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Abstract

Vanadium redox flow batteries (VRBs) are a promising technology for large-scale energy
storage because of their high safety, long cycle life, and flexible capacity design. However,
pump malfunctions during operation may disturb electrolyte flow distribution, induce
electrochemical instability, and, under severe conditions, accelerate stack degradation,
thereby reducing system safety and operational reliability. Restricted by factors including
the nonlinear coupling between sensor signals and operating conditions, as well as the
intricate electrochemical processes triggered by pump faults, effective fault diagnosis for
VRB pumps remains a prominent challenge. The paper proposes a novel Temporal Convo-
lutional Network (TCN)-Long Short-Term Memory (LSTM)-Multi-Head Self-Attention
(MATT) deep learning framework for intelligent pump fault diagnosis. The framework
operates through three complementary stages. Comprehensive experimental validation is
conducted using a purpose-built VRB fault experimental platform under various current
conditions. The results show that the proposed model achieves diagnostic accuracies
exceeding 90% for all three investigated pump fault types, namely bilateral pump fault,
positive pump fault, and negative pump fault. Comparative analysis confirms that the
proposed model significantly outperforms other architectures. The effectiveness of the
MATT in enhancing temporal feature extraction and fault diagnosis accuracy for VRB
systems is validated.

Keywords: vanadium redox flow battery; pump fault diagnosis; Temporal Convolutional
Network; Long Short-Term Memory; Multi-Head Self-Attention

1. Introduction

Fossil fuels constitute the dominant component of global primary energy consump-
tion, accounting for over 80% of total energy supply. Nevertheless, associated challenges
including resource depletion, climate change, and geopolitical instability present significant
systemic risks [1-3]. In response to these challenges, extensive research efforts have focused
on developing renewable energy technologies to address global energy requirements. How-
ever, the intermittent and fluctuating nature of renewable energy sources, such as wind and
solar power, creates challenges for stable grid integration. Therefore, high-performance
energy storage technologies have attracted increasing attention because they can smooth
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renewable power fluctuations, enhance grid flexibility, and support sustainable energy
systems [4-6]. Contemporary energy storage technologies can be classified into four pri-
mary categories. Mechanical and other long-duration energy storage technologies, such as
flywheel, pumped hydro, and compressed air energy storage, can provide large-scale grid
flexibility and support renewable energy integration, but their deployment is constrained
by site conditions, storage duration, cost, and system-level operating requirements [7,8].
Electromagnetic energy storage technologies have the advantages of high power density
and fast response, but their large-scale application is still limited by cost, system com-
plexity, and application adaptability [9]. Phase change energy storage achieves thermal
management through material phase transitions and, while having economic advantages, is
susceptible to environmental degradation [10]. Among these technologies, electrochemical
energy storage has attracted extensive attention because of its rapid response, flexible de-
ployment, high efficiency, and suitability for renewable-energy integration and distributed
energy systems [11]. Lithium-ion batteries (LIBs) have been widely studied as rechargeable
batteries based on intercalation chemistry [12]. However, unlike sealed LIB cells, VRBs
require continuous electrolyte circulation during operation. Therefore, pump-induced flow
imbalance is a characteristic and safety-critical fault mode in VRB systems.

Among electrochemical energy storage technologies, flow battery technology has
significant development prospects due to its characteristics of high safety, long cycle count,
and flexible capacity expansion [13-15]. Among various types of flow batteries, VRBs
are considered one of the most mature and promising technologies for large-scale energy
storage because of their long cycle life, high safety, and flexible capacity design [16]. VRBs
employ vanadium ion redox reactions and effectively reduce cross-contamination through
a dual-electrolyte circulation design, demonstrating high technical maturity compared
with other flow battery systems [17-19]. However, during dynamic operation, circulation
pump faults can cause electrolyte flow imbalance and unstable mass transport, resulting
in abnormal voltage responses and local electrochemical non-uniformity. Under severe or
long-term fault conditions, these effects may aggravate side reactions, electrolyte imbalance,
and capacity decay, posing potential risks to VRB safety and operational stability [20]. These
fault characteristics exhibit strong coupling and nonlinearity, making effective pump fault
diagnosis essential for safe VRB operation.

Common battery fault diagnosis methods can be categorized into three types: physics-
based methods, information theory-based methods, and data-driven methods. Physics-
based fault diagnosis methods establish electrochemical, thermal, or equivalent-circuit
models to estimate key internal battery parameters through state estimation and parameter
identification. When battery faults occur, these key parameters undergo abnormal changes,
enabling identification and detection of battery fault conditions. Pan et al. [21] combined
Pearson correlation coefficients with extended Kalman filtering and sliding-mode observers
to monitor voltage and temperature in real time, achieving rapid detection of internal short
circuits and fault severity diagnosis in lithium-ion batteries. Ma et al. [22] achieved precise
localization of faulty batteries within battery packs by comparing parameter differences
between the worst-performing battery and the average battery in the pack. Mehta et al. [23]
investigated the integration of thermal reduced-order models (TROM) with anomaly detec-
tion (AD) algorithms to identify performance deviations for predictive battery maintenance.
However, physics-based approaches exhibit limitations regarding accuracy under dynamic
operating conditions and applicability to multi-fault coupling scenarios.

Information theory-based fault diagnosis methods are primarily applied at the bat-
tery pack level and can be divided into two categories: statistical analysis and signal
processing. These methods usually have low computational requirements and are easy
to deploy. Qiu et al. [24] proposed a multi-level Shannon entropy-based fault diagnosis
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and inconsistency assessment procedure for battery energy storage systems. Gu et al. [25]
proposed a precise minor-fault diagnosis method for lithium-ion batteries based on phase
plane sample entropy. By constructing a voltage phase plane using voltage and first-order
voltage difference, the method calculates two-dimensional sample entropy in a sliding
window to detect early minor faults and predict their occurrence time. Chang et al. [26]
converted one-dimensional voltage signals into two-dimensional time-frequency maps
using continuous wavelet transform and used image entropy to identify voltage faults.
While information theory-based methods effectively quantify data uncertainty, the limited
physical correlation between fault mechanisms and information indicators constrains their
interpretability and practical engineering applications.

Data-driven fault diagnosis methods can perform battery fault diagnosis without
requiring highly accurate battery models. For example, Zhao et al. [27] proposed an
autoencoder method based on hybrid features (combining voltage, current, and equivalent
circuit model parameters) and generative adversarial network (GAN) training for early
detection of lithium-ion battery short-circuit faults. However, the representativeness and
diversity of available fault data still affect the generalization ability of data-driven models.
Recent studies have further demonstrated the potential of advanced data-driven methods
for battery fault diagnosis under complex operating conditions. Zhao et al. [28] developed
a spatio-temporal Transformer network for battery fault diagnosis and failure prognosis
using field data from electric vehicles, showing the capability of Transformer-based models
to capture multi-scale temporal information in battery operating signals. Cao et al. [29]
proposed a model-constrained deep learning framework for online fault diagnosis of
lithium-ion batteries under stochastic operating conditions, highlighting the importance
of combining data-driven modeling with physical constraints for real-time battery safety
monitoring. Ouyang et al. [30] introduced an optimized graph neural network to diagnose
voltage faults by learning the coupling relationships among battery cells, which improved
the localization performance of voltage-related faults. Li et al. [31] proposed a feature
engineering-driven multi-scale voltage anomaly detection method using real-world electric
vehicle data, demonstrating the importance of extracting sensitive voltage features for
early anomaly detection. Yu et al. [32] reviewed the challenges of lithium-ion battery fault
diagnosis from laboratory studies to real-world applications, emphasizing that model
generalization, real operating data, and robust feature extraction remain key issues.

Although these recent studies have advanced battery fault diagnosis, most of them fo-
cus on lithium-ion battery systems. Compared with sealed lithium-ion batteries, VRBs rely
on continuous electrolyte circulation, and pump-induced flow imbalance is a characteristic
and safety-critical fault mode. Therefore, intelligent diagnosis of VRB pump faults under
different current conditions still requires further investigation. In addition, existing single
neural network architectures often have difficulty capturing local temporal patterns and
long-term dependencies simultaneously, and they usually do not explicitly distinguish the
importance of different time positions within a sequence.

To address the above problems, this study proposes a TCN-LSTM-MATT deep learning
framework for intelligent pump fault diagnosis in VRB systems. Different from existing
TCN-LSTM or attention-based fault diagnosis methods, the proposed method is developed
for VRB pump fault signals under different current conditions by combining pump-fault-
related feature construction with hybrid temporal feature extraction. The novelty of this
work can be summarized as follows:

e  Pump-fault-related input features, including current, voltage, SOC, AR, and dU/dt, are
constructed to describe both the static operating state and dynamic voltage variation
of VRB pump faults;
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e A hybrid TCN-LSTM structure is developed to extract local dynamic patterns and
sequential dependencies from VRB pump fault data;

e A multi-head self-attention module is introduced to adaptively weight key fault-
related temporal information within the sliding window, thereby improving the diag-
nosis performance for different pump fault types.

The rest of this paper is organized as follows: Section 2 introduces the working
principle of VRB. Section 3 describes the proposed TCN-LSTM-MATT fault diagnosis model.
Section 4 presents the experimental platform, experimental procedure, data preprocessing,
and fault feature extraction. Section 5 discusses the fault diagnosis results and compares
the proposed method with other models. Section 6 concludes the paper and outlines
future work.

2. VRB Reactions

VRB is a type of redox flow battery in which vanadium ions of different valence
states serve as electrode-active reactants in solution form, stored separately in positive
(VO /VO,* redox couple) and negative (V2*/V3* redox couple) electrolyte tanks, as
shown in Figure 1. During operation, the positive and negative electrolytes are circulated
through the stack by pumps and are separated by a proton exchange membrane, which
allows proton transport while reducing electrolyte crossover. Redox reactions of vana-
dium ions at electrodes and hydrogen ion migration across the membrane complete the
charge-discharge process, with distinct color changes of vanadium ions enabling rough
state estimation. VRB has a theoretical standard potential of ~1.26 V, and a practical
single-cell open-circuit voltage of 1.5-1.7 V.
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Figure 1. Schematic of the VRB system.

Pump faults, typically manifested as abnormal pipeline pressure, irregular flow rate
and stack voltage fluctuations, will cause electrolyte flow imbalance. Prolonged operation
under pump faults leads to insufficient local electrolyte supply in the stack, elevates positive
potential, accelerates electrode corrosion, and triggers high local potential gradients, which
aggravate side reactions on bipolar plates. Severe faults may even cause system shutdown
and irreversible structural damage, posing major threats to operation safety. All chemical
reactions of VRB are listed in Table 1.
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Table 1. Chemical reactions in VRB.
Reactions in Cell In Positive In Negative
VOZ+ LOHT 4 discharging VOt +H,0 V2t discharging Va+ iy
Redox reactions charging discharei charging
V2 £ VO, t 4 2HT 808, 3+ | yO2t 4+ H,0
charging
hargi harei
Side reactions 2H0 8 4l 1 0, + 4o 2H* 420~ T8 1,
discharei discharei
VO2+ 4+ 2HT 4 o~ 5088 3+ 4 1,0 V3t 4+ H0 2228 ot 4 VO 4o

Carbon corrosion reactions

C +2H,O — 4H' + CO;, + 4e~

3. Theoretical Background
3.1. Temporal Convolutional Networks (TCN)

TCN is a deep learning architecture derived from convolutional neural networks
(CNNs) for sequence modeling. It borrows convolution operations from CNN but uses
dilated convolutions and causal convolutions, where the convolution window becomes
larger in upper layers with more ‘holes” in the convolution window. Compared with
conventional CNNs, TCNs can capture long-range temporal dependencies more effectively
through dilated causal convolutions.

The definition of dilated convolution is given below. For filter f = (f1, f2, ..., fy) and
sequence X = (x1, X2, ..., x7), the dilated convolution is calculated as

F(x) = Zfixsfdi 1)
i=0
where d represents the dilation factor, k represents the filter size, i is the convolution kernel
position, and subscript s-d; represents the (s-d;)th element of the previous layer. The specific
structure is shown in Figure 2.

~

Output Layer (d=4)
Hidden Layer (d=2)
Hidden Layer (d=1)

Input Layer

)

Figure 2. Dilated convolution structure.

3.2. Long Short-Term Memory (LSTM)

LSTM is a special type of Recurrent Neural Network (RNN) that effectively solves the
gradient vanishing and gradient exploding problems of traditional RNNs when processing
long sequence data by introducing gating mechanisms. It is suitable for VRB pump fault
data modeling and analysis, and its structure is shown in Figure 3.
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N

Figure 3. LSTM structure.

LSTM achieves effective information transmission and processing through the intro-
duction of a new memory cell ¢;:

& = tanh(W,[l;_1, x¢] + be) )
Cr=fr X1+ X & 3)

fr = ot(Welhe—q, xe] + by) (4)
iy = o (Wilhe_q, x¢] + b;) 5)
h; = o4 * tanh(c;) (6)

oy = 0 (Wo[hy—1, x¢] + bo) 7)

where ¢; represents the retained or updated value in the cell state, designates the hidden
node, x; symbolizes the input data, b characterizes the bias vector during training, f;
indicates the forget gate vector, o¢(-) corresponds to the sigmoid function, i; represents the
input gate, h; indicates the hidden node output, and o; designates the output gate.

3.3. Multi-Head Self-Attention (MATT)

Attention mechanisms assign different weights to different parts of input data and
have been widely used in sequence modeling tasks. Subsequently, this mechanism has been
widely applied to various fields including machine translation and time series forecasting.
In this study, the multi-head self-attention (MATT) module is used to capture correlations
between different positions in the input sequence. Its working principle involves calcu-
lating attention weights between each position and all other positions, then performing
corresponding weighted summation on the input sequence. This mechanism enables the
model to assign adaptive weights to different temporal positions and capture important
sequence information more effectively.

3.4. TCN-LSTM-MATT Model Architecture

The VRB pump fault data is time series data, and these parameters contain rich
spatiotemporal feature information and nonlinear relationships. To avoid data leakage
caused by overlapping sliding windows, the raw chronological data were partitioned
before sliding-window segmentation. In the revised implementation, continuous raw data
segments with the same operating label were first identified. Complete segments were
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then assigned to the training and testing subsets according to a target ratio of 17:3. After
that, sliding-window segmentation was performed independently within the training and
testing subsets, with a window size of 5 and a step size of 1. The features within each
sliding window were organized as time-series inputs, and the label of the last time step was
used as the sample label. In this way, no overlapping or adjacent windows were shared
between the training and testing sets, and the testing samples were generated from unseen
raw chronological segments. The training data are then used to train the proposed model.
The model first extracts nonlinear spatial correlation features among multiple parameters
through dilated causal convolution, then combines LSTM to capture long-term temporal
dependencies of fault evolution, and introduces an attention mechanism to dynamically
weight fault precursor information at key time steps. Finally, fault diagnosis is output
through a fully connected layer. Figure 4 shows the flowchart of the entire model.

4 TCN-LSTM-MATT Network \
TCN Layer LSTM Layer FC Layer
ReLU
Py PY A
[ [ J z —e ¥
5 )
. — o — ; % -0 Y
B
¢ o S 5
2 L]
o o W N
- . @

4 Data Processing M

Stride Length L
= —’iY 5 ~%

______ I H—
Xy X, @ X,

N i J

Figure 4. Workflow of the proposed TCN-LSTM-MATT model for VRB pump fault diagnosis.

4. Experiment
4.1. Experimental Platform

The VRB fault experimental platform consists of three core modules: single-cell system,
high-precision battery performance testing system, and a host-computer monitoring system,
as shown in Figure 5. This integrated platform enables controlled simulation of circulating-
pump faults and real-time acquisition of battery response data, providing an experimental
basis for pump fault diagnosis. The VRB test system is manufactured by Wuhan Zhisheng
New Energy Co., Ltd in Wuhan City, Hubei Province, China.

The single-cell system comprises a single cell unit, electrolyte storage vials, peristaltic
pumps, and connecting conduits. The lower-level controller connects to the battery current
collector plates via alligator clips and is responsible for receiving commands transmitted
from the upper-level controller through the intermediate controller, controlling channel
charging/discharging operations, applying current, executing charging—discharging strate-
gies, and real-time acquisition of channel voltage and current data for transmission to the
intermediate controller. The intermediate controller provides network connectivity, receives
control commands from the upper-level controller and relays them to the lower-level con-
troller, while simultaneously receiving data collected from the lower-level controller and
transmitting it to the upper-level controller, with capability for temporary data storage in
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case of upper-level controller interruption. The upper-level controller is equipped with the
BTS 7.6.X battery testing system, connected to the intermediate controller via an Ethernet
cable, enabling data acquisition, command transmission, and test procedure programming.

Host (

© Data

——
: Control :

Single Cell
Pump = e
+ Tank o
\ d A »

Figure 5. VRB fault experimental platform for pump fault data acquisition.

The single-cell system serves as the core reaction unit of the experiment, with parame-
ter design fully considering the operational characteristics of vanadium flow batteries: a
Nafion N117 proton exchange membrane (thickness approximately 183 um, ionic conduc-
tivity > 0.08 S/cm) was employed to ensure selective permeation of vanadium ions; porous
electrodes (0.03 m x 0.03 m) utilized graphite felt material (porosity > 90%) to maximize
the electrochemical reaction surface area; a serpentine flow channel design (channel width
2 mm, depth 1 mm) was implemented to optimize electrolyte distribution uniformity and
minimize concentration polarization; complementary 200 mL electrolyte tanks ensured
continuous supply of reactants. Table 2 provides detailed specifications of key parameters
and equipment models for the single-cell system, establishing standardized criteria for
experimental reproducibility and result comparability.

Table 2. VRB single-cell system parameters.

Parameter Name Model/Dimension
Charging cut-off voltage 1.7V
Discharging cut-off voltage 1.0V
Current 500 mA, 1000 mA, and 1500 mA
Circulating pump BT100M-YZ1515X
Electrolyte tank 200 mL
Flow rate 60 mL min~!
Temperature 293.15K
Proton exchange membrane Nafion N117
Electrolyte concentration 1.7 mol L1

End plate
Flow channel
Porous electrode
Gasket
Insulation sheet

0.09 m x 0.09 m
Serpentine flow channel
0.03m x 0.03m
0.08 m x 0.06 m
0.09 m x 0.07 m
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4.2. Experimental Steps

To comprehensively reveal the characteristic performance of VRB under pump fault
conditions, this section designs VRB pump fault experiments with constant current
charging—discharging under different charging—discharging currents (500 mA, 1000 mA,
and 1500 mA). In the experiments, recoverable faults are artificially created, specifically
including positive pump fault, negative pump fault, and bilateral pump fault. In practical
operation, pump faults may develop progressively, leading to a gradual decrease in elec-
trolyte flow rate and eventually to pump stoppage under severe conditions. In this study,
pump shutdown was used as a controlled and repeatable experimental method to simulate
an extreme pump fault condition with complete flow-supply interruption. This artificial
fault setting mainly represents short-term severe and recoverable pump fault conditions
and does not fully cover long-term real-world pump degradation modes, such as gradual
flow-rate decay, intermittent pump-speed fluctuation, partial blockage, or pump efficiency
degradation. The initial preparatory stage prior to charging serves to ensure complete
discharging of the VRB, and data from this phase are excluded from the valid experimental
results. According to the calculation results of the Nernst equation, when the voltage is less
than or equal to 1.0 V, the VRB is considered to be in a completely discharged state with 0%
SOC. Conversely, when the voltage is greater than or equal to 1.7 V, the VRB is considered
to be in a completely charged state with 100% SOC. Therefore, the charging—discharging
voltage range of VRB is always maintained between 1.0 V and 1.7 V. The initial preparatory
phase ensures complete VRB discharge, with corresponding data excluded from exper-
imental analysis. The initial step functions as a preparatory phase to achieve complete
VRB discharging, with corresponding data excluded from the experimental analysis. The
specific experimental procedure settings are illustrated in Figure 6.

Charge/Discharge the VRB to cut-
off voltage

Discharge/Charge the VRB ata
current of 500 mA for 240s

Repeatx1

Shut down the fault side (positive,
negative or bilateral pump) for 30s

Discharge/Charge the VRB ata
current of 1000 mA for 240s

Repeatx 1 {

Shut down the fault side (positive,

negative or bilateral pump) for 30s

Discharge/Charge the VRB at a
current of 1500 mA for 240s

Repeatx1

Shut down the fault side (positive,
negative or bilateral pump) for 30s

Discharge/Charge the VRB to cut-
off voltage

End

Figure 6. Experimental procedure for artificially induced VRB pump faults under different current
conditions.
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The charging process experimental steps are as follows:

Step 1.1: Discharging with a constant current of 1.0 A until the terminal voltage reaches

1.0V.

Step 1.2: Charging with a constant current of 500 mA for 4 min, then shut down the

fault-side (positive, negative and bilateral) circulation pump for 30 s.

Step 1.3: Charging with a constant current of 1000 mA for 4 min, then shut down the

corresponding fault-side circulation pump for 30 s.

Step 1.4: Charging with a constant current of 1500 mA for 4 min, then shut down the

fault-side circulation pump for 30 s.
Step 1.5: Charging with a constant current of 1500 mA until the terminal voltage

reaches 1.7 V.

The discharging process experimental steps are as follows:

Step 2.1: Charging with a constant current of 1.0 A until the terminal voltage reaches

1.7 V.

Step 2.2: Discharging with a constant current of 1500 mA for 4 min, then shut down
the fault-side circulation pump for 30 s.
Step 2.3: Discharging with a constant current of 1000 mA for 4 min, then shut down
the corresponding fault-side circulation pump for 30 s.
Step 2.4: Discharging with a constant current of 500 mA for 4 min, then shut down the
fault-side circulation pump for 30 s.
Step 2.5: Discharging with a constant current of 500 mA until the terminal voltage

reaches 1.0 V.

In the above experimental steps, the flow rate is uniformly set to 60 mL min~!, and the

voltage data sampling frequency is once per second. The partial terminal voltage changes of

the VRB single cell obtained from the fault experiments are shown in Figure 7. Analysis of

the experimental data demonstrates the occurrence of abnormally elevated voltages at each

fault location. This phenomenon results from non-uniform vanadium ion concentration
distribution on the affected electrode, leading to local abnormally high potentials within the
VRB stack. Under severe or prolonged fault conditions, such local potential elevation may

aggravate electrochemical non-uniformity and increase the risk of side reactions and stack

degradation. Therefore, this local ultra-high potential actually promotes the occurrence of

fault-side reactions, further deteriorating the operating conditions of the VRB system.

N
¢}
T

(a) Bilateral fault
Positive fault
Negative fault

1500 mA 1000 mA 500 mA

13 26
Time (min)

Voltage (V)

500 mA

1000 mA

Bilateral fault
Positive fault
Negative fault]

1500 mA

26
Time (min)

55

Figure 7. VRB single-cell terminal voltage variation: (a) charging; (b) discharging.

4.3. Data Preprocessing

Based on the VRB pump fault experiments described in Section 4.2, experimental data
were collected for three pump fault categories.
The experimental protocol comprises two primary phases to ensure data quality and
system stability. During the experimental preparation phase, the initial terminal voltage
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of the VRB is recorded at the onset of each fault experiment. The initial state of charge
(SOCQ) is subsequently determined using the established open-circuit voltage (OCV)-SOC
calibration curve.

The BT100M-YZ1515X peristaltic pump used in this study has a speed range of
0.1-100 rpm and a speed resolution of 0.1 rpm. When equipped with the YZ1515X pump
head, its flow-rate range is 0.007-380 mL min~!, with a flow error of less than +0.5%.
The pump supports digital speed control, R5485/MODBUS communication, and external
analog control signals, including 0-5 V, 0-10 V, and 4-20 mA. In this study, the electrolyte
flow rate was set to 60 mL min~!.

Due to the hardware configuration of the current laboratory platform, flow-rate ad-
justment was performed manually, and the system was temporarily paused during the
adjustment process. This pause was an artifact of the laboratory setup rather than a require-
ment of the pump or the proposed diagnostic model. The data collected during the pause
and transition periods were excluded from model training and testing. In an automated
online BMS, pump operation can be electronically controlled, and continuous monitoring
signals can be collected without manual interruption. Therefore, future work will further
validate the model using continuous online stack-level data.

After excluding idle, manual-adjustment, and transition-period data, the remaining
valid chronological data were used for feature extraction and model training. To prevent
information leakage, the data were first divided at the raw segment level before sliding-
window generation. Continuous segments with the same operating label were identified,
and complete segments were assigned to the training and testing subsets according to a
target ratio of 17:3. Sliding-window segmentation was then conducted separately within
each subset, with a window size of 5 and a step size of 1. Normalization parameters were
calculated only from the training set and then applied to the testing set.

Table 3 reports the distribution of the three pump fault categories. The normal-
state samples Fy were extracted from normal operating periods and were included in the
complete four-class dataset used for model training, testing, and comparison experiments
in Section 5.

Table 3. Quantity distribution of VRB single-cell system pump fault experimental fault dataset.

Positive Fault Negative Fault Bilateral Fault
Training set 3450 3945 4116
Testing set 609 696 726
Total 4059 4641 4842

4.4. Fault Feature Extraction

The input feature parameters available for the VRB pump fault diagnosis model
include charging-discharging current, flow rate, SOC, and historical voltage data types. In
the paper, current I, voltage U, state of charge SOC, AR, and the derivative of voltage with
respect to time dU/dt are selected as input features.

The voltage signal is affected by electrochemical characteristics, temperature, flow
rate, and VRB material properties. Therefore, the voltage signal is one of the key signals in
VRB health detection indices.

To eliminate the influence of current changes, we consider using AR as an input feature
parameter, with the calculation formula as follows:

_ Ui — Uiy

AR
I

(8)
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where U; is the voltage at time ¢, U;_; is the voltage at the previous time t — 1, and I; is the
current at time ¢.

When the VRB undergoes charging—discharging cycles, AR fluctuates when discharg-
ing approaches 1.0 V or charging approaches 1.7 V. Therefore, SOC is selected as one of
the input feature parameters to limit the fluctuations in AR when charging—discharging
approaches the cutoff voltage.

According to the voltage variation curves in Section 4.2, it can be observed that
abnormally high voltages appeared at each fault point on the fault side. Therefore, we
present the derivative of voltage with respect to time to further enhance the characteristics
generated when pump faults occur.

4.5. Feature Correlation and Importance Analysis

To further evaluate the rationality of the selected input features and examine possible
feature redundancy, Pearson correlation analysis, Random Forest-based feature importance
analysis, permutation importance evaluation, and ablation analysis were conducted.

Figure 8a shows the Pearson correlation matrix of the input features. The correlation
coefficient between AR and dU/dt is 0.976, indicating a high correlation. This is expected
because both features are derived from terminal voltage variation and describe the dynamic
voltage response during pump faults. In addition, U and SOC show a high correlation
coefficient of 1.000, since SOC is closely related to the voltage state of the VRB. However,
the correlations between U and AR, and between U and dU /dt, are much lower, with values
of 0.309 and 0.330, respectively. This indicates that the static voltage level and dynamic
voltage variation still provide different diagnostic information.

Figure 8. Feature correlation and importance analysis: (a) Pearson correlation matrix of input features;
(b) feature importance and permutation importance.

Figure 8b shows the permutation importance analysis of the input features. The results
show that AR and dU/dt have the highest permutation importance values, which are 0.4406
and 0.2694, respectively. These values are higher than those of U and SOC, indicating that
the two dynamic voltage-related features play an important role in pump fault diagnosis.

To further evaluate the contribution of these features, an ablation analysis was per-
formed, as shown in Table 4. When all features were used, the macro-F1 score was 0.8612.
When AR or dU/dt was removed individually, the macro-F1 score decreased to 0.8459
and 0.8290, respectively. When both AR and dU/dt were removed, the macro-F1 score
decreased significantly to 0.2874. This result indicates that although AR and dU/dt are
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highly correlated, they contain essential dynamic fault information and should not be
regarded as ineffective redundant inputs.

Table 4. Confusion matrix for two-class problem.

Predicted Positive Predicted Negative
Actual positive True positive (TP) False negative (FN)
Actual negative False positive (FP) True negative (TN)

Therefore, the simultaneous use of U, AR, and dU/dt did not degrade performance the
proposed TCN-LSTM-MATT model after normalization and nonlinear feature extraction.
Instead, these features provide complementary information for identifying pump fault
characteristics from both static voltage state and dynamic voltage variation.

5. Results and Discussion
5.1. Model Performance Evaluation Metrics

For the constructed data-driven VRB fault classifier, to ensure the visualization of its
performance and effectiveness, corresponding performance indicators need to be adopted
to evaluate the fault diagnosis results of the classifier. The main performance indicators
focused on in this section include diagnosis accuracy, precision, recall, confusion matrix.

One of the most informative methods for evaluating classifier performance is based
on confusion matrix analysis. Table 4 shows the confusion matrix for a two-class problem,
with class labels as negative and positive.

Quantities of commonly used metrics for evaluating machine learning system per-
formance from the confusion matrix, including overall fault detection accuracy (ACC),
sensitivity (SE), and positive predictive value (PPV) are introduced, are calculated by

TP+ TN
ACC = TP+ TN +FP+FN ©)
TP
SE = TP +FN (10)
TP
PPV_TP+FP (1

5.2. Diagnostic Results

The paper defines Fj as normal condition, F; as bilateral pump fault, F, as posi-
tive pump fault, and F3 as negative pump fault. Using the leakage-free segment-level
partitioning strategy described in Sections 3.4 and 4.3, the raw chronological segments
were first assigned to the training and testing subsets according to a target ratio of 17:3.
Sliding-window segmentation was then performed independently within each subset be-
fore model training and testing. To comprehensively and accurately evaluate the classifier’s
performance, PPV and SE are adopted as key evaluation metrics, with their specific values
presented in Table 5. The confusion matrix in Figure 9 presents the detailed classification
results, where each row represents the true labels and each column represents the predicted
labels. It should be noted that the reported ACC of 99.25% mainly reflects the overall
fault detection performance of the model in distinguishing normal and faulty operating
data. The diagnosis capability for specific pump fault types is evaluated using class-wise
diagnostic precision. The diagnostic precisions for Fy, Fp, and F3 are 94.23%, 90.20%, and
91.84%, respectively, all exceeding 90%. These results indicate that the proposed model
achieves effective diagnosis for the three investigated pump fault types.
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Table 5. VRB pump fault diagnosis results based on TCN-LSTM-MATT.

Indicators Fy F, F, F3
PPV (%) 99.80 94.23 90.20 91.84
SE (%) 100 94.23 88.46 86.54
ACC (%) 99.25
100%
I 99.80%
80%
F, 4 94.23% 60%
F- 90.20% [ 40%
- 20%
Fiy - . 91.84%
T T 0%

Fy F £ £y
Figure 9. Confusion matrix of the proposed model for VRB pump fault diagnosis.

As depicted in Figure 10, the confusion matrix evidences the outstanding classification
accuracy of the proposed approach across all fault categories, indicating robust performance
in multi-class fault diagnosis applications. The diagonal distribution of correctly predicted
categories (black diamonds) indicates high classification accuracy, with most predictions
concentrated along the main diagonal. The sparse distribution of incorrectly predicted
categories (red stars) reveals minimal misclassification errors, primarily occurring between
adjacent fault categories F, and F3.

¢ Correctly Predicted Categories
% Incorrectly Predicted Categories
Fit Wk *
F. o F Firo summmmun s * *
F 1 r C————————— * ok
F, ol ——————— * * *
FO Fl FZ F3

Figure 10. Prediction results of the proposed model for normal and pump fault operating conditions.

The main misclassification occurs between F, and F3, namely positive pump fault and
negative pump fault. Although these two faults involve different half-cell redox reactions,
the experiments were conducted on a small-scale single-cell platform, and no obvious side
reactions were observed during the short pump-shutdown period. In addition, the selected
input features, including terminal voltage, current, SOC, AR, and dU/dt, mainly describe
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the global cell response rather than the individual positive and negative half-cell potentials.
Under short-term pump interruption, both faults can cause insufficient electrolyte supply,
weakened convective mass transfer, voltage fluctuation, and impedance-related variation.
Therefore, similar terminal-voltage-based dynamic patterns may be generated, leading to
bidirectional misclassification between F, and F3.

This result indicates a limitation of the current feature set. In future work, positive
and negative half-cell potentials measured by reference electrodes will be introduced to
better capture asymmetric electrochemical behavior and improve the separability between
positive and negative pump faults.

Notably, Fy and F; exhibit excellent discrimination with virtually no misclassification,
demonstrating the model’s robustness in distinguishing between healthy and critical
system states.

To further improve the interpretability of the proposed TCN-LSTM-MATT model, the
temporal attention scores generated by the multi-head self-attention layer were visualized,
as shown in Figure 11. Different from post hoc normalized activation values, the atten-
tion scores were computed by reconstructing the scaled dot-product attention from the
trained multi-head self-attention layer. Specifically, for each correctly classified test sample,
the LSTM outputs were projected using the learned QueryWeights and KeyWeights to
obtain the query and key representations. The scaled dot-product softmax attention scores
were then calculated and averaged across attention heads, query positions, and correctly
classified test samples from the same class.

F, 1| {021

0.18

0.17

0.16

0.15

0.14

3 4
Window time step

Figure 11. Mean softmax attention scores computed from the trained multi-head self-attention layer.

Since the sliding-window size was set to 5, the horizontal axis represents the five
relative time positions within each input window rather than the five input features. For
each class, the averaged attention scores over the five time positions approximately sum
to one, which is consistent with the softmax attention mechanism. As shown in Figure 11,
the model assigns different attention scores to different time positions within the sliding
window. The middle and later time positions generally receive relatively higher attention
scores, indicating that the MATT module helps the model focus on important temporal
information close to the diagnosis moment. This is consistent with the sliding-window
labeling strategy, where the last time step is used as the sample label.
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5.3. Comparison of Different Models

The proposed model was implemented in MATLAB R2023a on a computer equipped
with an Intel Core i5-14500HX CPU with 14 cores and 20 logical processors, an NVIDIA
GeForce RTX 4060 Laptop GPU, and 16 GB of RAM. The leakage-free training and testing
subsets generated by segment-level partitioning were used for all compared models. The
comparison of diagnostic results of four models is shown below.

Table 6 presents an ablation comparison to evaluate the progressive contribution of
TCN, LSTM, and MATT in the proposed architecture.

Table 6. PPV of diagnostic results for the four models.

PPV (%)
Model
Fy F F, F;
LSTM 99.54 75.93 63.93 69.81
TCN 99.49 75.00 71.43 75.47
TCN-LSTM 99.54 82.69 76.36 80.77
TCN-LSTM-MATT 99.80 94.23 90.20 91.84

The comparative results presented in Figure 12 and Table 6 reveal the performance
differences among the four models. The LSTM model shows the lowest fault diagnosis
performance, mainly because a single recurrent structure has limited ability to extract local
temporal patterns from VRB pump fault signals. The TCN model performs better than
LSTM, which can be attributed to its dilated causal convolution structure for capturing
local and long-range temporal dependencies. The TCN-LSTM hybrid architecture further
improves diagnostic precision by combining the local temporal feature extraction ability of
TCN with the sequential modeling ability of LSTM.

LSTM
os L TCN
100% TCN-LSTM
TCN-LSTM-MATT

90%

>

B 80% |
70% |
60% T

T T T
F, F, F, Fy
Figure 12. Comparison of diagnostic results of four models.

The proposed TCN-LSTM-MATT model achieves the highest precision values for the
three pump fault categories. This indicates that the MATT module can adaptively assign
different weights to temporal positions within the sliding window and help the model
focus on fault-related temporal information. Therefore, the progressive improvement from
LSTM and TCN to TCN-LSTM and TCN-LSTM-MATT demonstrates the effectiveness
of combining local temporal feature extraction, sequential dependency modeling, and
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temporal attention weighting for VRB pump fault diagnosis. The consistent performance
gains across the fault categories further indicate the effectiveness and stability of the
proposed approach.

To further evaluate the performance and robustness of the proposed model under
different amounts of training data, comparative experiments were conducted using the
leakage-free segment-level holdout protocol. The training data scales were set to 10%, 20%,
40%, 80%, and 100%. These percentages refer to the proportion of the training candidate
pool used for model training, rather than the total number of samples listed in Table 3. The
testing set was kept fixed for fair comparison. Complete label-homogeneous segments
were first assigned to the training and testing subsets, and sliding-window segmentation
was then performed independently within each subset to avoid data leakage.

In addition to LSTM, TCN, Transformer, and the proposed TCN-LSTM-MATT model,
two recent time-series models, PatchTST and TimesNet, were also introduced as advanced
baselines. Transformer-based models have been widely used for sequence modeling, while
PatchTST and TimesNet have shown strong capability in time-series representation learning.
Therefore, LSTM, TCN, Transformer, PatchTST, TimesNet, TCN-LSTM, and the proposed
TCN-LSTM-MATT model were compared under the same training and testing splits. The
maximum, minimum, and average accuracies of repeated experiments were reported to
evaluate the diagnostic performance and robustness of each method.

As shown in Table 7, the diagnostic accuracy of all models generally increases as the
training data scale increases. Compared with LSTM and TCN, Transformer, PatchTST,
and TimesNet achieve higher accuracies, indicating that advanced temporal modeling
structures can improve the extraction of short-term dynamic fault features. Among all
compared models, the proposed TCN-LSTM-MATT model achieves the highest average
accuracy under all training data scales. This demonstrates that the combination of TCN-
based local temporal feature extraction, LSTM-based sequential dependency modeling, and
multi-head attention-based temporal weighting is effective for VRB pump fault diagnosis,
especially under limited training data conditions.

Table 7. Diagnostic accuracy of different models under different training-set percentages.

Training Sets Model Max-ACC Min-ACC Ave-ACC
LSTM 93.21 92.00 92.57
TCN 93.50 92.29 92.86
o Transformer 95.39 94.76 95.09
10% PatchTST 95.00 94.33 94.62
TimesNet 95.68 94.96 95.30
TCN-LSTM-MATT 96.99 96.31 96.50
LSTM 94.47 93.92 94.19
TCN 94.93 94.19 94.67
o Transformer 95.99 95.39 95.61
20% PatchTST 95.85 95.16 95.43
TimesNet 96.22 95.48 95.71
TCN-LSTM-MATT 97.19 96.31 96.86
LSTM 95.99 94.94 95.45
TCN 96.08 95.22 95.60
o Transformer 97.08 96.54 96.75
40% PatchTST 96.95 96.13 96.52
TimesNet 97.13 96.26 96.79
TCN-LSTM-MATT 98.50 97.08 97.73
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Table 7. Cont.
Training Sets Model Max-ACC Min-ACC Ave-ACC
LSTM 96.36 95.40 95.88
TCN 97.09 96.08 96.68
80% Transformer 98.59 97.45 97.95
© PatchTST 98.36 97.31 97.69
TimesNet 98.82 97.63 98.11
TCN-LSTM-MATT 99.18 97.77 98.42
LSTM 97.10 96.38 96.80
TCN 97.96 97.15 97.67
100% Transformer 99.28 98.51 98.90
° PatchTST 99.00 98.33 98.72
TimesNet 99.32 98.64 98.91
TCN-LSTM-MATT 99.50 98.78 99.18

6. Conclusions

Previous methods did not comprehensively consider temporal information or dis-
tinguish the importance of different temporal positions, and single neural network archi-
tectures have difficulty capturing local temporal patterns and long-term dependencies
simultaneously. To address these challenges, this study proposes a TCN-LSTM-MATT
model for intelligent VRB pump fault diagnosis. The results show that the proposed model
achieves high overall diagnostic accuracy, and the class-wise PPVs of all investigated pump
fault categories exceed 90%. Compared with the baseline models, the proposed model
achieves better diagnostic performance. In particular, compared with the TCN-LSTM
model, the TCN-LSTM-MATT model achieves higher diagnostic accuracy, indicating that
the MATT module can enhance the representation of fault-related temporal information
within the sliding window. These results demonstrate the effectiveness of combining local
temporal feature extraction, sequential dependency modeling, and temporal attention
weighting for VRB pump fault diagnosis. This study provides a basis for intelligent moni-
toring systems that can support early pump fault diagnosis and improve the operational
reliability of VRB systems for grid-scale energy storage applications.

Although the proposed TCN-LSTM-MATT model achieves high diagnostic accuracy
on the single-cell experimental platform, its direct application to kW-class stack systems
still requires further validation. In stack-level VRB systems, pipeline pressure drop, elec-
trolyte transport delay, shunt current, and non-uniform flow distribution may change the
amplitude, delay, and coupling characteristics of the measured signals. Therefore, the input
feature set, window length, and model parameters may need to be adjusted when the model
is transferred from single-cell voltage monitoring to full-stack monitoring. In future work,
stack-level signals, including stack voltage, single-cell voltage distribution, inlet/outlet
pressure, flow rate, and temperature, will be introduced to improve the adaptability and
robustness of the model in practical kW-class VRB systems. In addition, the present study
simulated an extreme pump fault condition with complete flow-supply interruption. More
realistic progressive pump degradation modes, such as gradual flow-rate decay, intermit-
tent pump-speed fluctuation, partial blockage, pressure variation, and long-term pump
performance degradation, will be further considered to improve the practical applicability
of the proposed diagnosis method. The real-time deployment of the proposed model will
also be evaluated by analyzing its computational cost, inference speed, memory usage, and
embedded implementation performance on practical BMS hardware.
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