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ABSTRACT 
Blockages in air-conditioning water pipe networks 

can increase hydraulic resistance, reduce energy 
distribution efficiency, and threaten the safe operation of 
air-conditioning systems. However, existing studies 
mainly focus on leakage localization in pipe networks, 
while research on blockage localization remains limited. 
To address the difficulty of obtaining sufficient fault data 
from real systems, this study proposes a model-data 
fusion-driven method for blockage localization in air-
conditioning water pipe networks. In the proposed 
framework, measurement data from the supervisory 
control and data acquisition system are first used to 
calibrate the hydraulic model through impedance 
identification using a genetic algorithm. The calibrated 
model is then employed to simulate multiple blockage 
scenarios and generate a dataset for training a multilayer 
perceptron model. During diagnosis, the pressure 
variation rates of sensors before and after faults are used 
as input features to predict the most likely blockage 
components, and a candidate blockage component set 
based on the Top-k predicted probabilities is introduced 
to improve localization reliability. A case study shows 
that the deviations between simulated and measured 
values of the calibrated hydraulic model are within 1%. 
The trained multilayer perceptron model achieves a 
blockage localization accuracy of 90.52%. When the 
candidate set contains the two components with the 
highest predicted probabilities, the coverage of the 
actual blockage component increases by 6.02%. 
Expanding the candidate set to the three components 
with the highest predicted probabilities further improves 
the coverage by 1.76%. These results demonstrate that 
the proposed model-data fusion framework can 
effectively localize blockage components and support 
intelligent operation and maintenance of air-
conditioning systems. 
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NONMENCLATURE 

Abbreviations 
AC Air-conditioning 
ACWPN Air-conditioning water pipe network 
SCADA Supervisory control and data acquisition 
ML Machine learning 
MLP Multilayer perceptron 
GA Genetic algorithm 
Symbols 
p Pressure (Pa) 
q Mass flow rate (kg/s) 
S Impedance (Pa/(m3/s)2) 
C Coefficients of pump performance curve 
A Cross-sectional area (m2) 
d Inner diameter (m) 
l Length (m) 
λ Frictional resistance coefficient 
ε Absolute roughness (m) 
ρ Density (kg/m3) 
μ Normalized blockage location 
Re Reynolds number 
ω Blockage coefficient 
σ Scaling factor 
y Label 
P Probabilities 

1. INTRODUCTION 
Central air-conditioning (AC) systems play an 

important role in industrial production and artificial 
environments, while also accounting for a significant 
proportion of building energy consumption. Among 
them, the water pipe network is responsible for the 
critical task of cooling capacity distribution, providing 
stable cooling supply to users through water circulation 
while enabling water resource recycling [1]. However, 
with prolonged operation, issues such as impurity 
deposition and corrosion product detachment are 
inevitable, which may lead to blockages [2]. This 
increases the hydraulic resistance and reduces the 
efficiency of energy distribution. If left undetected, more 
serious safety problems may occur. Therefore, accurate 
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blockage localization in air-conditioning water pipe 
networks (ACWPNs) is of great importance for energy 
saving and safe operation of AC systems. 

At present, research on pipe network faults mainly 
focuses on leakage localization in district heating 
networks. Existing approaches include physics-model-
based methods, data-driven methods, and external 
inspection techniques such as unmanned aerial vehicle 
infrared thermography [3]. In contrast, studies on 
blockage fault localization remain relatively limited, and 
existing work mainly relies on physics-model-based 
methods [4,5]. 

Recently, driven by the development of digital twin 
technology, pipe network fault diagnosis has gradually 
evolved toward model-data fusion-driven methods [6,7]. 
In this framework, measurement data obtained from the 
supervisory control and data acquisition (SCADA) system 
are used to calibrate a physical model. The calibrated 
model is then used to generate abundant simulated fault 
data for training a machine learning (ML) model. The 
trained ML model can subsequently be applied to real 
systems for fault diagnosis, alleviating the difficulty of 
obtaining sufficient fault data from operating pipe 
networks. 

Therefore, this study investigates a model-data 
fusion-driven method for blockage localization in 
ACWPNs. By using the calibrated hydraulic model to 
generate blockage samples and training an ML model, 
the blockage components can be effectively localized, 
providing decision support for maintenance and 
promoting the digitalization and intelligent operation of 
AC systems. 

2. METHODS 

2.1 Model-data fusion-driven diagnosis framework 

The diagnosis framework is illustrated in Fig. 1. In 
blockage localization, measurement data from the real 
system is used to calibrate the hydraulic model. The 
hydraulic model then generates blockage samples and 
trains the ML model, which infers the fault location result 
by combining the measurement data. 

 
Fig. 1 Model-data fusion-driven diagnosis framework 

First, a hydraulic model is established based on the 
information of the actual pipe network, and the model 

boundary conditions are set according to the real 
operating conditions so that the virtual system can 
represent the behavior of the physical system. Based on 
the data collected by the SCADA system, blockage can be 
detected by monitoring variables such as the total 
circulating flow rate. When no blockage is detected, the 
measured data are used for impedance identification to 
calibrate the hydraulic model. When blockage is detected, 
the calibrated hydraulic model is used to simulate the 
normal operating condition as well as multiple blockage 
scenarios for each component. The corresponding 
pressure variation data are obtained and used to 
construct the training dataset for the ML model. 

During diagnosis, the actual pressure variation 
vector is fed into the ML model. The model predicts the 
components that are most likely to be blocked based on 
the learned feature patterns. To improve localization 
reliability, the three components with the highest 
predicted probabilities are selected as the candidate 
blockage component set. These components are 
considered possible blockage locations and provide 
guidance for subsequent maintenance inspection. 

2.2 Hydraulic Modeling and Blockage Simulation 

The ACWPN mainly consists of pumps, resistance 
elements, pipes, and valves. Among them, resistance 
elements and pipes may operate under either normal or 
blockage conditions. The hydraulic models are described 
as follows. 

The operating characteristics of the pump are 
described by the pressure-flow performance curve, 
which is obtained by fitting experimental data: 

 2
0 1 2Δp C C q C q= + +  (1) 

User and refrigeration can be simplified as 
resistance elements and modeled as local hydraulic 
resistances: 

 2Δp Sq=  (2) 

The local resistance in pipes can be equivalently 
converted into an additional pipe length. Therefore, the 
pipe model mainly considers frictional resistance along 
the pipe, which has the same mathematical form as Eq. 
(2), while the impedance S is different: 
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Similarly, valves are also treated as local hydraulic 
resistances, and their pressure-flow relationship follows 
Eq. (2). 

When blockage occurs in a resistance component or 
a pipe, the component can be divided into two 
unblocked sections at the blockage location, and an 
additional resistance element is introduced to represent 
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the increased hydraulic resistance caused by the 
blockage, as shown in Fig. 2. 

 
Fig. 2 Blockage models of resistance element and 

pipeline 
The equivalent resistance of the blocked 

component: 

 block 1 2 3S S S S= + +  (5) 

 1 normS μS=  (6) 

 2 normS ωS=  (7) 

 ( )3 norm1S μ S= −  (8) 

where S1 and S3 denote the resistances of the two 
unblocked sections, and S2 is the additional resistance 
caused by the blockage. Snorm and Sblock denote the 
resistance of the component under normal and blocked 
conditions, respectively. μ is the blockage location, 
defined as the ratio between the distance from the 
blockage point to the component inlet and the total 
component length (0 and 1 correspond to the inlet and 
outlet, respectively). ω denotes the blockage coefficient, 
which reflects the severity of the blockage. 

2.3 Impedance identification of hydraulic models 

Due to long-term operation and environmental 
variations, the hydraulic resistance parameters of 
components are not constant. Therefore, impedance 
identification is required to calibrate the hydraulic model. 
By utilizing measurement data collected under different 
operating conditions, the actual resistance parameters 
can be estimated so that the simulated results of the 
model are consistent with the measured data. The 
impedance identification problem is commonly 

formulated as an optimization problem, where the 
objective is to minimize the discrepancy between 
simulated and measured values: 
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 min maxi i iσ S S σ S   (10) 

where S and S* denote the resistance vector to be 
identified and the optimal resistance vector, which 
include all resistance parameters. σmin and σmax are 
scaling factors used to constrain the range of resistance 
parameters. pz,i

sim and pz,i
meas represent the simulated 

and measured pressures of the i-th sensor under 
operating condition z. 

Genetic algorithm (GA) is employed to perform 
impedance identification. GA is a widely used 
optimization algorithm with strong global search 
capability, making it suitable for solving high-
dimensional nonlinear optimization problems. The 
process is shown in Fig. 3. 

 
Fig. 3 GA Impedance Identification Process 

The GA starts by generating an initial population, 
where each individual corresponds to a possible set of 
impedance parameters. During each iteration, the fitness 
of individuals is assessed according to the discrepancy 
between model simulations and measured data. Based 
on the fitness values, selection, crossover, and mutation 
operations are applied to update the population. This 
evolutionary procedure is repeated until the maximum 
number of iterations is reached. Finally, the individual 
with the best fitness is selected as the identified 
impedance parameters of the network components. 

2.4 ML model: multilayer perceptron 

Blockage localization can be formulated as a 
multiclassification task. In this study, a multilayer 
perceptron (MLP) is adopted due to its capability of 
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learning complex nonlinear patterns from high-
dimensional data. 

The MLP consists of an input layer, several hidden 
layers, and an output layer. The input dimension 
corresponds to the number of pressure sensors, while 
the output dimension equals the number of classification 
categories (the number of pipes and resistance 
elements). The model is trained using the cross-entropy 
loss function: 

 ( )one-hot
cross-entropy

1

log
C

c c
c

y P
=

=−L  (11) 

During inference, the MLP takes the pressure 
variation rate vector as input and outputs the probability 
distribution of all components through the softmax 
function. To improve localization reliability, besides the 
component with the highest probability (Top-1), the top 
k components with the highest probability (Top-k) are 
also selected as candidate blockage components. These 
candidates are determined by ranking the probabilities 
Pc. 

3. CASE STUDY 

3.1 Information of ACWPN 

The studied ACWPN is shown in Fig. 4. It consists of 
one chiller (H12) and ten users (S1-S4 and X1-X6), which 
are modeled as resistance elements in the hydraulic 
simulation. An expansion tank is installed at the pump 
inlet to maintain constant pressure. Pressure sensors 
(P1-P26) are installed at the inlet and outlet of user 
branches and pump branches. Each user branch is 
equipped with a control valve. 

 
Fig. 4 Structure of the ACWPN 

3.2 Settings of the GA in impedance identification 

The hydraulic model is constructed by Modelica 
language. GA is then applied to perform impedance 
identification, with parameter settings listed in Table 1. 
The identification process uses measured data collected 
under three normal operating conditions with different 
pump frequencies f. 

Table 1 Settings of the GA 

Parameter Value 

Number of Iterations 200 
Scale Factor σmin=0.8, σmax=1.2 

Crossover Rate 0.8 
Mutation Rate 0.25 
Population Size 100 

3.3 Blockage sample generation 

Blockage samples are generated using the 
calibrated hydraulic model after impedance 
identification. The blockage coefficient ranges from 0.1 
to 0.5, while the normalized blockage position ranges 
from 0 to 1. In each simulation, only one component is 
assumed to be blocked. Different blockage scenarios are 
simulated by varying the blockage parameters (blockage 
coefficient and location), and the pressure variation rates 
before and after blockage are extracted as feature data. 

The blockage parameters are sampled in a two-
dimensional space using uniform sampling with 15 
points in each dimension. Therefore, each component 
has 225 blockage scenarios. Since the network contains 
34 pipes and resistance components, the total number 
of samples is 7650. To simulate measurement 
uncertainty, Gaussian noise with mean 1 and standard 
deviation 0.0005 is added to the simulated pressure 
values [6]. Finally, 20% of the dataset is randomly 
selected as the test set, while the remaining 80% is used 
for training and validation. 

3.4 Hyperparameter Settings of the MLP 

The input and output dimensions of MLP are fixed 
at 26 and 34, respectively. The remaining 
hyperparameters are determined using grid search and 
five-fold cross-validation, and the optimal configuration 
is shown in Table 2. 

Table 2 Hyperparameter Settings of the MLP 

Parameter Value 

Hidden Layer (64, 64) 
Epoch 1000 

Optimization Algorithm Adam 
Activation Function tanh 

L2 Coefficient 0.01 
Learning Rate 0.001Epoch0.5 

4. RESULTS AND DISCUSSION 

4.1 Impedance identification results 

The results of identification are shown in Table 3, 
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including the pump branch flow rate and the pressure 
differences across users. The data under operating 
conditions f=30Hz and f=50Hz are used for identification, 

while the data under f=40Hz are used to evaluate the 
accuracy of the calibrated model.

Table 3 Results of impedance identification 

Parameter 
Measured data for 

f = 30Hz 
Measured data for 

f = 50Hz 
Measured data for 

f = 40Hz 
Simulated data for 

f = 40Hz 
Deviation 

(%) 

qpump (kg/s) 8.33 13.89 11.11 11.09 0.18 

pS1 (kPa) 177 497 319 316 0.97 

pS2 (kPa) 191 511 332 331 0.37 

pS3 (kPa) 187 506 327 326 0.41 

pS4 (kPa) 183 504 325 322 0.91 

pX1 (kPa) 187 522 335 334 0.35 

pX2 (kPa) 191 527 339 339 0.04 

pX3 (kPa) 186 509 329 328 0.25 

pX4 (kPa) 173 495 308 309 0.33 

pX5 (kPa) 171 491 304 305 0.39 

pX6 (kPa) 165 470 293 294 0.29 

The results show that the deviations between 
simulated and measured values are within 1%. This 
indicates that the hydraulic model calibrated through 
impedance identification can accurately represent the 
hydraulic behavior of the real network, providing a 
reliable basis for subsequent blockage localization. 

4.2 Blockage localization results 

The MLP model is trained and evaluated using the 
dataset described above, achieving an overall accuracy of 
90.52%. Fig. 5 presents the normalized confusion matrix, 
where each row represents the actual blocked 
component and each column represents the predicted 
component. The matrix is normalized by rows so that the 
elements in each row sum to 1, indicating the proportion 
of predictions for each component given the actual 
blocked component. 

 
Fig. 5 Normalized confusion matrix 

The results show that most samples are 
concentrated along the diagonal, indicating that the 
model can accurately localize blockage components. 

However, misclassifications mainly occur between 
hydraulically adjacent users, such as S3 and S4, and X4 
and X5. This is because blockages in these components 
produce similar hydraulic response patterns, making 
them difficult for the model to distinguish accurately. 

4.3 Coverage of actual component by candidate set 

If only the class with the highest probability (Top-1) 
is considered as the blockage component, the accuracy 
is 90.52%, indicating that there is still room for 
improvement. Therefore, the two components with the 
next highest probabilities are also considered as 
potential blockage components and combined with the 
Top-1 component to form a candidate blockage set. 
When the actual blockage component is included in this 
set, it is regarded as being covered by the set. Fig. 6 
shows the coverage of the actual blockage component by 
the candidate sets composed of the Top-k components. 

 
Fig. 6 Coverage of the actual blockage component by 

the candidate sets 
The results show that including the Top-2 
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components increases the coverage by 6.02%, while 
further including the Top-3 components improves the 
coverage by an additional 1.76%. This indicates that the 
classes with high predicted probabilities are also likely to 
correspond to the actual blockage component. This may 
be due to the influence of measurement noise, which 
introduces deviations in the model predictions. 
Incorporating the Top-k components can effectively 
mitigate this issue. 

4.4 Limitations and future work 

Despite the promising localization performance, 
several issues deserve further investigation: 

(1) The case study assumes a relatively dense 
deployment of pressure sensors, while real systems may 
have fewer sensors installed. Therefore, the impact of 
sensor number and placement on localization 
performance should be further investigated. 

(2) Although impedance identification improves the 
accuracy of the hydraulic model, discrepancies may still 
exist between the calibrated model and the real system. 
Evaluating the influence of such modeling errors on 
blockage localization performance is important for 
assessing the practical applicability of the proposed 
method. 

(3) Measurement noise may affect the reliability of 
blockage localization. Future work will analyze the 
influence of different noise levels and explore data 
augmentation strategies to enhance the robustness of 
the ML model. 

5. CONCLUSIONS 
This paper proposes a model-data fusion-driven 

method for blockage localization in ACWPNs. In the 
proposed framework, measurement data from the 
SCADA system are used to calibrate the hydraulic model 
through impedance identification, and the calibrated 
model is further used to generate blockage samples for 
training the machine learning model. The main 
conclusions are summarized as follows: 

(1) After impedance identification using GA, the 
deviations between simulated and measured flow rate 
and pressure differences are within 1%, indicating that 
the calibrated hydraulic model can accurately represent 
the hydraulic behavior of the real system and provide a 
reliable basis for blockage simulation. 

(2) Based on the generated dataset, the trained MLP 
model achieves a blockage localization accuracy of 
90.52%. To improve localization reliability, this study 
further considers additional components with high 
predicted probabilities and groups them into a candidate 
blockage component set. When the candidate set 
consists of the two components with the highest 
predicted probabilities, the coverage of the actual 
blockage component increases by 6.02%. Expanding the 

candidate set to the three components with the highest 
predicted probabilities further increases the coverage by 
1.76%, indicating that incorporating multiple high-
probability components can effectively improve 
localization reliability. 

Overall, the proposed method provides an effective 
approach for blockage localization in ACWPNs and shows 
potential for supporting intelligent operation and 
maintenance of AC systems. 
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