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Abstract

To address the issues of optimization instability and imbalance in the contributions of
multiple governing equations in conventional Physics-Informed Neural Networks (PINNs)
for hydraulic transient problems, a gradient-based equation adaptive weighting strategy is
proposed in this study. This strategy is incorporated into the PINN framework, referred to
as GEAW-PINNS (gradient-based equation adaptive weighting in Physics-Informed Neural
Networks), for predicting pressure and flow velocity during water hammer events. In
GEAW-PINNS, the loss terms associated with different governing equations in the partial
differential equation (PDE) constraints are dynamically weighted, thereby enhancing train-
ing stability. In the model construction, the classical governing equations of water hammer
are employed to establish the PDE constraints, in which the Brunone model is incorpo-
rated. Meanwhile, the corresponding model coefficient is treated as a trainable parameter,
enabling simultaneous parameter inversion and prediction of pressure and flow velocity.
High-accuracy numerical solutions are generated as reference data to validate the proposed
framework. The results demonstrate that GEAW-PINN effectively improves the stability of
PINNS for the prediction of pressure in water hammer phenomena, thereby enhancing over-
all optimization performance and prediction accuracy. For the reservoir—pipeline-valve
system, the proposed method achieved relative errors of only 0.00742 for pressure and
0.0183 for velocity. And the proposed method can also provide accurate predictions in
complex pipe network systems. For the pipeline network system, the absolute prediction
errors were approximately 15 for pressure and 0.05 for velocity. Finally, the robustness of
the proposed method was evaluated under different random seeds and 25 dB noise. The
prediction error exhibited little variation across different random seeds, with a variance
of only 1.1429 x 10~7 and 6.87 x 10~7. Under 25 dB noise, the prediction error increased
only slightly to 9.88 x 1073 and 2.5 x 10~2. This study provides a practical example for
achieving stable PINN training in multi-physics coupled problems.

Keywords: PINN; water hammer; adaptive weighting; unsteady friction

1. Introduction

In water supply networks, hydropower systems, and long-distance water transmission
projects, fluids are typically conveyed through pipelines. During system start-up and
shutdown, valve operations, or variations in operating conditions, rapid acceleration
or deceleration of the fluid may occur, leading to significant transient flow phenomena,
commonly referred to as water hammer. The resulting pressure fluctuations can reach
high amplitudes within a short period, posing potential threats to the safety of pipelines
and valves [1,2]. Therefore, accurate prediction of transient pressure and flow velocity
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in pipeline systems is of great importance for ensuring the safe and stable operation of
hydraulic systems.

For transient flow problems in pipelines, traditional approaches mainly include the
Method of Characteristics (MOC) [3], Finite Difference Method (FDM) [4], and Finite
Volume Method (FVM) [5]. These methods obtain approximate solutions to the governing
partial differential equations of transient flow, thereby enabling the calculation of pressure
and flow velocity. However, their application typically relies on complete and accurate
initial conditions, boundary conditions, and system parameters. In practical engineering
scenarios, due to varying operating conditions and parameter uncertainties—such as pipe
roughness, wave speed, and unsteady friction effects—these requirements are often difficult
to satisfy, which limits the applicability of traditional methods.

With the development of monitoring technologies, pressure and flow sensors
have been increasingly deployed in pipeline systems, providing support for data-
driven approaches. Physics-Informed Neural Networks (PINNs) were first proposed
by Raissi et al. [6]. Unlike purely data-driven models, PINNs are capable of leveraging
the underlying physical laws embedded in observational data to solve nonlinear partial
differential equations and infer unknown parameters [7,8]. Owing to their high accuracy
in modeling complex dynamics under incomplete models and sparse data conditions [9],
PINNSs have been widely applied in various fields, including mechanical engineering [10],
density functional theory (DFT) calculations in chemistry [11], new material develop-
ment [12], and computational fluid dynamics (CFD) [13,14]. Researchers have improved
the accuracy, stability and convergence speed of PINNs by modifying network architec-
tures [14,15], activation functions [16,17], loss functions [18], and training strategies [19,20].
For transient pipe flow problems, Ye et al. [21] employed a PINN incorporating a steady
friction term in the water hammer equations to predict one-dimensional pipe flow, while
Xu et al. [22] introduced adaptive activation functions and a water hammer model with an
unsteady friction term to enhance prediction performance for one-dimensional pipeline
flow. The water hammer phenomenon is governed by a system of two physical equations.
Due to the significant scale disparity between these governing equations, PINNs often
suffer from training instability and convergence difficulties, which in turn degrade pre-
diction accuracy. In recent years, extensive research has been conducted on multi-physics
PINNSs [23,24], with approaches primarily focusing on modifying sampling strategies [25]
and loss functions [26]. Most of these methods aim to alleviate the imbalance by adaptively
adjusting loss weights based on gradient information [27].

To address these challenges, a gradient-based equation adaptive weighting strategy
is proposed and incorporated into a PINN framework for transient flow prediction in
pipelines, referred to as GEAW-PINNS. In this framework, adaptive weights are assigned
to different governing equations, enabling dynamic adjustment of their contributions
during training and alleviating the imbalance among multi-physics equations. Meanwhile,
an instantaneous acceleration-based unsteady friction model is introduced to enhance the
physical constraints, and the corresponding coefficient in the Brunone model is treated as a
trainable parameter to improve the model’s adaptability to parameter uncertainties [28].

To validate the effectiveness of GEAW-PINNS, high-accuracy reference solutions are
generated using a weighted unsteady friction model [29-31] combined with the MOC,
and comprehensive evaluations are conducted. And GEAW-PINNs extend to complex pipe
network systems. The model was further evaluated under different random seeds and 25 dB
noise. The results demonstrate that GEAW-PINNs can accurately predict transient pressure
and flow velocity under sparse observation conditions, improving training stability and
prediction accuracy compared with the PINN framework employing adaptive activation
functions in the water hammer study by Xu et al. [22], while enabling parameter inversion.
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This study provides a useful reference for water hammer prediction and offers insights into
stabilizing PINN training in multi-physics coupled problems.

2. Methodology
2.1. Governing Equations of Classical Water Hammer

To describe transient flow in pipeline systems, a one-dimensional hydraulic transient
process is considered, in which the fluid motion is assumed to be primarily along the axial
direction of the pipe, while radial velocity components and cross-sectional non-uniformities
are neglected. The transient flow in pressurized pipelines is governed by a set of continuity
and momentum equations [3]:

0H  a*9dV
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where H is the piezometric head, m; ¢ is time, s; a is the wave speed, m/s; g is the
gravitational acceleration, m/ s2; V is the flow velocity, m/s; x is the distance along the
pipeline, m; and f is the Darcy-Weisbach friction factor. And ] is the term representing the
friction force per unit weight. It is typically expressed as J; = fV|V|/2¢D, where D is the
pipe diameter, m.

Previous studies on water hammer have proposed several unsteady friction models, in-
cluding the weighted unsteady friction model and the instantaneous acceleration-based fric-
tion model. Owing to its simple formulation, the instantaneous acceleration-based model
incorporates only the local instantaneous acceleration at the current time step, resulting in
significantly lower computational cost. Therefore, this model is adopted as the governing
friction formulation in the PINN framework to improve computational efficiency.

J=T+]u (3)

where ], denotes the unsteady friction term. The instantaneous acceleration-based friction
model incorporates the local instantaneous acceleration at the current time step into the
friction formulation. Owing to its simple formulation and low computational cost, this
model is adopted as the physical constraint in the proposed PINN framework to improve

oV 9V
Ju :k(at_a8x> (4)

computational efficiency [22].

where k is the Brunone coefficient.

The weighted unsteady friction model accounts for flow history through the convo-
lution of the weighting function with the past velocity variations, thereby providing a
more accurate description of unsteady friction. To reduce the associated computational
cost, the weighting function is commonly approximated by a series of exponential terms.
The coefficients adopted in this study are listed in Table 1 [31]. Owing to its high accuracy,
the weighted unsteady friction model is employed to generate the reference solutions.

_ 36 1OV e — ehvar!
o= 22 [ -, ®)
N
W(t) =) mie ™" (6)
i=1

where y is the kinematic viscosity coefficient, and W (7) is a weighted function.
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Table 1. Coefficients m; and n;.
i 1 2 3 4 5 6 7 8 9
m; 906 —405 12 805 227 352 659 115 206
1 10 1015 10? 10%5 103 1035 10* 10%5 10°
i 10 11 12 13 14 15 16 17
m; 365 651 1150 2060 3630 6640 10,700 26,200
n; 10%5 106 10%° 107 107° 108 10%°  10°

For viscoelastic pipes, the creep function of the pipe wall can be characterized using
the mechanical model of a generalized viscoelastic solid [32]:

N ;
J(t) = Jo + ZIk(l—e_T’f) )

k=1

where |y is instantaneous creep compliance; [ is spring creep compliance in the kth element;
and Ty is the relaxation time of damping in the kth element.

Subsequently, Evangelista et al. [33] conducted valve closure experiments in a three-
pipe network and demonstrated that the viscoelastic parameters are intrinsic material prop-
erties, independent of the geometric configuration of the pipeline system. Due to the high
computational complexity of the viscoelastic model, the instantaneous acceleration-based
friction model was adopted as the governing friction formulation in the PINN framework.

2.2. Analysis of PINN for Solving Water Hammer Equations

As an effective physics-driven approach, the Physics-Informed Neural Network
(PINN) is employed to model water hammer problems. In this study, the spatial co-
ordinate x and time t are taken as inputs, while the piezometric head h(x, t) and flow
velocity v(x, t) are treated as outputs of the network [21].

Under complex operating conditions, the available observational data are usually
limited. Assuming that sensors are deployed at several discrete spatial locations, the corre-
sponding time-series measurements of piezometric head or flow velocity can be obtained.
The observation dataset can be expressed as:

I = {(xi ti, ¢ij) } (8)

where ¢;; denotes the observed value at location x; and time #;, which can represent either
the piezometric head or the flow velocity.

Due to the significant differences in physical dimensions and numerical scales among
pipeline length, time, piezometric head, and flow velocity (with the piezometric head
typically having a larger magnitude), directly training the neural network may lead to
imbalance in the loss function, thereby affecting convergence performance and prediction
accuracy. Moreover, the governing equations of transient flow usually consist of multiple
coupled physical equations. The numerical discrepancies and coupling effects among
these equations can further exacerbate optimization difficulties and reduce the accuracy of
parameter inversion.
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2.3. Construction of Physics-Informed Neural Network

To address the training imbalance caused by scale disparities and multi-physics cou-
pling, the input and output variables are normalized to eliminate differences in magnitude.
Furthermore, an adaptive weighting mechanism is introduced for the governing equations,
allowing dynamic adjustment of their contributions during training. This improves the
imbalance in the optimization process and enhances both training stability and prediction
accuracy. The network and modified loss function are shown in Figure 1. The total loss
function consists of a data loss term and a physics-based loss term:

L(6) = Laata + wpdeLpde

1 N

. 2
Laaa = 7, 2 (Us = (i 1550)) o

Ny
Lot i i) i 4ioy)?
pde = ﬁfz; (fl(xf/ £ )) + (wf2f2(xf/ f ))
where 6 denotes the trainable parameters of the neural network, and wy;, represents the
weighting coefficient for the residual loss. Ujis the ground-truth value at the data point,

. N
{x}, t’f} f1 denotes the number of collocation points used to enforce the PDE residuals,
1=

and {x, t! f\fl represents the number of training data points. If a measurement location
contains m time steps, then N [ =ms X ng, where N; = my; X ny is the number of sensor
locations. The weighting coefficient wyis introduced to balance the scale differences among
different governing equations.

To more accurately describe the unsteady friction effects in water hammer processes,
the Brunone model is incorporated into the momentum equation. By introducing a local
acceleration term, this model better captures the energy dissipation characteristics in
transient flows, while maintaining a relatively simple formulation. In addition, following
Xu et al.’s approach [22], the Brunone parameter is set as a trainable parameter to improve
stability. Therefore, the Brunone model is adopted as part of the governing equation
constraints, and f1, f> can be expressed as follows:

oH 29V
fl—gﬂLga (10)
_9H v f v v
fa= 85y T EUM +/\<at - aE)x) (11)

where the partial derivatives involving H and V' are computed via automatic differentiation.
The coefficient A is treated as a trainable parameter with an initial value of zero. During
training, the optimization process first employs the Adam optimizer [34] with a learn-
ing rate of 1 x 1074, followed by a secondary optimization using the L-BFGS algorithm.
The coefficient A is kept constant during the L-BFGS stage [35].

After training, the performance of the PINN is evaluated using testing points. The pri-
mary evaluation metric is the L2 error [36], defined as follows:

12 — [[4(xe, te; 0) — Uell
[IUell,

(12)

where (x;,t;) denotes the testing point, u(x;,t;;0) represents the predicted value of the
neural network, and u, is the corresponding reference value. All experiments are conducted
on a local workstation equipped with an RTX 4090 GPU.
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Figure 1. The GEAW-PINN structure for transient pipe flow.

2.4. Gradient Imbalance Among Governing Equations

In the PINN-based modeling of hydraulic transients, the physical loss terms corre-
sponding to the two governing equations of water hammer can be denoted as L and L,.

During backpropagation, the gradients of the loss function with respect to the network
parameters 6 can be expressed as

Vngde = VgLfl + Vgsz (13)
1 1
Ly = EZJC%/ Ly, = ﬁf Y. 5 (14)

WhenHVe Ly, H > H VoLg, H, the optimization process is dominated by f,, making it
difficult for the physical constraint associated with f; to be effectively learned. The com-
parison of their gradient magnitudes is illustrated in Figure 2, where the gradient of f; is
significantly larger than that of f; and exhibits more frequent oscillations. This gradient
imbalance reduces the model’s ability to learn multiple physical equations in a coordinated
manner, thereby degrading overall prediction accuracy and convergence stability.

1000
4
800
£3 = 600
k] k)
g H
©2 G 400
1 200
N
0 0 500 1000 1500 2000 2500 3000 3500 4000 0 500 1000 1500 2000 2500 3000 3500 4000
Iterationx50 Iterationx 50
(a) (b)

Figure 2. Comparison of gradients of f; and f, during training: (a) f1, (b) f>.

To balance the gradient contributions of the two governing equations, the weighting
coefficients are defined as follows:

Lpae = L + (wh,Lp,) (15)
VoLpae = VoL, + Vo(w}Ls,) = VoLg, +w}, VoLy, (16)
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To balance the gradient contributions from the two governing equations, the weight as-
signed to wy, was calculated as follows:

[voLs

= w}2 Veols, (17)
We obtain

(18)

In practical implementation, to prevent abrupt fluctuations of the weights during
training, an interval-based update strategy is adopted, in which the gradient norms are
computed and the weighting coefficients are updated every several training iterations.
In addition, a smoothing operation is applied to the gradient norms to enhance the stability
of the update process:

wg, = 0.9wf2 +0.1 (19)

Through the proposed adaptive weighting strategy, a dynamic balance among different
physical components can be achieved during the optimization process without altering the
physical form of the governing equations. This provides strong support for stable PINN
training in complex transient flow problems.

3. Numerical Validation
3.1. System Setup

In this study, to evaluate the effectiveness of GEAW-PINN, all datasets are generated
using a weighted unsteady friction model combined with the Method of Characteristics
(MOC) to obtain high-accuracy reference solutions. Specifically, the weighted unsteady
friction model is solved numerically using the MOC to generate pressure and flow velocity
data, which serve as benchmark data for training and testing the PINN.

As illustrated in Figure 3, a one-dimensional pressurized pipeline system is considered,
where the upstream end is connected to a reservoir, the middle section is a pipeline, and a
valve is installed at the downstream end. The main parameters include the upstream
reservoir head H = 50 m, total pipe length L = 300 m, wave speed a = 1000 m/s, pipe
diameter D = 0.05 m, constant friction coefficient f = 0.015, and initial flow velocity
Vo = 0.412 m/s. At the initial time, the system is assumed to be in a steady-state condition.
Training data are collected at location x; = 80, x, = 160, x3 = 240, while testing data are
obtained at x4 = 50, x5 = 200, representing an extrapolation point and an interpolation
point, respectively. The downstream valve is closed within the 0.1 s, generating transient
pressure waves. With a time step of 0.005 s, a total of 2001 pressure samples are obtained
within the 10 s. In addition, 30 collocation points are uniformly distributed along the
pipeline. For each collocation point, 501 samples are generated over time with a time step
of 0.02 s.

Based on the above data construction procedure, a representative dataset for the water
hammer problem is established while ensuring the accuracy of the reference solution. This
dataset is used to evaluate the performance of GEAW-PINNSs in terms of hyperparameter
analysis, ablation studies, and parameter inversion.
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Reservoir
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1 ? r T 4

L=300m
Figure 3. Reservoir—pipeline-valve system.

3.2. Hyperparameter Analysis

In this section, a hyperparameter analysis is conducted for the proposed adaptive
weighting model to evaluate the influence of different parameter settings on prediction accu-
racy. The investigated hyperparameters include network size, PDE loss weight, and weight
update frequency. During the analysis, only one parameter is varied at a time while keeping
all others fixed. The error reported in the analysis is the average error at x = 60 m and
x =210 m.

As shown in Table 2, for the neural network architecture, increasing the network
width effectively reduces the prediction error of pressure. The smallest error, 0.0277, is
achieved by the networks with depths of 6 and 8 and a width of 40. To reduce the number
of parameters, we therefore choose a network depth of 6. For the PDE weight, the minimum
error, 0.0279, is obtained when the weight is set to 0.5. As for the update frequency, both
excessively high and low values increase the prediction error. Considering the errors in
both pressure and velocity, we select an update frequency of 100.

Table 2. Relative L? error at testing points.

Hyperparameters h v

Depth 6 | Width 20 1.06 x 107! 3.04 x 107!
Depth 6 | Width 40 2.77 x 1072 7.19 x 1072
Depth 8 | Width 20 3.51 x 102 9.00 x 1072
Depth 8 | Width 40 2.77 x 1072 7.19 x 1072
Depth 10 | Width 20 229 x 107! 6.56 x 1071
Depth 10 | Width 40 2.81 x 102 7.22 x 1072
Wpge = 1 1.08 x 107! 2.61 x 101
Wpge = 0.5 2.79 x 1072 7.16 x 1072
Wpge = 0.1 4.25 x 1072 1.03 x 1071
Wpge = 0.05 4.14 x 1072 9.92 x 1072
Update Frequency = 50 2.84 x 1072 7.35 x 1072
Update Frequency = 100 2.79 x 102 7.16 x 1072
Update Frequency = 200 2.80 x 1072 7.20 x 1072
Update Frequency = 500 2.74 x 1072 7.25 x 102

When the network widths were set to 6 and 8 with a depth of 40, the prediction errors

exhibited negligible differences. Therefore, the smaller width was selected to reduce com-
putational costs while maintaining comparable accuracy. Although an update frequency
of 500 achieved a lower pressure error, the overall evaluation considering both pressure
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and velocity errors indicated that an update frequency of 100 yielded the best performance.
Consequently, the selected hyperparameters were determined as follows:

Depth =6, Width =40, w4 =05, UpdateFrequency = 100 (20)

p

3.3. Ablation Study of the Adaptive Weighting Strategy

The ablation study aims to evaluate the contribution of each component by comparing
the performance of the model after removing one or more elements [37]. The training
settings and the configuration of collocation points are consistent with those described in
Section 3.2. In the ablation study, to avoid data leakage from the test set, the reported error
is defined as the average error at x = 50 m and x = 200 m.

Figure 4 presents the evolution of the training losses for the standard PINN, fixed-
weight PINNs, and GEAW-PINNSs. For the standard PINN, the training process nearly
fails, as neither the data loss nor the PDE loss decreases significantly. The corresponding
prediction errors for pressure and flow velocity are 0.211 and 0.629. For the fixed-weight
PINNSs, the convergence behavior is highly sensitive to the choice of weights. The final loss
values differ substantially under different weight settings. For GEAW-PINNS, the prediction
errors are 0.00742 and 0.0183. Table 3 reports the prediction errors of the four PINN
models at the observation points, as well as the model, without applying the smoothing
operation during weight updating. Although the model with a fixed weight of 0.01 and
the model with adaptive weighting achieve nearly the same error, GEAW-PINNSs can
automatically adjust the weights, thereby eliminating the need for tedious manual tuning.
Moreover, the training process fails when the smoothing operation is removed during
weight updating, indicating its importance for maintaining training stability. The training
times for the fixed-weight PINN and the adaptive-weight PINN are 623.18 s and 623.23
s, respectively, demonstrating that the adaptive weighting strategy introduces negligible
additional computational overhead. In addition, Figure 5 shows the prediction results
at the test points, demonstrating that the proposed strategy can accurately predict the
pressure and velocity at unseen locations.

Table 3. Relative L2 error at testing points.

Type h v

wg, =1 211 % 107! 6.29 x 107!
wg, =0.1 4.56 x 1072 1.48 x 1071
wg, =0.01 6.69 x 1072 1.70 x 10~2
Without Weight Smoothing 2.08 x 1071 6.13 x 1071
Adaptive Weight 7.42 x 1073 1.83 x 1072

Figure 6 shows the evolution of the adaptive weights during training and the inversion
results of the coefficient in the Brunone model. The final identified value is 0.01437, which
is close to the reference value of 0.0128 reported by Vardy and Brown [38], indicating that
the proposed GEAW-PINN strategy can automatically adjust the contributions of differ-
ent physical constraints based on gradient information and is capable of identifying the
Brunone parameter. It is worth noting that both the training and testing data are generated
using a higher-fidelity weighted unsteady friction model, while the PINN employs the
Brunone model as the governing constraint. The discrepancy between the two models
explains the small deviation observed in the inversion results.
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Figure 4. Loss evolution curves: (a) fixed weight = 1, (b) fixed weight = 0.1, (c) fixed weight = 0.01,
and (d) adaptive weight, respectively.
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Figure 5. Pressure and velocity predictions at test points: (a) x = 50 and (b) x = 200.
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Figure 6. Comparison of f, weights (a) and trainable A values (b).

Figure 7 presents the predicted pressure field over the entire domain, where (a) shows
the reference solution and (b) shows the prediction results. A high level of agreement is
observed between the two, demonstrating that GEAW-PINNSs can accurately capture the
propagation characteristics of pressure waves during water hammer events. The average
relative error near 90 % of peak values is 0.0044, with a maximum relative error of 0.1107.
This indicates that the model achieves high accuracy in predicting peak values, which are
of particular importance in water hammer analysis.

10 Exact H(x,t) 10 Predicted H(x,t)
— 80 — 80
8 —| 8 e
Zs 60 - o 60 .
+— ® = ®
z, — | |, $ 2, — | |, 3
£ —— £ ———
——— —_— |
0 = 0 0 ] 0
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Distance x (m) Distance x (m)
(a) (b)

Figure 7. Exact (a) and predicted (b) piezometric head in the global flow field.

Figure 8 illustrates the mean and variance of prediction errors along the pipeline,
including both absolute and relative errors. It can be observed that the prediction errors
are small in the reservoir region and the middle section of the pipeline, with an average
absolute error of 0.25 and a relative error of 0.008. Near the valve, the errors increase to
approximately 0.35 and 0.01 , accompanied by larger variance. This is mainly attributed
to the strong transient behavior in the vicinity of the valve. These results indicate that
GEAW-PINNSs perform well across the entire pipeline, although larger errors are observed
near the valve region.

Table 4 summarizes the effects of different random seeds and measurement noise
on the training performance. Three random seeds (1234, 5678, and 7890) are considered.
The results indicate that the choice of random seed has a negligible effect on the prediction
performance, with the variances of the pressure and velocity prediction errors being only
1.1429 x 10~7 and 6.87 x 1077, respectively. In addition, Gaussian noise with a signal-to-
noise ratio (SNR) of 25 dB is added to the training data to simulate sensor measurements.
Under this noisy condition, the variances of the pressure and velocity prediction errors
increases by 9.88 x 1073 and 2.5 x 1072. The corresponding prediction results are pre-
sented in Figure 9. Although slight oscillations can be observed in the latter stage of the
transient response and around the peak values, the overall prediction remains accurate,
demonstrating that GEAW-PINNs possess good robustness against measurement noise.
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Figure 8. Absolute error bar plots of predictions at each point (a), and relative error bar plots of

predictions at each point (b).

Table 4. Relative L? error at testing points.

Type h v
noise 25 dB 1.73 x 1072 3.80 x 1072
seed 1234 742 x 1073 1.83 x 1072
seed 5678 7.60 x 1073 1.90 x 1072
seed 7890 821 x 1073 2.03 x 1072

Overall, the ablation study demonstrates that GEAW-PINNSs can adaptively adjust
the weights of different governing equations, thereby eliminating the need for laborious
manual hyperparameter tuning. Moreover, it successfully identifies the Brunone coefficient
through inverse estimation.
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Figure 9. 25 dB noisy pressure and velocity predictions at test points: (a) x = 50 and (b) x = 200.

3.4. Validation on a Pipe Network System

To further evaluate the applicability of the proposed GEAW-PINN in complex hy-
draulic systems, a transient pipe network case presented by Yan et al. [39] was selected
for validation. The benchmark data reported in the literature were adopted, and the pro-
posed GEAW-PINN was employed to predict the transient pressure head and flow rate
throughout the network. The predicted results were then compared with the corresponding
reference solutions.

The network architecture, including the network width, depth, and weight update
frequency, was kept consistent with those used in Section 3.2. The PDE loss weight was set
to 0.001 following the configuration reported by Yan et al. [39]. Three uniformly distributed
observation points in each pipe were selected as training data. The governing equations of
the network are given as follows.

L(Q) = Lgata + wpdeLPDE + winterfaceLinterface (21)

where L(0), Lppg, and Ljyz., face Tepresent the total loss, the pde loss, and the interface loss,
respectively. The terms wpg, and Wjpser ace TEpresent the weighting coefficients associated
with the pde loss and the interface loss, respectively.
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At each interface, hydraulic head continuity and flow conservation are assumed.

B = = = B = = (22)
in+ou

Y. 4+ =0 @)
j=1

where h "and h " represent the pressures of the i-th incoming and outgoing pipes at the
j-th 1nterface, respectively; q; represents the total inflow and outflow rates at the junction,
respectively; and Qg , represents the water demand at the junction.

N
1 < L. . 2
Leoe = Z(f%(xlf, ;0) + (wp, fo(xk, 1:0)) )
i=1
1 Nar., . . S
Liata = ﬁd Z [h (x]d’ té} 6) - hé (xé, tf}l)
j=1

. . . . . 2
+ q(xfi, t; 6) —q, (xfi, tfi)}
Nznt .
Linterfuce = Z F3 ( int’ mt; )

mt

(24)

07 , 99 oh , clala

= A Ti5, T8AS +fop (25)
oh  oh 28q a? aA o

= AS gt o T gA sl 0 s (26)

e . 1y '
= Z(h?l - h;yk) + Z{(qA] - que)/ Y= {l?l, Out}. (27)
j=

j=1

where (x;,t;) denotes the testing point, u(x;,t;;6) represents the predicted value of the
neural network, and u, is the corresponding reference value.

The Lppr and Lj,, are computed in the same manner as in the single-pipe case,
and wy, is updated using the same strategy. Ljyer face cOnstraints enforce hydraulic head
continuity and flow conservation.

[[u(xe, te; 0) — Uel|,

12 =
([Tl

(28)

where (x;,t;) denotes the testing point, u(x;,t;;6) represents the predicted value of the
neural network, and u, is the corresponding reference value.

Figure 10 shows the schematic diagram of the pipe network [39].

Figure 11 shows that the GEAW-PINN is capable of accurately reconstructing both
pressure head and flow rate in the pipe network system.

This case further evaluates the stability and generalization capability of the proposed
gradient-based equation adaptive weighting (GEAW) strategy in complex pipe network
scenarios. The results demonstrate that GEAW-PINNs maintain satisfactory convergence
behavior and prediction accuracy for transient flow simulations in pipe networks, indicating
that the proposed method is not only applicable to single-pipe water hammer problems
but can also be effectively extended to more complex pipe network systems.
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Figure 11. Predicted pressure head, flow rate, and corresponding prediction errors for (a) Pipe 1
(i-vi), (b) Pipe 2 (i-vi), (c) Pipe 3 (i-vi), (d) Pipe 4 (i-vi), and (e) Pipe 5 (i—vi).

3.5. Comparison of Gradient-Based Adaptive Weighting Strategies

In this section, the proposed GEAW method is compared with the Learning Rate
Annealing (LRA) [40] and Neural Tangent Kernel (NTK) methods [41]. To ensure a fair
comparison, all three methods employ identical network architectures and hyperparam-
eter settings, differing only in their weight updating strategies, which are summarized
as follows.
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[To£mn, @],
Ai(t) = adi(t = 1) + (1 - a)Ai(t) (30)

where max{||VyLq(t)||;} denotes the maximum gradient of the corresponding equation,
H VoLiryy,(t) Hl denotes the total gradient of all equations, and & = 0.9 is a hyperparameter.

L(0) = ApLy(0) + A L(6), (31)
N;+N, .
_ L Ai(n) _ Te(K(n)) 32)
Zl':hl All'm(n) Tr(KW(n))
B M) Te(K(n) )

YN AT () © Tr(Kp(n))

where £;(60) denotes the PDE residual loss and £, () corresponds to boundary condition.
Ap and A, denote the weighting coefficients associated with the two terms, respectively.
Ai(n), Af#(n) and A]"(n) are eigenvalues of K(n), Ky, (n), Ky (n) at n-th iteration.

As shown in Figure 12a, the use of the maximum gradient in the numerator leads
to severe oscillations in the training loss during optimization. Therefore, we replace it
with the mean gradient for comparison. Figure 12b—e presents the training losses and
weight evolution of the three methods for different terms. It can be observed that those
methods stabilize the training process and adaptively adjust the weights according to
the gradients. Moreover, the final weight values are nearly identical. Table 5 reports
the prediction errors of pressure and velocity. The results show that the GEAW-PINN
achieves smaller prediction errors, indicating that the GEAW-based weighting strategy
could improve prediction accuracy.

Table 5. Relative L? error at testing points.

Type h v
LRA-PINN 1.73 x 1072 3.80 x 1072
NTK-PINN 873 x 1073 2.10 x 1072
GEAW-PINN 7.42 x 1073 1.83 x 1072
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Figure 12. Cont.
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Figure 12. Loss curves of LRA and GEAW, as well as plots showing weight variations throughout
their training processes: (a) LRA max loss, (b) LRA mean loss, (c) GEAW loss, (d) NTK loss, and
(e) weight variations.

4. Discussion
4.1. Effectiveness of Gradient Balancing

In standard PINNSs, significant differences often exist in the gradient contributions of
different physical residual terms. This leads to an imbalance in their influence on parameter
updates, causing the optimization process to be dominated by a particular component.
The proposed adaptive weighting strategy dynamically adjusts the equation weights based
on gradient magnitudes, enabling different physical constraints to contribute comparably
during training and resulting in a more balanced optimization process.

Figure 2 presents the gradient curves of the two governing equations with equal
weights (set to 1). As shown, both the loss and gradient exhibit strong oscillations, and a
significant discrepancy in magnitude exists between the two equations. This imbalance
causes the optimization process to be predominantly dominated by one equation, thereby
substantially weakening the contribution of the other equation to the model training.

Figure 13 shows the comparison of gradient norms and the loss curves of the two
equations in the GEAW-PINN framework. It can be observed that the losses and corre-
sponding gradients of both equations are maintained at the same order of magnitude,
while the overall fluctuations are significantly reduced. These results demonstrate that the
gradient balancing strategy effectively mitigates the scale discrepancy between the two
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equations, enabling more balanced optimization of the physical constraints and improving
the stability of the training process. Compared with the PINN proposed by Xu et al. [22],
which incorporates adaptive activation functions and an unsteady friction term based on
instantaneous acceleration, yielding prediction errors of 1.86 x 1072 and 3.61 x 10~2 for
pressure and velocity, respectively, the proposed method achieves significantly lower errors
of 8.14 x 1073 and 1.82 x 102 within the first 6 s. This corresponds to improvements of
56% and 49%, respectively, demonstrating that the GEAW-PINN can effectively enhance
prediction accuracy.

3.0 0.05
— f — 1
25 — 2w 1
0.04 2w
2.0
E 20.03
2 E
>15 )
=) (23
3 £0.02
1.0 =
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() (8

Figure 13. Comparison of f; and f, gradients multiplied by the adaptive weights (a), and f; and f»
loss values multiplied by the adaptive weights (b).

From an optimization perspective, the GEAW-PINN can be interpreted as a gradient-
informed dynamic reweighting strategy. By regulating the influence of each loss term
on parameter updates, the training process better aligns with the principles of balanced
multi-objective optimization. Therefore, the GEAW-PINN shows strong applicability to
PINN problems involving coupled multi-physics equations.

However, certain limitations remain. In regions with strong transient behavior, such
as near the valve, the prediction error is still relatively large. This is primarily due to
the rapid variations in flow conditions [42], where both pressure and velocity gradients
increase significantly. Under limited data availability and finite model capacity, it remains
challenging for the network to accurately capture such highly transient features.

4.2. Analysis of Parameter Inversion

Parameter inversion is one of the key tasks of PINNs in engineering applications.
Under sparse observations of pressure and flow velocity, the role of physical constraints
becomes increasingly important, and the balance among governing equations is particularly
critical for accurate parameter identification. The experimental results demonstrate that,
with the introduction of the adaptive weighting strategy, the parameter in the Brunone
model converges stably to a value close to the reference solution. This indicates that the
GEAW-PINN is capable of effectively leveraging limited observational data and embedded
physical information to achieve accurate parameter inversion.

5. Conclusions

This study investigates the issue of training instability in Physics-Informed Neural
Networks (PINNSs) for hydraulic transient problems. It is shown that gradient imbalance
among different governing equations can lead to optimization bias toward a dominant
equation, thereby degrading prediction accuracy and physical consistency. To address this
issue, a gradient-based equation adaptive weighting strategy is proposed and incorporated
into the PINN framework. By dynamically adjusting the weights of different governing
equations in the loss function, the proposed method ensures more balanced gradient contri-
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butions during training, enabling coordinated optimization of multiple physical constraints.
As a result, accurate predictions of pressure and flow velocity in water hammer processes
are achieved. And the proposed method is not only applicable to single-pipe water hammer
problems but can also be effectively extended to more complex pipe network systems.

In terms of implementation, automatic differentiation is employed to compute the
gradients of each governing equation, based on which adaptive weighting update strategy
is constructed. A smoothing mechanism is further introduced to stabilize the weight
updates during training. In addition, the network is capable of identifying the parameter in
the Brunone model, providing a viable approach for parameter inversion. Comprehensive
numerical experiments are conducted to validate the proposed GEAW-PINN framework,
and the main findings are summarized as follows:

1.  Compared with the fixed-weight method, LRA, and NTK, the proposed GEAW-PINN
demonstrates superior applicability to highly transient water hammer problems by
automatically balancing the gradients of different governing equations. Consequently,
compared with the PINN framework employing adaptive activation functions in the
water hammer study by Xu et al. [22], it improves the training stability and prediction
accuracy of PINNs, while maintaining a high level of agreement between the predicted
results and the reference solutions.

2. GEAW-PINN is capable of accurately identifying trainable parameters, indicating that
it is not only suitable for predicting pressure and flow velocity, but also has strong
potential for solving inverse problems.

In summary, the proposed gradient-based adaptive weighting strategy provides an

effective approach for improving the stability and accuracy of PINNs in hydraulic transient
problems, and offers a useful paradigm for multi-physics coupled systems.
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