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1. Introduction 

Abstract 
The increasing interconnectivity of current critical infrastructure systems, including power grids and transportation 
infrastructure, is transforming them into a system-of-systems that is susceptible to catastrophic cascading failures 
triggered by natural disasters, cybersecurity breaches, and operational disruptions. Current literature lacks an 
effective approach towards capturing the interdependencies among these systems, along with the dynamic nature of 
their recovery process. Moreover, it fails to offer an appropriate decision-making mechanism to manage their 
resilience. To overcome these constraints, this research offers a resilient infrastructure system solution based on the 
coupling of power grid and transportation networks, employing a probabilistic interdependence model in conjunction 
with reinforcement learning optimization via Dynamic Namib Beetle Optimized Soft Actor-Critic (DNBO-SAC). This 
method incorporates a distributed coordination scheme to facilitate decentralized yet globally coherent decisions on 
managing infrastructure systems. Research employs a Kaggle dataset based on transportation network resilience, 
which includes traffic patterns, environmental disruptions, and infrastructure recovery characteristics. For data pre-
processing purposes, the Min-Max normalization technique is employed to scale all features, and Principal Component 
Analysis (PCA) is adopted to select dominant spatiotemporal attributes. The suggested DNBO-SAC model provides 
better results of least Mean Absolute Percentage Error (MAPE) of 9.74% and Mean Absolute Error (MAE) of 3.28. The 
proposed approach implemented by utilizing the Python language. The model incorporating DNBO-SAC offers a great 
way to enhance the interdependent power grid and transportation system resilience through effective recovery 
strategies and minimizing cascading failures. 
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Interdependency has become more common within the infrastructure sectors and exposed them to the risk of 
cascading failures. The failure that can occur in one infrastructure sector can cascade and affect other 
infrastructure sectors due to the interconnectedness within the network [1]. The growing penetration of 
electric vehicles has made the interaction between transport and electricity systems stronger. The complex 
relationships between traffic operations, electricity requirements, and energy distribution have resulted in 
highly integrated systems that need to be managed efficiently to ensure their smooth functioning [2]. The 
challenges facing urban centers become even more complex when compound crises arise through interrelated 
interruptions of infrastructure and utilities across industries and locations. Inability to provide necessities likes 
electricity, transportation, health care, and social support becomes an aggravating factor, undermining overall 
resilience [3]. However, power generation is now facing challenges from climate change that pose threats to the 
stability of power generation and the reliability of infrastructure systems. Meteorological factors have an impact 
on the level of energy consumption and how the system operates [4]. The most common natural disasters 
include floods that create challenges for urban areas and the transportation infrastructure. Such events affect 
the mobility of the population, damage important infrastructure, and demonstrate the increasing importance 
of urban transport resilience [5]. The global energy shift has led to the development of smart grids and virtual 
power plants as technologies which allow for integrating renewable energy and effective energy management 
systems. Together, these technologies contribute to enhanced efficiency and flexibility of power generation and 
distribution [6]. This research aims to develop a resilient decision-making framework for interdependent 
power grid and transportation systems by integrating probabilistic interdependence modeling with Dynamic 
Namib Beetle Optimized Soft Actor-Critic (DNBO-SAC) reinforcement learning. 
 
Research Organization: Segment 1 presents the background and foundational concepts related to 
interdependent infrastructure resilience. Segment 2 indicates the related work and existing research 
contributions. Segment 3 describes the proposed methodology in detail. Segment 4 outlines the experimental 
setup, evaluation metrics, and performance analysis. Finally, Segment 5 concludes the research and discusses 
potential directions for future research. 

 
2. Related Work 
Machine Learning (ML) models, Linear Regression (LR), Light Gradient Boosting Machine (LightGBM), Random 
Forest (RF), Categorical Boosting (CatBoost), and Extreme Gradient Boosting (XGBoost), were tested using an 
interpretability method to estimate Electric Vehicle (EV) charge demand for sustainable energy system design 
purposes [7]. To evaluate the vulnerability of traffic and energy infrastructure systems in relation to the 
increasing typhoon threats, a simulation model based on the Monte Carlo (MC) method was designed. 
Interdependencies have caused delays in the recovery process of traffic by 239%, and that of power by 18.3%. 
But the simulation was conducted only in Kaohsiung City during typhoon disruptions [8]. The Multi-Criteria 
Decision Making-Geographic Information System (MCDM-GIS) method was introduced for the evaluation of the 
adaptability of the Changchun urban transportation system to extreme climate changes. It turned out that 
38.6% of regions had very low adaptability, but high adaptability was found in only 5.4%. Unfortunately, the 
evaluation did not include any dynamic recovery process modeling [9]. Long Short-Term Memory (LSTM) and 
Dual graphs were was utilized to estimate resilience regarding toll stations to rainfall disruptions, outperforms 
Curve Mean Absolute Error (MAE) 0.1123 and Curve Root Mean Square Error (RMSE) 0.1765. But, its 
applicability was restricted to expressways [10]. A three-level model combining spatial analysis, service 
coverage evaluation, and routing optimization was proposed to analyze the resilience of emergency services in 
response to urban flooding and traffic congestion. The findings revealed that Emergency Medical Services 
(EMS) coverage dropped from 89.9% to 23.6%, and Fire and Rescue Services (FRS) coverage dropped from 
72.4% to 15.1%. Nonetheless, there was no discussion on restoring infrastructures [11]. A risk-index-based 
collaborative control approach was introduced for the mitigation regarding the sequential malfunctions in 
electrical grids at the time of natural disasters. The findings revealed that the disaster-induced risk of cascading 
failures was around 5 times higher, and the risk of sequential malfunctions was decreased to 80%. However, 
transportation dependencies have not been taken into account [12]. The hierarchical modern power system 
restoration model was designed to improve power system restoration after large blackouts. This model 
decreased the time for restoration by 18.6% and costs by 15.4%, while keeping grid stability above 85%. It only 
addressed power systems but ignored transportation infrastructure interdependence [13]. The Optimal Flow 
Deep Reinforcement Learning Gated Recurrent Unit (OF-DRL-GRU) algorithm was designed to optimize 

http://www.svedbergopen.com/


www.svedbergopen.com                                       International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.6s, 2026                                                                                                                                                                      401 

stability for load balancing in current power grids. It showed improved performance regarding accuracy, recall, 
and stability compared to other existing methods. However, it did not address infrastructure restoration and 
interdependencies among systems [14]. A risk-aware Hierarchical Interpretable Spatio-Temporal Graph Neural 
Network (HISTGNN) model was used for diagnosing and predicting the risk of traffic congestion in urban 
transportation networks. It resulted in Mean Absolute Percentage Error (MAPE) of 9.5%, RMSE of 0.071, 
Coefficient of Determination (R²) of 0.872, and MAE of 0.058, it had restrictions as it could only be applied to 
transportation networks and ignored infrastructure networks [15]. Alternating Direction Method of 
Multipliers-Federated learning (ADMM-FL) was utilized to optimize coupled power and transportation systems 
with multimodal data integration. It results in an MAPE of12.12%, MAE of4.16, but the model validation only 
considered the modified distribution network [16]. 
 

3. Methodology 
The proposed approach provides a comprehensive process that involves all stages of resilient power transport 
network analysis. Firstly, transportation, power, flood, and recovery data are collected from the resilience 
database to understand the performance of interdependent infrastructures. The Min-Max normalization 
technique helps to scale all the features uniformly. Principal Component Analysis (PCA) is performed on this 
data to minimize redundancy and extract dominant spatiotemporal patterns. Soft Actor-Critic (SAC) is used as 
an intelligent decision-making technique in which Dynamic Namib Beetle Optimization (DNBO) is employed 
for hyperparameter tuning and feature selection (Figure 1).  

 
Figure 1: Methodology of Proposed DNBO-SAC Method 
 
3.1 Data Acquisition 
The transportation resilience dataset extracted from Kaggle  
(https://www.kaggle.com/datasets/ziya07/transportation-resilience-dataset/data) includes around 5000 
records that provide information about the state of transportation infrastructure, traffic management, 
environment, and resilience measures during disruptive events. This dataset is used to research the resilience 
and restoration behavior of the power and transportation systems. Before building the model, data pre-
processing and normalization are applied to improve the quality of the data. The dataset is split into 80% 
training set and 20% testing set. 
3.2 Min-max Normalization for Data Pre-processing  
The normalization used to acquire power and transportation characteristics through Min–Max normalization 
to ensure that all the characteristics are within a range of 0 and 1. This ensures that there are no characteristics 
that carry large numbers, like power requirements and traffic load, which can take dominance during the 
learning phase. Normalization ensures improved performance and helps the reinforcement learning algorithm 
discover relationships between the infrastructure characteristics related to failure propagation and recovery. 

Fk =
Fd−Fmin

Fmax−Fmin
                        (1) 

In Equation (1), F refers to the transport feature values of data, k denotes the normalized values, Fk indicates 
the output of normalization after scaling, d represents the input data value, Fd refers to the input transport 
feature value extracted from the dataset, max and min  indicates the upper bounds, and lower bounds, Fmin, and 
Fmax represent the lower values, and upper values for the transport attributes. 
3.3 Dimensionality reduction using Principal Component Analysis (PCA) 
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The transportation resilience dataset has various correlated features related to traffic operations, state of the 
infrastructure, environmental disruption, and recovery capability. PCA is used to reduce these interrelated 
attributes to a reduced count of independent orthogonal components without losing most of the information 
contained in the original set of variables. It helps to eliminate redundancy, simplify computations, and address 
problems of multicollinearity in transportation features. 

Mps =
(Yps−μps)

σps
           (2) 

In Equation (2), M refers to the transport feature value of standardization, p denotes the observation of the 
instance, s is the index of the feature, Mps represents the standardized form of attribute s of the instance p, Y 

denotes the transport feature value of the original data, Ypsdepicts the attribute values before standardization, 

μ and σ  represent the average and spread measure of the features,  μps and σps refer to the average and spread 

measure values of the transport and power attribute respectively. 
3.4 Resilient Power Transport Networks using Dynamic Namib Beetle Optimized Soft Actor–Critic 
(DNBO-SAC) 
Research proposes a technique to enhance the resilience of transportation systems by applying a hybrid SAC 
and DNBO. In SAC, an actor-critic scheme is employed with entropy maximization to make decisions in a state 
of uncertainty. This algorithm applies the actor for making recovery decisions and the critic, which measures 
the success of the recovery decisions by minimizing Bellman error. On the other hand, DNBO makes use of the 
Namib beetle behavior in performing global population searches. Each individual in the population 
corresponds to resilience-related parameters, such as infrastructure and disruption levels. 
3.4.1 Power Transport System Restoration using Soft Actor–Critic (SAC)  
SAC method is a reinforcement learning algorithm that incorporates actor–critic learning and entropy 
maximization to help make decisions in an uncertain environment. In transportation resilience analysis, the 
role of the actor network is to select the right mitigation and recovery measures for a particular state of the 
transportation system, whereas the critic network assesses how well the selected measures work by estimating 
their effect on the system's resilience. 
Policy Objective with Entropy Regularization: The goal of SAC is to achieve maximum resiliency in the 
transportation system while still ensuring adequate exploration of other recovery options. The objective of the 
policy is articulated in Equation (3). 
Iπ(ϕ) = 𝔼ts~C,bs~πϕ

[αℋ(π(. |ts)) − Rθ(ts, bs)]                                                                                            (3)        

Where, I refers to the objective function of policy, π denotes the rule of action selection,ϕ represents the 
network parameters of the policy,Iπ(ϕ)indicates the objective improvement of policy, 𝔼 refers to the 
trajectories expectation, t indicates the state of index, s refers to the state vector of the system,~  indicates the 
generation from transport data, ts represents the system state of infrastructure,Cdenotes the distribution state 
of transport,brefers to the recovery action of the selected areas, bs indicates the decision of recovery action,πϕ 

denotes the policy network of the action,𝔼ts~C,bs~πϕ
represents the average from the action and state pairs, α 

refers to the tradeoff factor of entropy, ℋ indicates the term of entropy policy,. refers to the action place 
holder,|indicates the information of traffic in transport, ℋ(π(. |ts))refers to the state entropy policy,R denotes 
the reward function of resilience, θ refers to critical parameters of the network, Rθ represents the reward 
function of parameterized resilience, and Rθ(ts,  bs) denotes the estimation of resilience reward.  
Q-Value Objective: The critic network measures how effective a chosen action is towards the recovery process 
through the minimization of the Bellman error in Equation (4). 

IR(θ) = 𝔼ts,bs~C [
1

2
(Qθ(ts, bs) − (q(ts, bs) + γ𝔼ts+1~o[U(ts+1)]))

2

]                                                              (4) 

Where, I refers to the objective function of policy,R denotes the reward function of resilience,θ refers to critical 
parameters of the network,IR(θ) represents the objective of critical loss, 𝔼 refers to the trajectories expectation, 
t  indicates the state of index, sand s + 1 refers to the current and future state vector of the system,~  indicates 
the generation from transport data, ts represents the system state of infrastructure, b refers to the recovery 
action of the selected areas, bs indicates the decision of recovery action, C denotes the distribution state of 
transport,𝔼ts,bs~C refers to the average of Q indicates the state action pair estimation, Qθ refers to the critical 

function of parameter, Qθ(ts, bs) represent the current critical values of the function critical parameters,q refers 
to the immediate rewardof traffic performance,q(ts, bs)denotes the reward oftransport system, γ indicates the 
return weight in decision making of transport system,o refers to the distribution of the transition 
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environment,𝔼ts+1~o represents the distribution of transport state over the expectation, U indicates the future 

value of transportation system,and U(ts+1) represents the estimation of future values. 
U(ts+1) = 𝔼bs+1~πϕ

[Qθ(ts+1, bs+1) −  α logQθ(bs+1|ts+1)]                                                                             (5) 

In Equation (5), U indicates the future value of transportation system,t  indicates the state of index, s + 1 refers 
to the prior state vector of the system, 𝔼 refers to the trajectories expectation,b refers to the recovery action of 
the selected areas,bs indicates the decision of recovery action,~  indicates the generation from transport data,π 
denotes the rule of action selection, ϕ represents the network parameters of the policy,πϕrefers to the policy 

function of state action, Q indicates the state action pair estimation,θ refers to critical parameters of the 
network,Qθ refers to the critical function of parameter,t   indicates the state of index,ts represents the system 
state of infrastructure,Qθ(ts+1, bs+!) represents the future critical values of the function critical parameters,,  α 
refers to the tradeoff factor of entropy,log denotes the logarithm function,logQθ critic value estimation 
logarithm,bs+1|ts+1 is thegiven state of next transport action, and logQθ(bs+1|ts+1)denotes the value of 
logarithmic estimation of future transport.  
3.4.2 Hyperparameter tuning using Dynamic Namib Beetle Optimization (DNBO) 
DNBO is based on the behavior of the Namib Desert beetle and is used as a heuristic approach to minimize the 
adverse impact of cascading failures to strengthen the resilience of power grid and transportation systems. This 
method allows for the effective search for solutions under uncertain disruption scenarios because of its 
inspiration from the adaptive search pattern of this beetle species. By considering resilient features, which are 
drawn from the transportation resilience database, such as infrastructure status, transport performance, 
disruption, and recovery measures, each beetle symbolizes a potential solution to the problem. 
MA = [X1, X2, X3, . . . , XC]                                                                                                                                             (6) 
In Equation (6), MA denotes the multivariate feature of the transportation dataset,X indicates the vector of 
transport features, C refers to thetotal count of features, and X1, X2, X3, . . . , XC represent the feature vectors of 
transport.  

POP =

[
 
 
 
 
 
 
MA1,1MA1,2 ⋯MA1,D 

MA2,1MA2,2 ⋯MA2,D 
⋯
⋯
⋯

MAN,1MAN,2 ⋯MAN,D ]
 
 
 
 
 
 

                                                                                                                        (7) 

In Equation (7), POP represents the population solution matrix, MA denotes the multivariate feature of the 
transportation dataset,D refers to the number of features, and Nindicates the total count of samples. 
MAi,j = L + (U − L)q and (0,1)                                                                                                                         (8) 

In Equation (8),MA denotes the multivariate feature of the transportation dataset, i and j refer to the index of 
samples and features, MAi,j depicts the transport feature value of normalization,L and U  represent the lower 

and lower range of features, andq indicates the scaling factor. 
Hyperparameter Tuning of ProposedDNBO-SAC Method: The DNBO-SAC algorithm is designed with 
optimal hyperparameters to achieve learning stability and efficiency for the transport resilience optimization 
problem. The learning rate for actor and critic are both 0.00032, 0.00028, respectively, whereas the discount 
factor γ is 0.98, providing a trade-off between immediate and future rewards. The value of the soft update 
coefficient τ is 0.006, and the entropy temperature α is 0.21. The batch size and the replay memory size used 
by the algorithm are 64 and 100000, respectively. The neural network employed by the DNBO-SAC algorithm 
has 2 layers with 256 neurons in each layer, having Adam optimizer and Rectified Linear Unit (ReLU). The 
parameters for DNBO include a population of 30 with 100 iterations, exploring 0.76 and exploiting 0.24. 
 

4. Result  
DNBO-SAC algorithm is built on a Windows 10 OS platform, employing Python version 3.9. Deep learning (DL) 
operations are performed in PyTorch or Tensorflow, whereas SAC and DNBO are merged in a custom SAC 
algorithm to optimize the results. For numerical calculations and other manipulations, NumPy, Pandas, SciPy, 
and Scikit-learn packages are utilized, along with Matplotlib and Seaborn for visualizing graphs and charts. The 
development of the model takes place in a Jupyter notebook platform. Various metrics are used to assess its 
performance. The computer configuration consists of an Intel i7 or Ryzen 7 processor, NVIDIA GTX 1660 or RTX 
3060 Graphics Processing Unit (GPU), along with 16GB – 32GB Random Access Memory (RAM) ensuring 
efficient offline training and testing process. 
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Explorative Data Analytics: The comparison of disturbance based on the mean of cascading depth and 
recovery distribution, where natural disasters and equipment failure have greater cascading impacts, whereas 
recovery distributions differ in the three classes, is represented in Figure 2. The average cascading failure depth 
of each disturbance type, including failures in machines, cyber-attacks, or disaster situations, showing the 
differences in seriousness under varying circumstances, is depicted in Figure 2(a). The distribution of recovery 
classes, namely stable, moderate risk, and critical failure, among others, under various disturbance classes to 
reflect resilience patterns is shown in Figure 2(b). 

 
Figure 2: Visualization of (a) Spectrum Analysis of Cascading Failure, and (b) Distribution Analysis of 
Recovery Class. 
 
The contrasts the failure probability with repair times and resilience, as well as how grid zones are affected 
depending on the disruption type, shown in Figure 3. The correlation between failure probability and 
restoration time, while hexbin density highlights mean variations of the resilience index, thus showing how 
higher probabilities of failure lead to higher delays, is represented in Figure 3(a).The averages for affected 
components per grid zone for each type of distribution, showing variations in impact magnitude in compound 
events, cyber-attacks, equipment malfunctions, natural calamities, and operational interruptions, as shown in 
Figure 3(b). 

 
Figure 3: Graphical Representation of (a) Risk Density of Failure Delay, and (b) Impact Heatmap of Grid 
Zone. 
 
Evaluation Metrics and Performance Analysis: MAE and MAPE are two performance measures that can be 
used to determine the magnitude of prediction errors. The MAE calculation determines the mean absolute 
deviation from the estimated value and the real value used in transportation resilience forecasting. The metric 
targets to determine the predictive reliability of the DNBO-SAC approach. MAPE calculates the average 
percentage error between predictions and actual observations, demonstrating prediction precision relatively. 
Here, a low value of MAPE is an indicator of robustness and reliable operation of DNBO-SAC in different 
scenarios. 
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DNBO-SAC Model performs better as compared to the current Baseline models for the task of traffic speed 
prediction through improved predictions in terms of MAE and MAPE measures shown in Table 1 and Figure 4. 
Specifically, ADMM-FL [16] has an MAE of 4.16 and an MAPE of 12.12%, Spatio-Temporal Graph Convolutional 
Network (STGCN) [16] and the errors for Spatio-Temporal Long Short-Term Memory (ST-LSTM) [16] are higher, 
implying lower accuracy for these models under more challenging spatiotemporal environments. Similarly, a 
Hybrid model consisting of Spatio-Temporal Graph Convolutional Network - Bidirectional Long Short-Term 
Memory (STGCN-BiLSTM) [16] offers improvements but still has relatively high MAEs of 7.54 and 18.21% for 
MAPE. Conversely, the proposed model is able to achieve low error rates with MAEs of 3.28 and 9.74% for 
MAPE. 
 
Table 1: Comparative Assessment of the Introduced and the Baseline Methods 

Prediction Model MAE MAPE 

ADMM-FL [16] 4.16 12.12% 

ST-LSTM [16] 8.35 19.85% 

STGCN [16] 6.91 16.53% 

STGCN-BiLSTM [16] 7.54 18.21% 

DNBO-SAC [Proposed] 3.28 9.74% 

 

 
Figure 4: Evaluation analysis of proposed and traditional approaches 
 
The Baseline models, including ADMM-FL, ST-LSTM, STGCN, and STGCN-BiLSTM, were retrained in identical 
experimental settings on the Transportation and Power Infrastructure Resilience dataset. Important feature 
attributes related to infrastructure condition, traffic conditions, disruptions, and recovery measures were kept 
for model training purposes. The proposed DNBO-SAC model proved to be superior to all baseline models as 
depicted in Table 2. 
 
Table 2: Retained Analysis of Baseline and Proposed Methods 

Prediction Model MAE MAPE 

ADMM-FL  5.02 14.38% 

ST-LSTM  9.67 21.44% 

STGCN  7.85 18.62% 

STGCN-BiLSTM  8.96 20.17% 

DNBO-SAC (Proposed) 3.28 9.74% 

 

Discussion 
Current models have limited capabilities in adaptability, temporal learning, and robustness. The ADMM-FL [16] 
approach demonstrates low adaptability to highly dynamical and non-linear interdependent infrastructure 
network settings and is less likely to have a high level of predictive reliability in such an environment. The ST-
LSTM [16] approach cannot accurately model long-term dependencies, resulting in increased errors in 
predicting complex spatiotemporal traffic patterns. STGCN [16] can learn sequences only within a short time 
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span, making it ineffective in predicting temporal variation in transportation networks. Lastly, STGCN-BiLSTM 
[16] increases the difficulty of computation and the likelihood of overfitting, hence poor performance. The 
suggested DNBO-SAC approach is capable of addressing the aforementioned limitations due to the utilization 
of reinforcement learning through entropy-based exploration and global search based on DNBO. It provides 
enhanced adaptability to non-linear and dynamic conditions, increased capabilities to learn temporal 
dependencies, minimized overfitting risk, and improved robustness for decision-making under uncertain 
conditions. 
 

5. Conclusion  
The resilient infrastructure systems model is proposed to boost resilience and coordinated recovery of 
interconnected power grid and transportation systems facing cascading failures. This method leverages the 
power of probabilistic interdependency modeling along with decision making through reinforcement learning 
and optimization through the use of the DNBO-SAC model. Data preprocessing using feature normalization and 
PCA boosts the quality and efficiency of the learning process. It has been proven experimentally that the 
proposed methodology substantially outperforms existing solutions on measures of MAE of 3.28 and MAPE of 
9.74%, exhibiting superior recovery speed and reliability. The suggested model uses one transportation 
resilience database with simulated interdependencies that might not be generalized to a variety of real-world 
cases with different environmental conditions in terms of power grids and transportation networks. Future 
work can use data from various types of sensors in real time and scale up the model for multiple-region 
infrastructures that are interconnected with each other. 
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