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Abstract: We present and compare three approaches for accurately retrieving depth-resolved
temperature distributions within materials from their thermal-radiation spectra, based on: (1)
a nonlinear equation solver implemented in commercial software, (2) a custom-built nonlinear
equation solver, and (3) a deep neural network (DNN) model. These methods are first validated
using synthetic datasets comprising randomly generated temperature profiles and corresponding
noisy thermal-radiation spectra for three different structures: a fused-silica substrate, an indium
antimonide substrate, and a thin-film gallium nitride layer on a sapphire substrate. We then
assess the performance of each approach using experimental spectra collected from a fused-silica
window heated on a temperature-controlled stage. Our results demonstrate that the DNN-based
method consistently outperforms conventional numerical techniques on both synthetic and
experimental data, providing a robust solution for accurate depth-resolved temperature profiling.

© 2025 Optica Publishing Group under the terms of the Optica Open Access Publishing Agreement

1. Introduction

Thermal radiation is a fundamental physical phenomenon in which heated objects emit electromag-
netic waves as a form of energy. Recent advances in thermal-radiation engineering have enabled
a wide range of innovative applications [1], including radiative cooling [2], thermophotovoltaics
[3], advanced infrared light sources [4,5], and thermal camouflage [6]. Among the earliest and
most widely adopted applications is infrared thermography, which utilizes infrared cameras to
detect emitted radiation for non-contact temperature measurements. This technique is extensively
used in medical imaging [7], defense [8], integrated circuit monitoring [9], and remote sensing
[10]. However, conventional infrared thermography relies on the total radiated power to infer an
effective surface temperature, limiting its ability to resolve subsurface temperature variations—an
essential capability for applications such as thermal management in multilayer electronic devices
[11] and three-dimensional (3D) medical diagnostics [7].

To address this limitation, we recently developed depth thermography, a non-invasive technique
that enables temperature measurement as a function of depth [12]. Depth thermography utilizes
spectrally resolved thermal radiation emitted from the semi-transparent spectral region of a
material, where the emitted signal comprises contributions from various depths. By modeling the
material as a multilayer structure with N layers, the total radiated power can be expressed as [13]:

I(λ) =
∑︂N

i=1
ϵ̄i(λ)IBB(λ, Ti), (1)
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where ϵ̄i(λ) is the local emissivity of the ith layer, Ti is its temperature, and

IBB(λ, T) = 2hc2/λ5(ehc/λkBT − 1) (2)

is the blackbody spectral radiance according to Planck’s law [12]. Here h is Planck’s constant, c
is the speed of light, and kB is Boltzmann’s constant. Note that in Eq. (1), contributions from
different layers are added incoherently, since thermal radiation fields from different layers are
uncorrelated, while the local emissivity is calculated coherently to consider the finite temporal
coherence of thermal-radiation field emitted from the same layer. Determining the temperature
profile Ti involves inverting Eq. (1)—an inherently ill-conditioned problem. This ill-conditioned
nature significantly limits the accuracy and depth resolution of the reconstructed temperature
distribution. In our previous work, we employed a brute-force search method and achieved a depth
resolution of only 0.25 mm in a 1 mm-thick fused silica window [12]. Because experimental
spectra inevitably contain noise, a robust inversion technique is essential to improve the accuracy
and reliability of depth thermography.

An ill-conditioned problem is a mathematical or computational problem that does not meet
the criteria of a well-conditioned problem, as defined by Jacques Hadamard [14]. According
to Hadamard, a well- conditioned problem must satisfy three conditions: a solution must exist,
be unique, and depend continuously on the input (i.e., be stable). In the context of temperature
inversion from thermal-radiation spectra, even small noise in the measured spectra can lead to
large deviations in the reconstructed temperature profile—an indication of solution instability.
Furthermore, inverse problems are often inherently ambiguous [15], as multiple temperature
distributions may produce spectral outputs that closely match noisy observational data [12].
Throughout the 20th century, numerous numerical and theoretical techniques were developed to
mitigate the challenges of ill- conditioned problems, including methods such as regularization
and minimization [15–19].

More recently, advances in machine learning — particularly deep learning and neural networks
— have introduced powerful new approaches for solving inverse problems [20–23]. These
techniques have demonstrated significant potential across a wide range of disciplines, including
optical metrology [24], spectroscopy [25], geophysics [26] and solid Earth geoscience [27]. In
the context of temperature inversion, machine learning models have been successfully employed
to retrieve temperature and humidity profiles from satellite observations [28] and ground-based
microwave radiometer measurements [29] in remote sensing applications. Additionally, neural
networks have been used to infer temperature and concentration distributions in combustion
systems based on infrared emission spectra [30].

In this paper, we present and evaluate three methods for accurate temperature inversion
from thermal-radiation spectra: (1) a nonlinear equation solver based on MATLAB’s lsqnonlin
function, (2) an inversion algorithm incorporating generalized cross-validation (GCV) [15],
and (3) a deep neural network (DNN)-based approach. To assess the effectiveness of these
methods, we first apply them to numerically generated datasets across three different structures.
We then validate the approaches using experimental data obtained from a 1 mm-thick fused-silica
window placed on a temperature-controlled heater. Our results show that the DNN-based method
consistently delivers the highest accuracy, enabling robust depth-resolved temperature profiling
through thermal-radiation spectroscopy.

2. Methods

Method 1 (hereafter referred to as MATLAB) utilizes lsqnonlin, a built-in MATLAB function
designed for solving nonlinear least-squares problems [31]. This function minimizes the sum of
squares of a set of nonlinear functions, making it suitable for curve fitting, parameter estimation,
and complex optimization tasks. In the context of depth-resolved temperature profiling, lsqnonlin
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is used to find a set of temperatures (Ti), that minimizes the objective function∑︂
λ

[︂
Spectrum(λ) −

∑︂N

i=1
ϵ̄i(λ)IBB(λ, Ti)

]︂2
, (3)

where Spectrum(λ) is the input thermal-radiation spectrum provided to the solver. Also, lsqnonlin
requires an initial guess as well as upper and lower bounds for temperature values. While this
method can recover the exact temperature profile when the input spectrum is noise-free, its
performance significantly deteriorates in the presence of noise, as demonstrated in Section 3.

In method 1, the use of built-in MATLAB’s lsqnonlin function limits our flexibility to customize
the solver. Therefore, in method 2 (hereafter referred to as GCV), we developed a custom
nonlinear equation solver based on regularization, an iterative approach originally formulated
and tested for magnetotelluric inverse problems [15]. In these problems, depth-resolved profiles
of the Earth’s electrical conductivity are inferred from magnetotelluric data. Since the GCV
algorithm has been successfully applied to a similar inversion problem, we believe it—being one
of the most recent advances in inversion techniques for nonlinear ill-conditioned problems—is
better suited than the standard approaches described in textbooks (e.g., [16–18]). Following the
notation in Ref. [15], the nonlinear ill- conditioned inverse problem can be expressed as

F(m) + ε = b, (4)

where b represents the noisy data (i.e., the measured spectrum), ε denotes a measurement noise,
F is a nonlinear operator and m is the solution of the inverse problem (i.e., the temperature
distribution). The solution m is obtained by minimizing the Tikhonov functional

φ = ∥F(m) − b∥2 + β∥W(m − mref )∥
2, (5)

where mref is a reference solution and β is the regularization parameter. This minimization is
carried out iteratively using the damped Gauss–Newton method, starting from the initial guess
m = mref . The regularization parameter β is selected by minimizing the generalized cross
validation (GCV) value:

GCV(β) =
∥r(β) − r∥2

trace(I − C(β))
(6)

Further details of this algorithm can be found in Ref. [15]. For direct comparison with Method
1, we set mref to be the same as the initial guess used in the MATLAB approach. Additionally,
we impose constraints on the maximum and minimum allowable temperature values to mimic the
upper and lower bounds applied in lsqnonlin.

For method 3 (hereafter referred to as DNN), we employ a conventional feedforward DNN
model, with the input layer receiving the thermal-radiation spectrum, several hidden layers, and
the output layer producing the temperature distribution. Unlike the MATLAB and GCV methods,
which solve the inverse problem directly, the DNN must be trained to predict temperature
profiles from given spectra. The training dataset is generated using Eq. (1), incorporating local
emissivity and randomly generated temperature distributions within a certain range. The same
local emissivity and temperature range are used in the MATLAB and GCV methods to calculate
spectra and define upper and lower bounds of temperature.

To ensure a consistent comparison, all DNN models in this study share identical architectures
and hyperparameters—except for the sizes of the input and output layers, which vary according
to the problem. Each model consists of 20 hidden layers with 250 nodes per layer, employing
the hyperbolic tangent (tanh) activation function. The datasets are split into training (60%),
validation (20%), and test (20%) subsets, and normalized using mean normalization. Training is
performed over 200 epochs using stochastic gradient descent, minimizing the mean squared error
loss function.
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3. Results

3.1. Numerical data

We first evaluate the performance of the three temperature-inversion methods using numerically
generated data for three distinct structures: (1) a 1 mm thick fused-silica substrate on a heater
stage, (2) a 0.5 mm thick indium antimonide (InSb) substrate on a heater stage, and (3) a 5 µm thick
gallium nitride (GaN) thin film on a sapphire substrate (Fig. 1). To demonstrate depth-resolved
temperature inversion, the fused-silica structure is modeled as an 11-layer structure consisting of
ten 0.1 mm thick silica layers atop a 200 nm thick aluminum layer. The InSb structure is modeled
as a 21-layer system with twenty 0.025 mm thick InSb layers over a 200 nm aluminum layer. The
GaN structure comprises 20 layers: ten 500 nm thick GaN layers, followed by five 1 µm thick
sapphire layers and five 20 µm thick sapphire layers. There is no heater stage in the GaN structure.
As a widely used semiconductor material in electronic devices, non-uniform temperature profiles
can be generated in GaN by optical pumping or electrical excitations. We are mostly interested in
the temperature distribution inside GaN as well as near the GaN/sapphire interface. Therefore,
we intentionally introduce this non-uniform layer segmentation in the sapphire substrate. Depth
thermography relies on thermal-radiation spectra in the semi-transparent region; accordingly, we
focus on the wavelength ranges of 4.75–8 µm for fused silica, 5–10 µm for InSb, and 8–15 µm for
GaN, with corresponding spectral resolutions of 50 nm, 10 nm, and 10 nm, respectively. The
geometric and spectral parameters for these three test structures are summarized in Table 1.

Fig. 1. Three testing structures used to validate inversion methods via numerical data: a) 1
mm thick fused-silica substrate on a heater stage; b) 0.5 mm thick InSb substrate on a heater
stage; c) 5 µm thick GaN film on a sapphire substrate.

The optical properties (i.e., n and k) of InSb, sapphire, and GaN are obtained from Ref. [32,33],
and [34] , while those for fused silica are from our own ellipsometry measurement [12]. For
each structure, the local emissivity of individual layers is calculated using the scattering matrix
method and the dyadic Green’s function [35]. Thermal-radiation spectra are then generated using
Eq. (1), where temperature of each layer Ti is randomly assigned within the range of 273 to 373 K.
Some examples of temperature profiles and the corresponding thermal-radiation spectra for each
structure are provided in Supplement 1, Section 1. To simulate realistic experimental conditions,
white Gaussian noise is added to the ideal spectra, with signal-to-noise ratios (SNR) set at 35,
45, and 50 dB to evaluate method performance under varying noise levels. For statistically
meaningful analysis, each method is tested with N = 100 different spectra and corresponding
random temperature distributions. Method performance is assessed by the standard deviation
(SD) for each layer across all test cases:

SDj =

√︃
1
N

∑︂N

i=1
(1 − T inv

i,j /Ti,j)
2
× 100%, (7)

where T inv
i,j and Ti,j represent the inverted and input temperatures for layer j in the ith random

temperature distribution.

https://doi.org/10.6084/m9.figshare.29984752
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Table 1. Geometrical and spectral parameters of three testing structures.

Since the random temperature distributions are generated within the range of 273 to 373 K,
these values are used as the lower and upper bounds for the numerical inversion methods (i.e.,
MATLAB and GCV). For DNN approach, 10,000 randomly generated temperature distributions
within this range are used to train a model for each structure. For both the MATLAB and GCV
method, a uniform temperature distribution equal to the top surface temperature is used as the
initial guess and reference temperature, respectively. This choice ensures a fair comparison
between the MATLAB and GCV methods. In practice, the surface temperature can be estimated
by fitting the thermal-radiation spectrum in the opaque spectral region with a blackbody radiation
curve [12].

The performance of the three temperature inversion methods is summarized in Fig. 2. As
expected, the standard deviation increases with noise power across all structures and methods.
One example of temperature inversion for fused-silica structure is shown in Supplement 1, Section
2. For the fused-silica and InSb structures, the inversion error generally decreases with increasing
layer number—that is, temperature estimates are less accurate for layers closer to the heater stage
and more accurate for those near the top surface. This trend arises because thermal radiation
from the deeper layers undergoes greater attenuation before escaping from the surface. In terms
of radiative properties, layers near the bottom have smaller local emissivity values compared to
top layers, resulting in smaller contributions to the total radiative power. Note that the results
from the GCV method do not strictly follow this trend, exhibiting high SD around layers 6-8 for
fused silica and layers 8-18 for InSb. We attribute this to the regularization term in Eq. (5) for
GCV. In GCV, a uniform top-surface temperature is used as the reference. Randomly generated
profiles can have temperatures of internal layers (e.g., layers 6–8 in silica, 8–18 in InSb) that
differ substantially from the surface value, which the regularization term penalizes. Since these
layers also contribute strongly to the thermal spectrum, the interplay of these effects and the
reference choice produces the non-monotonic SD behavior for GCV, especially at high noise
levels. In contrast, the MATLAB and DNN methods, lacking such a regularization term, do not
show this pattern.

The GaN structure exhibits a more intriguing pattern of layer-dependent temperature inversion
error (Fig. 2(f, i, l)). In addition to the near-exact retrieval of the top layer’s temperature, two
distinct dips in the error curves appear at layers 5 and 10. These dips, consistently observed across
all inversion methods and noise levels, correspond to the interfaces within the non-uniformly

https://doi.org/10.6084/m9.figshare.29984752
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Fig. 2. (a–c) Material distribution in three testing structures. Note that the layer thicknesses
shown in these diagrams are not to scale. (d-l) Comparison of temperature inversion errors
at different depths across three inversion methods with varying noise levels: (d-f) SNR= 50
dB; (g-i) SNR= 45 dB; (j-l) SNR= 35 dB. The legend indicates the layer-averaged standard
deviation (SD).

segmented sapphire substrate. They arise from the relatively high local emissivity values of these
layers. The dip at layer 10 results from both the contrast in optical properties between GaN and
sapphire and the change in layer thickness—specifically, the GaN layer is 500 nm thick, whereas
the adjacent sapphire layer is 1 µm thick. Moreover, the first five sapphire layers are significantly
thicker than layers 6–10 (20 µm vs. 1 µm), which also contributes to their higher local emissivity
and, consequently, lower inversion error. As a result, unlike the fused silica and InSb structures,
the GaN structure does not exhibit a clear trend of decreasing inversion error with increasing
layer number beyond the top five layers.

For the fused-silica structure, the performance of the MATLAB and GCV methods is
comparable across all noise levels, with standard deviations ranging from 4% to 9%. For the
InSb and GaN structures, the MATLAB method yields lower average temperature inversion
errors than the GCV method, particularly at SNR= 35 dB. Among all methods, the DNN models
consistently achieve the best performance across all materials.
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The performance of the DNN models can be further enhanced by incorporating noisy data
and/or increasing the size of the training dataset. For example, in Fig. 3 we compare models
trained with spectra containing different levels of noise. When the test set spectra exhibit noise
levels similar to those used during training, prediction errors decrease relative to models trained
on noise-free spectra. This improvement is especially evident under high noise conditions.
Specifically, when tested on spectra with SNR= 35 dB, the model trained on SNR35 noisy data
achieves more than twice the accuracy of the model trained on noise-free spectra. Furthermore,
testing on noisy data with varying SNRs in Fig. 3 clearly shows that the layer-averaged error
is minimized when the noise levels of the training and testing data match. These findings are
consistent with previous studies on neural network performance under noisy and noise-free
training conditions [20].

Fig. 3. Comparison of layer-averaged temperature inversion errors for the fused-silica
structure shown in Fig. 2(a) using DNN models trained with noisy and exact spectra.

3.2. Experimental data

To further evaluate the performance of the three inversion methods, we apply them to experimental
thermal-radiation spectra. These spectra were collected from a 1-mm-thick fused-silica window
placed on a heater stage maintained at either 473 or 573 K, after steady-state thermal conditions
had been established. A detailed description of the experiment is provided in Ref. [12]. When a
bulk, isotropic, and homogeneous material reaches thermal steady state on a heated surface, its
temperature is expected to increase linearly with depth. For the fused-silica window, we found
the surface temperatures to be 468 and 556 K for heater stage temperatures of 473 and 573 K,
respectively. These surface temperatures were measured using both an IR camera (since fused
silica is opaque in the camera’s operating spectral range of 7.5 to 13 µm) and spectral fitting
within the opaque wavelength range, as described in Ref. [12].

The spectra were recorded with a resolution of 2 cm−1, yielding 445 data points across the
wavelength range of 4.75 to 8 µm. To further assess the performance of the inversion techniques,
we investigate their accuracy at different depth resolutions — that is, how the fidelity of the
reconstructed temperature profiles depends on the number of layers used in the model. All
inversion methods are tested with three different layer counts: 6, 11, and 21, corresponding to
depth resolutions of 0.2, 0.1, and 0.05 mm in the fused-silica substrate, respectively.



Research Article Vol. 33, No. 18 / 8 Sep 2025 / Optics Express 39124

A uniform temperature distribution equal to the surface temperature is used as the initial guess
for the MATLAB method and as the reference temperature for the GCV method. Upper and
lower temperature bounds are set to ±50 K from the surface temperature to provide a reasonable
estimated temperature range. For the DNN method, training datasets are generated using 10,000
random temperature profiles within the range of 506–606 K (or 418–518 K) for the 573 K (or
473 K) heater temperature case, across each depth resolution.

The depth-resolved temperature distributions retrieved from the experimental spectra of the
fused-silica window are shown in Fig. 4. Among the three methods, the DNN approach yields
the lowest temperature inversion errors across all tested scenarios. The MATLAB method
outperforms the GCV approach. The errors associated with the MATLAB method remain
consistent across all depth resolutions and both temperature settings, with an average error of
about 3.8%. This is slightly better than the 5.0% error observed using numerical spectra (see
Fig. 2(d)). We reference Fig. 2(d) here because the experimental spectra have a SNR close to 50
dB (see more discussions in Supplement 1, Section 3).

 

Fig. 4. Comparison of inverted temperature profiles inside a 1 mm thick fused-silica window
on a heater stage at either 573 K (a-c) or 473 K (d-f) across three methods with varying
depth resolution: (a, d) 0.2 mm; (b, e) 0.1 mm; (c, f) 0.05 mm. The legend indicates the
layer-averaged standard deviation (SD).

In contrast, the performance of the GCV method on the experimental spectra varies significantly
with depth resolution. Its best performance occurs at a heater temperature of 573 K with a depth
resolution of 0.2 mm, yielding an error of about 3.8%. However, in other cases, the inverted
temperature profiles deviate substantially from the ground truth, with errors exceeding 7%. We
attribute the subpar performance of the GCV method in this context to the limited dataset—only
two experimental spectra were tested—which may lead to insufficient statistical representation.

The minimum temperature inversion error achieved is 0.47% using DNN model for the 573
K case with a depth resolution of 0.1 mm (Fig. 4(b)). Notably, this error is approximately five
times lower than the 2.57% error obtained using numerical data (see Fig. 2(d)). Two main factors
contribute to this discrepancy. First, the experimental spectra possess a significantly higher
spectral resolution—approximately seven times greater—than that of the numerical spectra. As a
result, the DNN model can predict the fixed-size output with improved accuracy. We believe this

https://doi.org/10.6084/m9.figshare.29984752
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also partially leads to the improvement of the MATLAB method performance on experimental
spectra versus numerical spectra. Second, the two error values are not directly comparable. The
2.57% error represents an average over 100 different test spectra, providing a statistically robust
estimate, whereas the 0.47% error corresponds to a single instance of temperature inversion and
lacks statistical generality.

It is evident that the DNN models with a depth resolution of 0.1 mm achieve the highest accuracy
compared to models with resolutions of 0.2 and 0.05 mm across both temperature settings.
While we do not claim that 0.1 mm is the optimal depth resolution for temperature inversion,
the observed non-monotonic relationship between accuracy and resolution has computational
origins. Specifically, the architecture and hyperparameters of all DNN models used for analyzing
the experimental spectra were adopted from the model trained for numerical spectra with a 0.1
mm depth resolution. We suspect this contributes to the better performance observed at this
resolution. Furthermore, from a numerical perspective, a model typically performs better when
the output dimension is substantially smaller than the input. This consideration supports the
expectation that the model would perform better at a 0.1 mm resolution than at a finer resolution
of 0.05 mm.

 

Fig. 5. Temperature inversion results from the experimental spectrum of a fused-silica
window placed on a heater stage at 573 K, using DNN models trained with exact spectra and
noisy spectra at varying SNRs. The legend indicates the layer-averaged standard deviation
(SD).

As discussed in Sec. III.A (Fig. 3), the accuracy of the DNN models can be further enhanced
by training it with noisy data. To explore this, we train the same DNN model—designed for a
depth resolution of 0.1 mm and a heater temperature of 573 K—using synthetic spectra with
varying SNRs. We then evaluate the performance of each trained model on the experimental
spectrum. The results, presented in Fig. 5, show that the model trained with noisy spectra at an
SNR of 50 dB performs best. Notably, our experimental spectra have an SNR of approximately
50 dB (see Supplement 1, Section 3). These findings are consistent with the results shown in
Fig. 3 for the numerical spectra tested at SNR= 50 dB. Overall, we conclude that training the
DNN with spectra having a noise level similar to that of the test data leads to improved inversion
accuracy for both numerical and experimental datasets.

To further test the robustness of the three temperature inversion methods across different
structures, we apply them to a recently measured thermal-radiation spectrum from a 3 mm thick
fused-silica window on a heater stage at 473 K. The measured thermal-radiation spectrum is

https://doi.org/10.6084/m9.figshare.29984752


Research Article Vol. 33, No. 18 / 8 Sep 2025 / Optics Express 39126

shown in Fig. 6(a). The increased thickness of the window produces a larger temperature gradient
between the bottom and top surfaces. To resolve the temperature profile for a much thicker
sample, shorter wavelengths with larger penetration depths are required. Therefore, we select the
semi-transparent spectral ranges of 3.7–4.2 µm and 4.32–4.74 µm. The intermediate range of
4.2–4.32 µm is excluded due to the impact of CO2 absorption in the atmosphere. Additionally,
the opaque wavelength range of 10–10.5 µm is included to accurately determine the surface
temperature. In total, 292 wavelengths are used for the temperature inversion.

Fig. 6. (a) Measured thermal-radiation spectrum from a 3 mm thick fused-silica window
on a heater stage at 473 K. Shaded gray areas indicate the wavelength ranges used for
temperature inversion. (b) Comparison of inverted temperature profiles obtained with three
methods. The DNN model was trained using noisy spectra with an SNR of 39 dB equal
to our experimental data. The legend shows the layer-averaged standard deviation (SD).
(c) Layer-averaged SD for DNN models trained with exact and noisy spectra with different
SNRs. The minimum error occurs for SNR= 39 dB.

Using an IR camera, we found the surface temperature of the 3 mm fused-silica window is
449 K. Therefore, a uniform temperature distribution equal to 449 K is used as the initial guess
for the MATLAB method and the reference temperature for the GCV method. Upper and lower
bounds are set to ±50 K from the surface temperature to define a reasonable range. For the DNN
method, training datasets are generated from 10,000 random temperature profiles within the
range of 399–499 K.

The depth-resolved temperature distributions retrieved from the experimental spectrum of the
3 mm thick fused-silica window are shown in Fig. 6(b). Among the three methods, the DNN
approach achieves the lowest temperature inversion error. Furthermore, the layer-averaged SD
for the DNN models varies with the noise level in the training spectra (Fig. 6(c)). We estimate
the measured spectrum’s SNR to be 39 dB. So, the DNN model trained with spectra at SNR= 39
dB yields a 2.29% error, which is nearly 40% lower than the DNN model trained with exact
(noise-free) spectra (layer-averaged SD= 3.79%). In contrast, the MATLAB and GCV methods
can accurately recover only the surface temperature, resulting in high layer-averaged SD values.
Overall, these results further demonstrate that a DNN model trained with noisy spectra can
produce much more accurate depth-resolved temperature profiles than conventional numerical
techniques.

4. Discussion and conclusion

Inverting depth-dependent temperature from thermal radiation is not a new concept. For instance,
earlier studies have used multifrequency microwave radiometry to retrieve vertical profiles of
temperature, water vapor, and cloud liquid water in the atmosphere [36], as well as internal
temperature distributions in biological objects [37–40]. Conceptually, microwave atmospheric
remote sensing and infrared depth thermography are similar, as both rely on measured thermal-
radiation spectra within a semi-transparent spectral range. The primary difference lies in
the operating spectral range. A frequency window around 60 GHz (λ ∼ 5 mm) is typically
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used to retrieve vertical temperature profiles in the atmosphere [36], while for infrared depth
thermography we focus on the mid-infrared. The different working wavelength therefore set
different diffraction-limited spatial resolution: for microwave-based techniques, the spatial
resolution is about 5 mm while a much better spatial resolution about 5 µm can be obtained
using infrared depth thermography. In 1998, F. Solheim et al. applied both neural network and
conventional numerical methods for temperature inversion and found no significant advantage
of the neural network approach over traditional techniques [36]. Their conclusion differs from
our findings in this work. We attribute this discrepancy primarily to the limited computational
resources available over two decades ago. Specifically, the 1998 study employed shallow neural
networks with only one hidden layer, whereas our work utilizes a deep neural network architecture
with 20 hidden layers.

Our results demonstrate that accurate depth-resolved temperature profiling is achievable across
a wide range of materials — including both dielectrics and semiconductors—and over various
depth scales (from millimeters to micrometers) and depth resolutions (from sub-millimeters to
hundreds of nanometers). The key requirement is the presence of a spectral window in which
the structure remains semi-transparent throughout its depth. Given the broadband nature of
thermal radiation, such a window is usually easy to identify in practice. However, if the structure
includes high-loss materials (e.g., metals), its layer thickness cannot be too large. To obtain
temperature information within or beneath a high-loss layer, its thickness must not significantly
exceed its penetration depth. For example, the penetration depth of gold at a wavelength of 5 µm
is approximately 20 nm. The depth resolution is not constrained by the diffraction limit and can
be in the nanometer range. In practice, depth resolution is determined both by the number of
spectral data points within the semi-transparent range and the total thickness of the structure.
Even when this window is relatively narrow, we believe that, with sufficiently high spectral
resolution, temperature inversion with high depth resolution across the entire structure remains
achievable. On the other hand, depth resolution must have a practical limit. Each layer should be
sufficiently thick to allow assignment of well-defined real and imaginary parts of the refractive
index. This is necessary to calculate the correct local emissivity, which is essential for accurate
temperature inversion. Further investigations of structures with ultra-thin layers, such as 2D
materials, and/or material interfaces, would be valuable for understanding the ultimate limits of
depth resolution for temperature inversion.

In this study, we use randomly generated temperature distributions to construct the training
datasets. However, the training profiles can be customized to fit specific applications. For
example, if the temperature is expected to vary monotonically with depth — either increasing
or decreasing — the training set can be restricted to include only such profiles. While this
limits the model’s generality, it can enhance accuracy by incorporating additional physical
constraints. This approach has been demonstrated in previous studies [30,41], as well as in
one of our recent work [42]. Additionally, to ensure a fair comparison, all DNN models in this
study are implemented using identical architectures and hyperparameters (except for differences
in input/output dimensions where necessary). Further fine-tuning of these parameters could
potentially reduce prediction errors for specific material structures or particular combinations of
spectral and depth resolutions (see Supplement 1, Section 4).

In conclusion, we develop and compare three methods for inverting depth-resolved temperature
distributions via thermal-radiation spectroscopy. Among them, the DNN approach consistently
demonstrates the highest accuracy in temperature profiling, outperforming conventional numerical
techniques including the GCV and MATLAB methods. Notably, training a DNN model requires
less than 10 minutes on standard hardware (see Supplement 1, Section 5 for a discussion of
computational time). Once trained, the model can be applied almost instantaneously to any
thermal-radiation spectrum from the same structure. In addition to its superior performance,
the DNN approach offers greater flexibility—it can be further enhanced by training with noisy
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data, utilizing higher-resolution spectra (an option also available for the other two methods), or
expanding the size of the training dataset. These advantages position the DNN method as the
most promising approach for temperature inversion from thermal-radiation spectra.
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