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Abstract. Real-time estimation of traction power demand plays an important role in the 

operation and energy management of urban railway systems. This paper proposes a hybrid 

digital twin framework that integrates physics-based modeling with machine learning 

techniques to reconstruct real-time traction power profiles at traction substations using 

SCADA measurements of power and energy recorded at intervals of 3-5 minutes. The 

proposed digital twin framework consists of three main components. First, a physics-based 

load-flow model of the DC traction network is employed to ensure physical consistency in 

representing the electrical energy system of the railway line. Second, a residual learning 

module to identify the SCADA measurement instants within the physical model cycle, 

thereby enabling the prediction of substation power evolution in real time until the next 

measurement interval. Third, a post-prediction power correction module is implemented 

using an adaptive correction coefficient in order to minimize discrepancies between the 

model output and the actual system behavior. The proposed approach is validated using real 

operational data collected over several representative days from the Cat Linh - Ha Dong urban 

railway line. The verification results show that the proposed digital twin framework is capable 

of reconstructing high-fidelity real-time substation power profiles that closely follow the 

dynamic patterns observed in SCADA measurements. The framework successfully enforces 

strict energy conservation, driving the cumulative daily energy deviation to near zero, while 

maintaining robust generalization capability in tracking highly non-linear peak power 

demands throughout the entire operational duration across individual substations. 
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1. INTRODUCTION  

Accurately determining traction power and energy consumption is crucial for urban metro 

management, as the traction system represents the largest infrastructure electricity consumer. 

These data enable operators to evaluate energy efficiency, optimize train timetables, maximize 

regenerative braking utilization, and forecast electrical loads. Furthermore, analyzing traction 

characteristics provides a foundation for assessing substation capacity, planning grid upgrades, 

and detecting operational anomalies. Given that traction energy accounts for the majority of 

total metro consumption, precise monitoring ultimately enhances operational efficiency, 

reduces costs, and ensures system reliability. 

In practice, traction substations are monitored through Supervisory Control and Data 

Acquisition (SCADA) platforms. While these systems provide reliable supervisory 

information, their measurements are typically logged at relatively coarse time intervals-

commonly every 3 to 5 minutes-due to communication bandwidth and system robustness 

constraints [1-4]. Such low-frequency sampling fundamentally limits system observability. 

Traction power demand varies rapidly as trains accelerate, coast, brake regeneratively, and 

interact electrically along the line. However, many internal states governing these dynamics are 

not directly measured [5]. The challenge thus extends beyond conventional forecasting: it 

requires reconstructing hidden system behaviors from sparse and aggregated observations. 

Currently, the use of fixed empirical parameters combined with conventional algorithms to 

construct predictive train-parameter models for estimating train energy consumption is widely 

adopted [6]. Traditional traction power modeling methods are primarily based on physics-based 

formulations, which couple DC traction network load-flow calculations with train motion 

dynamics under different operational scenarios [7-9]. These approaches have proven valuable 

for system design and scenario-based analysis because they adhere to electrical laws and energy 

conservation principles. However, since many parameters related to the system load vary 

continuously in real operation, the estimation results obtained from such methods often exhibit 

significant deviations from actual values and are unable to accurately reflect the true operational 

state of the system [10]. 

In the broader context of engineering time-series data analysis, recent advanced deep 

learning frameworks have shifted toward high-dimensional feature extraction and residual 

sequence learning. For instance, Le-Xuan et al.[11] proposed a hybrid architecture integrating 

1D-CNN, LSTM, and ResNet modules, demonstrating that the combination of convolutional 

layers for local spatial-frequency extraction and recurrent blocks for temporal dependencies 

significantly improves model robustness under complex engineering signals. Furthermore, to 

capture both localized transient variations and multi-scale temporal context, specialized 

encoder-decoder residual networks, such as the ResUNet4T model developed by Le-Xuan et 

al. [12], have been successfully utilized to decode technical sensor sequences from large-scale 

infrastructures. While these state-of-the-art architectures (e.g., CNN-LSTM-ResNet or U-Net-
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based time-series models) offer exceptional capability in purely data-driven anomalies or signal 

reconstruction, they fundamentally demand massive, continuous, high-resolution historical 

training datasets. In urban rail transit, however, historical SCADA logs are strictly constrained 

by sparse 3-5 minute snapshot sampling, which severely limits the direct implementability of 

such deep end-to-end networks. 

In recent years, the development of Digital Twin (DT) technology through the integration 

of information technology, artificial intelligence, and physics-based modeling has enabled the 

digitalization and creation of highly accurate virtual replicas of physical systems. Such digital 

replicas are capable of reproducing the physical processes of a system in real time without 

requiring continuous real-time measurements from the physical infrastructure. By 

synchronizing a virtual representation with measurements obtained from the real system, 

Digital Twin frameworks aim to enhance situational awareness and improve the accuracy of 

system estimation [13, 14]. In railway applications, most DT implementations have 

concentrated on asset management, condition monitoring, and predictive maintenance tasks, 

while relatively limited research has addressed DT applications in energy management or real-

time optimal control of railway power systems [6, 15-21]. For instance, Wang et al. [6] proposed 

a digital twin model of a metro traction power supply system for operational safety assessment 

in urban railways. Their results showed that the train power estimation error along a track 

section was reduced by 11.9% compared with conventional pure modeling approaches, while 

the passenger load forecasting model achieved a mean absolute percentage error (MAPE) of 

approximately 11.72-14.65%. Similarly, Guo et al.[20] proposed a digital twin modeling 

framework for urban rail transit power supply systems aimed at simulating the recovery and 

reuse process of regenerative braking energy within the traction power network. In addition, Li 

and Liu [21] developed a digital twin model of a traction power supply system to analyze energy 

flow processes when integrating photovoltaic (PV) generation into the traction network. 

Overall, the aforementioned studies generally construct digital twins based on predefined 

system attributes and attempt to encompass a wide range of possible operating conditions. 

However, such approaches still struggle to capture the stochastic characteristics inherent in real-

world system operation. In practice, factors such as rapidly varying load factors, deviations 

between real operating conditions and idealized assumptions, and the absence of explicit 

mechanisms for systematic calibration make it difficult for the digital twin to remain accurately 

synchronized with the actual physical system.  

Motivated by these limitations, this study aims to propose a digital twin framework for 

urban railway traction power supply systems with an explicit verification and calibration 

mechanism using power and energy measurements obtained from the SCADA system at 5-

minute intervals. The proposed digital twin architecture adopts a physics-informed machine 

learning approach. 

Within the proposed methodology, the physical model is constructed based on the dynamic 

characteristics of train motion to estimate the train power demand under a given load factor at 

each operating position. By combining train operating schedules with specific headway 

configurations, a traction power supply network model is established. A DC load-flow 

algorithm is then applied to determine the corresponding power demand of traction substations 

under the given train operation scenario and load factor. Subsequently, a machine learning-

based module is introduced to align the simulated results with measurements obtained from the 

SCADA system. This module identifies the inference intervals based on the previously 
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established physical model, generating estimated power profiles within each measurement 

cycle between two SCADA observations. The inferred results are then refined through the 

learning process to reduce estimation discrepancies. Finally, an energy-based correction 

module is applied to adjust the inferred results according to the ratio between the measured 

energy consumption from the SCADA system and the energy estimated by the model. This step 

ensures consistency between the reconstructed power profiles and the observed cumulative 

energy before producing the final digital twin outputs that reconstruct the traction substation 

power in near real time. The proposed digital twin model of the traction power supply system 

is implemented and validated in MATLAB using the design data of the Cat Linh - Ha Dong 

metro line urban railway. Validation is conducted using real measurement data from several 

representative operating days throughout the year in order to evaluate and calibrate the proposed 

method. 

2. HYBRID DIGITAL TWIN ARCHITECTURE 

The proposed Digital Twin architecture integrates a physics-based traction power model 

with a machine learning-driven correction mechanism to reconstruct second-level power 

profiles from SCADA data sampled at 5-minute intervals. This hybrid strategy preserves the 

physical consistency of the traction power system while enhancing estimation accuracy through 

data-driven adaptation to real operational conditions. 

The architecture is structured into three primary functional layers: 

+ Physical Layer: This layer consists of a DC traction power network model that simulates 

voltage distribution and power flow by solving the load-flow problem. It provides baseline 

power trajectories grounded in electrical laws and energy conservation principles. 

+ Residual Learning Layer: This layer models the discrepancy between the results of 

physical simulation and the measurements obtained from the SCADA system. Machine 

learning algorithms are employed to learn the systematic deviations of the physical model and 

generate a residual correction term for the estimated results under real operational conditions. 

Through this process, the inference points for the temporal variation of power are determined 

and continuously propagated in real time until the next SCADA measurement becomes 

available. As a result, a preliminary digital twin reconstruction of the traction substation power 

profiles over time is obtained. 

+ Adaptive Gain Calibration Layer: This layer performs a further calibration of the 

preliminary digital twin results based on the ratio between the actual energy consumption 

measured from the SCADA system and the energy calculated from the preliminary 

reconstructed results within the interval between two measurements. This procedure produces 

the final calibrated digital twin output. 

The final hybrid Digital Twin power estimate is expressed as: 

 𝑃ℎ𝑦𝑏𝑟𝑖𝑑(𝑡) = 𝑔(𝑡) (𝑃𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙(𝑡) + 𝑓𝜃(𝑋𝑡))                               (1) 

Where Pphysical(t) denotes the power computed from the DC traction network model via 

load-flow analysis; 𝑓𝜃(𝑋𝑡)  represents the machine learning-based residual estimator with 

trained parameters 𝜃  and input feature set 𝑋𝑡 ; and 𝑔(𝑡)  is the adaptive time-varying gain 

designed to ensure energy consistency between the model output and SCADA measurements. 
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This three-layer architecture clearly separates physical simulation from data-driven 

correction. Such modular decomposition enables a balanced trade-off among engineering 

interpretability, operational robustness, and adaptability to real-world operating variability. 

3. TRACTION POWER MODEL 

3.1. Train power model 

The traction power demand of a train is derived from its dynamic motion over an 

interstation segment, characterized by the evolution of speed, acceleration, and traction force 

throughout a complete running cycle. 

At any instant t, the mechanical power delivered at the wheel-rail interface is expressed as: 

𝑃𝑚𝑒𝑐ℎ(𝑡) = 𝐹𝑡𝑟𝑎𝑐(𝑡) 𝑣(𝑡)                                             (2) 

where 𝑣(𝑡) is the instantaneous train velocity and  𝐹trac(𝑡) denotes the net traction force. 

The traction force is determined from Newton’s second law and includes both inertial and 

resistive components: 

𝐹𝑡𝑟𝑎𝑐(𝑡) = 𝑚𝑎(𝑡) + 𝐹𝑟𝑒𝑠(𝑡)                                            (3) 

with 𝑚 representing the train mass and 𝑎(𝑡) the longitudinal acceleration. 

The total running resistance 𝐹res(𝑡) accounts for rolling, aerodynamic, and gradient effects 

and is modeled as: 

𝐹𝑟𝑒𝑠(𝑡) = 𝐴 + 𝐵𝑣(𝑡) + 𝐶𝑣2(𝑡) + 𝑚𝑔𝑠𝑖𝑛𝛼                          (4) 

where A, B, and C are resistance coefficients, g is gravitational acceleration, and 𝛼 is the 

track gradient angle. 

The corresponding electrical power at the DC supply interface depends on the operating 

mode. 

𝑃𝑡𝑟𝑎𝑖𝑛(𝑡) = {

𝑃𝑚𝑒𝑐ℎ(𝑡)

𝜂𝑡𝑟𝑎𝑐
, traction 

−𝜂𝑟𝑒𝑔𝑒𝑛  ∣ 𝑃𝑚𝑒𝑐ℎ(𝑡) ∣, braking
                          (5) 

where 𝜂trac  and 𝜂regen  denote traction and braking efficiencies, respectively. During 

traction, electrical input power equals mechanical power adjusted by propulsion efficiency, 

whereas in regenerative braking, part of the mechanical energy is converted back to the 

network. 

To ensure that the Digital Twin remains computationally efficient for real-time 

applications, a nominal train power trajectory 𝑃raw(𝑡) is generated offline using a dynamic 

programming-based train performance simulator. This precomputed profile incorporates 

infrastructure characteristics (station spacing, substation layout, gradients, and curve radii), 

rolling stock parameters, scheduled travel time, and operational constraints such as maximum 

acceleration and speed limits. 

During online operation, the nominal profile is scaled to reflect varying passenger loading 

and operational conditions through a load adjustment coefficient 𝜆. Auxiliary consumption is 

added explicitly, yielding: 
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𝑃𝑡𝑟𝑎𝑖𝑛(𝑡) = 𝜆 𝑃𝑟𝑎𝑤(𝑡) + 𝑃𝑎𝑢𝑥                                           (6) 

where 𝑃aux represents onboard auxiliary demands, including HVAC, lighting, and control 

systems. 

This formulation preserves the physical basis of train dynamics while enabling 

computationally efficient adaptation within the Digital Twin framework. 

3.2. Traction power network model 

The DC traction supply system is formulated as an equivalent node-branch electrical 

network. In this representation, traction substations are modeled as DC voltage source nodes 

with nominal voltage 𝑉sub , while trains are treated as time-dependent power injection (or 

absorption) nodes. The contact line and return rail are described as distributed resistive links 

connecting adjacent nodes. 

For each electrical section between nodes i and j, the longitudinal resistance is defined as: 

𝑅𝑖𝑗 = 𝑟𝑙𝑖𝑛𝑒  𝑙𝑖𝑗                                                            (7) 

where  𝑟line denotes the per-unit-length resistance and 𝑙𝑖𝑗 is the physical distance between 

the two nodes. 

The entire network is assembled into a nodal admittance matrix G, whose elements are 

expressed as: 

  𝐺𝑖𝑗 = {

−
1

𝑅𝑖𝑗
, 𝑖 ≠ 𝑗

∑
1

𝑅𝑖𝑘𝑘≠𝑖
, 𝑖 = 𝑗

                                                  (8) 

In the proposed DC load-flow formulation, the network nodes are classified into two 

distinct categories. 

(i) Slack nodes (traction substations): The nodal voltage is prescribed and maintained at a 

fixed value, while the corresponding power injection is treated as a dependent variable 

determined through the load-flow solution. 

(ii) PQ nodes (trains): The active power demand is specified based on the train operating 

condition, whereas the nodal voltage is considered an unknown state variable to be solved 

within the iterative procedure. 

3.3. Substation power calculation 

The DC power flow equations are solved iteratively using the Newton-Raphson algorithm. 

At node i, the injected electrical power is computed as: 

 𝑃𝑖(𝑉) = 𝑉𝑖 ∑ 𝐺𝑖𝑗

𝑛

𝑗=1
𝑉𝑗                                                (9) 

where 𝑃𝑖 is the specified nodal power (train demand or substation injection), 𝑉𝑖 is the nodal 

voltage, and 𝐺𝑖𝑗 represents the admittance matrix element. 

The power imbalance at node i is defined by: 

𝛥𝑃𝑖 = 𝑃𝑖
𝑠𝑒𝑡 − 𝑃𝑖(𝑉)                                                   (10) 
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The iterative solution proceeds as follows: 

Step 1 - Initialization: 

𝑉(0) = 𝑉𝑛𝑜𝑚                                                         (11) 

Step 2 - Iterative update 

At iteration k, compute the nodal powers 𝑃(𝑘) based on 𝑉(𝑘), and evaluate the mismatch: 

  𝛥𝑃(𝑘) = 𝑃𝑠𝑒𝑡 − 𝑃(𝑘)                                                (12) 

The Jacobian matrix is given by: 

     𝐽𝑖𝑗 =
𝜕𝑃𝑖

𝜕𝑉𝑗
= {

2𝑉𝑖𝐺𝑖𝑖 + ∑ 𝑉𝑚𝑚≠𝑖 𝐺𝑖𝑚, 𝑖 = 𝑗
𝑉𝑖𝐺𝑖𝑗 , 𝑖 ≠ 𝑗

                               (13) 

Step 3 - Voltage correction: 

  𝑉(𝑘+1) = 𝑉(𝑘) + 𝐽−1𝛥𝑃(𝑘)                                          (14) 

Step 4 - Convergence check: 

      𝑚𝑎𝑥 ∣ 𝛥𝑃(𝑘) ∣< 𝜀                                                   (15) 

Once convergence is achieved, the total power supplied by substations is obtained by 

summing the nodal injections at all slack nodes: 

   𝑃𝑠𝑢𝑏 = ∑ 𝑉𝑖𝑖∈sub ∑ 𝐺𝑖𝑗
𝑗

𝑉𝑗                                          (16) 

To construct a database of representative operating conditions, multiple simulation 

scenarios are conducted under varying traffic intensities. The number of trains ranges from 1 to 

9, trains operate with uniform headways, and passenger load is fixed at 100% of rated capacity. 

For each scenario, the resulting substation power trajectories are recorded as: 

 𝑷𝑠𝑖𝑚
(𝑛) (𝑡) = [𝑃1(𝑡), 𝑃2(𝑡), … , 𝑃𝑀(𝑡)]                                     (17) 

where n denotes the number of trains and M is the total number of substations. 

These offline-generated time series constitute a library of physically coherent operating 

patterns, which later serve as reference profiles for SCADA-based matching within the Digital 

Twin framework. 

4. DATA-DRIVEN ERROR COMPENSATION 

4.1. Problem formulation 

Although the DC load-flow-based Digital Twin provides a physically consistent baseline 

estimation of substation power, systematic discrepancies arise due to modeling simplifications, 

stochastic passenger variation, timetable perturbations, and unmodeled operational 

disturbances. Let 𝑃phy(𝑡) denote the substation power obtained from the physics-based model 

at second-level resolution, and 𝑃SCADA(𝑡𝑘) represent the measured power sampled at discrete 

5-minute instants 𝑡𝑘. The reconstruction problem can be formulated as estimating a continuous 



Transport and Communications Science Journal, Vol. 77, Issue 7 (09/2026), 983-1000 

 

990 

high-resolution trajectory 𝑃̂(𝑡) such that it remains physically coherent with traction network 

constraints, while also minimizing the discrepancy with SCADA measurements at the sampling 

instants and preserving cumulative energy consistency within each sampling interval. 

To achieve these objectives, a structured three-stage compensation mechanism is proposed: 

(i) Residual estimation at SCADA instants; (ii) Temporal reconstruction within intervals; (iii) 

Energy-consistent adaptive calibration. The structural diagram of the model is presented in 

Figure 1. 

Residual Learning

(nonlinear regression)

(n)

phy,sub(i) 1 2 MP (t) [P (t),P (t),..., P (t)]=

t=0 : headway-1

SCADA,sub(i) 0P (t )
phy,sub(i) 0 0P (t : t 300)+

sub(i) 0r (t )

* *

sub(i) 0 sub(i) 0P (t 150),..., P (t 1)− −

LTSM

sub(i) 0 0P̂ (t : t 300)+

Adaptive 

Gain 

Calibration

SCADA

sub(i) 0 0E (t : t 300)+

*

sub(i) 0 0P (t : t 300)+

 

Figure 1. SCADA Data-Based Model for Estimating Traction Substation Power. 

4.2. Residual learning at measurement instants 

Instead of directly predicting absolute power values, the methodology adopts a residual 

modeling strategy. The residual at each SCADA instant is defined as: 

𝑟(𝑡𝑘) = 𝑃SCADA(𝑡𝑘) − 𝑃phy(𝑡𝑘)                                             (18) 

This decomposition ensures that machine learning only models systematic mismatch rather 

than the full physical process, thereby preserving interpretability and preventing violation of 

electrical constraints. 

The residual is approximated by a nonlinear regression function: 

        𝑟̂(𝑡𝑘) = 𝑓𝜃(𝑥𝑘)                                                           (19) 

where 𝑥𝑘 is a feature vector that includes the physics-based estimated power, the number 

of operating trains, headway information, encoded time-of-day indicators, and operational state 

flags indicating whether the system is in an active or idle period. 

After performing the regression process, the achieved optimal results ensure that the total 

deviation across all substations is minimized, provided that the maximum deviation at each 

substation does not exceed a specified threshold (the limit threshold established in this study is 

500 kW). Concurrently, the SCADA measurement instants are identified and synchronized with 

the corresponding time steps in the simulation cycle of the physics-based model. 

𝑡0 = min ∑ 𝑟̂(𝑡𝑘)
𝑀

𝑖=1
                                                 (20) 

This synchronization allows for the preliminary determination of the baseline power profile 

on a per-second basis for the subsequent 300 seconds. The physics-based baseline power profile 

is determined starting from the initial time t0 within the simulation cycle until the end of the 
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cycle period, and can wrap around back to the beginning of the cycle if necessary until the full 

duration of t0 +300 seconds is satisfied. 

𝑃̂ = 𝑃𝑝ℎ𝑦(𝑡0: 𝑡0 + 300)                                                (21) 

4.3. LSTM-based temporal reconstruction 

The primary objective of this stage is to reconstruct the high-resolution power trajectory 

during the 300-second intervals between consecutive SCADA measurement scans. Rather than 

relying on conventional mathematical interpolation methods which typically fail to capture the 

highly non-linear train dynamics such as acceleration, coasting, and regenerative braking, this 

study proposes a hybrid Deep Learning architecture utilizing a Stacked Long Short-Term 

Memory (LSTM) network. Instead of functioning as a purely autoregressive predictor, the 

network establishes a hybrid sequence-to-sequence mapping by concurrently integrating three 

distinct data streams: short-term historical context, future physical baseline guidelines, and the 

instantaneous system residual at the boundaries. 

At each SCADA measurement instant t, a comprehensive hybrid input feature vector X is 

formulated via sequence concatenation as follows: 

𝑋(𝑡) = [𝑃∗(𝑡 − 150: 𝑡 − 1), 𝑃𝑝ℎ𝑦(𝑡: 𝑡 + 300), 𝑟̂(𝑡)]                      (22) 

Where 𝑃∗(𝑡 − 150: 𝑡 − 1) represents the historical 150-second values; 𝑃𝑝ℎ𝑦(𝑡: 𝑡 + 300) 

denotes the 300-second future baseline power profile derived from the physics-based model; 

𝑟̂(𝑡) is the absolute power residual measured at the traction substation at instant t, providing a 

boundary anchor to calibrate the structural bias of the model. 

To effectively process these multi-source inputs while preventing overfitting and 

maintaining real-time computation capabilities, a Deep Stacked LSTM architecture consisting 

of two hidden layers with 32 hidden units per layer is deployed. The finalized generalized 

mathematical mapping for Stage 2 is denoted as follows: 

𝑃̂(𝑡: 𝑡 + 300) = 𝐿𝑆𝑇𝑀(𝑃∗(𝑡 − 150: 𝑡 − 1), 𝑃𝑝ℎ𝑦(𝑡: 𝑡 + 300), 𝑟̂(𝑡))            (23) 

The resulting output vector provides a smoothed, high-resolution (1-second) power profile. 

This profile inherently preserves train kinematics owing to the internal memory retention of the 

stacked hidden layers, while strictly adhering to the global physical trends dictated by the future 

baseline guidance. 

4.4. Energy-constrained adaptive gain calibration 

Even after residual correction, cumulative energy mismatch may persist. To enforce energy 

conservation over each SCADA interval, an adaptive gain mechanism is introduced. For 

interval k, the gain is determined according to: 

 𝐺(𝑡) =
𝐸𝑆𝐶𝐴𝐷𝐴(𝑡5𝑚𝑖𝑛)

∫ 𝑃̂(𝑡)
𝑡0+300

𝑡0
 𝑑𝑡

                                                   (24) 

where 𝐸SCADA(𝑡5min)  is the measured energy during the 5-minute interval, and the 

denominator represents the energy computed from the physical model over the same duration. 
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Rather than maintaining 𝐺𝑘 as a stepwise constant, the gain is allowed to vary smoothly 

between consecutive intervals through interpolation: 

  𝐺(𝑡) = 𝐺𝑘 + 𝛼(𝑡)(𝐺𝑘+1 − 𝐺𝑘)                                         (25) 

where 𝛼(𝑡) ∈ [0,1] is a time-dependent interpolation factor. 

The final reconstructed power is: 

𝑃∗(𝑡) = 𝐺(𝑡)𝑃̂(𝑡)                                                   (26) 

By embedding this adaptive calibration mechanism, the hybrid Physical-ML Digital Twin 

achieves a balanced compromise between physical stability and data-driven responsiveness 

under fluctuating operating conditions. 

5. SIMULATION RESULTS 

The performance of the proposed framework was validated using a simulation-based case 

study implemented in the MATLAB environment. The underlying railway system model 

follows the configuration reported in [22]. The investigated metro corridor extends over 12.6 

km and includes 12 passenger stations: Cat Linh, La Thanh, Thai Ha, Lang, Thuong Dinh, Vanh 

Dai 3, Phung Khoang, Van Quan, Ha Dong, La Khe, Van Khe, and Yen Nghia. Power is 

delivered through six traction substations positioned along the route at Cat Linh, Lang, Vanh 

Dai 3, Van Quan, La Khe, and Yen Nghia. Key electrical specifications, network topology, and 

rolling stock parameters are compiled in Table 1. Operational timing parameters are provided 

in Table 2, including interstation running times and end-to-end journey durations [23]. In the 

simulation setup, the departure instant at the origin station is set to t=0 s, and a uniform dwell 

time of 30 s is assumed at every intermediate station. Under these assumptions, the total travel 

time from the first to the last station is 1292 s, while the reverse-direction journey requires 1285 

seconds. 

Based on the principal electrical parameters and network topology summarized in Table 1, 

together with the train running times along the corridor presented in Table 2, the instantaneous 

traction power demand of each train is determined. In order to evaluate the power according to 

Equation (1), the traction force and velocity profiles are obtained using an empirical approach 

consistent with the methodology described in [24]. For a predefined number of trains operating, 

a dispatch schedule is generated to define their entry times and headways along the line. 

Subsequently, the DC load-flow algorithm outlined in Section 3.2 is executed to compute the 

power supplied by each traction substation at successive time instants within a headway cycle. 

 Figure 2 depicts the temporal evolution of substation power under two representative 

operating conditions: (i) six trains in service with a 600 s headway, and (ii) nine trains with a 

reduced headway of 360 s. These scenarios illustrate how variations in traffic density influence 

the dynamic power demand of the traction power system. 

The same procedure is repeated for operating scenarios involving between one and nine 

trains. The corresponding simulation outputs are stored in a structured database in the form Psim, 

where each entry represents a specific traffic density condition. This database serves as the 

reference input for the Digital Twin under operating plans with comparable headways. If the 

timetable or headway configuration changes, the simulation process must be re-executed and 

the database updated to preserve model fidelity. 
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Table 1. The main electrical and topological characteristics. 

Parameters Value 

Line length 12.6 km 

Station location 0; 0.93; 1.81; 2.89; 4.14; 5.15; 6.45; 

7.75; 9.08; 10.18; 11.62; 12.60 

Substation location 0; 2.89; 5.15; 7.75; 10.18; 12.60 

Nominal voltage 750 VDC 

Train mass 145 ton 

Auxiliary power 200 kW 

Resistance per unit of contact line and track 0.065 /km 

Resistance of feeder 0.01  

  

Table 2. The journey time of the train along the railway line. 

Departure 

station 

Arrival 

station 

Depart time 

(sec) 

Arrival time 

(sec) 

Journey time 

(sec) 

Rest time 

(sec) 

1 2 0 88 88 30 

2 3 118 196 78 30 

3 4 226 317 91 30 

4 5 347 450 103 30 

5 6 480 559 79 30 

6 7 589 693 104 30 

7 8 723 809 86 30 

8 9 839 936 97 30 

9 10 966 1050 84 30 

10 11 1080 1181 101 30 

11 12 1211 1292 81 30 

12 11 1292 1372 80 30 

11 10 1402 1503 101 30 

10 9 1533 1617 84 30 
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9 8 1647 1744 97 30 

8 7 1774 1859 85 30 

7 6 1889 1995 106 30 

6 5 2025 2103 78 30 

5 4 2133 2237 104 30 

4 3 2267 2355 88 30 

3 2 2385 2464 79 30 

2 1 2494 2577 83 30 

 

Figure 2. Substation power of the simulation model under operation with 6 trains and 9 trains. 

Figure 3 presents the matching results between simulated substation power profiles and 

SCADA measurements for a representative day on September 5, 2025. At each measurement 

instant, a vector comprising the power values of all six substations is compared against the 

simulated profiles, considering the scheduled train dispatch times. The matching process 

identifies the simulated scenario that minimizes the aggregated deviation across substations, 

thereby determining the inferred substation power trajectory for the corresponding 300-second 

interval. From the graphical comparison, it can be observed that the reconstructed power 

profiles consistently converge toward the measured values. This behavior indicates that the 

developed model captures the fundamental load characteristics and physical properties of the 

traction power system. The remaining discrepancies primarily reflect stochastic operational 

factors, such as variations in passenger boarding and alighting at individual stations, which 

influences train mass and traction demand. In addition, real-world speed profiles deviate from 

the idealized patterns assumed in simulation, further contributing to the observed residual 

differences. 
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Figure 3. Comparison of SCADA and the physical model power profiles on September 5, 2025. 

 

Figure 4. Comparison of SCADA and TWIN power on September 5, 2025. 

Figure 4 illustrates the reconstructed substation power profiles generated by the Digital 

Twin framework incorporating the proposed machine learning algorithm over a 24-hour period 

on September 5, 2025. The reconstruction is based on the operating states identified during the 
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profile-matching process shown in Figure 3, together with the measured cumulative energy 

recorded for each SCADA sampling interval. Overall, the proposed model successfully 

reproduces the temporal evolution of load demand across all six traction substations. The 

characteristic daily operating pattern is clearly reflected: high-demand intervals coincide with 

peak service hours, whereas low or near-zero power levels correspond accurately to non-

operational periods. The occurrence, frequency, and temporal distribution of power peaks 

exhibit strong consistency between reconstructed outputs and measured data, indicating that the 

model effectively captures the dynamic load behavior induced by train movements. Although 

minor local deviations in magnitude are observed at certain time instants primarily attributable 

to simplified physical assumptions and the omission of some stochastic operational factors that 

the reconstructed curves maintain a high degree of qualitative agreement with SCADA 

measurements. These results demonstrate that Digital Twin provides a reliable representation 

of the overall load behavior of the traction power system, thereby establishing a solid 

foundation for applications such as energy monitoring, operational performance assessment, 

and decision support in urban railway power system management. 

Figure 5 presents a comparison of cumulative energy between SCADA measurements and 

the values estimated by the Digital Twin model. By applying an energy-ratio-based correction 

mechanism that compensates for the discrepancy between simulated and measured 

consumption, the model is able to closely track actual operating conditions regardless of 

whether SCADA sampling instants coincide with characteristic operating events. As a result, 

the total daily energy deviation is reduced to nearly zero for all traction substations. This 

confirms that the proposed calibration strategy effectively enforces the principle of energy 

conservation, which is essential for operational planning and energy management applications. 

 

Figure 5. Comparison of cumulative substation energy between SCADA and TWIN on 5/9/2025. 

Figure 6 illustrates the real-time (1-second resolution) power discrepancy between the 

TWIN and the physical model throughout the operation day of September 5, 2025. Inherently, 

a deviation between the TWIN and the idealized physical model persists; however, this 
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discrepancy fluctuates around the 0 kW baseline, demonstrating the high tracking fidelity of the 

TWIN relative to the physical profile. The magnitude of this error is predominantly governed 

by load variations and operational train scenario mismatches in practice. For instance, the 

difference during acceleration between an empty train (zero passenger load and minimal 

auxiliary power) and a fully loaded train (maximum passenger capacity and peak auxiliary load) 

can exceed 1000 kW. Under high headway conditions (such as 9-10 operational trains on the 

Cat Linh - Ha Dong line), a single traction substation concurrently supplies power to 2 to 4 

trains within its designated section. Consequently, the idealized model yields noticeable 

deviations compared to actual operational circumstances. Regarding the profile for September 

5, the idealized physical model exhibits significantly higher power demands than the TWIN, 

which can be attributed to the relatively low passenger load demand on this specific day. 

Furthermore, peak discrepancies are densely concentrated during specific intervals, namely 

5:00-7:00, 8:00-8:30, 16:30-17:30, and 20:00-20:30. These timeframes correspond to the 

periods when trains are being dispatched onto or withdrawn from the main line according to the 

official train regulation orders. Since these transient phases involving variations in the number 

of active trains cannot be precisely formulated within a deterministic physical model, the 

occurrence of larger errors during these intervals is reasonable and anticipated. 

 

Figure 6. Power error between the TWIN and the physical model of the substations. 

Figure 7 illustrates the power discrepancies between the TWIN and the SCADA 

benchmarks specifically at the corresponding discrete SCADA measurement nodes. With the 

primary objective of calibrating the errors to ensure exact boundary synchronization at both 

ends of each 300-second block between the TWIN and the SCADA data, the machine learning 

model has successfully addressed this requirement. As demonstrated in the figure, the 

discrepancy values at these validation nodes remain exactly zero throughout the entire 

operational duration across all six traction substations. 
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Figure 7. Power error between the TWIN and the SCADA of the substations. 

The obtained results indicate that the proposed Digital Twin framework is capable of 

effectively reconstructing the traction substation power demand while preserving long-term 

energy consistency during system operation. Although short-term estimation errors may arise 

under highly dynamic operating conditions, the approach still provides a practical and 

dependable solution for energy-oriented metro system operation. 

Compared with Digital Twin modeling approaches that rely purely on physical models, 

which must account for the full range of system state variables under all possible operating 

scenarios resulting in highly complex models and substantial computational requirements while 

the proposed method only needs to represent a set of representative scenarios with fundamental 

parameters. As a result, the overall model structure remains relatively simple, and the 

computational burden is significantly reduced. In addition, the proposed framework is capable 

of adaptive calibration to accommodate variations encountered in real-world operation and 

stochastic parameter changes, whereas purely physics-based models generally lack the ability 

to adjust to such variations once formulated. Compared with fully data-driven modeling 

approaches, the proposed method also offers several distinct advantages. First, it preserves 

physical interpretability, ensuring that the model output remains consistent with the underlying 

physical processes governing system behavior. Second, it requires only a relatively modest 

amount of training data, since the machine learning component is mainly used to correct 

residual errors rather than to predict the entire system behavior. Third, the proposed framework 

can be integrated directly into a real-time SCADA environment without requiring extensive 

additional sensing infrastructure. Furthermore, the block-wise calibration strategy establishes a 

pragmatic balance between modeling fidelity and computational efficiency, enabling the Digital 

Twin to maintain sufficient accuracy while remaining operationally feasible for real-world 

deployment scenarios. 
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6. CONCLUSION 

This paper presents a hybrid Digital Twin framework that integrates physical knowledge 

with machine learning techniques to reconstruct high-resolution traction substation power 

profiles from low-frequency SCADA data. The proposed architecture consists of three core 

components: a physical model of the energy processes within the traction power supply system, 

a residual learning module that determines the power inference cycle of substations based on 

SCADA measurements while correcting discrepancies between simulation results and 

corresponding real operational measurements, and an energy-matching calibration module 

designed to reduce estimation errors caused by non-representative measurement points. 

Validation using real operational data demonstrates that the proposed Digital Twin model is 

capable of accurately capturing the variation trends of traction load demand, while maintaining 

the accuracy of cumulative energy and reducing short-term estimation errors under conditions 

of limited system observability. The proposed approach achieves a balanced integration of 

physical interpretability and data-driven adaptability, thereby providing a reliable foundation 

for energy management, monitoring, and operational optimization in urban railway traction 

power supply systems. 
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