits. Small items (<3 cm) lacks sufficient
radar cross-section while large produce (>20 cm) exceeds current
rig dimensions, presenting physical constraints. Nevertheless, these
might be handled through batch estimation or mechanical scaling of
the hardware. For producewith thick skinswhere signal attenuation
is higher, the system provides a unique advantage. While dense
rinds may dampen acoustic responses, mmWave radar remains
promising for sensing surface-level dielectric shifts and moisture
changes, as demonstrated in prior work [71] utilizing mmWave
for thick-skinned citrus. This suggests a promising potential for
adaptive modality weighting, where the system might dynamically
prioritize the most reliable sensor data to ensure robustness across
a wider variety of peel structures.

Collectively, these limits are engineering, not conceptual; they
do not undercut our central contribution that coupling fine-grained
FMCW sensing with pseudo-noise-enabled acoustic sensing yields
label-efficient, contact-force-free quality estimation at <$400.

12 Conclusion
In this work, we present FruitScope, a multi-modal low-cost, easy-
to-deploy non-invasive system that combines FMCW radar and
acoustic sensors and is robust to environmental noises. In contrast
to past work such as sub-THz systems, our system provides a cost-
effective solution while maintaining high accuracy and practical
deployability. To enable FruitScope, we introduced a novel FMCW
frame structure, integrated with pseudo-noise-based acoustic sens-
ing, and applied a label-efficient learning framework that achieves
high accuracy in ripeness estimation with minimal labeled data.
Beyond fruit sensing, we envision FruitScope enabling broader ap-
plications in precision agriculture, food processing, and distribution
systems.
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