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Abstract
Liquid leakage detection is critical for product quality and
user safety, yet existing methods require line-of-sight (LoS)
or direct contact with the liquid, or could even introduce
additional health or safety risks. In this paper, we propose
SARLiquid, a novel mmWave-based through-package liquid
leakage detection method. SARLiquid leverages mmWave
signals to see through packaging and identify leakage by
reconstructing mmWave images. We employ synthetic aper-
ture radar (SAR) technique to enhance imaging resolution
and tame multipath effects. We also develop a dedicated al-
gorithm to calibrate the discontinuous phase in SAR imaging
results, and propose a deep learning model for liquid leakage
detection and liquid identification. We implement SARLiq-
uid and evaluate it across a wide range of scenarios. Results
show that SARLiquid achieves average accuracies above 93%
for both liquid leakage detection and liquid identification,
14.70% and 9.98% higher than the baselines, respectively.
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1 Introduction
Liquid goods are usually packaged in modern industrial pro-
duction and distribution for convenient transport, storage,
and retail handling [1, 4, 10, 17, 28]. However, leakage from
sealed packages often occurs during these processes, leading
to potential economic loss and microbial growth. More criti-
cally, for high-proof alcohols and other volatile liquids, leak-
agemay pose severe safety risks (e.g., fire or harmful vapor re-
lease). Therefore, reliable liquid leakage detection is essential
to ensure product quality and consumer safety [12, 23, 30].
Existing research has explored a range of methods for

liquid leakage detection. Vision-basedmethods [6, 14] extract
visual features of leakage in target regions, while RFID-based
methods [7] deploy tags in sensing areas to infer leakage
based on the changes in tags’ dielectric properties. However,
these methods either require an unobstructed line of sight
(LoS) or rely on direct contact with leaked liquid, which is
difficult to satisfy when liquid goods are sealed in packages.
Although X-ray imaging can see through packaging without
requiring LoS or direct contact, its ionizing radiation raises
significant health and safety concerns.
In this paper, we propose SARLiquid, a novel through-

package liquid leakage detection method based on mmWave
imaging. At its core, SARLiquid exploits mmWave signals
with inherent penetrability to see through packaging. Ma-
terials (e.g., liquid and bottle) inside a package exhibit dif-
ferent permittivities and thus introduce distinct responses
to mmWave signals [3]. These differences will manifest in
reconstructed mmWave images, enabling SARLiquid to iden-
tify and localize leaked liquid. However, realizing the idea is
non-trivial and presents several technical challenges:

First, mmWave propagation inside packaged environments
undergoes complex reflections and multipath effects, which
could significantly distort reconstructed images and degrade
detection accuracy. Second, permittivity differences among
materials inside the package will induce discontinuous phase
variations, which impair image quality. Third, practical de-
ployments should accommodate diverse liquids, yet their
features may be subtle in reconstructed images, making reli-
able liquid identification difficult.
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Figure 1: Overview of SARLiquid.

To address these challenges, SARLiquid incorporates the
following core designs. First, we employ synthetic aperture
radar (SAR) technique1 along with a phase compensation
method to improve spatial resolution and tame multipath
effects inside enclosed environments. Second, we develop a
dedicated phase calibration algorithm to unwrap the discon-
tinuous phase and suppress noise in reconstructed images.
Third, we propose a deep learning model for joint leakage
detection and liquid identification.

Our contribution can be summarized as follows:
1) We propose SARLiquid, a novel method for through-

package liquid leakage detection. We disclose the propaga-
tion model for mmWave signals in packaged scenarios and
establish the relationship between liquid leakage and its fea-
tures in mmWave images.
2) We design the mmWave imaging pipeline tailored for

through-package leakage detection and address key chal-
lenges, including multipath effect, discontinuous phase vari-
ations, and joint leakage detection and liquid identification.

3) We implement SARLiquid and evaluate it across a wide
range of packaging scenarios. Results show that SARLiquid
achieves average accuracies above 93% for both leakage de-
tection and liquid identification, 14.70% and 9.98% higher
than the baseline, respectively.

2 SARLiquid Design
Fig. 1 provides an overview of SARLiquid. First, SARLiquid
uses a commercial mmWave radar to scan the target along a
predefined 2D trajectory, synthesizing a dense virtual array
and collecting reflected signals. It then reconstructs SAR am-
plitude and phase images, inwhich leakage appears as unique
energy anomalies and phase variations. Next, SARLiquid ap-
plies a phase calibration algorithm to denoise the phase im-
age and correct phase discontinuities. Finally, the calibrated
RGB phase and amplitude images are fed into LF-Net for
joint leakage detection and liquid identification.
1SAR synthesizes a much larger effective antenna aperture by coherently
combining echoes collected as the sensing device moves, achieving high-
resolution sensing with a physically small antenna [8, 21, 31].

2.1 Signal Propagation Model
To characterize how leakage manifests in SAR images, we
first model signal propagation in through-package scenarios.

In such scenarios, the received reflected mmWave signals
consist of multiple components traveling along different
paths. The 𝑖-th component can be expressed as [16]:

𝑆𝑖 = 𝐴𝑖 · 𝑒 𝑗Φ𝑖 , (1)

where 𝐴𝑖 and Φ𝑖 denote the amplitude and phase of the 𝑖-
th path, respectively. Both are determined by the propagation
distance, material attenuation, and the reflection/transmission
coefficients along the path.

Next, we analyze these propagation paths under both the
leakage and non-leakage scenarios, respectively.
Non-leakage scenario. As illustrated in Fig. 2(a), under
the non-leakage scenario, the liquid remains fully contained
within the container, and the received signal is dominated
by three primary propagation paths:
1) Path A: The signal is reflected by the far inner surface

of the packaging box, denoted as 𝑅𝑝𝑜𝑢𝑡 .
2) Path B: The signal passes the packaging box and is

reflected by the container’s outer surface, denoted as 𝑅𝑐𝑜𝑢𝑡 .
3) Path C: The signal penetrates the packaging box and

the container, and is reflected by the liquid surface.
Among these paths, Path C is particularly important be-

cause it directly interacts with the liquid. Its amplitude and
phase can be expressed as

𝐴3 = 𝑆0𝐺𝑡𝐺𝑟𝑇
2
𝑎→𝑝𝑇𝑐𝑅𝑙𝑒

−2(𝛼𝑝𝑑𝑝+𝛼𝑐𝑑𝑐 ) ,

Φ3 = 2𝑘
(
𝑑𝑝 + 𝑑𝑐

)
+ 2∠𝑇𝑎→𝑝 + ∠𝑇𝑐 + ∠𝑅𝑙 ,

(2)

where 𝑆0 is the transmitted signal power; 𝐺𝑡 and 𝐺𝑟 are the
transmit and receive antenna gains;𝑇𝑎→𝑝 is the transmission
coefficient at the air-packaging interface [26]; 𝑇𝑐 denotes
the overall transmission coefficient through the container
interfaces (i.e., 𝑇𝑎→𝑐 and 𝑇𝑙→𝑐 ); and 𝑅𝑙 is the reflection coef-
ficient at the liquid surface. 𝛼𝑝 and 𝛼𝑐 are the attenuation
coefficients of the packaging box and container, respectively;
𝑑𝑝 and 𝑑𝑐 are their thicknesses; 𝑘 is the wavenumber; and
∠𝑇𝑐 and ∠𝑅𝑙 are the phase shifts introduced by transmission
and reflection at the container and liquid interfaces. Other
paths can be formulated similarly, differing mainly in the
reflection interfaces and corresponding attenuation terms.
Leakage scenario. As shown in Fig. 2(b), under the leak-
age condition, the liquid level in the container decreases,
and the leaked liquid spreads to the bottom of the package.
This introduces two additional propagation paths: Path C ′,
reflected from the region above the liquid level, and Path D,
reflected from the leaked liquid at the package bottom:
1) Path C ′: The signal penetrates the packaging box and

the container, then is reflected by the inner surface of the
container (𝑅𝑐𝑖𝑛 ) in the region where the liquid has receded.
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(a) Non-leakage (b) Leakage

Figure 2: Signal propagation model.

2) Path D: The signal is directly reflected by the leaked
liquid surface through the packaging box. The corresponding
amplitude and phase are

𝐴4 = 𝑆0𝐺𝑡𝐺𝑟𝑇
2
𝑎→𝑝𝑅𝑏𝑙𝑒

−2𝛼𝑝𝑑𝑝 ,

Φ4 = 2𝑘 · 𝑑𝑝 + 2∠𝑇𝑎→𝑝 + ∠𝑅𝑏𝑙 ,
(3)

where 𝑅𝑏𝑙 is the reflection coefficient of the leaked liquid,
and ∠𝑅𝑏𝑙 denotes the phase shift introduced by it.

2.2 Imaging Mapping and Leakage Analysis
Image reconstruction. SAR imaging reconstructs the spa-
tial distribution of scatterers by coherently integrating re-
flected signals collected over each synthetic aperture. Based
on the signal propagation model in §2.1, the received signal
at each aperture position is the coherent superposition of
contributions from all propagation paths:

𝑆𝑡𝑜𝑡𝑎𝑙 (𝑡, 𝑥,𝑦) =
𝑁∑︁
𝑖=1

𝑆𝑖 , (4)

where 𝑁 = 3 in the non-leakage scenario and increases to
𝑁 = 5 under the leakage scenario.

To form a focused SAR image, we adopt a standard FMCW-
SAR reconstruction pipeline, including range-domain trans-
formation, wavenumber-domain phase compensation, and
inverse spatial transformation [29]. After compensating for
phase distortions introduced by multilayer propagation, we
reconstruct the complex SAR image as

𝑓 (𝑥,𝑦) = FFT−1
2𝐷

[
FFT2𝐷 [𝑆 (𝑥 ′, 𝑦′)] · 𝑒

− 𝑗𝑧

√︃
4𝑘2−𝑘2𝑥 −𝑘2𝑦

]
, (5)

where 𝑘 is the wavenumber and (𝑘𝑥 , 𝑘𝑦) are the spatial-
frequency components along azimuth dimensions. This op-
eration refocuses scattered energy to its true spatial location.
We obtain the SAR amplitude image by normalizing the

power of reflected signals and mapping it to pixel intensity:
𝐼 (𝑥,𝑦) = |𝑓 (𝑥,𝑦) |2/|𝑓max |2, which can then visualize the rel-
ative reflection strength across the imaging plane.
Leakage analysis Based on the signal propagation model
and the SAR reconstruction procedure described above, liq-
uid leakage can be inferred based on two features in the
reconstructed images:

(a) W/o leakage (b) W/ Leakage
Figure 3: Comparison of w/o leakage and w/ leakage.

1) Energy anomaly. Leakage substantially reshapes the
spatial energy distribution because liquids typically exhibit
much higher permittivity than air. Externally, leaked liquid
spreads along the package bottom and forms an additional
reflective interface (Path D), introducing a localized high-
intensity region in the SAR amplitude image (Fig. 3(b)2).
Internally, the drop in liquid level introduces a medium
discontinuity along the propagation path: the receded, air-
filled region experiences lower attenuation and thus appears
brighter, whereas the remaining liquid region incurs higher
absorption and exhibits reduced intensity. Together, these
effects yield an energy anomaly for indicating the leakage.
2) Phase variation. In addition to amplitude changes, the

permittivity difference between air and liquid also leads
to distinct phase responses. Since electromagnetic waves
propagate at different velocities in different media, leakage-
induced changes in the propagation medium alter the ef-
fective optical path length, resulting in phase shifts along
the corresponding paths. In the reconstructed phase image,
these shifts manifest as discontinuities and/or specific tex-
ture patterns at the liquid interface to highlight the leakage.

2.3 Phase Calibration
While combining amplitude and phase images can ensure
a reliable leakage detection, practical deployments should
accommodate diverse liquids, which requires liquid iden-
tification. Liquid identification, however, hinges on finer
and more stable phase features, yet the raw phase image
is impacted by speckle noise, multipath interference, and
wrapping discontinuities, as shown in Fig. 4(a1). To recover
more accurate phase images, we develop a dedicated phase
calibration algorithm.
First, we use the SAR amplitude image to guide spatial

smoothing of the phase image. This strategy exploits the
structural consistency between the two modalities to sup-
press speckle noisewhile preserving sharp phase edges around
leakage regions. Second, to mitigate background multipath,
we apply notch filtering in the frequency domain to remove
low-frequency interference [19] and isolate leakage-related

2Here, we take a vertical deployment as an example, but SARLiquid can
function well under diverse container deployments (detailed in §3.3 and
Fig. 9(b).
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(a1)

(b1)

(a2)

(b2)

(a3)

(b3)

Figure 4: Comparison of amplitude and phase images.
(a1) Phase image w/o calibration; (b1) Phase image w/
calibration; (a2) Amplitude image of saltwater; (b2) Am-
plitude image of ethanol; (a3) Phase image of saltwater;
(b3) Phase image of ethanol.

high-frequency details. Finally, to resolve the phase ambigu-
ity within (−𝜋, 𝜋], we implement a DCT-based least-squares
phase unwrapping algorithm. By solving the Poisson equa-
tion via the discrete cosine transform, we efficiently recover
a continuous absolute phase field, making the phase features
more distinguishable for liquid classification.

To demonstrate the effectiveness of our phase calibration
algorithm, we conduct a group of experiments3. We employ
the proposed algorithm to calibrate the image of the ethanol
leakage. As shown in Fig. 4(b1), the calibrated phase image
exhibits a smoother and more continuous phase field while
preserving the structural boundaries of the leakage region,
in clear contrast to the raw phase image in Fig. 4(a1). This
result confirms that our calibration effectively suppresses
noise and corrects phase discontinuities without blurring
leakage-relevant edge information.

We further quantify the improvement using three metrics:
Peak Signal-to-Noise Ratio (PSNR), Phase Gradient Variance
(PGV), and Phase Continuity Index (PCI). Results show that
phase calibration improves PSNR by over 13 dB on average,
indicating effective noise suppression. PGV, which reflects
phase smoothness, improves by 78.16%, demonstrating re-
duced phase fluctuations. PCI increases by 11.99%, confirm-
ing the enhanced phase continuity. Overall, the calibration
well recovers the absolute phase distribution, which could
significantly improve the accuracy of liquid identification.

2.4 LF-Net
Input data. To fully exploit distinct physical responses

3The experimental dataset and setup are the same as those detailed in §3.1

Figure 5: LF-Net network architecture.

of different materials, SARLiquid forms a 6-channel input
tensor including RGB amplitude and phase images.

On one hand, leakage introduces a new reflection path (i.e.,
Path D in §2.1), which typically appears as a high-intensity
region near the package bottom in the amplitude image
(Fig. 4(a2) and (b2)). The intensity of this region correlates
with the liquid’s permittivity, with higher-permittivity liq-
uids producing stronger responses. On the other hand, dif-
ferent liquids have distinct refractive indices and absorption
coefficients, which affect the effective path length and mul-
tipath interference. As shown in Fig. 4(a3) and (b3) , these
differences manifest as characteristic textures and fringes in
the phase images. With both amplitude and phase features,
LF-Net can learn to identify liquid while detecting leakage.
Network architecture. Fig. 5 illustrates the architecture
of LF-Net. It is built on a modified ResNet-18 backbone,
where the first convolutional layer is expanded to accept
the 6-channel input. The backbone extracts a shared feature
representation that captures both spatial energy cues (from
amplitude) and fine-grained texture cues (from phase). This
feature vector is then fed into two cascaded branches: 1)
Leakage detection branch, a binary classifier that predicts
whether leakage occurs based on the anomaly features de-
fined in §2.2; and 2) Liquid identification branch, a multi-class
classifier that predicts the liquid type and is activated only
when leakage is detected.

3 Evaluation
3.1 Experimental Setup
Hardware and software. Fig. 6 illustrates the hardware
setup of SARLiquid. We build SARLiquid on a commercial
mmWave radar (Texas Instruments IWR1843BOOST [22])
operating over 77-81 GHz. The radar is mounted on a guide
rail and driven by a set of stepper motors to follow a “snake”
scanning trajectory (orange solid line in the top-right sub-
figure of Fig. 6). This trajectory synthesizes a 104 × 18 grid
of virtual aperture positions (horizontal × vertical) for SAR
imaging. We develop a dedicated graphical user interface
(GUI) in MATLAB R2022a to control the guide rail and col-
lect radar data. We implement LF-Net with Python 3.12 and
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Figure 6: Experimental scenario and deployment.

CUDA 12.1. All algorithms run on a laptop equipped with
an Intel i7-1365HX CPU and an NVIDIA RTX 4060 GPU.
Dataset. We construct our dataset using four common liq-
uids with different permittivities: water, saltwater, glycerin,
and ethanol. For each liquid, we collect mmWave images
under different conditions, including leakage state, container
material (e.g., glass vs. plastic), and other variables, yield-
ing 2,040 samples in total. We split the dataset into training,
validation, and test sets with a 70%/15%/15% ratio.
Baseline. For performance comparison, we implement a
baseline that analyzes mmWave signals without SAR imag-
ing. Specifically, the baseline collects reflected mmWave sig-
nals at multiple distances from the package. Then, similar
to many existing methods [2, 13, 25], the baseline applies
wavelet denoising for multipath suppressing and extracts
a set of signal features (i.e., kurtosis, peak position, peak
ratio, and signal energy), which are further fed into a SVM
model for joint leakage detection and liquid identification.
We collect 7,500 samples to train and evaluate the baseline.

The rationality behind this baseline is illustrated in Fig. 7.
Without leakage, the liquid-filled container forms a relatively
uniform dielectric medium, yielding a single broad reflection
peak as the distance varies. When leakage occurs, the liquid
distribution inside the package changes and introduces ad-
ditional reflections and attenuation, leading to destructive
interference and a multiple-peak waveform.

3.2 Overall Performance
We evaluate SARLiquid and the baseline using 5-fold cross-
validation, with results shown in Fig. 8. Specifically, SARLiq-
uid achieves 96.05% accuracy for leakage detection, outper-
forming the baseline by 14.70%. For liquid identification,
SARLiquid reaches 93.57% accuracy, which is 9.98% higher
than that of the baseline. The performance of the baseline
is largely limited by spatial resolution and strong multipath
interference. In contrast, SARLiquid achieves high accuracy

Figure 7: Range profiles of
the baseline.

Figure 8: Overall perfor-
mance comparison.

across because 2D SAR provides higher-resolution imaging
results and better suppresses multipath effects.

3.3 Impacting Factors
Impact of sensing distance. First, we evaluate SARLiquid
by varying the distance between the radar and the package
from 155 mm to 185 mm, with a 10 mm step. For leakage
detection, Fig. 9(a) shows only a modest performance degra-
dation as distance increases. Even at 185 mm, all metrics
(i.e., precision, recall, accuracy, and F1-score) are above 0.94.
For liquid identification, Fig. 10(a) also shows a slight accu-
racy drop as the distance increases. Nevertheless, the average
identification accuracy remains above 93%, and it stays above
86% at 185 mm. These results demonstrate the robustness of
SARLiquid within this operating range.
Impact of container deployment. We next evaluate the
robustness of SARLiquid under different container deploy-
ments. Specifically, we consider three deployments: vertical,
tilted, and horizontal. As shown in Fig. 9(b), leakage detec-
tion performs best in the tilted deployment. We attribute
this to the smaller contact area between the container and
the leaked liquid at the package bottom, which makes the
leakage-induced reflectionmore dominant in the received sig-
nal. As the contact area increases (e.g., horizontal and vertical
deployments), the performance slightly degrades. Fig. 10(b)
shows a similar trend for liquid identification, where the
tilted deployment also achieves higher accuracy.
Impact of container material. We evaluate SARLiquid
with two common container materials: glass and plastic.
For leakage detection, SARLiquid remains highly robust. As
shown in Fig. 9(c), all metrics remain above 0.92 for both
materials, indicating that leakage-induced anomalies can be
reliably captured regardless of container material. For liquid
identification, Fig. 10(c) shows that SARLiquid also maintains
stable performance across both materials. The slight perfor-
mance degradation seen in glycerol and ethanol is mainly
due to their low permittivities.
Impact of container shape. Besides material properties,
container shape may also introduce variability in reflected
mmWave signals. To evaluate its impact, we evaluate SARLiq-
uidwith two typical container shapes: rectangular and square.
As shown in Fig. 9(d), all metrics exceed 0.91 for the two
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(a) Sensing distance (b) Container deployment (c) Container material (d) Container shape

Figure 9: Performance of leak detection under different impacting factors.

(a) Sensing distance (b) Container deployment (c) Container material (d) Container shape

Figure 10: Performance of liquid identification under different impacting factors.

shapes. This indicates that leakage detection is largely insen-
sitive to container shape. For liquid identification, Fig. 10(d)
shows that the accuracy gap between the two shapes is
within 5% for all four liquids, suggesting SARLiquid’s ro-
bustness to the variation of container shape.

4 Related Work
mmWave sensing has attracted extensive research [5, 9, 20].
For mmWave imaging, existing works mainly focus on re-
constructing the target surface geometry. For instance, Song
et al. [18] use reflection-intensity images to capture facial
brightness differences for masked face authentication. Hao et
al. [8] perform static gesture recognition by analyzing target
contours in intensity images. Wang et al. [24] exploit meta-
surface reflections to increase spatial diversity and use diffu-
sion models to generate higher-resolution images. Regmi et
al. [15] apply phase compensation and compressed sensing
to handle non-uniform sampling, and then use cGANs for
3D pose prediction.
Different from those works, SARLiquid adopts mmWave

imaging to deal with the core challenges of liquid leakage
detection in through-package scenarios.

5 Discussion
Robustness and scalability. Different materials inside the
package exhibit distinct mmWave responses due to their per-
mittivity differences. Based on this principle, SARLiquid can
be easily extended to other liquids beyond those evaluated
and can potentially identify other materials in the package.

Besides, SARLiquid does not produce false positives for un-
derfilled but non-leaking containers, since leakage detection
mainly depends on reflections from liquid accumulated at the
package bottom. However, accuracy may degrade for micro-
leakage cases, which may require finer-grained algorithms
and we leave this for future work.
Time consuming. In the current implementation, SARLiq-
uid requires about one hour to complete a full round of scan-
ning and imaging. This latency can be significantly reduced
by using higher-resolution radar hardware [11] or adopting
sparse-sampling algorithms [27].

6 Conclusion
This paper presents SARLiquid, a novel through-package liq-
uid leakage detection approach with a commercial mmWave
radar. We disclose the propagation model for mmWave sig-
nals in packaged scenarios and address a series of practical
challenges. Extensive experiments across diverse conditions
demonstrate that SARLiquid achieves accurate joint leakage
detection and liquid identification, with average accuracies
above 93%. We envision SARLiquid as a practical solution
for modern industrial production and distribution.
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