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Abstract. This study investigates the use of a hybrid architecture of a Feed-forward Neural 
Network (FNN) combined with the Proper Orthogonal Decomposition (POD) to estimate the effect 
of control on sweep events within the context of an opposition control strategy. The experiments 
were carried out in a fully turbulent channel flow with a friction Reynolds number of 365. The 
POD was conducted to reduce the database dimensionality, and then a FNN was trained to predict 
the non-normalized spatial modes matrix, subsequently allowing the reconstruction of the 
Conditionally Averaged Sweep Event (CASE). The results demonstrate that the hybrid neural 
network is capable of reproducing the control signature for different actuation parameters with an 
accuracy comparable to a conventional neural network, while requiring approximately 90 times 
fewer trainable parameters. 
Introduction 
Choi et al. [1] through direct numerical simulations, demonstrated that the opposition control 
technique can achieve skin-friction reductions up to 25% by applying wall blowing and suction 
with velocities equal in magnitude but opposite in direction to those at a prescribed wall-normal 
location. Wind tunnel experiments reported in [2, 3] further demonstrated that real-time opposition 
control, implemented through wall-normal jet actuation to block high-speed fluid motions during 
sweeps, effectively mitigates the intensity of these events. In recent years, data-driven models have 
shown success in estimating the response of control systems to given actuation parameters. A FNN 
was implemented in [4] to predict the effect of actuation parameters on the CASE. The objective 
of the present work is to extend that study by reducing the dimensionality of the FNN by changing 
the model architecture. Furthermore, the possibility of further reducing the dimensionality is 
explored through the use of a hybrid POD-FNN, which first predicts the non-normalized spatial 
modes matrix of the POD and then reconstructs the CASE, while maintaining nearly the same 
accuracy. 
Experimental setup 
The experiments were conducted in an 8-meter-long duct with a 7 cm x 30 cm rectangular cross-
section (aspect ratio equal to 4.28). The center-line velocity was set to 𝑈𝑈0  =  3.22 m/s 
corresponding to a friction velocity of 𝑢𝑢𝜏𝜏 = 0.16 m/s and a resulting friction Reynolds number of 
𝑅𝑅𝑒𝑒𝜏𝜏 = 365. Two hot-wire probes were employed, each connected to a Dantec 55M10 CTA 
Standard Bridge anemometer. Both probes featured a sensitive tungsten wire with a diameter 
of 5 𝜇𝜇𝜇𝜇 and a length of 1.25 mm. The upstream probe, a Dantec 55P11, was positioned at 𝑥𝑥+ =
−65 and 𝑦𝑦+ = 15, while the downstream probe, a Dantec 55P15 boundary-layer type, was 
mounted on a two-axis stand. The superscript + denotes quantities in wall units. Following [3], 
sweep events were detected in real time using the velocity-gradient technique applied to the 
streamwise velocity signal acquired from the upstream probe. An analog differentiator computed 
the gradient from the hot-wire anemometer voltage output, and a comparator identified events 
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when the time derivative exceeded a threshold. The threshold was calibrated to match the event 
count from the variable interval time averaging method [5] with 𝑘𝑘=1.0 and averaging time 𝑇𝑇+=10. 
A detected sweep event generated a TTL signal sent to an Arduino Uno Rev3 board, introducing 
a delay Δ𝑇𝑇 to take into account convection time and actuator response time. The delayed TTL 
signal triggered a signal generator to produce a single-period sine wave of frequency f and voltage 
amplitude 𝐴̂𝐴, amplified to drive a loudspeaker. The loudspeaker produced a jet through a 1 mm 
diameter orifice (corresponding to about 11 viscous units). The rear probe velocity signal was 
acquired and conditionally averaged to visualize the sweep event. 

Database description and model creation 
The database used in this study is the one presented by [4], constructed by varying the control 
parameters. The objective is to predict the longitudinal component of the velocity signal for the 
controlled CASE, 𝑢𝑢�𝑐𝑐 ∈ ℝ1×𝑛𝑛𝑡𝑡 , using as inputs the actuation parameters and the longitudinal 
component of the velocity signal for the uncontrolled CASE, 𝑢𝑢�𝑛𝑛𝑛𝑛 ∈ ℝ1×𝑛𝑛𝑡𝑡, where 𝑛𝑛𝑡𝑡 = 750 is the 
number of points in the conditionally averaged window and corresponds to 139 viscous units. Let 
the control triplet be denoted as 𝜃𝜃, characterized by actuation frequency f , voltage amplitude 𝐴̂𝐴, 
and delay time Δ𝑇𝑇. A total of 𝑛𝑛𝑑𝑑 =  130 control triplets were sampled to construct the input part 
of the dataset using a Latin Hypercube Sampling technique within the space 30÷60 Hz, 50÷75𝑚𝑚𝑉𝑉𝑝𝑝𝑝𝑝 
and 0.15÷3ms for frequency, voltage amplitude and delay time respectively. For each dataset 
sample, 𝑢𝑢�𝑐𝑐(𝜃𝜃) was experimentally evaluated after a conditional sampling of the rear probe velocity 
signal acquired at 𝑥𝑥+ = 65 and 𝑦𝑦+ = 15. The resulting dataset was divided into training and 
validation subsets, containing 80% and 20% of the data respectively, and normalized to have all 
the features in the range between 0 and 1. A FNN with a reduced number of trainable parameters 
compared to the model proposed in [4] was adopted to predict the control effect on the CASEs.  

 
 
Figure 1. FNN structure used to predict the longitudinal component of the velocity signal for the 

controlled CASE 𝑢𝑢�𝑐𝑐∗ based on the control parameters and the longitudinal component of the 
velocity signal for the uncontrolled CASE, 𝑢𝑢�𝑛𝑛𝑛𝑛 . 

The network architecture here implemented, is illustrated in Fig. 1 and comprises 5 hidden layers 
of dimension (16, 32, 32, 32, 64) followed by an output layer which produces as output Δ𝜖𝜖. Δ𝜖𝜖 is 
then added to 𝑢𝑢�𝑛𝑛𝑛𝑛 to give the predicted controlled CASE signal, represented as 𝑢𝑢�𝑐𝑐∗ for a given 
triplet 𝜃𝜃. The hyperparameters of the network, including learning rate, batch size, and activation 
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functions, are the same as [4]. This network will be referred to hereafter as 𝒩𝒩. Similar results to 
those obtained with the network presented in [4] were achieved using 𝒩𝒩, which features a deeper 
architecture with fewer neurons, leading to a reduction in the number of trainable parameters from 
approximately 225,000 to 53,000 (over four times fewer). 
Hybrid POD-FNN model  
To further reduce the size of the model, it is possible to decrease the dimensionality of the output 
part of the dataset. The first step is therefore to compress this dataset from 𝑼𝑼�𝒄𝒄 ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑡𝑡 to 𝑼𝑼��𝒄𝒄 ∈
ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑟𝑟 where 𝑛𝑛𝑟𝑟 ≪ 𝑛𝑛𝑡𝑡 denotes the reduced temporal dimension of the output part of the dataset. 
POD [6] was then applied to decompose the dataset according to: 

𝑼𝑼�𝒄𝒄 = 𝝓𝝓𝚺𝚺𝝍𝝍𝑻𝑻, (𝟏𝟏) 
where 𝝓𝝓 ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑑𝑑 denotes the matrix of pseudo-spatial basis vectors, 𝚺𝚺 ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑑𝑑 is the singular 
value matrix, and 𝝍𝝍 ∈ ℝ𝑛𝑛𝑡𝑡×𝑛𝑛𝑑𝑑 is the matrix of the temporal modes. A reduced-order approximation 
of the dataset, retaining only the first 𝑛𝑛𝑟𝑟 most energetic modes, is given by: 

𝑼𝑼��𝒄𝒄 = 𝝓𝝓�𝚺𝚺�𝝍𝝍�𝑻𝑻, (𝟐𝟐) 
where 𝝓𝝓� ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑟𝑟, 𝚺𝚺� ∈ ℝ𝑛𝑛𝑟𝑟×𝑛𝑛𝑟𝑟 and 𝝍𝝍� ∈ ℝ𝑛𝑛𝑡𝑡×𝑛𝑛𝑟𝑟 contains only the first 𝑛𝑛𝑟𝑟 columns or singular 
values. Analysis reveals that retaining only the first 7 modes (𝑛𝑛𝑟𝑟 = 7) is sufficient to capture more 
than 99% of the total energy. A reconstruction of 𝑢𝑢�𝑐𝑐 taking into account only the first 7 modes is 
presented in Fig. 2. 

 
Figure 2. Longitudinal component of the velocity signal (in viscous units) for the CASEs. The 
superscript + is here omitted for both u and t. The black dashed lines and the blue continuous 

lines represent the experimentally sampled uncontrolled and controlled CASE, respectively. The 
green lines indicate the reconstructed CASE with the first 7 POD modes.                                      

a) 𝜃𝜃 = �33.3 𝐻𝐻𝐻𝐻,  56.44 𝑚𝑚𝑉𝑉𝑝𝑝𝑝𝑝,  0.65 𝑚𝑚𝑚𝑚 �, b) 𝜃𝜃 = �52.49 𝐻𝐻𝐻𝐻,  61.59 𝑚𝑚𝑉𝑉𝑝𝑝𝑝𝑝,  0.95 𝑚𝑚𝑚𝑚�. 

Relying on this low-dimensional representation, it becomes possible to predict 𝜶𝜶� =
𝝓𝝓�𝚺𝚺�  ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑟𝑟  from the input-parameter dataset 𝑿𝑿 ∈ ℝ𝑛𝑛𝑑𝑑×𝑛𝑛𝑖𝑖, where 𝑛𝑛𝑖𝑖=3 denotes the number of 
control parameters, and subsequently reconstruct 𝑢𝑢��𝑐𝑐 using regressors such as decision trees [7] or 
XGBoost regressors [8]. Although this strategy is computationally lightweight, it suffers from 
significant issues related to the regularization of the cost function when predicting the coefficients 
of 𝜶𝜶 �  since each coefficient must be weighted. An alternative approach that avoids a direct 
regularization is to predict the coefficients of 𝜶𝜶 �  using a FNN, then reconstruct 𝑢𝑢��𝑐𝑐 and compare 
the reconstruction with 𝑢𝑢�𝑐𝑐 within the loss function. In this case, the regularization is implicitly 
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enforced by the training procedure. A schematic of this hybrid POD–FNN architecture is shown 
in Fig. 3. Different architectures of the hybrid POD–FNN model were evaluated by varying the 
number of neurons per layer and the number of hidden layers. The learning rate and weight decay 
were kept identical to those used to train 𝒩𝒩, while a greater number of training epochs (30000 vs 
10000) was adopted since the model contains fewer trainable parameters. In addition an early 
stopping criterion was implemented to avoid overfitting [9]. 
 

 
 

Figure 3. Schematic of the hybrid POD-FNN model. Inputs are the actuation parameters and the 
temporal modes. Outputs are the predicted controlled CASEs. 

Models were assessed on the validation dataset using 𝑅𝑅2 and the adjusted 𝑅𝑅2 named 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2  as 
metrics [10]. 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2  accounts for the number of trainable parameters and thus penalizes excessively 
large networks. In Table 1, the metrics 𝑅𝑅2 and 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2  are reported for the tested architectures 
identified through the sequence (a, b, c) where a is the number of neurons in the first hidden layer, 
b in the second, and c in the third. As expected, 𝑅𝑅2 increases with the number of parameters. 
Conversely, 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2 , increases up to the architecture (8, 16, 16), named 𝒩𝒩� , and then slightly 
decreases, even though the 𝑅𝑅2 continues to improve. This behavior reflects the penalization term 
included in 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2 , whose denominator increases more rapidly than the improvement in the 𝑅𝑅2 value 
due to the higher amount of trainable parameters. A comparison between the CASEs predicted by 
𝒩𝒩 and 𝒩𝒩�  for the inputs in the validation dataset is shown in Fig. 4. The measured quantity to be 
approximated by the FNN, 𝑢𝑢�𝑐𝑐 , is represented by a solid blue line, while the solid red and green 
lines correspond to the predicted controlled CASE obtained by 𝒩𝒩 and  𝒩𝒩� , denoted as 𝑢𝑢�𝑐𝑐∗ and 𝑢𝑢��𝑐𝑐∗, 
respectively. The comparison between the two curves indicates that both networks successfully 
capture the dynamics of the system, providing an accurate representation of the controlled sweep 
event. While 𝒩𝒩 is slightly more accurate than 𝒩𝒩� , as reflected by its 𝑅𝑅2 value of 0.977 compared 
to 0.976 for 𝒩𝒩� , this marginal improvement comes at the cost of a model over 90 times larger in 
terms of trainable parameters. 
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Table 1. Comparison between different hybrid POD-FNN models in terms of network 
architectures, number of parameters, and performance metrics, sorted by the number of 

parameters. The metrics were computed using the validation dataset. 

Architecture Params 𝑅𝑅2 𝑅𝑅𝑎𝑎𝑎𝑎𝑎𝑎2  

(4, 4) 71 0.963 0.963 
(4, 4, 4) 91 0.965 0.965 
(4, 8) 119 0.971 0.971 
(8, 8) 167 0.972 0.972 

(4, 8, 8) 191 0.974 0.973 
(8, 8, 8) 239 0.974 0.974 
(8, 16) 295 0.975 0.974 
(16, 16) 455 0.975 0.974 

(8, 16, 16) 567 0.976 0.975 
(16, 16, 16) 727 0.974 0.973 

(16, 32) 839 0.975 0.974 
(32, 32) 1415 0.974 0.972 

(16, 32, 32) 1895 0.976 0.973 
(32, 32, 32) 2471 0.976 0.972 

(32, 64) 2695 0.975 0.972 
(32, 64, 64) 6855 0.976 0.963 

 

 
Figure 4. Evaluation of 𝒩𝒩 and 𝒩𝒩�  in the validation dataset. The black dashed line represents the 
uncontrolled CASE. The blue lines corresponds to the experimentally sampled controlled CASEs. 

The red and green lines indicate the predicted controlled CASEs with 𝒩𝒩 and 𝒩𝒩�  respectively.      
a) 𝜃𝜃 = �33.3 𝐻𝐻𝐻𝐻,  56.44 𝑚𝑚𝑉𝑉𝑝𝑝𝑝𝑝,  0.65 𝑚𝑚𝑚𝑚 �, b) 𝜃𝜃 = �52.49 𝐻𝐻𝐻𝐻,  61.59 𝑚𝑚𝑉𝑉𝑝𝑝𝑝𝑝,  0.95 𝑚𝑚𝑚𝑚�. 

Conclusion 
In the context of opposition control, and with the goal of predicting the controlled CASE more 
efficiently, the first step consisted in improving the network architecture used in [4], thus reducing 
the number of trainable parameters by a factor of approximately four. Subsequently, aiming for an 
even more lightweight model, a POD analysis was performed, revealing that only 7 modes are 
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sufficient to capture 99% of the output dataset energy. Building on this insight, a significantly 
smaller FNN was trained, featuring roughly 90 times fewer trainable parameters than those 
adopted in 𝒩𝒩 while achieving a comparable 𝑅𝑅2 value. 
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