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ABSTRACT

High-repetition-rate nonlinear optical diagnostics for combustion require high-speed data processing methods capa-

ble of handling large experimental datasets. A deep learning approach based on a one-dimensional convolutional

neural network (1D-CNN) is proposed for the analysis of chirped-probe-pulse femtosecond coherent anti-Stokes Ra-

man scattering (CPP fs-CARS) spectra. The objective is to directly infer temperature and relevant physical parameters

from single-shot spectra without relying on iterative inversion methods. The model is trained and benchmarked in a

supervised framework using a theoretical database of two million spectra generated from a detailed CARS physical

model, including molecular rovibrational physics and laser pulse characteristics. A spectral truncation of the CARS

theorical spectra is performed to reproduce realistic experimental spectral windows, and preprocessing is applied to

homogenize simulated and experimental data. After training, the CNN is assessed on unseen theoretical spectra and

on experimental measurements recorded in air and in a laminar CH4/air flame at atmospheric pressure. Temperature

retrieval demonstrates high accuracy in simulations and robustness under partial spectral information, with exper-

imental temperatures remaining consistent with expected values. Reconstructed spectra from predicted parameters

agree well with measurements, confirming physical consistency. Once trained, the network processes of thousands

of spectra within seconds, providing several orders of magnitude speed-up compared to genetic algorithms. This en-

ables near real-time analysis of CPP fs-CARS data and opens perspectives for diagnostics in turbulent reactive flows.

1. Introduction

In the context of the climate emergency, optimizing energy production systems and combustion
processes is a major challenge for limiting pollutant emissions while improving energy efficiency.
The emergence of new combustion chamber designs, combined with the growing use of low-
carbon alternative fuels, has increased the complexity of combustion phenomena. Such complex-
ity is driven by the strong interactions between chemical kinetics, species transport, and flame
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structure, requiring a detailed understanding of the underlying physicochemical mechanisms, es-
pecially at the short time scales characteristic of turbulent reactive flows. In this context, the devel-
opment of non-intrusive optical diagnostics at high repetition rates is essential to obtain reliable,
time-resolved quantitative measurements (Ehn et al., 2017; Bhattacharya, 2024). Among the avail-
able techniques, Coherent Anti-Stokes Raman Scattering (CARS) is a third-order nonlinear optical
diagnostic capable of providing accurate measurements of temperature and concentration of ma-
jor species in complex environments, such as high-temperature reactive media (Eckbreth, 2022).
Temperature, as a fundamental scalar quantity, plays a central role in controlling combustion pro-
cesses, directly influencing reaction kinetics, pollutant formation, and the overall efficiency of sys-
tems. Thus, the use of advanced measurement diagnostics such as CARS opens up significant
opportunities for the analysis and optimization of next-generation combustion systems.

Initially developed in the nanosecond pulse regime, CARS was validated and subsequently widely
used for combustion (Roy et al., 2010) and complex media (El-Diasty, 2011) studies. However,
the emergence of high-energy, high-repetition-rate femtosecond laser sources has opened up new
possibilities for the analysis of transient phenomena (Lucht et al., 2007). In this regime, several
configurations have been developed to access temporal information. Time-resolved approaches
(Lang et al., 1999; Gord et al., 2008) allow for the reconstruction of molecular coherence dynamics,
but remain limited in turbulent or non-stationary conditions due to long acquisition times (Lang
& Motzkus, 2002). Conversely, configurations such as fs/ps CARS (Prince et al., 2006; Miller et
al., 2010) or CPP fs-CARS (Lang & Motzkus, 2002; Roy et al., 2009) allow for instantaneous mea-
surements, which are better suited for studying turbulent flows. The CPP fs-CARS (Chirped Probe
Pulse) diagnostic relies on the use of a temporally stretched and frequency-chirped probe pulse to
probe the molecular coherence generated by two ∼ 100 femtosecond laser pulses. This approach
enables single-shot acquisition of high-repetition-rate spectra, paving the way for single-shot tem-
perature measurements in complex environments (D. R. Richardson et al., 2010; Song et al., 2022).
In combustion applications, these spectra are typically obtained by probing the rovibrational tran-
sitions of N2, which is used as a thermometric tracer (Legros et al., 2021).

However, quantitative exploitation of CPP fs-CARS spectra relies on the comparison between ex-
perimental measurements and theoretical spectra computed from detailed physical models that
incorporate both molecular spectroscopic properties and the characteristics of the incident laser
pulses (D. Richardson et al., n.d.). Conventional approaches are based on iterative optimization
techniques, such as genetic algorithms, to adjust a large number of parameters (D. R. Richardson
et al., 2011). Although robust, these methods are computationally expensive, which becomes a
major limitation for high-repetition-rate diagnostics producing large datasets (D. R. Richardson
et al., 2010, 2017). In this context, machine learning methods emerge as a promising alternative
to accelerate experimental data processing. In particular, neural networks provide the flexibility
required to model complex nonlinear relationships and are well-suited for the analysis of large
datasets (Yann Lecun, 2023; Liu et al., 2024; Gariso et al., 2025). They are therefore particularly
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effective for the interpretation of signals arising from nonlinear physical processes. Although their
use has already been explored for CARS spectra in the nanosecond regime (van der Steen & Black,
1997; Fantoni et al., 2000; Junjuri & Bocklitz, 2025), their application to CPP fs-CARS spectra has,
to the best of our knowledge, not yet been investigated.

The objective of this study is to develop a deep learning-based post-processing strategy enabling
quasi-real-time temperature measurements from high-repetition-rate CPP fs-CARS spectra. This
approach aims to significantly reduce computational cost while maintaining a level of accuracy
compatible with the requirements of diagnostics in reactive flow environments.

2. Physical principle of CPP fs-CARS and experimental setup

The CARS diagnostic is a pump–probe optical technique based on a third-order nonlinear interac-
tion between laser pulses and molecules of the probed medium. Two excitation pulses, referred
to as pump and Stokes, interact simultaneously with the medium. When the frequency difference
between both laser beams matches a rovibrational transition of the target molecule, a macroscopic
molecular coherence is induced. This coherence is then probed by a third laser pulse, referred to
as the probe. The interaction between this pulse and the coherent molecular polarization leads to
the generation of a higher-frequency signal, known as the anti-Stokes signal. This coherent sig-
nal carries information about the thermodynamic state of the medium, in particular temperature,
through the distribution of molecular energy levels (Begley et al., 1974; Hancock et al., 1992).

In the CPP fs-CARS configuration, the temporal dynamics of the coherence, occurring on the fem-
tosecond timescale, are mapped into the frequency domain. This approach relies on the use of a pi-
cosecond probe pulse whose spectral components are temporally stretched. The frequency spread-
ing over time implies a continuous shift of the instantaneous frequency throughout the duration of
the pulse, thereby encoding its temporal evolution into the anti-Stokes spectrum (D. R. Richardson
et al., 2011). To minimize non-resonant contributions, the probe pulse is temporally delayed with
respect to the pump and Stokes pulses, reducing temporal overlap (D. Richardson et al., n.d.).

The experimental implementation is based on a femtosecond laser source delivering ∼100 fs pulses
at 800 nm at a 1 kHz repetition rate (Legros et al., 2021). The Stokes pulse is centered at 800 nm,
while an optical parametric amplifier generates 675 nm pulses used for both the pump and probe
beams. The probe pulse is temporally stretched through propagation in a dispersive element,
yielding a duration of ∼3 ps. The pump and Stokes pulses remain close to 100 fs and are tuned to
excite the rovibrational transitions of N2. The three beams are synchronized with adjustable delay
lines and spatially arranged in a folded BOXCARS geometry to satisfy phase-matching conditions
(Shirley et al., 1980). The generated CARS signal is therefore spatially separated from the excitation
beams, and recorded on a spectrograph coupled to a 512-pixel EMCCD camera, and recorded for
post-processing. Each spectrum provides information on the rovibrational population distribution
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and, therefore, on the local temperature of the medium.

3. Modeling and generation of CARS spectra

Experimental CARS spectra do not provide direct access to the temperature of the probed medium.
Estimating this scalar quantity, therefore, requires solving an inverse problem based on the com-
parison between experimental spectra and theoretical spectra. In this context, a physical model
of the CARS signal has been implemented to accurately reproduce spectra by accounting for both
molecular spectroscopic properties and the characteristics of the incident laser pulses. This model
is based on the CARS spectral intensity given in Eq. 1 (D. R. Richardson et al., 2011).

ICARS(ω) =
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This formulation highlights two main contributions. The non-resonant contribution depends only
on the electric fields of the pump Ep(t), Stokes Es(t), and probe Epr(t) pulses. The resonant con-
tribution is associated with rovibrational transitions of nitrogen and carries the thermodynamic
information of the medium.

The resonant contribution, described in Eq. 1, further depends on molecular spectroscopic prop-
erties. For each transition i, ∆Ni denotes the population difference between rovibrational levels,(

dσ

dΩ

)
i

the Raman cross section, ωi the transition frequency, and Γi the linewidth broadening co-

efficient. The ratio β/α weights the resonant and non-resonant contributions, while ϕ represents
their relative phase shift.

A detailed description of the temporal electric fields is a key element of the model. While pulse
spectra are experimentally measured, these pulses are not Fourier-transform limited, so knowl-
edge of the spectral amplitude alone is insufficient to reconstruct their temporal evolution. The
spectral phase must therefore be introduced to retrieve temporal profiles via inverse Fourier trans-
form. Within the CPP fs-CARS framework, the spectral phase is modeled using a fourth-order
Taylor expansion around the angular frequency ω0 (Eq. 2). The higher-order terms are required
due to the spectral amplitude profiles, which exhibit asymmetric tails and non-Gaussian shapes.
The coefficients β2, β3, and β4 describe dispersion effects for each of the three laser pulses, while the
delay parameters t0 control the relative temporal positions of the pump/Stokes and pump/probe
pulses. These parameters directly influence the simulated CARS signal. In practice, experimental
drifts such as thermal variations, laser instabilities, or optical heating can induce fluctuations in
these quantities, which must be accounted for in the model.
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Overall, CARS spectrum simulation relies on a set of 14 parameters, including spectroscopic quan-
tities, gas temperature, temporal and spectral characteristics of the laser pulses. Several of these
parameters are not directly accessible experimentally and must be adjusted numerically. More-
over, small variations in operating conditions can lead to significant changes in spectral shape,
requiring accurate parameter characterization to ensure reliable simulations.

Temperature estimation is performed via a post-processing step based on least-squares minimiza-
tion of the discrepancy between experimental and simulated spectra. This inverse problem is
typically solved using multiparameter optimization schemes such as genetic algorithms (Storn &
Price, 1997). Although these methods are robust and widely validated (Legros et al., 2021), their
computational cost remains prohibitive (D. R. Richardson et al., 2010, 2017), particularly when
applied to large datasets comprising several thousand single-shot spectra. In such cases, the anal-
ysis requires from several days up to a week of CPU time, which significantly limits their use for
time-constrained or high-throughput applications. This limitation is partly alleviated by a two-
step strategy, in which a first calibration is performed on representative spectra recorded under
well-characterized conditions. The resulting laser parameters are then kept fixed for the remain-
der of the dataset, and only a reduced set of parameters is retrieved, under the assumption of
phase stability of the laser pulses during acquisition (D. R. Richardson et al., 2011, 2017).

These limitations motivate the development of alternative strategies aimed at significantly accel-
erating temperature retrieval while preserving the accuracy of the physical model. In this context,
machine learning approaches, and in particular neural networks, emerge as a promising solution,
as discussed in the following section.

4. Deep learning methodology for CPP fs-CARS spectral analysis

The method developed in this study is based on the use of a CNN, which is well known for its abil-
ity to extract local patterns in data (Lopez Pinaya et al., 2020; Bhatt et al., 2021). The objective is to
establish a direct relationship between CARS spectra obtained from CPP fs-CARS and the physical
parameters of the probed medium, in particular temperature. The goal is to bypass conventional
iterative inversion methods by providing a fast, direct estimation of the quantities of interest from
spectral information, while avoiding the need to fix parameters or introduce simplifying assump-
tions.

The model is trained in a supervised learning framework using a dataset of theoretical spectra for
which the associated physical parameters are known. These data are propagated through a net-
work composed of successive layers applying nonlinear transformations, enabling progressive ex-
traction of relevant spectral features. The network parameters (weights and biases) are optimized
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by minimizing a loss function that quantifies the discrepancy between predicted and reference
values, using gradients backpropagation (Mijwel et al., 2023).

The overall processing strategy is structured around three main steps: the design of a neural net-
work architecture adapted to spectral data, the generation of a large database of theoretical CARS
spectra reproducing realistic experimental conditions, and the training of the model, followed by
its validation on both simulated and experimental datasets.

4.1. Network architecture

The neural network architecture is a one-dimensional convolutional neural network (1D-CNN)
(Ige & Sibiya, 2024) tailored for spectral signal processing. The model input consists of CARS
spectra represented as fixed-size 1D vectors corresponding to the number of spectral points.

Figure 1. Convolutional neural network architecture for physical parameter estimation. Illustration of the processing
from the input signal to the prediction of the parameters θ representing the temperature (θ1) and the associated

physical parameters (θ2 to θ16).

As illustrated in Fig. 1, the network is built as a succession of convolutional blocks designed to
perform hierarchical feature extraction from the spectral data. Each block progressively transforms
the raw input signal into increasingly discriminative representations with respect to the target
physical parameters.

Each block begins with a 1D convolution layer, whose role is to determine local patterns within
the spectrum. The convolutional kernels act as adaptive filters capable of identifying localized
spectral features. The convolution output is then normalized using instance normalization, which
stabilizes the distribution of activations for each sample by reducing scale variations across spec-
tra (Ulyanov et al., 2016). A SiLU (Sigmoid Linear Unit) activation function is subsequently ap-
plied to introduce the non-linearity required to model the complex relationship between spectral
signatures and physical parameters. Compared to more classical activation functions, SiLU pro-
vides smooth differentiability and improves gradient propagation in deep architectures, thereby
enhancing training convergence (Elfwing et al., 2018). Each block is completed by a max-pooling
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operation, which reduces the spectral resolution by selecting the maximum value within fixed,
non-overlapping spectral bins, while preserving the dominant features (Zafar et al., 2022). This
hierarchical reduction is essential to connect fine local structures to global spectral trends. Within
this architecture, the number of filters increases with depth, enabling a progression from simple
feature extraction (local intensity variations) to more abstract representations combining multiple
spectral structures. This gradual increase in representational capacity is essential for capturing the
complexity of CARS signals.

The feature maps produced by the convolutional blocks are then flattened and passed through
fully connected layers. These dense layers perform nonlinear combinations of extracted features
to build a global representation of the spectrum. The final layer performs regression and simulta-
neously outputs the estimated temperature as well as the associated physical model parameters.

Overall, the architecture contains approximately 12 million trainable parameters, providing high
representational capacity while remaining suitable for supervised training on large theoretical
datasets.

4.2. Training dataset

The development of a high-performing neural network requires a sufficiently large dataset that is
representative of the variability of experimental conditions. In CPP fs-CARS, experimental spec-
tra are not used for training due to their limited availability. Moreover, the physical parameters
associated with measured spectra cannot be determined with sufficient accuracy, as their estima-
tion relies on inversion procedures that remain inherently uncertain. In this context, a theoretical
database of two million CARS spectra has been generated using a dedicated numerical solver.
Each of the 14 physical parameters is uniformly sampled over ranges consistent with experimen-
tal conditions, as summarized in Table 1.

Each spectrum is represented as a one-dimensional vector describing the intensity over the spectral
range [16793, 18501]cm−1. The number of spectral points was set to 2048 to ensure an optimal
balance between spectral resolution, memory, and computation time. This database was generated
using a computer with a parallel architecture comprising 56 processors, with a computation time
of approximately ∼ 2 weeks.

To ensure the stability of the learning process and the network’s numerical performance, the CARS
spectra are preprocessed before training (Pyle, 1999). Since the raw intensities span several orders
of magnitude, a multi-step normalization procedure is implemented to reduce scale effects and
ensure a balanced contribution from the full spectral content (Anggoro, 2019; Laska & Yolanda,
2024). First, the spectra are normalized using min–max scaling to bring them into a bounded
interval (Eq. 3) (Han et al., 2012). A logarithmic transformation is then applied to reduce the
dynamic range between high and low-intensity regions, thereby preventing high-intensity features
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Name Description Range Name Description Range

T Temperature [275 ; 2500] K βs
2

2nd-order spectral phase
of the Stokes pulse

[1200 ; 2800] fs2

β

α

Amplitude ratio between
the resonant and

non-resonant
contributions

[1 ; 20] × 10−13 βs
3

3-rd-order spectral phase
of the Stokes pulse

[−50000 ; 50000] fs3

ϕ

Phase shift between the
resonant and
non-resonant
contributions

[0 ; 2π] βs
4

4th-order spectral phase
of the Stokes pulse

[−106 ; 106] fs4

βp
2

2nd-order spectral phase
of the Pump pulse

[1000 ; 2001] fs2 tpr
0

Time Delay between
pump and probe pulses

[−2 ; 3] ps

βp
3

3-rd-order spectral phase
of the Pump pulse

[−50000 ; 50000] fs3 βpr
2

2-nd-order spectral phase
of the Probe pulse

[72900 ; 75900] fs2

βp
4

4th-order spectral phase
of the Pump pulse

[−106 ; 106] fs4 βpr
3

3-rd-order spectral phase
of the Probe pulse

[−75000 ; 75000] fs3

ts
0

Time Delay between
pump and Stokes pulses

[−15 ; 15] fs βpr
4

4th-order spectral phase
of the Probe pulse

[−106 ; 106] fs4

Table 1. Realistic simulation parameter ranges, representative of the experimental conditions, were used to generate
a diverse database enabling the neural network to effectively perform its training.

from dominating and potentially masking weaker spectral information (Eq. 4) (Attar et al., 2018;
Yang et al., 2022). Finally, z-score normalization is performed to center the data and reduce its
variance across the entire training dataset (Eq. 5) (Jayalakshmi & Santhakumaran, 2011).

X1 =
X − min(X)

max(X) − min(X)
(3)

X2 = log
(

α + X1(1 − α)
)

(4)

X3 =
X2 − µ(X2)

σ(X2)
(5)

α is set to 10−2 to obtain a balanced contribution in terms of spectral amplitude for each part of the
CARS spectrum, X denotes a given CARS spectrum, X3 the resulting processed spectrum, and µ

and σ correspond to the mean and standard deviation computed over the full CARS library.

Particular attention is paid to the compatibility between simulated and experimental data to en-
sure consistent learning by the CNN. The goal is to ensure a common representation of the spectra,
despite differences in resolution and acquisition conditions between simulation and experiment.
In practice, each theoretical spectrum is represented as a vector of 2048 points corresponding to the
preprocessed CARS intensity. In contrast, experimental measurements are acquired using a 512-
pixel emCCD camera, with this resolution dictated by the characteristics of the spectrograph and
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the detection system. To standardize the network inputs, a common spectral grid is defined over
the interval [16793–18501] cm−1. The experimental spectra are first interpolated onto this grid,
then padded with zeros to reach 2048 points. Conversely, the theoretical spectra are restricted to
the same spectral window and also padded with zeros, thus ensuring an identical input dimen-
sion for all samples. It is important to note that during the training phase, the truncation applied
to the theoretical spectra is not fixed but variable. Each spectrum is thus associated with a dif-
ferent spectral window, rather than a common truncation. This design encourages the network
to learn representations that are robust to spectral position within the input space, rather than re-
lying on absolute alignment. Finally, this strategy ensures a consistent and homogeneous input
representation for the CNN while preserving the physically accessible spectral content. Examples
of this truncation procedure are shown in Fig. 2, where the preprocessing leads to an apparent
pseudo-logarithmic intensity distribution.

Figure 2. Example of truncated, normalized theoretical spectra. The dashed line corresponds to the
intensity-weighted spectral mass center.

Finally, the output parameters are also normalized to avoid numerical imbalances during train-
ing, due to their different orders of magnitude. Thus, excepted for the phase shift parameter, all
variables are normalized using a min–max transformation to bring them into the interval [0,1]
(Han et al., 2012). This normalization prevents a variable with a large amplitude from dominat-
ing the learning process. The phase shift parameter, meanwhile, is represented in trigonometric
form, via its sinusoidal and cosinusoidal components, to ensure its continuity in parameter space.
This representation naturally introduces two variables, and significantly improves the stability of
the learning process. Furthermore, an additional parameter, denoted ci and corresponding to the
normalized, intensity-weighted spectral centroid, is introduced to enrich the physical information
provided to the network (Favre et al., 2025). This parameter, shown as vertical dashed lines in Fig.
2, is calculated before spectral normalization and incorporated as an additional target variable.

Ultimately, the preprocessed spectra serve as input to the CNN, whose output consists of an ex-
tended set of 16 normalized physical parameters, including those reported in Table 1, with the
phase contributions separated into two terms and supplemented by additional ci coefficients.
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4.3. Neural network learning process

The CNN is trained in a supervised learning framework on a database of theoretical CARS spec-
tra paired with their corresponding reference physical parameters. The objective is to optimize
the network weights to minimize the discrepancy between the predicted and reference values of
the physical parameters, thereby enabling the learning of a direct approximation of the relation-
ship between CARS spectra and the associated physical quantities, without resorting to iterative
optimization.

To this end, the database is divided into two distinct sets: 80% of the spectra (1,600,000) are used for
model training, while 20% (400,000) are reserved for validation to assess the model’s generalization
ability.

Network optimization is performed using the Adam optimization algorithm, chosen for its ro-
bustness and efficiency in high-dimensional problems (Kingma & Ba, 2014). Training is performed
over 125 epochs, which represents a trade-off between computational cost and model convergence.
The cost function used corresponds to a weighted mean squared error applied to all output pa-
rameters, with a higher weight assigned to temperature, which represents the primary physical
quantity of interest.

L =
1
N

N∑
i=1

16∑
j=0

(ωj(θi,j − ti,j))
2 (6)

In Eq. 6, θi,j and ti,j are the predicted and target values for the jth parameter of the ith spectrum,
N is the total number of spectra, and the weight ωj is set to 3 for temperature and 1 for all other
parameters.

The learning process is gradually stabilized by adjusting the learning rate and batch size (Goodfel-
low et al., 2016; Masters & Luschi, 2018). The learning rate controls the magnitude of the network
weight updates during backpropagation. A high value promotes exploration of the whole domain
parameter range, while a lower value allows for gradual convergence towards a stable minimum.
This one is initially set to 10−4 and then reduced by a factor of 10 at epochs 70 and 100 to improve
convergence accuracy. Complementarily, the batch size, corresponding to the number of samples
processed together to compute a single gradient update, directly impacts the trade-off between
numerical stability and generalization ability. A larger batch size leads to a more stable gradient
estimate, while a smaller batch size introduces stochastic noise that improves generalization. In
this study, the batch size is manually reduced from 32 to 16 and then to 8 at epochs 40 and 115.
This heuristic choice is made empirically and aims at progressively stabilizing the training process
and refining the weight updates. These step-wise reductions are shown in Fig. 3 as a function of
epoch number on the secondary y-axis.

These combined strategies enable effective convergence of the model while preserving the risk of
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convergence toward local minima. The evolution of training and validation losses, depicted with
red and blue curves, respectively (Fig. 3), shows a simultaneous and steady decrease, indicating
the network’s strong generalization ability and the absence of overfitting. This behavior confirms
that the network retains its ability to effectively process unknown spectra.

Figure 3. Evolution of the error as a function of the number of epochs. The red curve shows the evolution of the
error on the spectra selected for the training phase, while the blue curve shows the evolution of the error on the
synthetic spectra reserved for the testing phase. The errors are quantified on the left axis. On the right axis, the

evolution of the learning rate is shown in black, and the batch size in green. Their evolution is represented by dotted
lines in the same colors.

The model was implemented in PyTorch 2.5.1 and trained on the Austral supercomputer (CRI-
ANN, Normandy, France), equipped with 8 NVIDIA A100 80 GB GPUs, with a training time of
approximately 8 hours until satisfactory convergence was achieved. Once trained, the model is ca-
pable of simultaneously predicting all physical parameters, particularly temperature, from a single
CARS spectrum.

The strategy relies on direct propagation through the network, without any iterative optimization
procedure, resulting in a computational time that is negligible compared to conventional methods.
This feature makes the approach particularly well-suited for the fast, or even real-time, processing
of large amounts of experimental data, as shown in the following section.

5. Results and Validation

The CNN’s performance is assessed using three datasets to assess its generalization ability under
conditions of increasing complexity. The first dataset consists of theoretical CARS spectra from
the test database that were not used during training, thereby ensuring evaluation on completely
unseen data. The corresponding error estimate is associated with the last blue dot in Fig. 3. The
second set consists of theoretical spectra generated at temperatures of 300 K, 1000 K, and 2000 K,
with all other parameters randomly sampled within their respective ranges to validate the model’s
ability to reproduce known thermodynamic conditions. Finally, a set of 1,000 experimental spectra
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is used to quantify performance under real measurement conditions.

The network outputs parameters are then denormalized to convert the predicted values back to
their original physical scale by applying the inverse of the normalization transformations used
during the training phase. The spectra reconstructed from the predicted parameters are compared
to the reference spectra following the preprocessing and normalization procedure described in
Section 4.2. The estimated temperatures are analyzed to quantify the model’s overall accuracy.

5.1. Results on unseen synthetic test set

The first validation step consists in testing the model on unseen theoretical N2 CARS spectra from
the test dataset, ensuring a fully unbiased assessment on data not used during training. In this con-
figuration, the same truncation procedure as used during training is applied, allowing the network
to learn spectral patterns independently of their absolute position. However, the retained spectral
window varies from one sample to another, leading to an inhomogeneous amount of information
across spectra. The performance obtained for all parameters is reported in Table 2.

Parameter T ϕ β/α βp
2 βp

3 βp
4 tss

0 βs
2

R2(%) 99.67 61.75 96.54 63.13 93.12 89.95 66.77 64.55

Parameter βs
3 βs

4 tpr
0 βprobe

2 βpr
3 βpr

4 ci

R2(%) 68.28 17.10 99.77 58.55 89.36 68.88 98.15

Table 2. R2 values for each of the 15 parameters predicted by the neural network, obtained from the test dataset
after training on truncated synthetic spectra. The predicted phase parameters have been grouped together here.

Despite the limitations induced by truncation, the network achieves excellent overall performance,
with coefficients of determination exceeding 99% for the dominant parameters, in particular tem-
perature and the probe delay t0,pr. This high accuracy in temperature is partly promoted by
the higher weight assigned to this parameter in the loss function (weight of 3 in Eq. 6), thereby
strengthening the learning of this key variable. A decrease in performance is nevertheless ob-
served for certain parameters. This degradation is mainly attributed to the reduced amount of
spectral information available after truncation. Furthermore, parameters with a limited effect on
the CARS spectral shape, such as βs

4, are more difficult to estimate, whereas those governing the
overall structure of the signal remain predicted with high accuracy. Overall, these results demon-
strate the ability of the network to robustly extract relevant physical information, even when the
spectral data is partially incomplete.
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5.2. Parametric robustness study

To further assess robustness under controlled thermodynamic conditions, three datasets of 1,000
theoretical spectra are generated for fixed temperatures of 300 K, 1000 K, and 2000 K, while all
other parameters are randomly sampled within their respective ranges.

In this configuration, and in order to faithfully reproduce the experimental constraints, the trun-
cation applied to the simulated spectra is adjusted so that the retained spectral content closely
matches that observed experimentally. To validate the model’s ability to recover precise thermody-
namic conditions, this truncation is made less restrictive than that used during training. It ensures
that the synthetic spectra preserve all relevant physical information without loss of essential spec-
tral features. This modified truncation strategy therefore enables the neural network to be tested
under realistic conditions, closely approximating the experimental environment.

The temperature distributions predicted by the network are presented in Fig. 4 as probability
density functions. The model reproduces the target temperatures with high accuracy, with mean
values of 299.0 K, 999.6 K, and 2002.3 K. The relative errors remain below 1%, and the standard
deviations are 17 K, 14 K, and 13 K, respectively.

Figure 4. Temperature Pdf issued from CNN analysis of 1,000 theoretical spectra, with meaningful truncation with
respect to experimental spectra, calculated at 300K, 1,000K and 2,000K

These results show that the network robustly learns the relationship between spectral structure
and temperature and confirm that the information contained in the CARS spectra is sufficient to
effectively constrain the temperature estimate. A slight degradation in performance is observed
at low temperatures, where spectral modulations are less pronounced. Conversely, at high tem-
peratures, the increase in the number of active transitions enriches the signal and improves the
accuracy of the estimate. This behavior is consistent with the physics underlying the generation of
the CARS spectrum (Goss et al., 1980; Martinsson et al., 1993).

The quality of the spectrum reconstruction is illustrated in Fig. 5, which compares the target spec-
tra with those reconstructed from the predicted parameters. Good agreement is formed across the
full temperature range studied. The reconstruction quality is quantified using the mean squared
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error, as commonly done in post-processing approaches based on genetic algorithms. It is com-
puted on the preprocessed spectra and restricted to the truncated spectral window, and remains
low (on the order of 10−3). Residuals and direct superposition further confirm the accuracy of the
reconstruction.

Figure 5. Comparison of theoretical CARS spectra (black) and simulated spectra (red) for three target
temperatures: 300 K, 1000 K, and 2000 K. The bottom part of each subplot shows the normalized residual ϵ between

the experimental data and the simulation.

In general, the neural network reconstructs CARS spectra with high accuracy in regions of high
spectral intensity, where the information content is strongest at low wavenumbers. The reconstruc-
tion quality gradually decreases at higher wavenumbers, where weaker spectral features become
more difficult to recover. This effect is partially mitigated by the preprocessing stage, in particular,
the logarithmic transformation, which helps the rebalance of the contribution of different intensity
levels. However, discrepancies persist for the weakest spectral modulations, which are more sen-
sitive to higher-order phase parameters and to the reduced information content associated with
spectral truncation. This behavior is consistent with the quantitative results reported in Table 2,
where lower R2 values are observed for parameters associated with weaker spectral contributions.
Therefore, the results are in good agreement with Table 2. In addition, the use of a truncation
strategy more representative of experimental spectra provides sufficient spectral content to reduce
ambiguities previously observed under random truncation, resulting in higher R2 values and al-
lowing a great reconstruction accuracy.

5.3. Performance on experimental spectra

After validation using truncated theoretical CARS spectra, the neural network was applied on
experimental data recorded under various conditions. Measurements were performed in ambi-
ent air (approximately 300 K) as well as in a stoichiometric CH4/air premixed laminar flame at
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atmospheric pressure. For each condition, 1,000 single-shot CARS spectra were recorded at a fre-
quency of 1 kHz. To ensure consistency with the training phase, each experimental spectrum is
first convolved with the instrument response function of the detection system, then subjected to a
smoothing step and the same preprocessing as that applied to the synthetic data (section 4.2). This
procedure ensures optimal compatibility between the experimental data and the training dataset
used to train the network.

(a) (b)

Figure 6. a) Temperature probability density function obtained with the CNN from an experimental spectrum
recorded in a laminar CH4/air flame. b) Comparison between the experimental CARS spectrum (black) and the

corresponding simulated spectrum (red). The bottom part of each subplot shows the normalized residual ϵ between
the experiment and the simulation.

At room temperature, the network predicts a mean temperature of ∼ 326 K with a standard devia-
tion of 31 K. The corresponding temperature probability density function is shown in Fig. 6, illus-
trating the distribution of single-shot predictions obtained from experimental spectra recorded at
room temperature. Compared to the results obtained on theoretical datasets (Section 5.1), where
relative errors remained below 1%, this performance degradation reflects the increased complexity
of experimental conditions.

Figure 6 also shows an example of an experimental CARS spectrum together with its reconstruc-
tion based on the parameters predicted by the CNN. Despite being trained exclusively on noise-
free synthetic spectra, the model successfully reproduces the main spectral features of the mea-
sured signal, demonstrating its ability to generalize to real experimental data. The normalized
reconstruction error is reported and remains moderate, although residual discrepancies are ob-
served, particularly in the fine spectral structures.

These deviations can be attributed to several experimental sources of uncertainty. First, Poisson
noise associated with the detection process imposes a fundamental statistical limit, leading to tem-
perature fluctuations of a few kelvins for signal levels in the range of 30,000–40,000 photoelectrons
(Pealat et al., 1985). In addition, shot-to-shot variations in the femtosecond pulse spectral profile
contribute to further uncertainty, mainly due to nonlinear propagation effects such as self-phase



22nd LISBON Laser Symposium 2026

modulation, which induces spectral broadening (Gu et al., 2019). By contrast, beam pointing in-
stabilities are considered negligible under the present experimental conditions due to the stability
of the probed volume.

Finally, the remaining discrepancies in the reconstructed spectra may also arise from small inac-
curacies in the estimation of secondary parameters, such as phase parameters. Although each of
these parameters has a limited individual impact on the spectral shape, their combined effect in-
fluences the reproduction of fine spectral features, which can amplify residual differences in the
reconstruction.

Despite these limitations, the overall performance remains robust. The least-squares reconstruc-
tion error computed on the experimental spectra remains low, confirming that the CNN retains
strong predictive capability even under noisy and complex experimental conditions. These re-
sults demonstrate the robustness of the proposed approach and its applicability to real single-shot
CARS measurements.

(a) (b)

Figure 7. a) Temperature probability density function obtained with the CNN from an experimental spectrum
recorded in a laminar CH4/air flame. b) Comparison between the experimental CARS spectrum (black) and the

corresponding simulated spectrum (red). The bottom part of each subplot shows the normalized residual ϵ between
the experiment and the simulation.

Measurements were then taken in a premixed laminar CH4/air flame, within the combustion prod-
ucts located a few millimeters above the fresh gas cone, in a region characterized by homogeneous
temperature and composition fields. At high temperature, the spectra exhibit more pronounced
modulations as well as higher relative intensities in the high-wavenumber region (> 17,050 cm−1),
as shown in Fig. 7. This behavior is explained by an increase in the ratio of resonant to non-
resonant contributions, leading to a more pronounced signal structure. This spectral richness im-
proves the network’s ability to relate the shape of the spectrum to physical parameters. Under
these conditions, the model predicts an average temperature of 2192 K with a standard deviation
of 66 K. This improvement in performance at high temperature is consistent with the trend ob-
served on theoretical spectra of different temperatures (Section 5.2). More intense modulations
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provide more discriminating information, facilitating parameter determination.

Figure 7 also shows a comparison between experimental spectra and spectra reconstructed from
the parameters predicted by the CNN. Overall, good agreement is observed across the entire spec-
tral window, confirming the model’s ability to reproduce the dominant spectral structures despite
the presence of measurement noise and experimental fluctuations. The residual deviations ϵ are
mainly localized in low-intensity regions, consistent with the limitations identified previously in
the reconstruction of weak spectral features.

For comparison, the performance of conventional post-processing methods based on genetic algo-
rithms is typically reported to yield similar levels of accuracy under comparable experimental con-
ditions, with standard deviations on the order of approximately 2.5% in laminar flames (Thomas
et al., 2017). In these approaches, the parameter estimation is formulated as a global optimiza-
tion problem, where a population of candidate solutions is iteratively evolved through selection,
crossover, and mutation operations. Each candidate requires the determination of a physical CARS
model, making the procedure computationally intensive and requiring independent optimization
for each measured spectrum.

5.4. Computation time and benefits of the CNN approach

A major advantage of the proposed CNN-based framework lies in the drastic reduction of com-
putational cost associated with post-processing. In contrast to genetic algorithms, which rely on
solving a high-dimensional nonlinear optimization problem for each spectrum independently, the
CNN performs a direct and simultaneous inference of all physical parameters from a single pass.

In conventional genetic algorithm approaches, the complexity of the CARS model, combined with
the high dimensionality of the parameter space, leads to computation times of several hours per
spectrum (D. R. Richardson et al., 2010, 2017). Although this limitation can be partially mitigated
by a two-step strategy relying on the assumption of parameter stability over the experiment, it
remains significant (D. R. Richardson et al., 2010, 2017). Despite this simplification, the method
remains computationally demanding and severely limits its applicability to large datasets and
time-resolved measurements. By comparison, once trained, the CNN provides near-instantaneous
predictions of all parameters in a single forward pass, without requiring iterative optimization or
assumptions of parameter constancy.

Method Training 1 Spectrum 1,000 Spectra

CNN ∼ 8h (GPU) ∼ 0.06s (CPU) ∼ 2.6s
Iterative None ∼ 19h (CPU) Days to week

Table 3. Comparison of typical computation times: Conventional Genetic Algorithm vs. CNN approach.

Table 3 summarizes the computation times associated with both approaches, highlighting the
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trade-off between the one-time cost of training the neural network and the prohibitive cost of it-
erative inversion methods when applied at scale. In particular, the processing of 1,000 single-shot
experimental spectra by CNN requires ∼ 2.6 seconds, corresponding to a gain of several orders of
magnitude compared to iterative optimization strategies. This drastic reduction in computational
cost not only enables rapid estimation of mean thermodynamic quantities but also opens the way
to time-resolved analysis of reactive flows, including highly dynamic or turbulent conditions.

6. Conclusions

This study presents a deep learning-based strategy for the analysis of CPP fs-CARS spectra, aimed
at the simultaneous determination of temperature and a set of physical parameters governing sig-
nal formation. A one-dimensional convolutional neural network is trained on a large synthetic
database spanning a wide range of thermodynamic conditions and experimental configurations,
enabling the learning of a high-dimensional mapping between spectral variations and underlying
physical parameters. The assessment of the model is performed through both parameter estima-
tion accuracy and spectral reconstruction quality.

Results obtained from the theoretical spectra demonstrate that the network can accurately retrieve
the temperature and reproduce the overall structure of the CARS signal with relative errors typi-
cally below 1%. The training framework includes a variable spectral truncation strategy that pro-
vides incomplete and spatially varying spectral information to emulate experimental constraints.
This forces the network to learn robust representations from partial spectral windows whose posi-
tion and extent differ across samples.

Validation on experimental data confirms the ability of the model to perform data processing in
real measurement conditions. In both room-temperature and high-temperature CH4/air flame
configurations, the CNN provides physically consistent information of temperature and achieves
good reconstruction of measured spectra. This is allowed by the higher weighting assigned to tem-
perature in the loss function, which prioritizes its accuracy during training. Remaining discrepan-
cies are mainly localized in low-intensity spectral regions, which are more sensitive to higher-order
phase contributions and experimental noise.

Overall, the results show that CNN does not merely perform statistical interpolation, but instead
learns physically meaningful correlations between spectral features and thermodynamic parame-
ters. This combination of accuracy, robustness, and computational efficiency makes the proposed
approach a promising tool for advanced CARS-based diagnostics. In particular, the drastic reduc-
tion in computational cost is a key advantage: once trained, the network can process thousands of
spectra within seconds, compared to several hours or even days required by traditional iterative
optimization methods. This significant acceleration enables high-throughput CARS data analysis
and opens the way toward near-real-time applications in complex and highly dynamic reactive
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environments.

Nevertheless, several areas for development are being considered. First, the training dataset could
be enriched by incorporating more realistic effects, including noise and other experimental vari-
ations, in order to better reproduce measurement conditions. Second, the incorporation of ex-
plicit physical constraints into the network architecture could further improve robustness, partic-
ularly under challenging or extreme operating conditions. Finally, performance could be enhanced
through fine-tuning on annotated experimental data, which would allow the model to better adapt
to real measurement conditions and further improve both accuracy and stability.
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