
 Journal of Theoretical and Applied Vibration and Acoustics 11 (1) 57-72 (2025) 

 
I  S  A  V 

 

 

Journal of Theoretical and Applied 

Vibration and Acoustics 

 
journal homepage: http://tava.isav.ir 

 
   

Hybrid deep learning for nonlinear acoustic-driven flame dynamics 
and experimental validation 

Mohammad Ali Akhtardanesh a, Ensieh Alipour a, Mohammad Farshchi b, 
a Ph.D. Candidate, Aerospace Engineering Department, Sharif University of Technology, Tehran, IRAN. 
b Full Professor, Aerospace Engineering Department, Sharif University of Technology, Tehran, IRAN. 

 

 

A R T I C L E   I N F O 

  

 

A B S T R A C T 

Article history: 
Received 7 October 2024 

Received in revised form 
20 January 2025 

Accepted 6 March 2025 

Available online 14 May 2025 

This study proposes a hybrid deep-learning model that combines 
Convolutional Neural Networks (CNNs) with a Transformer Encoder 
to investigate the nonlinear dynamics of a laminar, partially premixed 
counterflow flame under acoustic excitation. The model was trained 
on experimental data obtained from a combustion instability 
laboratory. OH* chemiluminescence was employed to measure flame 
responses across a frequency range of 20 to 350 Hz and pressure 
amplitudes extending up to the extinction threshold. The research 
explores the intricate interactions between acoustic waves and flame 
dynamics, providing insights into how varying amplitudes and 
frequencies influence heat release rates. Despite inherent limitations 
in the dataset, the model demonstrated a robust ability to accurately 
approximate the flame transfer function, successfully replicating 
chemiluminescence signals and forecasting flame reactions to diverse 
acoustic excitations. Additionally, the repeatability of the flame 
structure was rigorously validated through high-speed imaging and 
image processing techniques, confirming consistent flame 
characteristics over multiple testing cycles. The results underline the 
significant promise of the hybrid deep-learning approach as a reliable 
tool for predicting flame behavior in complex acoustic environments, 
offering practical implications for mitigating combustion instabilities 
in various engineering applications. This research represents a 
significant step forward in applying machine learning techniques to 
enhance the predictability and control of flame dynamics in real-world 
systems. 
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1. Introduction  

Large-amplitude pressure variations resulting from thermoacoustic oscillations limit the 
acceptable operating range and increase the risk of fatigue-induced mechanical failure in gas 
turbine combustor design [1], [2]. Optimization approaches aimed at identifying optimal 
combinations of geometrical and operational parameters can help mitigate these instabilities by 
reducing the likelihood of thermoacoustic instability. Traditionally, adjoint-based techniques—
mathematical tools derived from the system's governing equations—have been widely employed 
to evaluate the effects of design or operational changes on thermoacoustic eigenvalues and overall 
system stability. 

Recently, data-driven optimization methods have gained traction, as they require no prior 
knowledge of the system's underlying physics. These black-box approaches assess performance 
improvements and iteratively adjust parameters based on empirical data. A key element in 
understanding thermoacoustic behavior is the flame transfer function (FTF), which describes the 
relationship between fluctuations in the flame's heat release rate and the acoustic inlet velocity[3-
6]. The FTF characterizes the dynamic response of the flame to acoustic excitation, dependent on 
the amplitude of velocity fluctuations, |u'/u̅|, and the excitation frequency, f. Mathematically, the 
FTF is expressed as: 

 𝐹𝑇𝐹ሺ𝑓, |𝑢ᇱ 𝑢ത⁄ |ሻ ൌ
𝑄ᇱ 𝑄ത⁄

𝑈ᇱ 𝑈ഥ⁄
 (1) 

where 𝑈ᇱ represents fluctuations in acoustic velocity, Uഥ denotes the mean flow velocity, Q′ 
indicates variations in the flame's heat release rate, and Q̅ is the mean heat release rate. The FTF 
consists of two key components: gain and phase. The gain reflects the amplitude ratio between 
heat release rate fluctuations and acoustic velocity variations, while the phase represents the time 
delay or phase shift between the acoustic disturbances and the resulting heat release oscillations. 
In practice, fluctuations in heat release are often inferred from optical measurements, such as 
chemiluminescence, due to their non-intrusive nature [7]. This allows for an accurate assessment 
of the flame's response to acoustic excitation without direct interference. 

 𝑄ᇱ 𝑄ത⁄ ൌ 𝐼ᇱ 𝐼 ̅⁄  (2) 

This substitution can infer heat release kinetics from optical data [8]. Accurately estimating the 
FTF is crucial for understanding and controlling thermoacoustic instabilities in combustion 
systems. While conventional linear and empirical models provide valuable insights, they often fail 
to capture the complex interactions and nonlinear behavior observed in real-world systems. Data-
driven and hybrid models significantly improve system safety and FTF prediction accuracy. 
Recent advances in machine learning (ML) provide a promising alternative, with the potential to 
enhance real-time control of combustion systems, leading to improvements in both performance 
and safety. 

ML models can detect instabilities early and provide real-time corrective actions, thereby 
improving the safety and reliability of combustion systems. In gas turbines and rocket engines, 
ML-based control systems enable dynamic adjustments based on FTF predictions, reducing system 
wear and mitigating the risk of catastrophic failures. The growing capabilities of ML in predicting 
flame behavior across various combustion scenarios have been demonstrated in recent studies. For 
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instance, Wu et al. [9] employed Transformer encoders and Long Short-Term Memory (LSTM) 
networks in combination with neural networks and frequency-sweeping techniques to model 
nonlinear flame behavior. Similarly, Shen and Morgans [10] showed that a multi-layer perceptron 
model with physics-informed preprocessing outperforms earlier algorithms in predicting 
hydrogen-enriched flame responses to acoustic excitation. Neural networks have also been used to 
simulate the linear and nonlinear response of turbulent flames to broadband acoustic forcing [11]. 

In recent work by Akhtardanesh et al. [12], machine learning techniques were applied to determine 
optimal acoustic power levels for flame extinction. Acoustic power at the point of extinction is a 
critical metric in understanding combustion dynamics. Four key parameters—frequency, 
equivalence ratio, wall diameter ratio, and Reynolds number—were used as inputs for a supervised 
ML model, specifically Support Vector Regression (SVR). The model was trained to predict the 
acoustic power required for flame extinction in methane and propane fuels. Evaluations using the 
R-squared metric demonstrated the model’s accuracy and robust performance across different 
conditions. 

This research focuses on experimentally predicting the Flame Transfer Function (FTF) of a 
methane-air flame under a range of acoustic disturbances. The flame was acoustically excited 
using an experimental test rig, and OH* chemiluminescence was used to capture the heat release 
rate. High-speed imaging of the flame was processed to ensure the repeatability of key parameters, 
including flame area, thickness, position, and heat release. The deep learning model developed in 
this study accurately predicted the nonlinear FTF and was validated against both simple and 
complex signals. By providing practical experimental validation across varying frequencies and 
pressure amplitudes, this approach offers valuable insights into the dynamic behavior of 
combustion systems, expanding the predictive capability of flame response models. 

2. Experimental procedure 

2.1. Setup and diagnostics 

Fig. 1 illustrates the experimental setup of the counterflow burner used in the Advanced 
Combustion Laboratory, Department of Aerospace Engineering, Sharif University of Technology 
[13-17]. The test rig consists of two identical sections (top and bottom), each equipped with a 
0.125 mm mesh grid to ensure a uniform exit velocity profile over a 31.5 cm pipe. Additional 
components include a converging nozzle, a honeycomb-structured plenum, a flash-back arrestor, 
and a loudspeaker. Loudspeakers (Vibe Black Air 12), with a frequency range of 20–1200 Hz, are 
positioned at the base of the plenums to generate modulated acoustic waves. The plenums have an 
inner diameter of 30.5 cm, while the concentrically aligned exit nozzles are 2.54 cm in diameter, 
with a spacing (L) of 2.0 cm and a geometric tolerance of ±0.05 mm. A nitrogen coflow (purity 
99.99%) is introduced in the lower section of the burner at a minimum flow rate of 20 L/min to 
protect the flame from environmental disturbances and guide the hot reaction products. This 
prevents interaction between the nozzle streams and ambient air during acoustic excitations. 

The acoustic waves are generated using a signal generator software, amplified through Hertz HCP 
1DK amplifiers, and their amplitudes are measured with a Sound Pressure Level (SPL) meter 
(B&K 2250) with ±1.5 dB accuracy over the 3–20,000 Hz range. The acoustic characteristics of 
the feeding blocks were determined for 1 to 50 Watts of input power over 10–200 Hz at the nozzle 
exit. The Helmholtz resonance frequency of the plenum chamber, calculated using standard 
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relations, was approximately 45 Hz, and measurements confirmed that the strongest waves occur 
between 40 and 50 Hz. Acoustic frequencies between 20 and 350 Hz were used to excite the flame, 
with lower frequencies excluded due to speaker limitations and higher frequencies omitted as the 
flame showed insensitivity. 

The chemiluminescence intensity of OH* and CH* radicals was a reliable indicator of the heat 
release rate [18]. Measurements were conducted using a photomultiplier tube (Thorlabs, PMM01) 
equipped with OH* and CH* filters (ASAHI Spectra, XHQA310, and XBPA430, centered at 310 
and 430 nm, respectively, with 10 nm bandwidths and efficiencies of 60% and 85%). Non-intrusive 
CH* chemiluminescence was captured using a high-speed CMOS camera (1920 fps, 1280×720 
pixels) with a 430 ± 10 nm bandpass filter. A microphone at the nozzle exit recorded phase lag 
between acoustic pressure signals and photomultiplier outputs. Additionally, digital image 
processing in MATLAB was employed to extract CH* intensity distributions from RGB high-
speed images using methods validated in previous studies. 

2.2. Flow condition 

A 99.99% pure nitrogen (N₂) jacket was used to prevent interaction between the ambient air and 
the nozzle streams during the experiments, maintaining a minimum flow rate of 20 L/min to ensure 
the flame reaction zone remained undisturbed during acoustic excitations. In all experiments, 15 
L/min of air from the top nozzle, along with 15 L/min of air and 2.25 L/min of methane from the 
bottom nozzle in the premixed regime, entered the flame reaction zone. This setup ensured that 
observed variations were solely due to flame-acoustic interactions, with no influence from 
hydrodynamics or reaction kinetics. 

The effects of steady harmonic acoustic oscillations with varying amplitudes on the structure of 
partially premixed counterflow flames were examined within the frequency range of 20 to 350 Hz. 
Lower frequencies were excluded due to acoustic exciter limitations, while higher frequencies 

Fig. 1. Schematic representation of the combustion instability laboratory, experimental equipment 
(right), and the physical setup (left). 
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were omitted as the flame showed insensitivity to them. The wavelength of acoustic waves (17.3 
to 1 meter) was significantly larger than the flame thickness, suggesting planar wave interactions 
within the burner nozzle. 

2.3. Acoustic driver evaluation  

Acoustic drivers, like any dynamic system, exhibit a response function. Experimental tests were 
conducted to evaluate the driver's ability to generate waves with the desired amplitude and phase. 
Pressure amplitudes of 3, 5, and 7 Pa were generated across the 20 to 350 Hz frequency range by 
adjusting the driver's voltage and input current. The results, shown in Fig. 2, include wave 
amplitudes at the nozzle outlet measured using an SPL meter and the phase difference between the 
signal generator and acoustic driver determined via a DAQ system with a 3500 Hz sampling rate. 

 

At frequencies below 30 Hz, the time delay between the signal generator and the acoustic driver 
was negligible, with a maximum time delay of 12.8 ms observed at 65 Hz. As the frequency 
increased to 350 Hz, this time delay reduced to 5 ms. Importantly, the time delay in acoustic wave 
production was independent of wave amplitude. A phase difference curve was plotted by 
comparing the time delay with the wave period, showing an ascending trend with increasing 
frequency. However, the phase difference was not affected by wave amplitude. At frequencies 
above 50 Hz, the phase difference error was on the order of the data acquisition error (1/3500 = 
0.29 ms), whereas at frequencies below 50 Hz, uncertainty in the phase difference increased. 

3. Processing of the experimental data 

It is essential to define the flame's instantaneous quantities with precision mathematically to 
analyze the physical phenomena governing the problem. As illustrated in Fig. 3, the instantaneous 
flame thickness is taken as the distance between the highest and lowest pixels of the smoothed 
image at the flame's center. The flame surface area is calculated by counting the illuminated pixels 
(with a minimum light intensity of 20 units) and multiplying by the pixel's longitudinal and 
transverse dimensions. The radiation intensity is calculated by integrating the brightness intensity 
of all pixels in the filtered image. This radiation intensity corresponds to the emission at a 
wavelength of 430 nanometres, representing the instantaneous radiation intensity of the excited 
methylidyne radical and the instantaneous heat release rate in the flame. The flame displacement 

Fig. 2. Measured magnitude (left), time lag (middle) and phase difference (right) between acoustic driver and signal 
generator 
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is calculated along the flame’s central symmetry line using equation (3) since the flame edges are 
constantly changing shape. In this correlation, 𝑦௜ is the pixel distance from the centre of the lower 
nozzle, Ii is the pixel radiation intensity at a wavelength of 430 nanometres and YCoHR is the center 
of the flame radiation area at that moment. The entire process was implemented and executed 
within an image processing code in MATLAB. The uncertainties in the measurements were 
minimal, with relative errors of ± 2.5% for CH* intensity 𝐼஼̅ு, ± 1.8% for flame thickness 𝑡̅, ± 
4.1% for flame area 𝐴̅, and ± 0.7% for flame displacement 𝑌ത஼௢ுோ. A detailed discussion of 
uncertainty sources and error analysis is provided in [16]. 

 YCoHRൌቀ෍𝑦௜𝐼௜ቁ ቀ෍𝐼௜ቁൗ    (2) 

 

To evaluate the repeatability of the experimental results, the counterflow flame was tested three 
separate times at a fixed frequency of 40 Hz and an excitation amplitude of 5 Pascal. Fig. 4 presents 
high-speed images of the flame structure across eight frames for six consecutive cycles, along with 
the cycle-averaged image. The Abel inverse transformation method [19] was applied to derive 
cross-sectional views of the flame along the central plane. Fig. 5 provides quantitative results from 
the high-speed image analysis in Fig. 4, covering four key parameters: nondimensionalized 
fluctuations of instantaneous CH* intensity (𝑄ᇱ/𝑄ത   ൎ  𝐶𝐻ᇱ/𝐶𝐻തതതത), flame area, flame thickness, and 
displacement of the heat release center. The results demonstrate a calculation error of less than 
0.4% for the mean flame surface position and the radiation intensity of CH* radical (430 nm) 
across all three tests. Additionally, an analysis of 100 excitation cycles revealed that the error in 
calculating the amplitude of fluctuations in both the displacement of the radiation center and the 
intensity of the excited methylidyne radical was less than 1.6%. 

The findings from previous studies on premixed flames have established a direct relationship 
between flame surface area and heat release rate, expressed as 𝑄 ∝ 𝐴 [20]. Under linear velocity 

fluctuation conditions, where 
௎’

௎ഥ
≪ 1 and the oscillations remain within the linear regime, it has 

Fig. 3. Illustration of area, thickness, displacement of the center of heat release of counterflow flame 
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been shown that 𝑄ᇱ/𝑄ത   ൎ  𝐴ᇱ/𝐴̅ [21]. Furthermore, chemiluminescence measurements have 
confirmed a linear correlation between the radiation intensity and the flame surface area, 𝐼஼̅ு ∝ 𝐴̅ 
[22]. These prior findings are consistent with the results illustrated in Fig. 5, reinforcing the validity 
of the experimental observations. 

t = 7T/8 

 

t = 6T/8 

t = 5T/8 

t = 4T/8 

t = 3T/8 

t = 2T/8 

t = 1T/8 

t = 0 

 Mean Cycle#6 Cycle#5 Cycle#4 Cycle#3 Cycle#2 Cycle#1 
Fig. 4. Instantaneous CH* chemiluminescence images (left) and their corresponding Abel transformations (right) 

during acoustic excitation at f = 40 Hz and P’ = 5 Pa, shown for six consecutive cycles and the cycle-averaged 
result. The horizontal dashed line represents the stationary stagnation plane. 

The repeatability of the flame-acoustic interaction over time ensures that a dynamic system can be 
developed with a well-designed deep learning model to predict the flame’s response to acoustic 
excitation accurately. By training the model across a wide range of acoustic pressure amplitudes 
and frequencies, capturing the complex, nonlinear interactions between the flame and the acoustic 
field would be possible. This approach can enhance real-time control and prediction of combustion 
dynamics, leading to more reliable and efficient combustion systems. 

Fig.  5. Instantaneous YCoHR, thickness, area, and the heat release ratio of the excited flame (f = 40 Hz and 
P’= 5 Pa) captured using high-speed imaging. 
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4. Deep learning model 

In this paper, a hybrid deep learning architecture is introduced that integrates Convolutional Neural 
Networks (CNNs) [23], [24]  with Transformer mechanisms [25] to process the time series 
sequential data effectively. The training and testing datasets were derived from two distinct 
experimental runs, ensuring no overlap to prevent data leakage. The input features consist of 
acoustic pressure, which characterizes the temporal and spectral dynamics of the acoustic 
excitation. The target output is the heat release response, quantifying the system's reaction to 
acoustic perturbations. 

The input features and the target output were normalized to ensure consistency and remove scale 
dependency. The scaler was first fit to the training data to compute the mean and standard 
deviation, and the same parameters were applied to the test set. This normalization process ensures 
uniformity, accelerates model convergence, and stabilizes training. Given the time series nature of 
the data, a sequence length of 30 time steps was selected to account for temporal dependencies in 
the inputs. The target output was aligned with the input sequences to enable one-step-ahead 
predictions of the heat release response. This structured preprocessing pipeline ensures that the 
model leverages temporal patterns in the acoustic pressure input to effectively predict the heat 
release response. 

The proposed deep learning framework comprises two distinct parts, as shown in Fig. 6. The CNN 
component employs a hierarchical structure, incrementally increasing the filter count from 16 to 
128 across four layers. Each layer captures progressively abstract features of the input, leveraging 
techniques such as batch normalization for improved convergence and average pooling to 
downsample spatial dimensions, thereby enhancing computational efficiency. A shape-matching 
procedure ensures alignment to harmonize the dimensions of feature maps produced by the CNN 
layers, enabling their concatenation into a unified feature representation. This consolidated feature 
map is then passed through a dense layer that reduces its dimensionality, preparing it for further 
processing by the Transformer module. 

The Transformer block is a crucial architecture component that captures local and global temporal 
dependencies in sequential data. The block employs a multi-head self-attention mechanism at its 
core. It is implemented through the Multi-Head Attention layer with four parallel attention heads 

Fig.  6. The framework of the proposed deep learning model for FTF prediction 
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and a feature dimension of 32 per head. This self-attention mechanism uses the same tensor for 
query, key, and value inputs, enabling the model to learn intricate relationships between all 
positions within the sequence. The outputs from the attention heads are concatenated and linearly 
transformed, allowing the model to focus on multiple aspects of the input simultaneously. A 
dropout layer with a 10% rate is applied to mitigate overfitting. Additionally, layer normalization 
with a small epsilon (ϵ=1×10⁻⁶) ensures numerical stability by normalizing the outputs across 
features, facilitating a smoother learning process. Together, these components enable the 
Transformer block to model complex dependencies across sequential data with enhanced 
robustness and generalization capabilities. 

In the final stage, dense layers refine the processed features before the output layer predicts a scalar 
value. This strategic integration of CNN-driven hierarchical feature extraction and Transformer-
based dependency modeling offers a powerful framework for sequential data analysis, balancing 
model complexity with predictive performance. Table 1 provides a summary of key components 
of the model architecture. 

Table. 1. The Details of the Neural Network Model 

Layers 
Number of Filters/ 

Units 
Kernel 

Size 
Activation 
Function 

Pooling 
Size 

CNN - Layer 1 16 3 tanh 2 

CNN - Layer 2 32 3 tanh 2 

CNN - Layer 3 64 3 tanh 2 

CNN - Layer 4 128 3 tanh 2 

Fully Connected (Dense Layer) 32 - ReLu - 

Output Layer 1 - Linear - 

 

 

  

 

  

 

 

 

The dataset was divided into training (80%) and testing (20%) subsets, with 10% of the training 
data allocated for validation. The Adam optimizer was employed for its adaptive learning 
capabilities, with the loss function defined as Mean Squared Error (MSE) and Mean Absolute 
Error (MAE) used as the evaluation metric. The training was conducted using a batch size of 16 
over 50 epochs. 

Several callbacks were employed to enhance training stability: 

Fig.  7. Train Loss and Validation Loss curves of the model. 
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 Early stopping monitored validation loss with patience of five epochs to prevent 
overfitting. 

 A learning rate scheduler reduced the learning rate by 20% if validation loss plateaued for 
three consecutive epochs, with a minimum learning rate of 1×10−5. 

The training process tracked the loss (MSE) across the training and validation datasets.  Fig. 7 
depicts the loss curves, illustrating the model's performance over time. 

4.1. Data acquisition 

Acoustic oscillations' frequency and amplitude have the biggest effects on the FTF. The essential 
frequency response for partially premixed counterflow flames is below 100 Hz. Saitoh and Otsuka 
[26] observed that the oscillation amplitude approached zero at 100 Hz for ethylene counterflow 
flames and diminished further as the frequency increased. Similarly, according to Brown and Pitz 
[27], methane-air non-premixed counterflow flames did not exhibit appreciable structural changes 
over 200 Hz. Consequently, as illustrated in Fig. 8, data for model training were selected from six 
frequency or amplitude ranges. The red line shows the heat release reaction as determined by OH* 
chemiluminescence, while the blue line reflects the input pressure signal to the acoustic driver. 
The acoustic wave amplitude was progressively increased until the flame reached the acoustic 
extinction point in tests conducted at constant frequencies (regions a, b, and c). Acoustic extinction 
prevented the higher amplitudes from being included  [28],[17],[28-30]. The amplitude increased 
by 1 Pascal every two seconds until extinction in region "A" where the frequency was maintained 
at 30 Hz. 

The same amplitude increments were applied at a frequency of 60 Hz in region "B" and at 90 Hz 
in region "C". In the tests conducted in regions D, E, and F, the frequency changed between 20 
and 350 Hz while the amplitude of the acoustic wave remained constant. Each test took two 
seconds to train the model. The amplitude was fixed at 3 Pascal in region D and set to 5 and 7 
Pascal in regions E and F, respectively. Data from the input and output signals were gathered at a 
sampling rate of 3500 Hz for every test. 

5. Results and discussion 

The model's performance was evaluated using test data, including acoustic excitations not used 
during training. The model accurately predicted the chemiluminescence signal, closely matching 
experimental measurements and demonstrating a robust understanding of the flame response 
function. Initially, a sinusoidal signal with a frequency of 30 Hz and a constant pressure amplitude 
of 5 Pascals was input into the trained model. The predicted results were compared against 

Fig.  8. Training data from experimental measurements for deep learning: Input acoustic pressure (top) and the 
corresponding heat release response (bottom). 
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experimental data, as shown in Fig. 9 (top). The model successfully captured the mean value, 
amplitude, and phase differences of the output signals with high precision. While the predicted 
output followed a sinusoidal waveform, minor deviations in amplitude and phase at 30 Hz were 
observed, likely due to experimental uncertainties and the nonlinear interactions between the 
acoustic field and the combustion process. 

In the second stage, triangular waveforms with the same amplitude and frequency were used to 
assess the model’s performance further. As depicted in Fig. 9 (middle), the model produced a 
smoothed triangular signal, a result of the non-differentiable points in the input signal. This 
deviation was influenced by two factors: the non-ideal behavior of the acoustic exciter, which 
could not perfectly replicate the triangular shape, and the dynamic response of the sensors, which 
affected the signal's fidelity. Despite these factors, the transformer model displayed satisfactory 
predictive accuracy. 

The third stage of testing involved square waveforms at a constant amplitude of 5 Pascals and a 
frequency of 30 Hz. Fig. 9 (bottom) illustrates that the experimental flame response and the model's 
predictions resulted in a distorted square wave. This distortion stemmed from nonlinearities in the 
flame's dynamic response, along with inherent limitations of the sensors and acoustic actuators. 
Despite these challenges, the model’s predictions are closely aligned with experimental data. The 
peaks and overshoots in the acoustic pressure input, particularly at signal extremums, influenced 
corresponding extremums in the predicted output. The model accurately predicted the phase delay 
and mean heat release rate, although variations in the amplitude of heat release rate oscillations 
were noted across different input signal frequencies.  

Thus far, the analyses have focused on the flame response under constant pressure or frequency 
conditions. The dynamic response of the flame was examined to evaluate the model's performance 
across the entire range of frequencies and pressure amplitudes. The flame response function was 

Fig.  9. Validation of the square (bottom), the triangle (middle) and the sinus (top) signals at a constant f = 30 Hz 
and the pressure amplitude of 5 Pa. The black thin line: is the pressure input signal, the blue thick line: is the results 

predicted by CNNs + Transformer, and the red thick line: is the experimental results 



M. A. Akhtardanesh et al. / Journal of Theoretical and Applied Vibration and Acoustics 11 (1) 57-72 (2025) 

68 
 

extracted at three excitation pressure levels—3, 5, and 7 Pascals—over the frequency range of 20 
to 350 Hz. Fig. 10 compares the magnitude (top) and phase (bottom) of the flame's dynamic 
response obtained experimentally with the results from the deep learning model. 

At low frequencies (f = 20 Hz), the counterflow flame exhibits oscillations in the heat release rate 
that are of the same order of magnitude (O(1)) as the input acoustic velocity amplitude, a 
characteristic also observed in simple flames, such as conical flames [31]. The flame response 
function behaves like a low-pass filter, allowing low-frequency oscillations to pass while 
attenuating higher frequencies, showing a dynamic behavior comparable to Bunsen flames [5]. As 
the frequency increases (f > 80 Hz), the acoustic field loses its influence on the flame area, and the 
fluctuations in heat release rate diminish to less than 10% of the mean values, leading to a 
downward trend in the gain. 

The phase difference between the fluctuations in heat release rate and the velocity exhibits linear 
behavior in the frequency range of 20 to 350 Hz. However, the slope of this linearity shifts near 
50 Hz. Below 50 Hz, the slope of the phase difference is dφ/df = 0.033π, whereas at frequencies 
above 100 Hz, it increases to dφ/df = 0.053π. In modeling the flame response function of simple 
flames, such as conical flames, it is generally assumed that disturbances travel with the mean flow 
velocity, introducing a delay of φ = 2πfτ [32]. According to this model, the time delay between the 
fluctuations in heat release rate and the acoustic velocity is approximately 16.7 ms for excitation 
frequencies below 50 Hz and 26.6 ms for frequencies above 100 Hz. 

The experimental results and the deep learning model exhibited consistent phase and gain across 
all tested frequencies and pressure amplitudes of the acoustic waves. Within the frequency range 
of 20 to 150 Hz, the flame response magnitude showed excellent agreement between the two 

Fig.  10. Gain (top) and phase (bottom) of the flame response function for the counterflow flame under varying 
excitation pressure amplitudes of 3, 5, and 7 Pa. Red lines represent experimental data, while blue circles indicate 

predictions from the deep learning model. 
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methods, validating the model's ability to capture the flame's dynamic behavior. At frequencies 
exceeding 150 Hz, the experimental flame response and the deep learning model prediction 
converged toward zero. This behavior is notable, as uncertainties in experimental data at higher 
frequencies, driven by increased sensitivity to environmental disturbances, challenge the model's 
ability to capture the flame dynamics accurately. The training dataset for the deep learning model 
was optimized by reducing the sampling size at higher frequencies to address this limitation. This 
adjustment effectively minimized the influence of external disturbances, enhancing the model's 
predictive accuracy in this frequency range. The improved dataset refinement highlights the 
importance of adapting data preprocessing techniques to achieve robust predictions under varying 
experimental conditions. 

6. Conclusion 

This study presents a deep learning framework for predicting the dynamic response of a partially 
premixed methane-air counterflow flame under acoustic excitation. The flame's heat release rate 
was measured using OH* chemiluminescence across a frequency range of 20 to 350 Hz and 
pressure amplitudes extending to the extinction point. A hybrid model was trained on experimental 
data, combining Convolutional Neural Networks (CNNs) for feature extraction and a Transformer 
Encoder for behavior forecasting. The repeatability of the flame structure was rigorously validated 
through high-speed imaging and image processing, confirming consistent flame characteristics, 
such as area, thickness, and heat release displacement, across multiple tests. 

The model demonstrated excellent agreement with experimental data, accurately predicting phase 
and gain across all frequencies and pressure amplitudes. It replicated experimental amplitude, 
phase, and mean heat release rates with high fidelity for sinusoidal signals. Minor amplitude 
discrepancies were observed for more complex triangular and square signals, primarily due to 
actuator and sensor limitations. Both experimental and model results exhibited low-pass filter 
behavior, with significant attenuation of heat release fluctuations above 80 Hz and near-zero 
responses beyond 150 Hz due to experimental constraints. Optimizing the training dataset at higher 
frequencies further improved the model's ability to capture high-frequency dynamics. 

Overall, the deep learning approach used in this study offers a reliable and practical tool for 
predicting flame response under various acoustic conditions. It is a valuable asset in addressing 
combustion instabilities in engineering applications. Future advancements in data acquisition and 
sampling techniques could further enhance model accuracy, particularly at higher frequencies, 
thereby broadening its applicability in real-world systems. 
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