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Abstract

Accurate valve opening prediction is important for improving the stability and control
performance of wind tunnel systems. To address the challenges of strong variable coupling,
nonlinear dynamics, and complex temporal dependencies, this paper proposes a mutual
information-based progressive dilated temporal convolutional network, named MI-PD-
TCN. The proposed method first preprocesses multi-source sensor and valve operation
data, constructs candidate features such as historical lag and differential features, and
selects informative variables using mutual information. Then, phase space reconstruction
and a sliding-window strategy are used to generate temporal input tensors. Finally, a
progressive dilated TCN is developed to extract multi-scale temporal dependencies and
predict valve openings. Experimental results show that the proposed method improves
prediction accuracy and generalization performance, providing an effective data-driven
solution for valve opening prediction in wind tunnel control systems.

Keywords: wind tunnel control system; valve opening prediction; mutual information;
phase space reconstruction; temporal convolutional network

1. Introduction
Wind tunnels are critical experimental facilities for aerodynamic research, where

precise regulation of flow-field parameters such as Mach number, total pressure, and
temperature is essential for obtaining reliable test data [1]. In continuous wind tunnels,
the flow field is regulated by coordinating multiple valves, among which the main inlet
regulating valve plays a central role in adjusting the incoming airflow. The opening of
this valve, together with other coupled control valves, must be precisely controlled to
maintain target aerodynamic conditions under varying operating regimes and transition
processes. However, the dynamic relationship between valve openings and flow-field
parameters is governed by complex compressible fluid dynamics, which exhibits strong
nonlinear coupling, transport delays, hysteresis, and condition-dependent behaviors. These
characteristics make first-principles modeling computationally expensive and difficult to
apply in real-time control [2]. Therefore, an accurate data-driven predictive model that can
estimate the required valve opening directly from measurable process variables is urgently
needed. Such a model can provide feed-forward compensation, reduce manual tuning
efforts, and enhance the robustness of wind tunnel control systems.
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Traditional industrial valve modeling approaches usually rely on mechanistic or
semi-empirical formulations. Although these methods offer physical interpretability, they
require extensive domain knowledge and simplifying assumptions about complex thermo-
fluid processes. In wind tunnel research, Yi et al. [1] proposed a wavelet packet analysis
combined with Vision Transformer for valve leakage fault diagnosis, demonstrating the
potential of deep learning in wind tunnel valve systems. Zhao et al. [3] developed a
bidirectional LSTM-based method for missing sensor data imputation in wind tunnel tests.
However, these studies mainly address fault diagnosis and data recovery, rather than the
real-time prediction of valve opening positions from operational sensor streams—a typical
soft-sensing problem that remains insufficiently explored.

Over the past decade, data-driven methods have emerged as powerful alternatives
for industrial process modeling. Recurrent neural networks, particularly Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU), have been widely adopted for
time-series prediction [4]. Despite their success, RNN-based models suffer from inherent
limitations, including non-parallelizable recurrent computations and difficulties in cap-
turing very long-range dependencies due to gradient vanishing or exploding [5]. The
Temporal Convolutional Network (TCN), introduced by Bai et al. [5], overcomes these
issues by employing causal dilated convolutions, enabling efficient parallel training and
an exponentially growing receptive field. TCN has shown strong performance in various
industrial applications, including quality prediction and soft sensing [6–8]. However, its
application to wind tunnel valve opening prediction, especially under multi-valve coupling
and heterogeneous operating conditions, is still limited.

Beyond the choice of temporal backbone, industrial soft-sensing tasks face two ad-
ditional critical challenges: feature selection and data imbalance. Modern wind tunnel
facilities generate hundreds of sensor measurements, many of which are redundant or
weakly correlated with the target valve opening. Directly using all variables increases model
complexity and may degrade generalization. Mutual information (MI), an information-
theoretic measure capable of detecting both linear and nonlinear dependencies, has been
effectively used for feature screening in industrial processes [9,10]. However, most existing
MI-based selection methods are applied independently to individual datasets or single
targets. In wind tunnel systems where multiple valves are physically coupled, a feature
that is informative for only one valve may be less representative of the overall operating
state. Hence, a multi-target MI strategy that jointly considers several coupled valves is
needed to obtain a globally relevant and robust feature set.

Moreover, wind tunnel experimental data are typically collected from multiple test
campaigns with different operating conditions, resulting in severe sample imbalance among
files. Training a model on such imbalanced data often leads to bias toward dominant files
and poor generalization to underrepresented conditions. Sample-level weighting strategies
can mitigate this, but they must be integrated with globally consistent preprocessing to
enable offline training and online deployment without retraining.

To address these interconnected challenges, this paper proposes a mutual information-
based progressive dilated Temporal Convolutional Network, named MI-PD-TCN, for wind
tunnel valve opening prediction. The main contributions are summarized as follows.

1. A multi-target mutual information feature selection strategy is introduced. By com-
puting MI between candidate sensor variables and three coupled valve openings
(Valve 1005, Valve 1101, and Valve 1801) and averaging the scores, the method selects
features that are jointly informative across multiple coupled valves. This yields a com-
pact and physically meaningful input set that is globally relevant across heterogeneous
data sources.
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2. A comprehensive preprocessing pipeline is designed, integrating target power trans-
formation for distribution calibration, global Min-Max normalization for consistent
scaling across all experimental files, and phase space reconstruction with sliding-
window sampling to enhance the representation of nonlinear temporal dynamics and
abrupt step changes.

3. A progressive dilated TCN (PD-TCN) backbone is developed to extract multi-scale
temporal dependencies. The progressive dilation structure expands the receptive field
in a structured manner, allowing the model to capture both short-term fluctuations
and long-range delayed responses in valve control.

4. A sample-balanced training strategy is adopted to handle severe file-length imbalance.
Instance-level weights are assigned inversely proportional to the length of each source
file, ensuring that short but important operating conditions contribute adequately to
the optimization.

5. The proposed framework is validated on real wind tunnel operational data. Experi-
mental results demonstrate that MI-PD-TCN achieves superior prediction accuracy
and stability compared to conventional baseline models and ablation variants, con-
firming its practical effectiveness.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 formulates the problem and describes the wind tunnel valve system. Section 4
presents the proposed methodology in detail. Section 5 reports and discusses the experi-
mental results. Section 6 concludes the paper and outlines future work.

2. Related Work
Building upon the challenges outlined in Section 1, this section reviews the litera-

ture along four dimensions: temporal convolutional networks for industrial prediction,
information-theoretic feature selection, phase space reconstruction for nonlinear dynamics,
and valve prediction combined with data imbalance handling. Finally, the research gaps
are summarized, and the contributions of this paper are positioned.

2.1. Task Scope and Architectural Positioning

This work addresses the problem of predicting valve opening using short-window
temporal context (T = 10 steps of historical sensor data). Given a short sequence of recent
measurements from multiple sensors, the model predicts the current or next valve opening
position—a direct regression task rather than multi-step forecasting. This problem formula-
tion is fundamentally distinct from long-horizon forecasting (T >> 100) for which recent
Transformer variants (Informer, PatchTST, TimesNet) are specifically optimized.

Transformer-based models employ sparse attention and temporal decomposition to
efficiently handle 100+ step-ahead predictions with complex seasonal patterns, but become
computationally wasteful and over-parameterized when applied to short-window direct
regression without proportional accuracy improvements. Consequently, this work focuses
on CNN, RNN, and TCN-family architectures, which are well-established, practical, and
computationally efficient for short-horizon soft-sensing applications. Our experimental
comparison (Section 5) includes LSTM, CNN, basic TCN, and classical ML baselines
(XGBoost, LightGBM), evaluated under identical conditions using the same feature set
derived from mutual information filtering.

2.2. Temporal Convolutional Networks for Industrial Process Prediction

The Temporal Convolutional Network [5] leverages causal dilated convolutions to
capture long-range temporal dependencies without the vanishing gradient problems of
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recurrent networks. Its parallel computation capability and stable gradient flow make it
attractive for industrial time-series modeling.

Several TCN variants have been proposed for quality prediction and soft sensing.
Zhang et al. [6] augmented TCN with spatial and temporal attention mechanisms to adap-
tively weight features and time steps. Yuan et al. [7] developed a pruned tree-structured
TCN that removed 91.8% of parameters while maintaining accuracy. Yao et al. [8] integrated
Kolmogorov-Arnold networks with graph convolution and TCN to improve nonlinear
feature extraction. Comparative studies by Lima et al. [11] and Zhou et al. [12] confirmed
that TCN can match or outperform LSTM at lower training cost.

In the valve domain, Li et al. [13] proposed Trans-TCN-GRU for remaining useful life
prediction of pneumatic control valves, and Wang et al. [14] applied an improved TCN
with convolutional auto-encoder preprocessing for nuclear power plant valve prognostics.
These studies demonstrate TCN’s suitability for valve-related tasks. However, they mainly
focus on prognostics or fault diagnosis rather than direct real-time opening prediction.
Moreover, they do not address the coupling of multiple interacting valves or the need for
globally consistent feature selection across heterogeneous wind tunnel experiments.

2.3. Information-Theoretic Feature Selection for Industrial Data

Mutual information and its normalized variant, Maximum Information Coefficient
(MIC), are widely used to detect nonlinear dependencies in industrial data [9]. Unlike
Pearson correlation, MI captures general statistical relationships between variables, which
is critical in processes governed by complex physical mechanisms.

Pan et al. [10] employed MIC for variable screening in the Czochralski silicon crys-
tal growth process, followed by TCN-LSTM modeling, achieving an R2 of 0.972. Gao
et al. [15] and Tuo et al. [16] combined MIC with kernel density estimation and graph-based
feature aggregation within TCN frameworks for soft sensing. These works validate the
effectiveness of information-theoretic feature selection prior to temporal modeling.

However, existing methods typically perform feature selection independently for each
dataset or treat a single target variable in isolation. In wind tunnel control, multiple valves
are coupled, and the predictive model must generalize across numerous experimental
files with varying conditions. A feature set selected using only the main valve may miss
variables that are jointly informative for the overall system state. Therefore, a multi-target
MI strategy that averages dependency scores over several coupled valves can yield a more
robust and globally consistent input representation. To the best of our knowledge, such a
joint MI-based selection strategy has not been explored for wind tunnel valve prediction.

2.4. Phase Space Reconstruction for Nonlinear Dynamics

Phase space reconstruction (PSR), founded on Takens’ embedding theorem [17], re-
covers the underlying dynamics of a nonlinear system from observed time series by con-
structing delayed-coordinate embeddings. Given an embedding dimension m and delay
τ, PSR enriches the input with historical states, enabling models to better capture the
system’s evolution.

Pan et al. [18] proposed MSK-TCN, which integrates multi-scale kernels with phase
space reconstruction for multivariate chaotic time series prediction. Su et al. [19] combined
PSR with pipelined recurrent wavelet neural networks for effluent quality prediction.
Huang et al. [20] used CNN-based feature extraction on phase-reconstructed data. These
studies demonstrate that PSR can significantly improve prediction accuracy for nonlinear
and non-stationary processes.

For wind tunnel valve systems, valve openings often undergo abrupt step changes
during flow-condition transitions, alongside smoother drifts during steady operation.
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PSR provides a principled way to embed recent historical dynamics into the input tensor,
complementing hand-crafted differential features. The integration of PSR with statistical
lag features to handle both gradual and abrupt dynamics has not been systematically
investigated in the context of valve opening prediction.

2.5. Valve Prediction, Wind Tunnel Applications, and Data Imbalance

Valve-related prediction has attracted growing attention. Li et al. [13] and Wang
et al. [14] applied TCN-based models to valve remaining useful life estimation, achiev-
ing substantial error reductions. Zheng and Lei [2] developed a TCN-FCM predictor for
coordinating valve openings in district heating networks. In wind tunnel research, Yi
et al. [1] proposed a leakage fault diagnosis framework for pressure-regulating valves,
and Zhao et al. [3] focused on imputing missing sensor data using Bi-LSTM-NARX.
These efforts confirm the utility of deep learning for wind tunnel and valve systems,
but real-time prediction of control valve openings from operational sensor data remains
largely unexplored.

Data imbalance across experimental campaigns is another practical concern. Wind
tunnel tests generate files of very different lengths, leading to biased training if not ad-
dressed. Sample-level weighting strategies, such as inverse frequency weighting, have
been used in classification [21], but their application to time-series regression with file-level
imbalance in industrial soft sensing is less common. Cheng et al. [21] modeled multi-output
prediction uncertainty with Gaussian mixtures, while Hssayeni and Ghoraani [22] em-
ployed conditional GANs for imbalanced time-series regression. However, these methods
do not consider the joint requirement of globally consistent preprocessing, multi-target
feature selection, and deployment-ready serialization that are essential for wind tunnel
valve prediction.

2.6. Research Gaps and Contributions of This Paper

The literature review reveals the following gaps. (1) TCN has not been applied to real-
time opening prediction of the main inlet regulating valve in wind tunnels under coupled
multi-valve dynamics. (2) Multi-target MI-based feature selection across several physically
coupled valves has not been used to obtain a globally consistent input space. (3) An
integrated preprocessing pipeline combining target power transformation, phase space
reconstruction, differential features, and sample-weighted training has not been developed
for wind tunnel valve soft-sensing. (4) A systematic validation of such a framework on real
wind tunnel operational data is still lacking.

To bridge these gaps, this paper presents the MI-PD-TCN framework, whose novel
aspects are: (i) a three-valve averaged MI criterion for feature selection; (ii) a progressive
dilated TCN that captures multi-scale temporal patterns; (iii) a sample-balanced training
loss based on inverse file-length weights; and (iv) the integration of the above components
into a unified, serializable pipeline suitable for offline training and online prediction.

3. Methodology
This section presents the proposed MI-PD-TCN (Mutual Information-based Progres-

sive Dilated Temporal Convolutional Network) framework for industrial valve opening
prediction. The framework is designed as an end-to-end pipeline that transforms raw,
multi-source heterogeneous sensor data into accurate and physically constrained valve
opening estimates. As illustrated in Figure 1, the pipeline consists of four main stages:
(1) data aggregation and temporal feature construction, (2) multi-target mutual information
feature selection, (3) phase space reconstruction and tensor formulation, and (4) progressive
dilated TCN regression with sample-balanced training.
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Figure 1. MI-PD-TCN Predictive Framework.

3.1. Overall Framework

Let the dataset collected from the k-th experimental file be denoted as

Dk =
{(

x(k)t , y(k)t

)}Nk

t=1
(1)

where x(k)t ∈ RD is the D-dimensional sensor measurement vector at time step t, y(k)t
denotes the target valve opening, and Nk is the number of samples in the k-th file. The
complete dataset is obtained by aggregating all K experimental files:

D =
K⋃

k=1

Dk (2)

In this study, the primary prediction target is the opening degree of the intake main
regulating valve (Valve 1005). Two additional coupled valve sequences—Valve 1101 and
Valve 1801—are jointly used during feature relevance estimation, reflecting the physical
coupling among valves in the wind tunnel control circuit. The overall processing step as
shown in Figure 2.

Figure 2. Data preprocessing and MI-based feature selection pipeline.
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3.2. Data Aggregation and Temporal Feature Construction

The raw data consist of multiple experimental files, each corresponding to a spe-
cific wind tunnel test segment or operating condition. Before feature selection, a set
of historical features is constructed from the three coupled valve opening sequences
Yv = {y1005, y1101, y1801} to enrich the temporal representation.

For each valve opening sequence yv(t), the following five derived features are computed:

Lag feature:
yv, lag1(t) = yv(t − 1) (3)

First-order lagged difference:

yv, diff(t) = yv(t − 1)− yv(t − 2) (4)

Absolute lagged difference:

yv, absdiff(t) = |yv(t − 1)− yv(t − 2)| (5)

Short-term moving average:

yv, ma5(t) =
1
5∑5

i=1 yv(t − i) (6)

Long-term moving average:

yv, ma20(t) =
1

20∑20
i=1 yv(t − i) (7)

These five features, constructed for each of the three valve sequences, provide explicit
descriptions of recent valve states, instantaneous variation rates, transient magnitudes,
and local steady-state trends. Missing values introduced during lag and moving-average
computation are filled with zero.

Files that are too short to produce valid sliding-window samples are excluded from
both training and evaluation. The minimum required sequence length is defined as:

Nmin = (m − 1) τ + T + 20 (8)

where m is the phase space embedding dimension, τ is the delay time, and T is the temporal
window length. If phase space reconstruction is not applied, the term (m − 1)τ is omitted.
This criterion ensures each retained file can produce sufficient temporal samples for model
training and chronological data splitting.

3.3. Multi-Target Mutual Information Feature Selection

High-dimensional sensor data frequently contain irrelevant or redundant variables
that increase computational burden and degrade model generalization. To address this, a
mutual information (MI) based feature filtering strategy is adopted.

For two continuous random variables Xi and Y, the mutual information is defined as:

I(Xi; Y) =
x

p(xi, y)log
p(xi, y)

p(xi) p(y)
dxi dy (9)

where p(xi, y) denotes the joint probability density function of Xi and Y, and p(xi) and p(y)
are their respective marginal probability density functions. The ratio p(xi ,y)

p(xi) p(y) quantifies
the degree of deviation between the joint distribution and the product of independent
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distributions; a value greater than 1 indicates statistical dependence, while a value close to
1 suggests independence.

Unlike linear correlation, mutual information captures both linear and nonlinear statis-
tical dependencies, which is particularly important for wind tunnel systems where sensor
variables and valve openings may be coupled through complex aerodynamic mechanisms.

3.3.1. Logarithmic Target Pre-Transformation for MI Estimation

Before mutual information estimation, each valve opening target undergoes a loga-
rithmic pre-transformation:

ylog
v (t) = log(1 + max(yv(t), 0)) (10)

Industrial valve opening distributions are typically right-skewed, with values con-
centrated near low steady-state set points and occasional large transient excursions. The
log(1 + y) mapping compresses this skewness and produces a more symmetric distribution,
which enhances the robustness of the nonparametric k-nearest-neighbor MI estimator used
in this study.

3.3.2. Three-Valve Mean MI Score

Rather than estimating mutual information only with respect to the primary target
Valve 1005, this study adopts a multi-target mean MI strategy. For each candidate feature
Xi, the MI is estimated separately against each of the three log-transformed coupled
valve targets:

Ii, 1005 = I
(

Xi; ylog
1005

)
(11)

Ii, 1101 = I
(

Xi; ylog
1101

)
(12)

Ii, 1801 = I
(

Xi; ylog
1801

)
(13)

The mutual information scores are calculated exclusively from training samples to
prevent data leakage. Specifically, for the final feature relevance score:

si =
1
3

(
Itrain

(
Xi; ylog

1005

)
+ Itrain

(
Xi; ylog

1101

)
+ Itrain

(
Xi; ylog

1801

))
(14)

where superscript “train” denotes that MI estimation is computed exclusively from training
samples. Feature selection threshold (15th percentile) is determined from the training
distribution, and the selected feature subset is then applied consistently to validation and
test sets using the same pre-fitted normalization parameters.

This multi-target aggregation reflects the physical coupling of the three valves: a
feature that is jointly informative for all three coupled valves is more likely to represent the
global operating state of the wind tunnel system than one that correlates with only a single
valve. The selected feature subset is then defined as:

S = {Xi | si > θMI} (15)

where θMI is the 15th percentile of the empirical MI score distribution. To reduce computa-
tional overhead, MI estimation is performed on a randomly drawn global subsample that
preserves operational diversity across all experimental files.
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3.4. Target Power Transformation and Global Normalization
3.4.1. Power Transformation

The distribution of valve opening values is typically highly skewed. To reduce this
imbalance and improve training convergence, a power transformation is applied to each
non-negative target value:

y′ = (max(y, 0) + ε)α (16)

where ε = 10−6 is a small constant for numerical stability and α = 0.4 is the power exponent.
This transformation compresses large values and expands the low-value region, yielding a
more balanced target distribution.

After inference, the inverse transformation recovers the physical valve opening:

y =
(
y′
)1/α − ε (17)

The recovered prediction is further constrained by a non-negative physical clipping:

yphys = max(y, 0) (18)

This hard constraint enforces the physical requirement that valve opening cannot
be negative.

3.4.2. Global MinMax Normalization

All selected input features and the power-transformed target are scaled to [0, 1] using
global MinMax normalization. For a selected feature xi, the normalized value is:

∼
x i =

xi − xmin
i

xmax
i − xmin

i
(19)

where xmin
i and xmax

i are computed from the entire globally aggregated training dataset.
Global normalization is adopted instead of per-file normalization to preserve meaningful
absolute physical differences across different operating conditions and experimental files.

3.5. Phase Space Reconstruction and Temporal Tensor Construction

To better represent nonlinear temporal dynamics, phase space reconstruction (PSR) is
applied to the normalized input features. The micro-level PSR and sliding-window tensor
construction process are illustrated in Figure 3. For a one-dimensional feature sequence
x(t), the phase-reconstructed state vector at time t is:

z(t) = [x(t), x(t − τ), x(t − 2τ), . . . , x (t − (m − 1)τ)] (20)

where τ = 1 is the delay time and m = 3 is the embedding dimension. The reconstructed
vectors of all Ds selected features are concatenated, yielding a phase-enhanced feature
dimension of:

Dpsr = m · Ds (21)

A sliding window of length T is then applied to generate supervised samples. For
each prediction time t, the model input and label are:

Xt = [z(t − T), z(t − T + 1), . . . , z(t − 1)] (22)

Yt = y(t) (23)
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The final input tensor has shape:

X ∈ RB×T×Dpsr (24)

where B is the batch size. This 3D tensor format is directly compatible with one-dimensional
temporal convolution operations and enables the model to capture both short-term transi-
tions and long-range delayed dependencies.

Figure 3. Phase space reconstruction (PSR) and sliding-window sample generation.

3.6. Progressive Dilated Temporal Convolutional Network

The prediction backbone is built upon Temporal Convolutional Networks (TCNs).
TCNs are well-suited to time-series modeling because causal convolutions prevent future
information leakage and dilated convolutions efficiently enlarge the receptive field. The
proposed backbone, referred to as PD-TCN, introduces a progressive dilation design
and consists of three components: an input projection layer, three progressive dilated
residual blocks, and a fully connected regression head. The PD-TCN backbone is presented
in Figure 4.

Figure 4. Architecture of the progressive dilated TCN backbone.
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3.6.1. Input Projection Layer

The input tensor X is first mapped to the internal hidden channel space through a
pointwise Conv1D projection:

H0 = σ(Conv1D1×1(X)) (25)

where σ(·) denotes the ReLU activation function. This layer aligns the reconstructed feature
dimension Dpsr with the uniform hidden channel width C used throughout the backbone,
and performs preliminary cross-variable feature fusion.

3.6.2. Causal Dilated Convolution

For a sequence h, the dilated causal convolution at time t is defined as:

(h ×d w)(t) = ∑Kc−1
i=0 w(i) h(t − d · i) (26)

where Kc is the convolution kernel size, d is the dilation factor, and w is the learnable
kernel. The causal structure ensures that the output at time t depends only on current and
past inputs, satisfying the requirement for real-time industrial prediction. The effective
receptive field grows exponentially with dilation, enabling the model to capture delayed
aerodynamic responses without a corresponding increase in parameter count.

3.6.3. Progressive Dilated Residual Blocks

The key structural contribution of PD-TCN is the progressive dilation design, which
differs from conventional TCN implementations. Whereas standard TCNs assign a fixed,
uniform dilation rate to both convolutions within each block and then double this rate
between blocks (e.g., block 1: (1,1), block 2: (2,2), block 3: (4,4)), the proposed PD-TCN
employs intra-block dilation pairs that span a wider range of scales. Specifically, the
three residual blocks are assigned the following asymmetric dilation pairs, as summarized
in Table 1:

Table 1. Asymmetric Dilation Pair Assignment per Residual Block.

Block Dilation Pair (d1,d2) Receptive Field Focus

Block 1 (1, 2) Local transitions

Block 2 (4, 8) Medium-range dependencies

Block 3 (16, 32) Long-range delayed effects

This intra-block asymmetry allows each block to simultaneously span a wider range of
temporal scales before the receptive field is expanded further at the next block level. Conse-
quently, the receptive field grows faster and more densely across nested timescales—rather
than uniformly doubling—creating a more nuanced multi-scale temporal hierarchy.

Physical Rationale: Wind tunnel valve opening dynamics exhibit two coexisting
temporal behaviors: (1) fast transient step changes that follow control commands or sensor
disturbances (occurring within 1–4 time steps), and (2) slower, delayed steady-state drift
caused by upstream pipeline and plenum dynamics (spanning 10–50+ time steps). By
pairing a “fine” intra-block dilation (e.g., 1 → 2 in Block 1) with a “coarse” one (taice.g.,
4 → 8 in Block 2), each block captures information at both rapid and sluggish timescales
before proceeding to the next level. This hierarchical multi-scale design is well-matched to
the heterogeneous timescale structure revealed by mutual information analysis (Section 4.4),
which shows that both lag-1 features and 5–20 step moving averages are informative.
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Within the l-th block, the feature transformation is:

Ul = Conv1Ddl,2

(
σ
(

Conv1Ddl,1
(Hl−1)

))
(27)

Layer normalization is then applied to stabilize the hidden feature distribution across
varying operating conditions:

Vl = LayerNorm(Ul) (28)

A residual connection is added to facilitate gradient propagation through deep
stacked blocks:

Hl = Hl−1 + Vl (29)

Note: Dropout is not applied inside the residual blocks. Regularization via dropout is
applied exclusively in the fully connected regression head described below.

Ablation Validation: The contribution of the progressive dilation structure is validated
in Section 5.5.5 (Experiment E5), where replacing the intra-block asymmetric scheme with
conventional uniform dilation(1,1)→(2,2)→(4,4)causes average RMSE to increase from
3.1932 to 4.0583 and average R2 to decrease from 0.9537 to 0.9265, confirming that the
progressive design yields meaningful accuracy improvements for this application.

3.6.4. Regression Head

After the final progressive dilated block, the temporal feature map is flattened:

q = Flatten(HL) (30)

The flattened representation passes through two fully connected layers with
interleaved dropout:

r1 = σ(W1q + b1), r′1 = Dropoutp=0.2(r1)

r2 = σ
(
W2r′1 + b2

)
, r′2 = Dropoutp=0.1(r2)

(31)

The normalized output prediction is obtained as:

ŷnorm = g
(
Wor′2 + bo

)
(32)

In the complete MI-PD-TCN model, g(·) is the sigmoid function:

g(a) =
1

1 + e−a (33)

This constrains ŷnorm ∈ (0, 1), consistent with the MinMax-normalized target range.
In the ablation experiment E7, g(·) is replaced by a linear identity function to evaluate the
effect of this output range constraint.

3.7. Sample-Balanced Training Strategy

Experimental files vary substantially in length. Direct uniform training would cause
the model to be dominated by long files and underfit to shorter but operationally distinct
test conditions. To address this, a sample-balanced weighting strategy is adopted.

Let Nk be the number of samples in the k-th file and Nmax = maxk Nk. The weight
assigned to samples from file k is:

wk = min
(

Nmax

Nk
, wmax

)
(34)
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where wmax = 5 is an upper bound preventing excessively large weights for very short
files. The weighted training loss is:

L =
1

∑K
i=1 Nk

∑K
k=1 ∑Nk

i=1 wk↕
(

y(k)i , ŷ(k)i

)
(35)

where ↕(·) is the Huber loss. The Huber loss is selected for its robustness to outliers relative
to MSE while maintaining smooth gradients near the optimum:

↕δ(ŷ, y) =


1
2
(
ŷ − y)2 if|ŷ − y| ≤ δ

δ
(
|ŷ − y| − δ2

2

)
otherwise

(36)

The model is optimized using the Adam optimizer with a learning rate of 5 × 10−4.
Gradient clipping with a global norm threshold of ∥ g ∥2 ≤ 1.0 is applied to stabilize
training of the residual dilated convolutional network. Early stopping and learning rate
reduction on validation loss plateau are also employed.

4. Experiment and System
4.1. Experimental System and Data Acquisition

The experimental data used in this study were collected from a high-performance
wind tunnel testbed facility. The system is a complex integrated control system consisting
of the following subsystems: (1) wind tunnel body with test section and exhaust; (2) multi-
stage air supply pipeline with pressure and temperature regulation stages; (3) exhaust
and secondary flow system with vacuum extraction capability; (4) multiple electronically
controlled regulating valves for flow and pressure modulation; (5) a distributed sensor
network for real-time process monitoring; (6) a programmable logic controller (PLC) for
supervisory control; and (7) an industrial computer for data logging and safety monitoring.

The structure of the wind tunnel control and data acquisition system is shown
in Figure 5.

Figure 5. Experimental wind tunnel control and data acquisition system.

4.1.1. Measured Process Variables

The industrial computer continuously records 108 distinct process variables at
a fixed sampling interval. Table 2 systematically lists the key process variables by
functional category.
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Table 2. Main categories of measured process variables.

Category Count Representative Variables Physical Meaning

Air source pressure 4 P1, P2, P4 Multi-stage supply pressures

Wind tunnel pressure 3 P5, P8, Nozzle exit Settling chamber, test chamber, nozzle

Suction system pressure 4 P11, P15, P16, P17 Secondary suction and exhaust pressures

Secondary flow pressure 4 P6, P7, P18, P19 Low-pressure circuit supply and branches

Temperature 9 T3, T4, T5, T9, T11, T15, T16, T17,
wall temps Air source, settling, exhaust, suction circuits

Target valve openings 3 Valve 1005, 1101, 1801 Main inlet (PREDICTION TARGET),
low-pressure inlet, supplementary air

Auxiliary valve commands 20 Exhaust, inlet, shutoff, nozzle
control valves Flow routing and pressure regulation

Control and actuator signals 16 PID gains (P, I, D), mode flags,
nozzle position, Mach number Active control parameters and state flags

Hydraulic system 6 Pump temperature (3 stations),
cooling pressure Actuator drive fluid health

Lag-derived features 15 Position lag, velocity, moving
averages (3 valves × 5 per valve) Temporal history of target valves

Total 84 — —

4.1.2. Physical System and Control Context

The three valve targets (1005, 1101, 1801) are the primary control actuators that regulate
airflow through different circuits of the wind tunnel:

• Valve 1005 (Main inlet regulating valve): Controls primary pressurized air flow to
the main supply pipeline; directly couples to settling chamber pressure (P5) and test
chamber pressure (P8).

• Valve 1101 (Low-pressure inlet valve): Modulates secondary low-pressure flow; cou-
ples with low-pressure plenum dynamics.

• Valve 1801 (Supplementary air regulating valve): Regulates additional make-up air-
flow; influences system-wide mass balance and transient response.

Each valve’s opening must be predicted in real time to support closed-loop pressure
and flow control algorithms. The prediction task is challenging due to (1) complex coupling:
opening valve 1005 simultaneously perturbs pressures P5, P8, P9, and temperatures T5,
T9 via thermodynamic feedback; (2) nonlinear dynamics: the flow-pressure relationship
is governed by choked-flow conditions and valve flow characteristics that are highly
nonlinear; and (3) multi-scale temporal behavior: valve commands produce both fast
transient steps and slow relaxation governed by plenum filling dynamics (time constants
ranging from <1 s to ~10 s).

Although three regulating valves operate in the system—Valve 1005 (main inlet), Valve
1101 (low-pressure inlet), and Valve 1801 (supplementary air)—they are tightly coupled
through shared air chambers and pressure regulators. This work focuses on predicting the
opening degree of Valve 1005 as the primary prediction target, as this valve directly controls
the wind tunnel’s main incoming flow, exhibits the most complex dynamic response, and
requires the highest control precision.

For feature selection, a multi-target mutual information strategy is adopted that jointly
considers all three coupled valves. Rather than using MI scores computed only with respect
to Valve 1005, the method averages MI values across all three valves. This “wide-intake”
design reflects a fundamental principle: a feature jointly informative for all three coupled
valves is more likely to represent the global aerodynamic state of the wind tunnel system
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than one correlating with only a single valve. The resulting feature set is therefore globally
relevant and robust across heterogeneous experimental conditions, while the prediction
model remains tightly focused on the high-precision single target (Valve 1005).

4.2. Dataset Description

The dataset consists of multiple Excel files collected from the wind tunnel experimental
platform. Each file corresponds to a continuous operation sequence under a specific
experimental condition. To preserve the temporal continuity of the industrial process, each
file was processed independently during sample construction, and the samples were split
chronologically into training, validation, and testing subsets.

The primary prediction target is the opening of Valve 1005, denoted as y1005. Valve 1101
and Valve 1801 were not used as final model outputs, but were included in the feature
selection stage. This design allows the selected input variables to reflect the common
operating relevance of multiple coupled regulating valves rather than being determined
only by a single target valve.

Before feature selection, lag-related variables were constructed for the three valve opening
signals. For each valve opening variable, the following historical features were generated:

yt−1, ∆yt−1, |∆yt−1|, MA5(yt−1), MA20(yt−1)

where yt−1 is the one-step lagged valve opening, ∆yt−1 is the first-order difference in the
lagged signal, |∆yt−1| represents the absolute variation, and MA5 and MA20 denote the
moving averages with window sizes of 5 and 20, respectively. These lag-based variables
provide additional dynamic information about recent valve movements.

After removing the time column, original valve output columns, unnamed columns,
and non-numeric variables, the remaining numerical variables were used as candidate
input features.

4.3. Data Preprocessing

Per-file temporal splitting: Each experimental file was first split chronologically into
training (50%), validation (20%), and testing (30%) subsets.

Training-only normalization: Min-max normalization parameters (min, max values)
were computed exclusively from the combined training samples across all files. These fitted
parameters were then applied to validation and test data without re-fitting.

Training-only feature selection: Mutual information scores were calculated only from
the training subset. Features ranked above the 15th percentile in training MI were selected,
ensuring feature relevance reflects only training-set statistics.

This strict separation ensures that validation and test set statistics do not influence
model development, preserving the integrity of performance evaluation

x′ =
x − xmin

xmax − xmin
(37)

where x is the original feature value, and xmin and xmax are the minimum and maximum
values calculated from the experimental data.

For the target valve opening, a power transformation was applied before normalization:

y′ = (y + ϵ)α (38)

where y is the original Valve 1005 opening, ϵ = 10−6 is a small constant used to avoid
numerical instability, and α is the power exponent. This transformation compresses large
target values and helps stabilize model training when the target distribution is uneven.
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After prediction, the inverse transformation was applied to recover the predicted
value in the original valve-opening scale:

ŷ = (ŷ′)1/α − ϵ (39)

where ŷ′ is the predicted value in the transformed space and ŷ is the final predicted
valve opening.

Phase space reconstruction was then used to enhance the temporal representation
of the input variables. For a univariate time series x(t), the reconstructed state vector is
defined as:

Xt = [x(t), x(t − τ), x(t − 2τ), . . . , x(t − (m − 1)τ)] (40)

where τ is the delay time and m is the embedding dimension. In this study, τ = 1 and
m = 3. After phase space reconstruction, a sliding window with length T = 10 was used to
construct the temporal input samples for the prediction model.

For each experimental file, the samples were divided chronologically. The first 50% of
samples were used for training, the following 20% were used for validation, and the final
30% were used for testing. No random shuffling was applied before splitting, in order to
avoid temporal information leakage.

4.4. Feature Selection Results and Physical Interpretation
4.4.1. Feature Screening Outcomes

The mutual information-based feature screening, applied to 103 candidate variables
using the three-valve mean MI score (Equation (14)), resulted in the selection of 87 features
(84.5% retention rate). The 16 filtered features had MI scores below the 15th percentile
threshold and were classified as low-relevance signals. These excluded variables primar-
ily consisted of redundant secondary sensors and rarely actuated safety valves, which
are justified to remove as they contribute minimal information while increasing input
dimensionality and potential noise.The detailed classification, quantity, retention rate, and
physical interpretation of the retained 87 screened features grouped by functional categories
are summarized in Table 3.

Table 3. Presents the composition of the 87 selected features categorized by functional role.

Functional Category Count Retention Rate Physical Significance

Air source pressures (P1, P2, P4) 3 100% Direct control input to wind tunnel

Wind tunnel key pressures (P5, P8, nozzle static,
suction inlet/outlet) 7 100% Aerodynamic state of test chamber

Secondary flow pressures (supply, branch lines) 4 100% Cross-coupled dynamic effects

Temperatures (air source, settling chamber, wall,
exhaust, suction) 9 100% Thermodynamic effects on air density

and valve response

Target valve current openings (1005, 1101, 1801) 3 100% Direct feedback for prediction

Auxiliary control valves (22 regulators, shutoff
valves) 20 91% Indirect influence through pressure

network

PID parameters and control mode signals (gains,
cut-in flags, Mach mode) 12 86% Closed-loop control characteristics

Hydraulic system states (pump outlet temp,
cooling water pressure) 6 100% Actuator response quality and

hysteresis

Temporal lag features (5 features × 3 valves:
lag-1, diff, abs-diff, MA5, MA20) 15 100% Historical state and rate-of-change

information
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4.4.2. Physical Justification for Complete Feature Retention

Pressure subsystem (14 variables, 100% retention):
All measured pressures—from air source to test chamber to exhaust—are retained

because they form a single shared gas network. Each pressure point reflects the state of
the entire system due to compressibility and transient wave propagation. Removing any
single pressure sensor would break the aerodynamic coupling, making it impossible for
the model to infer the global flow state.

Temperature subsystem (9 variables, 100% retention):
Although multiple temperature sensors are deployed, each samples a different region

(source, settling chamber, test article, walls) that influences air density locally. The com-
pressible flow equations show that temperature variations affect aerodynamic forces and
actuator response characteristics. Full retention ensures the model can capture thermody-
namic feedback loops.

Three target valve openings (100% retention):
These are the primary feedback signals from the control system. The inclusion of all

three valves’ current positions, rather than only Valve 1005, reflects their mutual coupling
through shared control networks and pressure regulators. This cross-valve state information
is essential for the model to understand the coupled dynamics.

Auxiliary control valves (20 of 22, 91% retention):
The two filtered auxiliary valves are rarely actuated safety shutoff valves with nearly

constant positions (open or closed). Their fixed state contributes negligible information.
The remaining 20 auxiliary valves represent the full path of pressure and flow regulation
affecting Valve 1005’s operating point.

PID parameters and mode signals (12 of 14, 86% retention):
The selected parameters capture the closed-loop control strategy (proportional, in-

tegral, derivative gains) and mode transitions (normal operation, special Mach number
control). Two rarely triggered emergency signals were filtered. These variables are crit-
ical because Valve 1005 is not an open-loop actuator—its dynamics are shaped by the
controller’s parameterization.

Hydraulic system states (6 variables, 100% retention):
All hydraulic subsystem measurements are retained because the control valve actua-

tors are hydraulically powered. Variations in pump outlet temperature and cooling water
pressure affect hydraulic fluid viscosity, which in turn modulates the valve’s response
speed and hysteresis characteristics.

Temporal lag features (15 variables, 100% retention):
The five derived features per valve (lag-1, first-order difference, absolute difference,

MA-5, MA-20) encode both historical state and rate-of-change information. Their 100%
retention rate validates the design choice of phase space reconstruction and the temporal
convolutional architecture: the model requires explicit access to recent history to capture
the nonlinear dynamics of wind tunnel valve control.

4.4.3. Implications for Model Architecture

The 100% retention of temporal lag features is particularly noteworthy. This result
suggests that:

1. Temporal structure matters: The model cannot rely solely on current sensor values; it
must access recent history to make accurate predictions.

2. Moving-average smoothing is informative: The inclusion of 5-step and 20-step moving
averages indicates that wind tunnel valve dynamics span multiple timescales—from
short-term fluctuations to long-range trends.
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3. PSR design is justified: Phase space reconstruction with embedding dimension m = 3
and delay τ = 1 (which effectively reconstructs the last 3 consecutive time steps) aligns
with the natural timescale structure revealed by MI analysis.

These findings provide post hoc validation that the progressive dilated TCN
architecture—which uses receptive fields spanning 1, 2, 4, 8, 16, and 32 time steps—
is well-matched to the underlying temporal dependencies discovered through mutual
information analysis.

4.5. Experimental Implementation Procedure

Since the overall data processing and model pipeline have been illustrated in Section 3,
this section describes the experimental implementation procedure in text form.

The implementation process is summarized as follows.
Step 1—Data Loading and Chronological Splitting
All experimental Excel files were loaded from the data folder. For each file, the required

valve opening columns (Valves 1005, 1101, and 1801) were verified. Files missing required
variables or containing insufficient samples were excluded. For each valid experimental
file, samples were chronologically divided before any preprocessing:

• Training subset: samples 1 to 50%
• Validation subset: samples 50% to 70%
• Testing subset: samples 70% to 100%

Step 2—Lag Feature Construction (Training-Only)
Lag-based features were constructed for the three valve openings to capture historical

dynamics. For each training subset, the following lag features were generated:

• One-step lagged values
• Lagged first-order differences (rate of change)
• Absolute lagged differences
• Moving averages with window sizes of 5 and 20 samples

Crucially, lag features were constructed only within the training subset of each file.
Lag computations did not cross the boundaries between training, validation, and testing
subsets to avoid temporal information leakage. After lag feature construction, the training
subsets from all files were concatenated to form a combined training dataset for the next
preprocessing stages.

Step 3—Feature Selection (Training-Only)
Candidate numerical features were extracted by removing:

• Time columns
• Original (target) valve opening columns
• Unnamed or non-numeric variables

Mutual information between each candidate feature and all three valve openings was
calculated exclusively using the combined training dataset. Features whose multi-target
MI score exceeded the 15th percentile threshold were retained as the final input feature set.
This ensures that feature selection reflects only training-data relationships, not validation
or test-data statistics.

Step 4—Normalization and Target Transformation (Training-Only)
Normalization parameters were fitted using only the training data:

• Input features: Min-max scaler parameters (minimum and maximum values) were
computed from the combined training dataset

• Target variable (Valve 1005): A power transformation was applied to normalize the
distribution, followed by min-max scaling to the range [0, 1], with parameters fitted
from training data only
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Step 5—Phase Space Reconstruction and Sample Construction
The normalized training, validation, and testing data were independently processed:

1. For each subset, phase space reconstruction was applied using an embedding dimen-
sion M = 3 and time delay τ = 2, generating multi-dimensional temporal vectors from
each univariate feature

2. Sliding window sampling with window size 15 was then applied to create temporal
input tensors

3. Training samples from all files were combined into a single training batch for
model optimization

4. Validation and testing samples were kept separate and used exclusively for their
respective purposes

Step 6—Model Training and Evaluation
The MI-PD-TCN model was trained on the combined training dataset using the Adam

optimizer with a learning rate of 1.995 × 10−5, batch size of 64, and early stopping based
on validation loss (patience: 12 epochs). The validation set monitored model generalization
during training and triggered early termination to prevent overfitting.

After training convergence, model predictions on the test set were inverse-transformed
back to the original valve-opening scale using the pre-fitted scalers. Final performance was
evaluated using four metrics:

• MAE: Mean absolute error
• RMSE: Root mean squared error
• R2: Coefficient of determination

4.6. Evaluation Metrics

Four regression metrics were used to evaluate the prediction performance: mean
absolute error (MAE), root mean square error (RMSE), and coefficient of determination R2.

The MAE is defined as:

MAE =
1
N ∑N

i=1|yi − ŷi| (41)

The RMSE is defined as:

RMSE =

√
1
N ∑N

i=1(yi − ŷi)
2 (42)

The coefficient of determination R2 is defined as:

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − ȳ)2

(43)

where yi is the measured valve opening, ŷi is the predicted valve opening, ȳ is the mean of
the measured valve opening, and N is the number of testing samples.

MAE and RMSE measure the absolute prediction error in the original physical scale. RMSE
penalizes large errors more heavily than MAE due to the squared term. R2 evaluates the overall
fitting ability of the model. A higher R2 value closer to 1 indicates better model performance.

4.7. Hyperparameter Optimization

To ensure systematic and reproducible justification of critical hyperparameters, we
conducted Bayesian hyperparameter optimization using Optuna’s Tree-structured Parzen
Estimator (TPE) algorithm. Over 30 trials, we optimized five core parameters: sliding
window length T, phase space reconstruction delay τ, embedding dimension m, power
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transform exponent p, and learning rate η. The search spaces were given in Table 4.
After searching the full hyperparameter space and identifying the optimal combination, we
compared the prediction performance of the optimized model against the original empirical
baseline, and the quantitative results of model evaluation metrics including R2, MAE and
RMSE are listed in Table 5, which clearly reveals significant performance gains brought by
hyperparameter tuning.

Table 4. Hyperparameter Search Space.

Hyperparameter Search Range

T (Sequence Length) 5, 10, 15, 20, 25

τ (Time Delay) 1, 2, 3, 4

m (Embedding Dimension) 2, 3, 4, 5

p (Dropout Ratio) 0.2 to 0.8

η (Learning Rate) 10−5 to 10−3

Table 5. Performance Comparison.

Metric Empirical Baseline Optimized Improvement

R2 0.9190 0.9615 +0.0425

MAE 2.7506 1.9078 −30.6%

RMSE 4.2573 2.9507 −30.7%

This 4.6% improvement in R2 and 30.6% reduction in MAE validate the necessity of
systematic hyperparameter optimization and demonstrate that empirical selection leaves
room for improvement.

4.8. Parameter Settings

The experiments were conducted on a desktop workstation running Windows 10
(Microsoft Corporation, Redmond, WA, USA) with an Intel Core i5-9400F processor (Intel
Corporation, Santa Clara, CA, USA), 16 GB RAM, and an NVIDIA GeForce GTX 1660 GPU
with 6 GB VRAM (NVIDIA Corporation, Santa Clara, CA, USA). The implementation was
developed in PyCharm 2026.1.4 (JetBrains s.r.o., Prague, Czech Republic) and executed
in Python 3.9 (Python Software Foundation, https://www.python.org, accessed 17 July
2026). NumPy v1.24.3 and Pandas v2.0.3 were used for data processing, scikit-learn v1.3.0
for mutual information calculation and normalization, and TensorFlow 2.13.0 (with Keras
API) for building and training the neural network model. Table 6 summarizes the complete
experimental parameter settings, listing the original empirical values, optimized candidates
obtained from hyperparameter searching, and the final adopted configuration used for all
subsequent model training and testing.

During training, early stopping was used to prevent overfitting. If the validation loss did
not improve for 12 consecutive epochs, the training was terminated and the best model weights
were restored. In addition, the learning rate was reduced by a factor of 0.5 when the validation
loss did not improve for 6 consecutive epochs, with a minimum learning rate of 1× 10−6.

To reduce the influence of file-length imbalance among different experimental se-
quences, sample weighting was applied during model training. The weight of samples
from the j-th file was calculated as:

wj = min

(
Lmax

Lj
, 5.0

)
(44)
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where Lj is the number of samples in the j-th experimental file and Lmax is the max-
imum file length among all files. This strategy increases the training contribution of
shorter experimental sequences and prevents the optimization from being dominated
by longer files.

Table 6. Main experimental parameter settings.

Parameter Original Empirical Optimized Final Value

Time window length T 10 10 10

Delay time τ 1 2 2

Embedding dimension m 3 3 3

Power exponent α 0.4 0.4736 0.474

Batch size 64 — 64

Maximum epochs 90 50 * 150

Initial learning rate 0.0005 1.995 × 10−5 1.995 × 10−5

Optimizer Adam — Adam

Loss function Huber loss — Huber loss

Early stopping patience 12 8 12

Learning-rate reduction patience 6 6 6

Minimum learning rate 1 × 10−6 — 1 × 10−6

* During HPO trials; final training uses 150 epochs with early stopping.

5. Results and Discussion
5.1. Overview of Experimental Analysis

This chapter presents the experimental results and analysis of the proposed MI-PD-
TCN model for Valve 1005 opening prediction. The evaluation is conducted from two per-
spectives. First, comparative experiments are carried out against five baseline models to
demonstrate the overall advantage of the proposed method. Second, ablation experiments
are performed to quantify the individual contribution of each key component.

All models in the comparative experiments share the same MI-selected feature set to
ensure a fair structural comparison. The primary evaluation metrics are MAE, RMSE, and
R2. MAPE is reported as a supplementary reference only, because near-zero valve opening
values cause MAPE to become extremely large and numerically unstable.

5.2. Comparative Experiment Results

To rigorously validate the proposed MI-PD-TCN model and address concerns
about statistical significance, we conducted 10 independent runs using different ran-
dom seeds. All experiments employed identical train-validation-test splits and shared
the same test dataset, ensuring fair comparison across all baseline methods. This multi-
run protocol provides reliable mean values, standard deviations, and enables statistical
hypothesis testing.

Table 7 presents comprehensive performance statistics for all six algorithms. The
results demonstrate that the proposed MI-PD-TCN consistently outperforms baseline meth-
ods across all three primary metrics. The mean R2 reaches 0.9552 ± 0.0062, representing
the highest performance among all evaluated methods. Notably, the standard deviation of
MI-PD-TCN’s R2 (±0.0062) is substantially smaller than its competitors, indicating superior
stability and robustness to random initialization.

Among the deep learning baselines, LSTM represents the strongest competitor with
R2 = 0.9342 ± 0.0073. Comparison between MI-PD-TCN and LSTM reveals statistically
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significant improvements across all metrics. The RMSE reduction from 3.863 to 3.199
represents a 17.2% improvement, with a Cohen’s d effect size of 2.75 (p < 0.01), indicating a
large and highly significant effect. The R2 improvement of 2.25 percentage points (from
0.9342 to 0.9552) is accompanied by an effect size of d = 2.91 (p < 0.01), further confirming
the statistical significance of the proposed method.

Table 7. Comparative prediction results of different models for Valve 1005.

Algorithm MAE (µ ± σ) RMSE (µ ± σ) R2 (µ ± σ) CV (R2) *

XGBoost 4.412 ± 0.068 5.571 ± 0.043 0.8622 ± 0.0021 0.24%

LightGBM 3.738 ± 0.145 5.849 ± 0.067 0.8492 ± 0.0040 0.47%

LSTM 2.231 ± 0.131 3.863 ± 0.241 0.9342 ± 0.0073 0.78%

CNN 2.659 ± 0.668 4.252 ± 0.482 0.9220 ± 0.0193 2.10%

TCN Basic 2.862 ± 0.401 3.840 ± 0.471 0.9357 ± 0.0128 1.37%

MI-PD-TCN 2.080 ± 0.242 3.199 ± 0.233 0.9552 ± 0.0062 0.65%
* CV (Coefficient of Variation) measures relative volatility of R2 across runs; lower is better.

Beyond accuracy, a critical distinction emerges in model stability. The coefficient
of variation for MI-PD-TCN’s R2 is 0.65%, substantially lower than LSTM’s 0.78% and
competitive with tree-based ensemble methods (XGBoost 0.24%, LightGBM 0.47%). This
indicates that MI-PD-TCN maintains consistent performance across different initializations,
a desirable property for production deployment. In contrast, CNN exhibits the highest
variability (CV = 2.10%) among neural network methods, suggesting that convolutional
architectures are more sensitive to random seeds in this application domain.

The stability advantage becomes evident when examining the range of performance
across all 10 runs. LSTM’s R2 ranges from 0.9223 to 0.9443 (span of 0.0220), whereas MI-PD-
TCN’s range is 0.9465 to 0.9639 (span of 0.0174). More importantly, even the worst-case
performance of MI-PD-TCN (R2 = 0.9465 at No.2) exceeds the best-case performance of
LSTM (R2 = 0.9443 at No.6). This observation strongly suggests that the performance
improvement stems from fundamental algorithmic superiority rather than variance or
initialization luck, lending credibility to the proposed approach.

The detailed per-seed results in Table 8 further illustrate the consistency of MI-PD-
TCN across different random initializations. While LSTM exhibits substantial variation in
RMSE (3.548 to 4.191), MI-PD-TCN’s RMSE ranges from 8.209 to 12.358, demonstrating
the distinct performance characteristics of the proposed architecture when applied to this
wind tunnel system. The tightly constrained R2 range of MI-PD-TCN across all 10 seeds
reflects the stabilizing effect of mutual information-guided feature selection and progressive
dilation mechanisms. This consistency is particularly valuable in practical applications
where model reliability is paramount.

Table 8. Detailed RMSE Performance Across Random Seeds.

Seed No. LSTM RMSE MI-PD-TCN RMSE Improvement

1 4.191 3.316 −20.9%

2 3.739 3.479 −6.9%

3 3.667 3.132 −14.6%

4 3.918 2.948 −24.8%

5 4.148 3.225 −22.3%

6 3.548 2.856 −19.5%
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Table 8. Cont.

Seed No. LSTM RMSE MI-PD-TCN RMSE Improvement

7 3.727 3.220 −13.6%

8 3.845 3.388 −11.9%

9 3.846 2.877 −25.2%

10 3.842 2.951 −23.2%

5.3. Ablation Experiment Design

To quantify the contribution of each component, ablation experiments were designed
as summarized in Table 9. The complete model is denoted as E0. Most experiments remove
or replace one specific component while keeping all others consistent with E0.

Table 9. Ablation experiment settings.

ID Setting Description

E0 Complete MI-PD-TCN Full model with all proposed components

E1 Without MI selection All candidate features used without MI screening

E2 Without power transformation Target power transformation removed

E3 Without PSR Phase space reconstruction removed

E4 Standard TCN baseline
Simplified standard TCN; MI selection, power
transform, PSR, progressive dilation, sigmoid
output, and sample weighting all removed

E5 Without progressive dilation Progressive dilation disabled; all other
components retained

E6 Pre-Norm structure Post-Norm replaced by Pre-Norm

E7 Without sigmoid output Sigmoid output constraint removed

E8 Without sample weighting Equal sample weights for all training files

Experiment E4 is an exception. It is designed as a simplified standard TCN baseline in
which multiple enhancement modules are removed simultaneously, including MI feature
selection, power transformation, PSR, progressive dilation, sigmoid output constraint,
and sample weighting. Therefore, E4 represents a framework-level comparison against a
conventional TCN setting, rather than a single-factor ablation. Its performance degradation
reflects the combined effect of removing all these components and cannot be attributed to
any individual module.

5.4. Ablation Experiment Results

Each ablation setting was run multiple times to assess both accuracy and stability.
Table 10 and Figure 6 reports the best run and the worst run for each experiment, se-
lected by lowest and highest RMSE respectively. This unified two-row format provides
a consistent basis for stability comparison across all settings. Figures 7 and 8 gives the
average R2 comparison and Best-worst RMSE interval plot for stability comparison across
E0–E8 respectively.

Table 10. Average performance summary of ablation experiments.

ID MAE (Avg) RMSE (Avg) R2 (Asvg) Key Observation

E0 2.2681 3.1932 0.9537 Best accuracy and stability

E1 2.7771 4.1440 0.9181 Large best-worst gap; unstable

https://doi.org/10.3390/aerospace13080678

https://doi.org/10.3390/aerospace13080678


Aerospace 2026, 13, 678 24 of 29

Table 10. Cont.

ID MAE (Avg) RMSE (Avg) R2 (Asvg) Key Observation

E2 3.7184 4.8323 0.8940 Largest single-factor accuracy drop

E3 2.6566 3.6851 0.9386 Moderate accuracy decrease

E4 5.5115 8.4855 0.6768 Severe degradation; framework baseline

E5 2.8461 4.0583 0.9265 Accuracy drop without dilation

E6 2.2324 3.4170 0.9473 Minor difference from E0

E7 4.0555 5.2808 0.8754 Output constraint is critical

E8 3.4209 5.1352 0.8603 High instability across runs

Figure 6. Grouped bar chart comparing average MAE and RMSE across ablation experiments E0–E8.

Figure 7. Bar chart comparing average R2 across ablation experiments E0–E8.
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Figure 8. Best-worst RMSE interval plot for stability comparison across E0–E8.

5.5. Analysis of Ablation Results
5.5.1. Effect of Multi-Target Mutual Information Feature Selection

Experiment E1 replaces MI-selected features with all candidate features. The av-
erage RMSE increases from 3.1932 to 4.1440 and average R2 decreases from 0.9537 to
0.9181. More importantly, the best-worst RMSE gap of E1 (5.2253 − 3.0626 = 2.1627) is
considerably larger than that of E0 (3.6007 − 2.7857 = 0.8150), indicating significantly
reduced training stability.

Using all candidate variables without MI screening introduces redundant and weakly
relevant industrial signals. Although deep learning models possess automatic feature
learning capacity, excessive irrelevant inputs increase optimization difficulty and amplify
sensitivity to random initialization. The multi-target MI criterion, which evaluates feature
relevance jointly against multiple coupled valve targets, effectively reduces input dimen-
sionality while retaining the most informative variables, thereby improving both accuracy
and training robustness.

5.5.2. Effect of Power Transformation

Experiment E2 removes the target power transformation. The average RMSE increases
from 3.1932 to 4.8323 and average R2 decreases from 0.9537 to 0.8940, representing the
largest accuracy drop among all single-factor ablation experiments.

As described in Section 3.4, the power transformation compresses large target values
and reduces the skewness of the valve opening distribution. Without this transformation,
the raw target distribution retains a heavy tail and large fluctuations, making the regression
objective harder to optimize. The result confirms that target distribution adjustment is a
critical preprocessing step for valve opening prediction.

5.5.3. Effect of Phase Space Reconstruction

Experiment E3 removes phase space reconstruction. The average RMSE increases from
3.1932 to 3.6851 and average R2 decreases from 0.9537 to 0.9386.

As described in Section 3.5, PSR constructs an augmented input vector by embedding
delayed historical observations alongside the current feature vector. For wind tunnel valve
control, the current opening state is influenced not only by instantaneous sensor readings
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but also by the recent dynamic evolution of the system. Removing PSR deprives the model
of this historical context, weakening its temporal representation capacity and leading to a
moderate performance decrease.

5.5.4. Comparison with the Simplified Standard TCN Baseline

Experiment E4 provides a framework-level comparison by replacing the complete MI-
PD-TCN pipeline with a simplified standard TCN in which multiple enhancement modules
are removed simultaneously. The average RMSE increases sharply from 3.1932 to 8.4855
and average R2 decreases from 0.9537 to 0.6768. Even the best run of E4 (RMSE = 7.8876,
R2 = 0.7221) is far inferior to the worst run of E0 (RMSE = 3.6007, R2 = 0.9421).

Since MI selection, power transformation, PSR, progressive dilation, sigmoid output,
and sample weighting are all removed in E4, the observed degradation reflects the com-
bined absence of all these components. The result should not be interpreted as the isolated
effect of the progressive dilation structure. The individual contribution of progressive
dilation is analyzed separately in Section 5.5.5 using the single-factor ablation E5. The
comparison between E4 and E0 collectively demonstrates the strong overall advantage of
the complete MI-PD-TCN framework over a conventional standard TCN setting.

5.5.5. Effect of Progressive Dilation

Experiment E5 disables only the progressive dilation mechanism while retaining all
other components of the complete model. The average RMSE increases from 3.1932 to
4.0583 and average R2 decreases from 0.9537 to 0.9265.

This single-factor comparison confirms that the progressive dilation structure itself
provides a meaningful accuracy improvement. As described in Section 3.6, the progressive
dilation strategy expands the temporal receptive field in a structured manner, enabling the
model to simultaneously capture short-term fluctuations and longer-range dependencies
in the valve opening sequence. Disabling this mechanism reduces temporal modeling
capacity and leads to a measurable accuracy drop, confirming the value of the progressive
dilation design.

5.5.6. Effect of Normalization Position

Experiment E6 replaces Post-Norm with Pre-Norm in the residual blocks. The average
RMSE increases slightly from 3.1932 to 3.4170 and average R2 decreases from 0.9537 to
0.9473. The best-worst RMSE gap of E6 (3.7865 − 3.0475 = 0.7390) is close to that of E0
(0.8150), indicating comparable stability.

The result shows that the model is not highly sensitive to normalization position.
However, since Post-Norm consistently yields slightly better average performance, it is
retained in the final MI-PD-TCN structure. E6 is regarded as a minor structural variant
rather than a critical ablation component.

5.5.7. Effect of Sigmoid Output Constraint

Experiment E7 removes the sigmoid activation function from the output layer. The
average RMSE increases from 3.1932 to 5.2808 and average R2 decreases from 0.9537 to
0.8754. Furthermore, the best-worst gap of E7 is small (5.3063 − 5.2553 = 0.0510), but
consistently poor, indicating that removing the sigmoid output causes systematic rather
than random degradation.

The sigmoid constraint confines predictions to the range [0, 1] to match the normalized
target domain. Without this constraint, the model may generate out-of-range predictions,
particularly during rapid valve transitions. These violations are amplified upon inverse
transformation back to the original scale, producing systematically larger errors. The result
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confirms that the sigmoid output constraint is a critical component for numerically stable
valve opening prediction.

5.5.8. Effect of Sample Weighting

Experiment E8 removes file-level sample weighting and assigns equal weights to all
training samples. The average RMSE increases from 3.1932 to 5.1352, average R2 decreases
from 0.9537 to 0.8603, and the best-worst RMSE gap is 7.3505 − 2.9199 = 4.4306, which is
the largest instability observed among all ablation experiments.

The training dataset consists of multiple experimental files with different sequence
lengths. Without weighting, longer files contribute proportionally more samples and may
dominate the loss function, causing the model to overfit to certain operating conditions
while under performing on shorter sequences. The file-level weighting strategy, as de-
scribed in Section 3.7 normalizes the effective contribution of each file regardless of its
length. The ablation result confirms that this strategy is essential not only for accuracy but
also for cross-condition robustness.

5.6. Stability Analysis

The best-worst RMSE gaps reported in Table 9 provide a direct measure of training
stability across runs. The key observations are as follows.

E0 achieves both the best average performance and one of the smallest best-worst gaps
(0.8150), confirming that the complete framework is both accurate and stable. E1 and E8
exhibit the largest fluctuations, with best-worst RMSE gaps of 2.1627 and 4.4306 respectively,
confirming that MI feature selection and sample weighting are the two components most
critical for training stability. E2 and E4 both show persistently high RMSE in both best and
worst runs, indicating systematic rather than random degradation caused by removing
power transformation or replacing the full framework.

These stability results supplement the average accuracy comparison and collectively
support the design of the complete MI-PD-TCN model.

5.7. Discussion

The comparative and ablation experiments lead to the following key conclusions.
Multi-target MI feature selection improves both accuracy and stability. It reduces

average RMSE by 22.9% compared with E1 and significantly narrows the best-worst
performance gap.

Power transformation is the most impactful single preprocessing step. Removing it
increases average RMSE by 51.4% compared with E0, confirming that target distribution
adjustment is essential for the uneven valve opening data.

Phase space reconstruction provides moderate but consistent improvement. It en-
hances temporal context without introducing structural complexity, and its removal leads
to a measurable decrease in R2.

Progressive dilation (E5 vs. E0) provides a clear single-factor accuracy gain. The
framework-level comparison with E4 further demonstrates that the complete pipeline
significantly outperforms a simplified standard TCN, though the E4 result itself reflects the
combined absence of multiple components.

Sigmoid output constraint produces systematic improvement by enforcing physically
meaningful prediction bounds. Its removal leads to consistently poor performance across
all runs of E7.

Sample weighting is the most critical factor for training stability. Its removal in E8
causes the largest best-worst RMSE gap among all ablation experiments, confirming its
importance for robust cross-condition training.
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Overall, the proposed MI-PD-TCN model achieves the best prediction accuracy and
training stability through the coordinated design of feature selection, target preprocessing,
temporal reconstruction, progressive dilation, output constraint, and sample weighting.
Each component contributes measurably to the final performance, and no single module
alone accounts for the full advantage of the proposed framework.

6. Conclusions
This study proposed a mutual information-based progressive dilated temporal con-

volutional network, named MI-PD-TCN, for valve opening prediction in a wind tunnel
control system. The proposed method integrates data-driven feature selection, nonlinear
temporal state reconstruction, and deep temporal feature extraction into a unified predic-
tive framework. First, multi-source physical sensing signals and valve-related operational
variables were preprocessed to construct candidate features, including historical lag fea-
tures and differential features. Then, a multi-target mutual information selection strategy
was introduced to identify informative variables associated with different valve opening
targets, thereby reducing redundant inputs and improving feature relevance. After feature
normalization and phase space reconstruction, sliding-window temporal tensors were
generated as the model input. Finally, a progressive dilated TCN backbone was designed
to extract multi-scale temporal dependencies through gradually enlarged receptive fields.

The experimental results demonstrate that the proposed MI-PD-TCN model can effec-
tively capture the nonlinear dynamic relationship between multi-source sensing variables
and target valve opening sequences. Compared with conventional baseline models, the
proposed model achieves higher prediction accuracy and more stable generalization per-
formance. The mutual information-based feature selection module contributes to a more
compact and discriminative input representation, while the phase space reconstruction and
sliding-window strategy enhance the temporal structure of the input data. In addition, the
progressive dilated convolution design enables the model to learn both short-term fluctua-
tions and long-range dependencies without excessively increasing model complexity.

Overall, the proposed framework provides an effective solution for data-driven valve
opening prediction under complex wind tunnel operating conditions. It improves the
interpretability of feature selection and strengthens the temporal modeling capability of the
prediction network. The method can also be extended to other industrial control scenarios
involving multi-source sensor data and nonlinear actuator behavior.

However, this study still has some limitations. The current model mainly relies on
offline historical data and has not yet been fully validated under real-time closed-loop con-
trol conditions. In addition, the selection of hyper parameters, such as the sliding-window
length, embedding dimension, and dilation configuration, may influence prediction perfor-
mance under different operating conditions. Future work will focus on online deployment,
adaptive hyper parameter optimization, uncertainty estimation, and the incorporation of
physical constraints to further improve the robustness and reliability of valve opening
prediction in practical wind tunnel control systems.
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