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Abstract—Having homogeneous temperature profiles is desir-
able in composting, especially in low-volume-mass production,
a less self-regulated and unstable scenario, where the biomass
maturation cycle is more sensitive to the detrimental effects of
hotspot disruptions that could annihilate the process. This study
numerically assesses the performance of microwave imaging
(MWI) as an alternative for detecting these hotspots by using
four non-iterative algorithms: truncated singular value decom-
position (TSVD) with a Born approximation, delay-and-sum
(DAS), multiple signal classification imaging (MUSIC-I), and
multifrequency bifocusing (MFBF), and two non-invasive multi-
view operation setups, partial and full, to map temperature-
related dielectric contrasts within a domestic composter. Overall,
the study demonstrates that direct MWI is a feasible approach
for compost hotspot detection.

Index Terms—Dielectric characterization, compost process-
ing, inverse scattering, microwave imaging, non-iterative imag-
ing

I. INTRODUCTION

Composting is a naturally occurring exothermic process
with variable duration that converts raw organic biomasses,
such as agricultural residues or food discards, into a stabi-
lized, sanitized, and humus-like product, the compost [1].
It presents three progressing phases: the mesophilic, ther-
mophilic, and maturation phases, each characterized by dis-
tinctive and indicative temperature-defined behavior. In the
first phase, microorganisms drive the decomposition of easily
degradable organic matter. In the second phase, the tempera-
ture rise accelerates the degradation rate while reducing the
pathogenic agents in the mass, ensuring its stabilization and
sanitation. In the last one, the temperature decreases, and
hard-to-degrade molecules are mineralize.

In industrial scenarios, where large volumes of mate-
rial are used, composting has been refined into a faster,
more controlled, and self-regulated process. Conversely, in
domestic small-volume ones, the compost mass no longer
self-regulates and so more sensitive to sporadic appearing
hotspots, which indicate abnormal microbial activity that
could critically disrupt and prematurely end the whole pro-
cess. In this context, the early identification of hotspots
without physically disturbing the process is pivotal, though
non-trivial. For instance, thermal-optical approaches provide
just superficial information, while using temperature sensor(s)
gives punctual information within the domain of interest
(DoI), risking missing the identification. Besides, it is an
invasive approach.

As an alternative, microwave imaging (MWI) offers a
non-ionizing, non-invasive, low-intensity, and cost-effective

solution capable of generating temperature deviation maps by
exploiting the scattering response from the dielectric contrast
variation between the overall mass and the hotspots [2].
Indeed, the studied application requires the identification and
localization of the hotspots so that one can promptly intervene
the process.

Building upon the findings in [2], [3], this work assesses
the use and performance of four direct MWI algorithms:
truncated singular value decomposition (TSVD) with a Born
approximation [4], delay-and-sum (DAS) [5], multiple signal
classification imaging (MUSIC-I) [6], and multifrequency
bifocusing (MFBF) [7], applied to a 16-antenna cylindrical
configuration mimicking a domestic composter. In particular,
with the ultimate goal of developing a low-complexity and
cost-effective system, we study two multi-view operational
configurations that consider either a two-pole-sixteen-through
or a two one-pole-eight-through switching modules, which
multiplex the transmitters and receptors. Specifically, we use
a partial case with a set of eight antennas as transmitters and
a different set of eight antennas as receptors, and a full case
using sixteen as transceivers. Finally, six imaging metrics are
used, including four binary and two full-contrast ones.

II. MATHEMATICAL FORMULATION

MWI is an inverse ill-posed and non-linear problem that
retrieves a spatial distribution, i.e., an image, of a dielectric
contrast variation, ∆χ, or a correlated variable, within the
DoI. It can be formulated via a scattering problem, with an
integral operator casting the contrast accounting for focused
thermal variations with the sampled scattered field, as

Esct(rp, rq;ω) =

∫
DoI

G(rp, r;ω) ·E(r, rq;ω)∆χ(r;ω)dr,

(1)
where r ∈ DoI is the position, ω = 2π f is the angular
frequency. G represents the Green’s function for an assumed
reference scenario, while E is the total field sampled at the
position of the receiver p when transmitting from the position
at q. The symbol “·” denotes the dot product. This kernel
describes the response to a point source as a function of
the observation position, forming the point-spread function
(PSF), which contains the description of the system [8].
To deal with the inversion, there are two main families
of approaches: the direct, non-iterative approach and the
iterative approach. In the first case, the algorithm tries to
resolve the problem in one shot, avoiding the computational



load burden, which is very convenient when working with
applications that require fast results and where qualitative
imaging is enough. On the other hand, iterative methods,
usually quantitative tomographic ones, retrieve, in addition to
the qualitative features, the complex values associated with
them, at the price of requiring more computational resources
and resolving time, as they work as an iterative optimization
problem. In this work, we explore four direct approaches that
meet the requirements of the target application.

A. Born Approximation and Truncated Singular Value De-
composition

Assuming “weak” and localized contrast, as in the case of
hotspots, the imaging kernel can be linearized using the Born
approximation assuming a reference scenario [2], [9]. Then,
to invert and regularize the problem, the discretized kernel is
decomposed by the singular value decomposition (SVD) in
⟨[u], [σ], [v]⟩, where σn, un and vn are the n-th singular value,
right and left singular vectors, respectively, and expressed as

∆χ =

NT∑
n=1

1

σn
⟨Esct, un⟩ vn, (2)

where NT is the truncation parameter and acts as a regu-
larizer. To build the kernel, we generate the E fields using
a 2D FEM solver that models a scenario containing the
geometric information of the problem, i.e., proves positioning
and domain geometry features, as well as the respective
dielectric distribution. Since we are interested in an intensity
profile, I(r), it is represented like the normalized dielectric
contrast, and stated as:

I(r) = ∥∆χ∥/∥∆χ∥max. (3)

Moreover, considering in the actual scenario, Esct is sampled
via the scattering matrix S = St0 − St1 , where St0 and St1

represent, respectively, the scattering matrices in two different
times, t0 and t1, a calibration using a known scenario is used
to convert and conveniently scale the measured scattering
parameters [10], [11] (here obtained via a 3D full-wave
simulation, see Sect. III).

B. Delay-And-Sum

The DAS is a confocal-based imaging algorithm used in
several applications due to its robustness and computational
efficiency [5]. It applies propagation-path-based delays to
the collected data, which are then coherently summed to
produce an intensity map. Regions that exhibit significant
contrast correspond to discontinuities. MWI reconstructions
are commonly degraded by clutter and unwanted early-
and late-time responses, which can mask the responses of
interest. To remove these non-desired responses, clutter, a
straightforward differential approach is used, subtracting the
temporal reflection response of each i-antenna at t0 from a
the response at t1, ∆Mi = Mt0

i −Mt1
i . With the unchanged

system geometry and acquisition setup, the clutter is removed,
so ∆Mi reflects the temporal changes. The intensity profile
I(r) at any focal point r within the DoI is computed as:

I(r) =

N∑
i=1

∆Mi(τi(r)), (4)

where τi(r) = 2∥r−ri∥/v represents the signal’s travel delay
from the i-transmitter’s phase center ri to any focal point r
in the DoI, and v denotes the wave propagation velocity in
the background medium, and N the number of antennas.

C. Multifrequency Bifocusing

In this case, the I(r) is obtained by coherently summing
the contributions from all transmitter-receiver pairs across all
frequencies is calculated as in [7]:

I(r) =
∑
f

NTX∑
i=1

NRX∑
j=1

Eji
sct(f) ·G(r, rTXi , f) ·G(r, rRXj , f),

(5)
where Eji

sct(f) represents the scattered electric field corre-
sponding to transmitter-receiver pair (i, j) at frequency f .
NTX and NRX indicate the total number of transmitters and
receivers, respectively, and G is the back-propagation Green’s
function that focuses the field from the source position rsrc
to r, which can be defined for two-dimensional problems as:

G(r, rsrc, f) =
√
||r− rsrc|| · e+jk(f)||r−rsrc||, (6)

where ||r − rsrc|| =
√
(x− xsrc)2 + (y − ysrc)2 is the

Euclidean distance. The wavenumber k(f) is frequency-
dependent and defined as:

k(f) =
2πf

c0

√
εrb . (7)

Here, c0 is the speed of light in vacuum and εrb is the relative
permittivity of the background medium.

D. Multiple Signal Classification Imaging

The MUSIC-I is a subspace-based method that achieves
high spatial resolution by exploiting the eigenstructure of the
data covariance matrix [6]. For each frequency point f , the
SVD of S is performed as:

S(f) =

NF∑
m=1

σm(f)um(f)v∗m(f) ≈
MT∑
m=1

σm(f)um(f)v∗m(f).

(8)

Then, the MT dominant eigenvectors of the total NF are
projected onto the noise subspace as:

Pnoise(f) = IN −
MT∑
m=1

um(f)u∗
m(f), (9)

where IN denotes the N × N identity matrix. To form the
intensity map, a model of wave propagation between the
antennas and each point r in the imaging domain is needed,
thus a steering vector w(r, f) is defined as:

w(r, f) =


e−jk(f)∥r−r1∥

e−jk(f)∥r−r2∥

...
e−jk(f)∥r−rN∥

 (10)

Finally, the intensity map I(r) is obtained by summing con-
tributions across all frequency points. This pseudo-spectrum
exhibits sharp peaks at the positions of the scatterers, as
the steering vector w(r, f) is almost orthogonal to the noise



Fig. 1. Simulated scattering parameters, |S11| and |S19|, for the 16-antenna
circular array with a geometry schematic and dimensions included in the
bottom-right corner scheme. Permittivity values based on [3].

subspace. This characteristic allows the MUSIC-I algorithm
to achieve super-resolution imaging.

I(r) =
1∑

f

∥∥Pnoise(f) [w(r, f)]
∥∥2 (11)

III. VALIDATION

A. Numerical Setup

To evaluate the performance of the aforementioned in-
version algorithms, we generate synthetic ‘input ‘measure”
scattering data for all algorithms by full-wave simulating a
MWI system consisting of 16 horn antennas evenly spaced
around a cylindrical container with the dimension of a do-
mestic composter as illustrated in Fig. 1, and in agreement
with the feasibility proofing in [2]. The baseline mass and
the hotspot dielectric properties are set according to the
values reported in [3], and indicate a drift of about 4 oC.
Moreover, to build the TSVD imaging kernel and calibrate
the input data, we employ an in-house 2D EM finite element
method (FEM) solver. The reconstructions for the full- and
partial-multiplexing configuration are shown in Figs. 3 and 4,
respectively. In these, and in subsequent metrics, the Born
approximation with the truncated SVD, is dubbed as S-F
TSVD, in the single frequency case and as M-F TSVD in the
multi-frequency one. To build the kernel, we consider 1 GHz
for the former, and [0.5 1.0 1.5] GHz for the latter. The other
algorithms use the data from the whole band, 0.5− 1.5GHz.
Qualitative assessment of the retrieved intensity maps indi-
cates that the hotspot region is generally well-identified in the
baseline composting mass. The results also suggest a trade-
off between system complexity, implementation costs, and
image fidelity. Either multiplexing setup can be practically
implemented using commercially available switches, such
as the 2x64 channel electronic correlator [12] for full- and
partial-multiplexing, and the 1x8 channel solid-state switch
[13] for partial-multiplexing.

B. Performance

The performance of MWI algorithms is assessed using
six image-quality metrics: four binary metrics and two full-
contrast metrics. The binary-based ones include: Intersec-
tion over Union (IoU) to measure the spatial precision in
terms of the overlap between the reconstructed target and
the corresponding ground truth; Dice Similarity Coefficient

TABLE I
PERFORMANCE METRICS OF FULL MULTIPLEXING CONFIGURATION

Metric S-F TSVD M-F TSVD MFBF MUSIC-I DAS
Full-multiplexing configuration

IoU 0.5669 0.5327 0.7263 0.0765 0.7872
DSC 0.7236 0.6952 0.8415 0.1421 0.8810
S-BM 0.7739 0.6952 0.9798 0.1421 0.9881
B-BM 0.1960 0.8489 0.9026 0.5419 0.9090
SSIM 0.0945 0.1217 0.0098 0.9329 0.0088
CNR 2.5485 2.7687 3.2875 0.7145 2.226

Partial-multiplexing configuration
IoU 0.1213 0.5455 0.5727 0.0647 0.3129
DSC 0.2258 0.7059 0.7283 0.1215 0.4767
S-BM 0.9839 0.9748 0.9524 0.1215 0.5475
B-BM 0 0.0249 0.1045 0.6048 0
SSIM 0.0326 0.0934 0.0069 0.0419 0.0069
CNR 0.6643 2.3531 2.3085 0.8901 2.14
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Fig. 2. Performance metrics of (a) full-multiplexing and (b) partial-
multiplexing configuration

(DSC) [14] to evaluate the similarity of the two binary
segmentations; a Size-based metric (S-BM) and a Boundary-
based metric (B-BM), both introduced in [15], to evaluate
how closely the reconstructed target size and the mismatch
in the boundaries alignment corresponds with ground truth,
respectively. The full contrast metrics include Structural Sim-
ilarity Index (SSIM) [16] to evaluate the perceptual simi-
larity between the reconstruction and ground truth, and the
Contrast-to-Noise Ratio (CNR) [17] to measure how well the
target stands out from the background. The first five metrics
range from 0 to 1, with 1 indicating complete similarity
and 0 no similarity between the binarized reconstruction
with the corresponding ground truth. In contrast, CNR is
unbounded, and high CNR values suggest improved target
visibility in the reconstructed image. Here, it is worth noticing
that we do not apply noise, and the apparent distortions
are actually intrinsic imaging artifacts. Table I summarizes
the results for both multiplexing setups. In full-multiplexing,
all inversion algorithms accurately identify and locate the
hotspot. MUSIC-I has lower overall performance across the



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

0 0.2 0.4 0.6 0.8 1

Fig. 3. Normalized reconstructions for the full-multiplexing configuration
using different MWI algorithms (a-c) S-F TSVD, @1GHz; (d-f) M-F TSVD;
(g-i) MFBF; (j-l) MUSIC-I; (m-o) DAS. Each row shows: (left) normalized
reconstruction; (middle) binary mask by thresholding the reconstruction at
0.563 (≈ 5 dB); (right) a zoom-view of the target region. Dimensions in [cm].
The internal red contour outline the hotspot area. The red points indicate the
positions of the phase center of the transceiver elements.

binary-based metrics, it generates very localized contrast
peaks that, when thresholded, produce punctual targets. But
it achieves the highest SSIM due to reduced background
distortions. MFBF and DAS have lower SSIM values due to
significant background distortions as shown in Fig. 3. CNR
is comparable across most algorithms except for MUSIC-
I. In partial-multiplexing, M-F TSVD and MFBF have in
general good performance across some metrics, followed
by DAS, MUSIC-I, and S-F TSVD. In this configuration,
it is more evident that all algorithms introduce distortions

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)

0 0.2 0.4 0.6 0.8 1

Fig. 4. Normalized reconstructions for the partial-multiplexing configuration
using different MWI algorithms. (a-c) S-F TSVD, @1GHz; (d-f) M-F TSVD;
(g-i) MFBF; (j-l) MUSIC-I; (m-o) DAS. Each row shows: (left) normalized
reconstruction; (middle) binary mask by thresholding the reconstruction at
0.563 (≈ 5dB); (right) a zoom-view of the target region. Dimensions in [cm].
The internal red contour outline the hotspot area. The red crosses indicate the
positions of the phase center of the transmitters, while the circles indicates
the receivers.

that reduce the B-BM score, which is very sensitive to
artifacts present in the binarized reconstructions. MUSIC-I, in
contrast, does not introduce artifacts, and thus exhibits good
B-BM score. SSIM values are lower for all algorithms in this
setup. Overall, the quantitative analysis confirms that MWI
effectively identifies and localizes hot spots using both full-
and partial-multiplexing configurations. S-F TSVD shows
higher distortion in partial multiplexing, confirming the need
for multi-frequency approaches. Finally, for the sake of clarity
and easier comparison, Fig. 2 illustrates the metrics.



IV. CONCLUSION AND PERSPECTIVE

This paper assessed different non-iterative MWI algo-
rithms, expressed in their 2D version, for detecting harmful
hotspots that appear during domestic composting, where
the composter is modeled as a cylindrical container. Only
a single hotspot was considered in this analysis, although
multiple hotspots may occur in the compost mass. Though
this simplified scenario, it is still meaningful as it provides
valuable learnings, more narrowly framed, that can be extrap-
olated to more complex ones. Starting with a mathematical
generalization, the hotspot detection is stated as an imaging
problem aimed at retrieving an intensity map. The results
show MWI is a good alternative for detection, regardless of
the approach used. However, the imaging performance might
act as a driving design tool.

In future work, we expect to extend the presented analysis
to 3D formulations and more realistic scenarios, as well as
experimentally validate the results.
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