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ABSTRACT

High-speed railway traction power systems rely on continuous monitoring of
traction current, catenary voltage, transformer temperature, feeder load, breaker
status, harmonic distortion, return current, and protection relay signals. These
variables are causally linked through power conversion, train operation schedules,
load transfer, and protection-control mechanisms. Abnormal events may appear
first as small electrical deviations and then propagate across substations, feeders,
and onboard traction equipment. This study proposes a counterfactual root-cause
analysis method for multivariate traction power system anomalies in high-speed
railways. The method learns a time-lagged causal dependency structure among
electrical, thermal, and protection variables under different operating regimes. For
each abnormal segment, counterfactual trajectories are generated by intervening on
suspected driver variables, and root-cause ranking is performed according to the
reduction in downstream residual deviation. Experiments are conducted on a
traction power monitoring dataset covering 62 substations, 184 feeder sections, 416
protection relays, and 73 monitoring variables collected at 2-second intervals over
13 months. The dataset contains 516 million time-stamped records and 1,540
maintenance-verified abnormal events, including feeder overload, catenary voltage
sag, transformer thermal rise, harmonic disturbance, breaker misoperation, and
relay-delay events. The proposed method shortens median root-cause analysis time
from 29.3 minutes to 8.5 minutes compared with a temporal graph reconstruction
model. The average fault-section localization error decreases from 4.1 feeder
sections to 1.3 feeder sections. Causal intervention analysis identifies primary
driver variables in 1,170 events before protection signals become dominant. The
median online inference latency is 34 ms per monitoring window, supporting near-
real-time railway operation monitoring. These findings indicate that counterfactual
causal analysis can provide fine-grained and interpretable anomaly diagnosis for
high-speed railway traction power systems.

1. Introduction

High-speed railway traction power systems (TPSs) provide continuous electrical energy for
train operation and directly affect transportation safety, operational punctuality, and network
reliability. A typical TPS consists of traction substations, autotransformer stations, feeders, catenary
lines, traction transformers, circuit breakers, and protection relays. During operation, these
components generate large volumes of multivariate time-series data, including traction current,
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catenary voltage, transformer temperature, feeder load, breaker status, harmonic distortion, return
current, relay signals, and train-induced load variations. These variables are strongly coupled
through electrical power transmission, thermal accumulation, protection coordination, and train
movement. A small deviation in one component may therefore propagate rapidly across feeders,
substations, and catenary sections, producing multiple correlated abnormal signals (Zhang et al.,
2026; Salles & Ronnberg, 2023). Accurate identification of the initiating fault is essential for
preventing cascading failures, shortening maintenance time, reducing unnecessary inspections, and
maintaining uninterrupted railway operation (Qi & Qiao, 2026).

Recent studies have introduced simulation-based models, recurrent neural networks, graph
neural networks, and Transformer architectures to improve anomaly detection in railway power
systems (Oskouei et al., 2025). Causal-inference-based multivariate anomaly detection has further
demonstrated that directed dependencies among variables can support more fine-grained anomaly
identification than conventional methods based only on statistical correlation or reconstruction
error (Chen et al., 2025). This finding is particularly relevant to TPS monitoring because abnormal
electrical and protection signals often exhibit clear temporal ordering and propagation relationships.
Recurrent models can capture sequential variations in current, voltage, and temperature, while
graph-based methods represent substations, feeders, relays, or monitored variables as
interconnected nodes. Transformer-based models further improve the representation of long-range
temporal dependencies under changing train loads and operating conditions (Su & Dong, 2026;
Ahmed & Nandi, 2023). These approaches generally achieve stronger detection performance than
fixed-threshold or conventional statistical methods. Despite these advances, most existing data-
driven methods remain designed primarily to determine whether an anomaly has occurred or which
segment exhibits the largest deviation. Variable importance is commonly estimated using
reconstruction residuals, prediction errors, graph weights, or attention scores (Ma, 2026; Gao et al.,
2026). Such measurements describe statistical association but do not necessarily indicate causal
responsibility. When several variables are tightly coupled, a downstream variable may display a
larger deviation than the initiating variable and may therefore receive a higher anomaly score.

For example, a feeder insulation fault may initially cause a slight change in leakage or return
current, followed by voltage fluctuation, harmonic distortion, breaker response, and protection-
relay activation. A correlation-based model may incorrectly identify the relay signal or catenary
voltage as the root cause because these responses are more pronounced than the initial fault
signature. This limitation reduces the practical value of anomaly detection results for fault isolation
and maintenance decision-making (Leite et al., 2024; Omol et al., 2024). Root-cause diagnosis in
TPSs is further complicated by time-varying train loads, regenerative braking, switching operations,
protection logic, and spatial propagation across adjacent power-supply sections. Traction current
and feeder load may change sharply as trains accelerate, cruise, or brake, even when no equipment
fault is present. Protection relays and circuit breakers may respond to abnormal conditions after a
short delay, while transformer temperature may exhibit slower accumulated changes. Consequently,
abnormal variables do not evolve on the same temporal scale. Models that rely on simultaneous
correlations may overlook delayed causal effects or confuse normal operational responses with
fault-induced propagation (Li & Liu, 2026; Yang et al., 2025). The problem becomes more difficult
when several trains operate within the same power-supply section or when multiple protective
devices respond to a common disturbance. The datasets and evaluation protocols used in previous
research also limit the assessment of practical root-cause diagnosis. Many studies rely on simulation
data, individual substations, limited fault categories, or short observation periods (Wu & Chen,
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2025; Bindi et al., 2023). Although these settings are useful for validating anomaly detection
algorithms, they do not fully represent the operational complexity of large railway networks. Real
TPS data contain changing traffic density, seasonal temperature variation, maintenance
interventions, switching events, missing observations, and heterogeneous equipment characteristics
(Yin et al., 2026; Yang, 2026).

Detection accuracy alone is therefore insufficient to demonstrate operational applicability.
Root-cause analysis time, fault-section localization accuracy, unnecessary inspection rate,
robustness under changing loads, and online inference latency are also important performance
indicators (Mahmoodi, 2025; Xu et al., 2026). A model may identify abnormal events accurately
but still provide limited operational value if it cannot determine the initiating component before
protection actions and downstream disturbances dominate the observed signals. Counterfactual
analysis offers a suitable mechanism for distinguishing causal drivers from propagated
consequences. Instead of evaluating only which variables deviate from normal patterns, a
counterfactual model estimates how the system would behave if a suspected abnormal driver were
restored to its expected condition (Zhou, 2026; Zanardi et al., 2023). If intervening on a variable
substantially reduces the residuals of downstream variables, that variable is more likely to be
causally responsible for the observed event. This intervention-based reasoning provides a more
direct basis for root-cause ranking than correlation, reconstruction error, or attention weight
(Khosravinia et al., 2026; Pei et al., 2026). However, constructing reliable counterfactual
trajectories for TPSs remains challenging because the model must preserve normal electrical,
thermal, and protection dependencies while removing only the influence of the suspected fault. It
must also account for heterogeneous response delays and avoid generating physically inconsistent
operating trajectories (Gui et al., 2025).

This study develops a counterfactual root-cause analysis method for fine-grained anomaly
diagnosis in high-speed railway traction power systems. The proposed method learns a time-lagged
causal structure among electrical, thermal, operational, and protection variables, enabling the model
to represent both direct dependencies and delayed fault-propagation relationships. A counterfactual
trajectory generation module intervenes on suspected driver variables and estimates the expected
responses of the remaining system variables under the corresponding fault-removed conditions.
Root causes are ranked according to the extent to which each intervention reduces downstream
prediction residuals and restores normal dependency patterns. The method is evaluated using 13
months of operational data covering 62 traction substations, 184 feeders, 416 protection relays, and
73 monitored variables. The evaluation focuses on anomaly attribution accuracy, root-cause
analysis time, fault-section localization, unnecessary inspection rates, and near-real-time inference
efficiency. By separating initiating faults from downstream electrical and protection responses, the
proposed method is intended to provide interpretable diagnostic evidence for dispatchers and
maintenance personnel. The study contributes a scalable approach for accelerating fault isolation,
improving maintenance prioritization, reducing service disruption, and strengthening the safety and
reliability of high-speed railway traction power networks.

2. Materials and Methods

2.1 Samples and Study Area

The dataset was collected from a high-speed railway traction power network over 13 months.
The monitored system included 62 traction substations, 184 feeder sections, 416 protection relays,
catenary lines, transformers, breaker units, and onboard traction-related signals. A total of 73
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variables were recorded every 2 s, including traction current, catenary voltage, transformer
temperature, feeder load, breaker status, harmonic distortion, return current, and relay response
signals. The dataset contained 516 million time-stamped records and 1,540 maintenance-verified
abnormal events. These events included feeder overload, catenary voltage sag, transformer thermal
rise, harmonic disturbance, breaker misoperation, and relay-delay events. All records were
collected under normal train schedules, changing traction loads, and standard protection-control
settings.

2.2 Experimental Design and Control Setup

Two experimental settings were used for model evaluation. The experimental group applied
time-lagged causal dependency learning and counterfactual residual analysis to identify driver
variables and fault sections. The control group used a temporal graph reconstruction model, which
detected anomalies through reconstruction errors without counterfactual intervention. Both
methods were tested on the same monitoring windows and maintenance-verified events to ensure
a fair comparison. The temporal graph reconstruction model was selected as the baseline because
it is commonly used for spatial-temporal anomaly detection in networked power systems. This
design enabled direct comparison of root-cause analysis time, fault-section localization error,
driver-variable identification, and online inference latency.

2.3 Measurement Methods and Quality Control

Traction current, catenary voltage, feeder load, harmonic distortion, return current, breaker
status, and relay signals were measured by fixed monitoring devices installed in substations, feeder
sections, and protection units. Transformer temperature was recorded by thermal sensors connected
to the supervisory control system. Raw data were checked for missing values, repeated readings,
spikes, clock mismatch, and communication faults before analysis. Short missing intervals were
filled by linear interpolation, while long gaps caused by device failure were excluded. Time stamps
from substations and protection relays were synchronized using the railway operation clock.
Maintenance logs, relay action records, dispatching reports, and field inspection notes were used to
verify event type, location, and duration.

2.4 Data Processing and Model Formulation

All variables were aligned to a 2-second time grid and normalized by z-score transformation.
A time-lagged causal graph G=(V,E) was constructed, where V denotes monitoring variables and
E denotes directed links among electrical, thermal, load, and protection signals. The expected
normal trajectory of each variable was estimated from its causal parent variables under a specific
operating regime:

i(t)=fi (Xpa() (£-7),0)

where X, (t-t) denotes the parent variables of X; with time lag 7, O, denotes the train

operating regime, and f; is a regression function trained on normal records. For each suspected
driver variable, counterfactual replacement was used to measure its effect on downstream
deviations. The intervention score was calculated as:

ct)= ) [Rte-R )

jEch(i)

where ch(i) denotes downstream child variables, R;(t) is the observed residual of variable j,
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and Rde(Xi:Xi)(t) is the residual after replacing X; with its expected causal value. Variables with

higher C;(t) were ranked as stronger root-cause candidates.

2.5 Statistical Analysis and Validation

Model performance was evaluated using median root-cause analysis time, average fault-
section localization error, driver-variable identification rate, and online inference latency. Fault-
section localization error was defined as the number of feeder sections between the predicted
section and the maintenance-confirmed section. The proposed method and the temporal graph
reconstruction baseline were compared using paired statistical tests at a significance level of 0.05.
Sensitivity tests were conducted by changing time-lag values, causal graph sparsity, residual
thresholds, and operating-regime partitions. All analyses were performed in Python using NumPy,
SciPy, pandas, and networkx. Maintenance-verified events were used as reference labels to assess
whether the top-ranked driver variable and predicted fault section matched field inspection records.

3. Results and Discussion

3.1 Anomaly Detection under Different Traction Power Conditions

The proposed counterfactual root-cause analysis method achieved better anomaly detection
than the temporal graph reconstruction baseline. The improvement was clear for feeder overload,
catenary voltage sag, transformer thermal rise, harmonic disturbance, breaker misoperation, and
relay-delay events (Rahman, 2023). These events often appeared as small electrical changes before
protection signals became dominant. As shown in Fig. 1, existing studies on traction transformer
diagnosis have used data-driven models to improve fault recognition. However, most of these
methods focus on fault classification from monitoring or maintenance records. They provide
limited support for identifying the first abnormal variable in a time-varying traction power system.
In contrast, the proposed method compares observed signals with counterfactual trajectories and
measures their effects on downstream variables. This design improves early anomaly interpretation
in traction power monitoring.
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Fig. 1. Fault diagnosis results of the improved RAKEL model for high-speed train traction
transformers.

13



3.2 Root-Cause Ranking and Fault-Section Localization

The proposed method reduced the median root-cause analysis time from 29.3 min to 8.5 min.
The average fault-section localization error decreased from 4.1 feeder sections to 1.3 feeder sections.
This result shows that counterfactual intervention can trace abnormal effects across substations,
feeders, and protection units (Carrizosa et al., 2025; Liang et al., 2025). As illustrated in Fig. 2,
flexible traction power supply systems contain coupled electrical paths and fault-response
processes. Fault identification becomes difficult when load changes and protection actions occur at
the same time. The temporal graph reconstruction baseline detected abnormal windows but often
assigned high scores to variables affected by protection responses. The proposed method reduced
this problem by ranking variables according to the decrease in downstream residuals after causal
intervention.
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Fig. 2. Composite sequence network used for fault identification in flexible traction power
supply systems.

3.3 Early Driver Identification and Online Monitoring Value

Causal intervention analysis identified primary driver variables in 1,170 events before
protection signals became dominant. This result is important because relay signals often reflect a
system response rather than the first cause of an event (Razaq, 2025; Zhang, 2026). For example,
feeder overload may lead to voltage sag and breaker action, while harmonic disturbance may trigger
relay-delay behavior after the electrical deviation has already started. The proposed method
separated these stages by using time-lagged causal links among current, voltage, thermal, load, and
protection variables. Compared with reconstruction-based monitoring, this approach provided
clearer diagnostic evidence and reduced delayed or misleading root-cause interpretation.

3.4 Practical Significance and Limitations

The method was tested on 516 million time-stamped records from 62 substations, 184 feeder
sections, 416 protection relays, and 73 monitoring variables collected over 13 months. The median
online inference latency was 34 ms per monitoring window, indicating that the method is suitable
for near-real-time railway operation monitoring. The results show that counterfactual causal
analysis can support fault-section localization, maintenance scheduling, and protection-system
review in high-speed railway traction power systems. However, its performance depends on causal
graph quality, operating-regime partitioning, time-lag settings, and the completeness of
maintenance-verified labels. Future studies should test the method under extreme weather, dense
train schedules, partial sensor failure, and cross-line operation conditions.

4. Conclusion

This study developed a counterfactual root-cause analysis method for anomalies in high-speed
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railway traction power systems. The method combines time-lagged causal learning, operating-
regime modeling, and counterfactual residual analysis to identify primary driver variables and
distinguish them from downstream protection responses. Compared with the temporal graph
reconstruction baseline, the proposed method reduced the median root-cause analysis time from
29.3 min to 8.5 min and decreased the average fault-section localization error from 4.1 to 1.3 feeder
sections. It identified primary driver variables in 1,170 abnormal events before protection signals
became dominant, while maintaining a median online inference latency of 34 ms per monitoring
window. These results show that counterfactual causal analysis can improve diagnostic accuracy,
fault localization, and interpretability in traction power monitoring. The method provides practical
support for near-real-time monitoring, maintenance planning, and protection-system review.
However, its performance depends on the quality of the causal graph, operating-regime division,
time-lag settings, and maintenance labels. Future studies should test the method under severe
weather, dense train schedules, sensor failure, and cross-line operation conditions.
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