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Abstract

During blast shock wave pressure measurement, strong mechanical vibrations and
shocks can affect the dynamic characteristics of shock wave pressure sensors, introducing
measurement errors. To improve measurement accuracy for the compression phase, a
specialized buffer device was designed to enhance the sensor’s dynamic response to
transient pressure rises. Using a double-diaphragm shock tube, the dynamic calibration
of the enhanced sensor system was carried out and the influence of the buffer device
on the dynamic performance was investigated. A mathematical model based on a
backpropagation (BP) neural network was developed to characterize the sensor system,
and a dynamic compensation method was implemented to improve the enhanced shock
wave pressure sensor system. Experimental results demonstrated that while the buffer
device significantly reduced the operational bandwidth of the sensor system, the BP
neural network-based dynamic compensation effectively widened the bandwidth and
improved measurement accuracy. This research provides a practical solution for high-
precision dynamic pressure measurement, specifically targeting the compression phase in
complex environments.

Keywords: blast shock wave; sensor system; modeling; compensation; neural network

1. Introduction
Blast shock wave pressure measurement is critical for assessing the destructive power

of explosives. However, the complex blast environment, combined with the steep rising
edge and short duration of blast shock wave pressure signals, makes high-accuracy mea-
surement challenging yet highly significant [1,2]. Currently, electrical measurement is the
primary method used in explosion tests, with piezoelectric sensors being the preferred
choice due to their high overload resistance and wide operating bandwidths [3]. In explo-
sion tests, integrated circuit piezoelectric (ICP) sensors with built-in charge amplifiers are
typically employed [4].

During explosion tests, parasitic effects, such as thermal shocks, mechanical shocks,
and vibrations [5,6], introduce unwanted noise into the measured signals. To mitigate these
effects, the blast shock wave pressure sensor component, which consists of the pressure
sensor, the mechanical buffer structure, and silicone grease, is mounted on a test plate
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for pressure measurement [6]. However, the altered equivalent mass and stiffness of the
assembled structure modify the sensitivity and dynamic characteristics of the sensor system
compared to its standalone state. Therefore, the sensor system must be calibrated and
modeled to determine whether it meets the requirements for undistorted measurements. If
not, dynamic compensation is necessary.

Dynamic calibration devices include periodic pressure generators, drop-weight de-
vices, quasi-δ function pressure generators, and shock tubes [7–9]. For the dynamic cal-
ibration of blast shock wave pressure sensor systems, shock tubes are the most suitable
option. They generate a near-ideal step signal with a bandwidth wide enough to excite the
resonant frequencies of the pressure sensor system [10,11].

Dynamic calibration data enables the establishment of a sensor system’s dynamic
model. As the pressure sensor’s mathematical model underpins dynamic compensation, its
modeling method requires careful study. Traditional modeling algorithms mainly include
the least squares method and maximum likelihood estimation—these directly generate the
system’s transfer function (an intuitive, universal representation) but tend to converge to
local minima and rely on the linear time-invariant (LTI) system assumption, thus failing to
address the sensor system’s inherent nonlinearities [12–15].

Dynamic compensation can be carried out via hardware or software. Hardware
methods are limited by material and technical constraints, while software methods show
better development potential due to their flexibility and reliability. Software-based dynamic
compensation mainly includes two approaches: time-domain dynamic error correction
and frequency-domain dynamic characteristic compensation. Time-domain correction
uses computational methods on output signals, such as frequency-domain correction,
superposition integration, and numerical differentiation. However, frequency-domain
correction and deconvolution are prone to spectral aliasing, leakage, and picket fence
effects, and numerical differentiation integration may cause error accumulation. Therefore,
these methods are gradually being replaced by frequency-domain dynamic characteristic
compensation [16–18].

The latter approach enhances sensor dynamic performance by designing a compensa-
tion model connected in series with the sensor, with system modeling and compensation
achievable through both traditional algorithms and intelligent optimization techniques [19].
In recent years, academic and industrial studies have actively explored more advanced
modeling and compensation methods to address the increasingly complex requirements
of dynamic measurement scenarios, with representative approaches including Convolu-
tional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Gated Recurrent
Units (GRUs), and various hybrid optimization algorithms [20–22]. CNNs are designed for
spatial grid data and excel at capturing spatial hierarchical features, mainly used to process
images and grid data. They can efficiently extract information such as the shape and texture
of objects. RNNs and GRUs, as typical deep learning models specialized in time-series
data processing, demonstrate distinct advantages in capturing temporal dependencies
within dynamic sensor signals. This enables them to better adapt to the time-varying nature
of sensor outputs, especially in scenarios where the sensor’s dynamic response changes
with external conditions. However, these neural network-based methods often come with
notable drawbacks: they generally require more complex training processes and depend
on larger volumes of high-quality labeled datasets to ensure modeling accuracy. Unfortu-
nately, in blast shock wave measurement, where experimental conditions are often limited
by factors like high test costs, strict safety requirements, and the difficulty of replicating
explosive environments, it is often challenging to collect such large-scale datasets, which
restricts the practical application of RNNs and GRUs in this field.
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The neural network algorithm that appeared at the end of the 20th century is one
of the most representative intelligent algorithms; therefore, BP neural networks have
been widely researched and applied in recent years. A BP neural network minimizes
prediction errors through the backpropagation algorithm and is primarily used to fit simple
nonlinear mappings. The BP neural network is commonly considered to be the most mature
neural network algorithm suitable for modeling [23–25]. The BP neural network-based
method proposed in this study offers distinct novelties. First, it achieves a good balance
between modeling accuracy and computational efficiency, requiring relatively smaller
datasets for training while ensuring fast convergence, which makes it well-suited for the
constraints of blast test environments. Second, by combining a specialized mechanical
buffer device with BP neural network compensation, it addresses both hardware-induced
interference, such as mechanical vibrations and thermal shocks, and software-related
dynamic characteristic deviations, forming a comprehensive solution. Third, the proposed
method is validated through practical explosion tests with 1 kg TNT charges, demonstrating
its strong applicability to real blast shock wave measurement.

This paper is organized as follows: Section 2 investigates the blast shock wave pressure
sensor component, establishes an enhanced blast shock wave pressure sensor system that is
critical for measuring the compression phase of shock waves, conducts dynamic calibration
tests using a double-diaphragm shock tube, and obtains the system’s step responses and
dynamic characteristics. Section 3 presents the modeling and compensation methodology
based on a BP neural network. In Section 4, we develop the pressure sensor system model
and design a dynamic compensation model using the BP neural network. The effectiveness
of the compensation method is verified through experimental validation, including its
application to measuring blast wave pressure signals from explosion tests. This research
significantly contributes to improving both the dynamic performance of pressure sensors
and measurement accuracy in blast wave studies that rely on precise compression-phase
data for analysis.

2. Dynamic Calibration of Enhanced Blast Shock Wave Pressure
Sensor System
2.1. Blast Shock Wave Pressure Sensor Component

During an explosion, the rapid expansion of explosive products in the air compresses
the surrounding atmosphere and generates a blast shock wave. The compression phase of
the blast shock wave, characterized by transient high pressure and a steep pressure rise
front, is the core dynamic feature that drives subsequent interactions [26]. When a blast
shock wave propagates and impacts the ground surface, it generates reflections, which can
be classified into three types—normal reflection, regular oblique reflection, and irregular
oblique reflection—with the propagation paths illustrated in Figure 1.

Ground Test platePath A

Path B

Blast 
center

Figure 1. Diagram of shock wave propagation path.

After the wavefront of a vertically incident shock wave comes into contact with the
ground surface, most of its energy propagates vertically backward in the form of a reflected
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shock wave, while a small portion is transmitted through the ground as seismic waves that
propagate horizontally, as shown by Path A in Figure 1. When the shock wave undergoes
regular oblique reflection, it is similarly divided into a reflected shock wave propagating
vertically backward and seismic waves propagating horizontally. Due to the separation
between the reflected wavefront and the incident wavefront, a specific point on the ground
within the regular reflection zone will be impacted twice—once by the incident shock wave
and once by the reflected shock wave. When the incident angle exceeds the critical angle,
irregular reflection occurs. At this point, part of the shock wave’s energy is transmitted
through the ground, causing significant vibration and deformation. The other part of the
energy is converted at the air–ground interface into explosive seismic waves that propagate
outward through the air, as shown by Path B in Figure 1.

The mechanical shock and vibration in explosive field parasitic effects primarily
originate from three sources: vibrations induced by seismic waves generated when the
shock wave interacts with the ground; ground vibrations caused by the shock wave’s
impact, which subsequently excite vibrations in objects placed on the surface; and direct
shock wave interaction with the test plate equipped with the piezoelectric pressure sensor,
leading to interference in the sensor’s output. Additionally, the high-temperature thermal
shock effect influences shock wave pressure sensors through the following mechanisms: the
explosion generates intense heat, causing thermal drift in the sensor’s piezoelectric crystal,
while the sensor undergoes thermal stress, resulting in an extraneous thermal response in
its output signal.

To suppress these disturbances, a specialized buffer device [27] was designed to im-
prove measurement accuracy, consisting of structural steel housing and three orthogonally
arranged rubber damping rings (density: 0.92 g/cm3; tensile strength: 20 MPa; Poisson’s
ratio: 0.35), including one vibration dampening ring in the XY direction (6.3 mm inner
diameter, 8.3 mm outer diameter) and two vibration damping rings in the Z direction
(3.0 mm thickness), all assembled via interference fitting, along with a structural steel fixing
bolt and locating ring. The sensor’s sensitive surface was coated with 0.3 mm silicone
grease for thermal insulation (Figure 2). This additional structure and insulation layer
modify the system’s dynamic characteristics, necessitating dynamic calibration experiments
to establish an accurate system model and implement proper dynamic compensation for
the sensor system.

Sensor
Vibration dampening 
ring 1 of Z direction

Fixing bolt

Component shell

Locating ring 

Vibration dampening 
ring of XY direction

Z

Y
X

Silicone grease

Wire

Vibration dampening 
ring 2 of Z direction

Figure 2. Structure of the sensor component with the buffer device.

2.2. Dynamic Calibration of Enhanced Sensor System Based on Double-Diaphragm Shock Tube

A double-diaphragm shock tube consists of three chambers, high-pressure, medium-
pressure and low-pressure chambers, and generates a near-ideal step signal [15] at the
low-pressure chamber outlet during dynamic calibration tests. Characterized by a 6 ms plat-
form duration and sub-1 µs rise time, this step signal provides an exceptional 1 kHz–1 MHz
calibration bandwidth that fully encompasses the pressure sensor system’s operational
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range, making the system perfectly suited for shock wave pressure sensor system calibra-
tion. Compared to single-diaphragm designs, the double-diaphragm configuration offers
precise rupture timing control through regulated gas release from the medium-pressure
chamber while simultaneously delivering superior performance with higher peak pressures
and significantly reduced rise times.

The dynamic calibration system comprises five key components: a gas source, a
shock tube, an enhanced pressure sensor component, a signal conditioner, and a data
acquisition system, as shown in Figure 3. The traceability process for the step response
pressure amplitude is relatively complex, making it difficult to obtain an accurate response
signal amplitude. However, the purpose of dynamic calibration is to study the frequency
characteristics of the sensor system, which are independent of the amplitude of the response
signal. Therefore, there is no need to focus on the amplitude of the step response signal.
The normalized dynamic characteristics of the sensor system can be studied by normalizing
the step response signal. Consequently, this test configuration eliminates the need for a
standard reference sensor. The experimental setup positions only the calibrated sensor
component at the precise center of the shock tube’s end wall, connected in series with
a signal conditioner, enabling the data acquisition system to capture the step response
waveform for subsequent analysis and processing.

Low-pressure 
chamber

High-pressure 
chamber

Medium-pressure chamber Calibrated sensor

Gas resource

Signal 
conditioner

Data acquisition 
systemConsole

Shock tube

Figure 3. The composition of the dynamic calibration system.

The dynamic calibration experiment for the shock wave pressure sensor system was
conducted using a 25 m long shock tube with an inner diameter of 0.25 m, equipped with a
9 m high-pressure chamber. Air was used as both the driver gas and driven gas, and no
standard reference sensor was employed. The ICP-type PCB113B sensor with built-in signal
conditioning was chosen to build the enhanced sensor component. The PCB113B sensor is a
piezoelectric pressure sensor, featuring a fast dynamic response, a wide operating frequency
bandwidth, a high measurement accuracy, excellent resistance to harsh environments, and
easily processable output signals. It is suitable for shock wave pressure measurement in
harsh environments and for shock wave pressure signals with wide effective frequency
bandwidths. The dynamic calibration system is illustrated in Figure 4.

Figure 4. The composition of the dynamic calibration system.
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2.3. Impact Analysis of the Buffer Device on Dynamic Characteristics

To assess the dynamic characteristic variations induced by mechanical enhancements
and thermal insulation, dynamic calibration experiments were performed on three pro-
gressively modified sensor configurations: the baseline PCB113B sensor mounted directly
on the base, the sensor integrated into the mechanical buffer structure, and the complete
assembly incorporating both the buffer structure and a 0.3 mm silicone grease layer applied
to the sensitive surface, all properly mounted on the end of the shock tube.

The dynamic characteristics of the pressure sensor system can be obtained based on
the differential method. The differential method is used to obtain dynamic characteristics
by building a differentiator. First, we derived the normalized step response y(t). Then,
a digital differentiator was designed to differentiate it. Moreover, the impulse response
h(t) can be obtained by h(t) = dy(t)/dt. And finally, by Fourier transform, the dynamic
characteristics H(jω) of the pressure sensor can be calculated by H(jω) = F[h(t)].

The experimental results in Figures 5–7 present the step responses and frequency
characteristics across the three configurations. Figure 5 shows two resonant peaks at
approximately 120 kHz (originating from the sensor’s mounting thread) and 430 kHz (cor-
responding to the sensor’s natural frequency). In Figure 6, with the addition of mechanical
structures, three distinct resonant frequencies emerge: 15 kHz (mechanical structure’s
mounting thread), 120 kHz (sensor’s mounting thread), and 430 kHz (sensor’s natural
frequency). In Figure 7, the complete assembly with silicone grease exhibits modified
peaks at 24 kHz and 230 kHz, representing combined effects from the sensor, mechanical
structure, and thermal insulation layer. These findings confirm that both the mechanical
buffer and 0.3 mm silicone grease substantially modify the system’s dynamic behavior,
particularly through natural frequency reduction and bandwidth narrowing, thus necessi-
tating dynamic recalibration whenever boundary conditions or mechanical attachments
are altered in the enhanced shock wave pressure sensor system.

 

Figure 5. Step response and amplitude−frequency characteristics of the sensor.
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Figure 6. Step response and amplitude−frequency characteristics of the sensor with an additional
mechanical structure.
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Figure 7. Step response and amplitude−frequency characteristics of the sensor with an additional
mechanical structure and a 0.3 mm thickness of silicone grease.

2.4. Dynamic Characteristics of Enhanced Shock Wave Pressure Sensor System

Prior to analysis, the step response data underwent comprehensive preprocessing:
zero drift and platform trends were eliminated via polynomial fitting, followed by signal
normalization to extract the sensor system’s normalized dynamic characteristics, with
the final application of a 100 kHz low-pass filter to prevent aliasing and suppress high-
frequency noise. As shown in Figure 8, the buffered PCB113B sensor demonstrates an 18%
overshoot and 45 µs response time in its step response.
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Figure 8. The step response in the dynamic calibration test.

The dynamic characteristics of the enhanced PCB113B shock wave pressure sensor
system were determined through shock tube calibration using differential methods. In
Figure 9, the dynamic characteristics of the enhanced PCB113B pressure sensor system
reveal three critical limitations: an upper bandwidth limit below 10 kHz, insufficient for
covering the measured signal’s effective bandwidth; pronounced dynamic distortion across
the 100 kHz frequency range; and the consequent introduction of significant measurement
errors. These findings demonstrate the necessity of implementing advanced modeling and
compensation techniques to restore measurement accuracy and minimize error propagation
in shock wave applications.

Figure 9. The dynamic characteristics of the enhanced pressure sensor system.

3. Modeling and Compensation Methodology Based on BP Neural Network
3.1. BP Neural Network

The backpropagation (BP) neural network is a multilayer feedforward network with
an input layer, multiple hidden layers, and an output layer, consisting of interconnected
neural nodes [20], as shown in Figure 10. Its training involves bidirectional information
flow: forward propagation transforms input signals through weighted connections and
activations across layers and backward propagation calculates output errors and distributes
them backward using calculus, enabling weight updates via gradient descent.
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Figure 10. The composition of a BP neural network.

During forward propagation, input data propagate from the input layer through hid-
den layers to the output layer, where connection weights and output values are generated
for subsequent steepest descent optimization.

The input Si of the i-th neural node of the hidden layer is calculated as shown in
Formula (1).

Si = ∑N
j=1 wjixj − θi (1)

The output Oi of the i-th neural node in the hidden layer is obtained as shown in
Formula (2).

Oi = Φ(Si) (2)

The input Sk of the k-th neural node of the output layer is derived as shown in
Formula (3).

Sk = ∑Q
i=1 wikOi − ϕk (3)

The output Ok of the k-th neural node of the output layer is shown in Formula (4).

Ok = Ψ(Sk) (4)

where wji is the connection weight from the j-th neural node of the input layer to the i-th
neural node of the hidden layer, xj is the input signal of the j-th neural node of the input
layer, θi is the threshold of the i-th neural node in the hidden layer, wik is the connection
weight from the i-th neural node of the hidden layer to the k-th neural node of the output
layer, φk is the threshold of the k-th neural node in the output layer, Φ is the excitation
function of the neural node in the hidden layer, Ψ is the excitation function of the neural
node in the output layer, and the Sigmoid function is often used as the excitation function.

If the output fails to converge, backward propagation using the Widrow–Hoff
learning rule should be performed to iteratively adjust the hidden and output layer
connection weights.

Assuming that P is the quantity of training samples and M is the quantity of output
nodes, the overall error, EP, is defined as shown in Formula (5).

EP =
1
2∑P

p=1 ∑M
k=1 (y

p
k − Op

k )
2 (5)

where yk represents the expected output values of the neural network and Ok represents
the actual output values of the neural network. Based on the overall error criterion, first,
the input weight wik of the output layer and the threshold φk in the output layer should be
adjusted in turn through the gradient searching strategy. Then the input weight wji of the
hidden layer and the threshold θi in the hidden layer should be adjusted.
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The input weight correction formula of the hidden layer is shown in Formula (6).

wji(n + 1) = ∆wji(n) + wji(n) (6)

The threshold correction formula of the hidden layer is present in Formula (7).

θi(n + 1) = ∆θi(n) + θi(n) (7)

The input weight correction formula of the output layer is illustrated in Formula (8).

wik(n + 1) = ∆wik(n) + wik(n) (8)

The threshold correction formula of the output layer is shown in Formula (9).

φk(n + 1) = ∆φk(n) + φk(n) (9)

where ∆wji, ∆θi, ∆wik, and ∆φk can be derived by calculating the partial derivatives of wji,
θi, wik, and φk with respect to the overall error EP, respectively.

The forward and backward propagations alternate iteratively until the neural net-
work’s outputs meet the target specifications.

3.2. Modeling of Pressure Sensor System Based on Neural Network

Neural network modeling typically employs two architectures: the forward parallel
model and the forward series–parallel model. The forward parallel model utilizes the
network’s previous outputs as subsequent inputs to enhance nonlinear approximation
capability, though this imposes stringent requirements on the initial coefficients and im-
proper initialization may compromise output accuracy or prevent convergence. When the
initial coefficients are uncertain, the forward series–parallel model is preferred, with the
pressure sensor’s nonlinear series–parallel model being constructed using the Nonlinear
Autoregressive Moving Average (NARMA) [28] framework, as expressed in Equation (10).

y[k] = f (y[k − 1], . . . , y[k − n], . . . , x[k], . . . , x[k − n]) (10)

where y[k] is the current output value,y[k − 1], . . . , y[k − n] are past output values, x[k] is
the current input value, x[k − 1], . . . , x[k − n] are past input values, and n is the order.

The pressure sensor system’s neural network model is established through the fol-
lowing methodology: using an ideal step signal as the input and the sensor system’s step
response as the output, the input layer incorporates current/past input values and past
output values, while the output layer represents current output values. This BP neural
network architecture requires careful selection of key parameters including model order
for optimal performance.

3.3. Dynamic Compensation of the Pressure Sensor System Based on a Neural Network

When the sensor system fails to meet undistorted measurement requirements, tradi-
tional dynamic compensation employs a digital filter design, which inherently assumes
linear time-invariant system behavior, thereby introducing nonlinear errors that degrade
compensation performance. To address this limitation, this study develops a forward
series–parallel dynamic compensation model using a BP neural network, leveraging their
superior nonlinear characterization capabilities. Following the NARMA framework (analo-
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gous to the pressure sensor system’s neural network modeling approach), the proposed
compensation model is mathematically expressed in Equation (11).

x′[k] = g(x′[k − 1], . . . , x′[k − n], . . . , y′[k], . . . y′[k − n]) (11)

where x’[k] is the current output value, x’[k − 1], . . . , x’[k − n] are past output values, y’[k]
is the current input value, y’[k − 1], . . . , y’[k − n] are past input values, and n is the order.

To effectively train the compensation model’s BP neural network weights, we con-
figured the input values as the step response signal generated when the ideal step signal
processes data through the pre-established neural network model rather than using raw dy-
namic calibration test data, while designating the ideal step signal itself as the target output
values. The input layer integrates current inputs, historical inputs, and past outputs, with
the output layer representing current predicted values, thereby constructing a complete BP
neural network-based dynamic compensation model for the pressure sensor system.

4. Modeling and Compensation Practice of Enhanced Pressure
Sensor System
4.1. Neural Network Model of Enhanced Pressure Sensor System

Based on the dynamic calibration test, we first established a neural network model for
the enhanced pressure sensor system. According to the Universal Approximation Theorem,
a BP neural network with one hidden layer can approximate any continuous nonlinear
function to any desired precision, provided that the number of neurons in the hidden
layer is sufficient. Additionally, a single hidden layer offers greater advantages in terms
of training efficiency and generalization ability. Therefore, the neural network model was
configured with one hidden layer. The maximum epoch was set to 100 steps, with the target
error approaching zero. The learning rate was set to 0.1, the Sigmoid function was used as
the activation function, and the Levenberg–Marquardt training function was selected. To
determine the model order and the number of neural nodes, we followed this principle:
when increasing or decreasing the parameters further no longer significantly alters the
residual sum of squares, the current values are deemed optimal.

First, we set the quantity of neural nodes to 5. To determine the optimal model order,
we tested values ranging from 2 to 9. As shown in Table 1, the computational time exhibits
an upward trend while the residual sum of squares (RSS) decreases as the model order
increases. Notably, when the order reaches 7, the reduction in RSS becomes marginal.
Therefore, the optimal model order is determined to be 7.

Table 1. Typical computing time and the residual square sum for different model orders.

The Quantity of
Neural Nodes The Model Order The Computing Time The Residual

Square Sum

5

2 0.3037 14 × 10−4

3 0.3330 12 × 10−4

4 0.3057 9.8 × 10−4

5 0.3517 9.0 × 10−4

6 0.3423 7.8 × 10−4

7 0.3635 6.1 × 10−4

8 0.3530 6.3 × 10−4

9 0.3694 6.7 × 10−4

After setting the model order to 7, we need to determine the optimal number of neural
nodes. Table 2 lists the typical computing time and the residual sum of squares when the
node count ranges from 2 to 9.
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Table 2. Typical computing time and the residual square sum for different quantities of neural nodes.

The Model Order The Quantity of
Neural Nodes The Computing Time The Residual

Square Sum

7

2 0.2624 8.9 × 10−4

3 0.2861 7.2 × 10−4

4 0.3057 6.7 × 10−4

5 0.3517 6.6 × 10−4

6 0.3423 6.1 × 10−4

7 0.3635 5.7 × 10−4

8 0.3530 5.6 × 10−4

9 0.3694 5.5 × 10−4

As shown in Table 2, as the number of nodes increases, computing time rises, while
the residual sum of squares gradually decreases. Once the node count reaches 7, the resid-
ual sum of squares exhibits only a marginal further reduction. Consequently, 7 neural
nodes were selected for the final model, with both the model order and neural node count
set to 7 to improve computational efficiency and simplify the model. This configuration
yields an accurate input–output neural network model for the enhanced pressure sensor
system. Feeding an ideal step signal into the network produced its step response. Figure 11
compares this simulated response with the experimentally measured step response from
dynamic calibration; Figure 12 juxtaposes the corresponding dynamic characteristics de-
rived from the two curves. The close agreement between both pairs of curves confirms the
high fidelity and reliability of the neural network model.

Figure 11. The original step response and the step response from the neural network model.

Figure 12. The dynamic characteristics from the calibration test and the neural network model.
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4.2. Dynamic Compensation Model of Enhanced Pressure Sensor System

Using the step response signal shown in Figure 11 generated by the neural network
model, we can now build a dynamic compensation network. In this compensation model,
the simulated step response serves as the input, while the near-ideal step signal is taken as
the desired output. A single hidden layer is adopted, training is run for 100 iterations, and
convergence is declared when the model error approaches zero. Following the selection
principle outlined in Section 4.1, the model order is set to 5 and the number of hidden
nodes to 5, yielding the final dynamic compensation model for the pressure sensor.

Figure 13 compares the ideal step signal, the signal before compensation, and the
signal reconstructed by the neural network dynamic compensation model. The near-perfect
overlap of the ideal step signal and the signal after compensation confirms the effectiveness
of the compensation model for the sensor system.

Figure 13. The original step and the step signal from the neural network model.

4.3. Reliability Verification of Dynamic Compensation Model

To validate the reliability of the established dynamic compensation model, a new
normalized step response was obtained from an independent dynamic calibration test, as
shown in Figure 14. This signal differs in platform length and sampling frequency from that
shown in Figure 8. After processing it through the neural network compensation model,
the compensated signal, shown in Figure 15, closely matched the ideal step input, confirm-
ing the compensation model’s effectiveness. The results demonstrate that the BP neural
network-based compensation reliably enhances the sensor system’s dynamic performance.

Figure 14. The new normalized step response from another dynamic calibration test.
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Figure 15. The 100 kHz filtered new step response and the step signal from the dynamic
compensation model.

4.4. Dynamic Compensation of Measured Blast Shock Wave Pressure Signal in Explosion Test

In the explosion test, the reflected blast shock wave pressure was measured with
the enhanced PCB113B sensor system. According to blast mechanics, the reflected peak
overpressure of the blast shock wave can be calculated as follows [29]:

∆P1 = 0.84
3
√

W
R

+ 2.7

(
3
√

W
R

)2

+ 7

(
3
√

W
R

)3

(12)

∆P2 = 2∆P1 +
6∆P2

1
∆P1 + 7P0

(13)

where ∆P1 is the shock wave incident peak overpressure, ∆P2 is the reflected peak over-
pressure, W is the equivalent weight of TNT, which is 1 kg, R is the distance from the blast
center to the measurement point, and P0 is the atmospheric pressure, which is 0.1 MPa. The
variation trend of the reflected peak overpressure with the change in distance R is shown
in Figure 16.

Figure 16. The relationship between reflected peak overpressure and distance.

For a 1 kg TNT charge at a 10 m standoff, blast mechanics calculations yield an incident
peak overpressure of 0.12 MPa and a reflected peak overpressure of 0.34 MPa. Figure 17
compares the output before and after dynamic compensation for the compression phase of
the blast shock wave, showing the reflected peak overpressure dropping from 0.40 MPa
(uncompensated) to 0.35 MPa (compensated).
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Figure 17. Blast shock wave pressure signal before and after dynamic compensation.

Relative to the theoretical peak overpressure of 0.34 MPa, the uncompensated sig-
nal showed an 18% error, which was mainly caused by the performance of instruments,
the parasitic effects (even if they were suppressed) in the explosion environment, the in-
stallation of the sensor, and the nonlinearity in the dynamic characteristics of the sensor
system [30]. In comparison, the dynamically compensated signal reduces this error to
3%. Dynamic modeling and compensation based on the BP neural network can effectively
reduce the uncertainty induced by the nonlinearity in the dynamic characteristics of the
sensor system. The above results demonstrate that neural network-based modeling and
compensation significantly and effectively correct blast shock wave pressure signals and
ensure measurement accuracy.

5. Conclusions
The accurate measurement of blast shock wave pressure during its compression phase

is critical for assessing explosive destructive power, yet it faces significant challenges due
to the complex blast environment characterized by steep rising edges and short signal
durations, compounded by parasitic effects like mechanical vibrations and thermal shocks.
This study addressed these challenges by developing an enhanced sensor system inte-
grating a specialized buffer device to mitigate disturbances, followed by the BP neural
network-based modeling and compensation method to restore the measurement accuracy
of compression-phase pressure data.

The research demonstrated that while the buffer device effectively reduced mechan-
ical and thermal interference, it introduced dynamic performance limitations, notably
narrowing the sensor system’s operational bandwidth below the required 10 kHz range
for undistorted blast wave measurements. Through dynamic calibration using a double-
diaphragm shock tube, the study systematically characterized these modified dynamic
properties, revealing distinct resonant frequencies at 15 kHz, 120 kHz, and 430 kHz for
the mechanically enhanced system, which further shifted to 24 kHz and 230 kHz with the
addition of silicone grease thermal insulation.

The core innovation of this work lies in its application of BP neural networks to over-
come the inherent nonlinearities that traditional linear time-invariant system modeling
methods fail to address. By establishing a forward series–parallel model based on the
NARMA framework and optimizing key parameters through rigorous testing, the neu-
ral network model achieved exceptional fidelity with residual sums of squares as low as
5.7 × 10−4. The dynamic compensation model successfully reconstructed near-ideal step re-
sponses from distorted signals, with experimental validation showing near-perfect overlap
between compensated and theoretical signals. Practical implementation in explosion tests
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with 1 kg TNT charges demonstrated the method’s effectiveness, reducing peak overpres-
sure measurement errors from 18% to just 3% compared to theoretical calculations. These
results validate the BP neural network’s superior capability in handling the sensor system’s
nonlinear dynamics compared to conventional frequency-domain compensation methods.

In this study, three key contributions emerged, all centered on improving compression-
phase measurement. First, it provides a comprehensive solution combining mechanical
design with intelligent algorithms to address the unique challenges of compression-phase
pressure measurement. Second, it establishes a robust methodology for neural network-
based sensor modeling and compensation. Third, it offers practical validation in real
explosive environments. The successful integration of hardware enhancements and soft-
ware compensation addresses a critical gap in accurate dynamic pressure measurement,
particularly for applications requiring both vibration resistance and a wide bandwidth.
This research has significant implications for explosive testing, structural safety assess-
ment, and sensor development, paving the way for more reliable data acquisition in
high-energy environments.
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28. Bulucu, P.; Soydemir, M.U.; Şahin, S.; Kocaoğlu, A.; Güzeliş, C. Learning Stable Robust Adaptive NARMA Controller for UAV
and Its Application to Twin Rotor MIMO Systems. Neural Process. Lett. 2020, 52, 353–383. [CrossRef]

29. Chen, H.; Tao, G.; Pu, Y. The Measurement of Overpressure of Shock Wave and Analysis of TNT Equivalent. Initiat. Pyrotech.
2010, 1, 21–24.

30. Gu, T.; Kong, D.; Shang, F.; Chen, J. A calculation and uncertainty evaluation method for the effective area of a piston rod used in
quasi-static pressure calibration. Meas. Sci. Technol. 2018, 29, 045015. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1016/j.measurement.2022.111271
https://doi.org/10.1016/j.ymssp.2023.110246
https://doi.org/10.1016/j.measen.2023.100936
https://doi.org/10.1108/SR-10-2018-0258
https://doi.org/10.1016/j.mtcomm.2020.101493
https://doi.org/10.3969/j.issn.1002-1841.2014.04.003
https://doi.org/10.1109/TIM.2019.2910922
https://doi.org/10.1155/2020/8890028
https://doi.org/10.3390/s24165394
https://doi.org/10.3390/s22218309
https://doi.org/10.1109/ACCESS.2023.3257345
https://doi.org/10.1109/JIOT.2021.3089505
https://doi.org/10.3390/en16124739
https://doi.org/10.3390/en15093292
https://doi.org/10.1016/j.micpro.2025.105183
https://doi.org/10.3390/electronics8040425
https://doi.org/10.1016/j.oceaneng.2024.116953
https://doi.org/10.1016/j.measurement.2019.107015
https://doi.org/10.1007/s11063-020-10265-0
https://doi.org/10.1088/1361-6501/aaa7f8

	Introduction 
	Dynamic Calibration of Enhanced Blast Shock Wave Pressure Sensor System 
	Blast Shock Wave Pressure Sensor Component 
	Dynamic Calibration of Enhanced Sensor System Based on Double-Diaphragm Shock Tube 
	Impact Analysis of the Buffer Device on Dynamic Characteristics 
	Dynamic Characteristics of Enhanced Shock Wave Pressure Sensor System 

	Modeling and Compensation Methodology Based on BP Neural Network -12pt
	BP Neural Network 
	Modeling of Pressure Sensor System Based on Neural Network 
	Dynamic Compensation of the Pressure Sensor System Based on a Neural Network 

	Modeling and Compensation Practice of Enhanced Pressure Sensor System 
	Neural Network Model of Enhanced Pressure Sensor System 
	Dynamic Compensation Model of Enhanced Pressure Sensor System 
	Reliability Verification of Dynamic Compensation Model 
	Dynamic Compensation of Measured Blast Shock Wave Pressure Signal in Explosion Test 

	Conclusions 
	References

