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Reliable engineering decisions increasingly rely on computational models whose 

predictions are affected by uncertainties in measured input parameters. Identifying the 

parameters that most strongly influence model responses is therefore essential for 

improving uncertainty quantification and engineering decision support. This study 

proposes a systematic engineering approach that combines deterministic energy system 

modelling, uncertainty characterization, and Morris Global Sensitivity Analysis (GSA) to 

evaluate parameter influence across multiple engineering response variables within a 

unified analytical workflow. Unlike conventional sensitivity studies that evaluate 

individual performance indicators separately, the proposed approach performs a 

comparative sensitivity assessment across multiple system responses simultaneously. The 

methodology is demonstrated using a deterministic regional energy planning model 

comprising 29 uncertain engineering input parameters grouped into six engineering 

categories and evaluated against six engineering response variables. The results show that 

gas generation capacity is the dominant parameter for annual system cost (normalized 

mean absolute elementary effect (μ*) = 1.00), whereas interconnection capacity governs 

carbon emissions and external electricity supply (normalized μ* = 1.00). Biomass 

generation capacity and biomass capacity factor primarily determine renewable energy 

share (normalized μ* = 1.00 and 0.99), while electricity demand exerts the greatest 

influence on fossil generation share and energy balance (normalized μ* = 1.00). 

Comparative sensitivity evaluation further identifies gas generation capacity as the most 

influential parameter across all engineering response variables, with a mean normalized 

sensitivity of 0.596, followed by electricity demand (0.557), coal generation capacity 

(0.522), and interconnection capacity (0.514). The proposed approach provides a practical 

procedure for uncertainty-oriented engineering measurement, parameter prioritization, and 

sensitivity-informed decision support. 
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1. INTRODUCTION

Modern engineering systems are becoming increasingly 

complex due to the integration of heterogeneous technologies, 

large-scale datasets, advanced computational models, and 

interconnected infrastructures [1, 2]. In practical engineering 

applications, decision-making is rarely based on deterministic 

information alone because model inputs are inherently 

affected by uncertainties arising from measurement errors, 

temporal variability, incomplete observations, parameter 

estimation, and simplifying modelling assumptions [3, 4]. 

These uncertainties propagate through computational models 

and influence predicted system responses, potentially leading 

to suboptimal engineering decisions when they are not 

adequately quantified [5]. Consequently, understanding how 

uncertainties affect engineering models has become an 

essential aspect of model validation, uncertainty 

quantification, and reliable decision support across numerous 

engineering disciplines. 

Sensitivity analysis provides a systematic framework for 

investigating how variations in uncertain input parameters 

influence engineering responses [6]. Beyond identifying 

influential parameters, sensitivity analysis supports model 

interpretation, parameter screening, uncertainty propagation, 

experimental design, and measurement reliability assessment 

[7, 8]. It also provides an effective means of testing model 

robustness, examining the dependence of outputs on input 

assumptions, and improving the transparency of model-based 

assessments [9]. These capabilities have led to its widespread 

adoption in manufacturing systems, environmental 

monitoring, structural engineering, medical instrumentation, 

fluid mechanics, and energy systems. As engineering models 

continue to increase in dimensionality and complexity, 

sensitivity analysis has evolved from a complementary 

validation procedure into an indispensable tool for supporting 

engineering measurements and strengthening confidence in 

computational predictions [10, 11]. 

Sensitivity analysis methods are generally classified into 
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local and global approaches [12]. Local sensitivity methods 

evaluate parameter influence around a nominal operating point 

and are computationally efficient, but they frequently fail to 

capture nonlinear system behaviour and interactions among 

uncertain parameters [13]. In contrast, Global Sensitivity 

Analysis (GSA) explores the entire parameter space by 

simultaneously varying uncertain inputs according to 

predefined probability distributions [14]. Among the available 

global methods, variance-based techniques such as Sobol 

analysis provide comprehensive sensitivity decomposition but 

usually require a large number of model evaluations, making 

them computationally demanding for engineering systems 

involving numerous uncertain parameters [15, 16]. The Morris 

GSA method offers an attractive alternative by combining 

computational efficiency with effective parameter screening 

[17]. Through the calculation of elementary effects and the 

statistical measures of the mean absolute elementary effect 

(μ*) and the standard deviation (σ), the Morris method 

simultaneously quantifies parameter importance while 

identifying potential nonlinear effects and parameter 

interactions [18]. These characteristics make Morris GSA 

particularly suitable for computationally intensive engineering 

models with high-dimensional uncertain parameter spaces. 

Recent advances have extended GSA beyond conventional 

single-response models toward multivariate and multi-

response engineering systems. Recent studies have proposed 

multivariate sensitivity analysis frameworks capable of 

simultaneously evaluating multiple correlated model outputs, 

thereby overcoming the limitations of analysing each response 

independently [19]. Other studies have further demonstrated 

that GSA can be formulated as a unified framework for 

comparative evaluation of multiple mathematical models 

under uncertainty, highlighting its broader role in engineering 

assessment and decision support [20]. More recently, GSA has 

been extended to multi-input multi-output engineering 

systems, emphasizing that parameter importance should be 

evaluated across multiple correlated performance indicators 

rather than through isolated model outputs [21]. Although 

these developments have substantially advanced multi-

response sensitivity analysis, they are predominantly based on 

variance-based methods, surrogate modelling, or comparative 

model-analysis frameworks. Comparatively few studies have 

adopted the computationally efficient Morris screening 

approach within a unified framework that systematically 

compares parameter influence across multiple engineering 

response variables while integrating parameter ranking, 

interaction assessment, and multidimensional visualization 

into a single analytical workflow. 

Despite the growing adoption of GSA, several important 

limitations remain in the existing literature. First, many studies 

evaluate parameter influence using only a single response 

variable, such as cost, efficiency, or emissions, even though 

practical engineering systems are typically characterized by 

multiple interdependent performance indicators [22]. Second, 

although recent studies have increasingly considered multiple 

engineering response variables, comparative interpretation of 

parameter importance across these responses remains limited, 

making it difficult to determine whether an uncertain 

parameter consistently dominates overall system behaviour or 

primarily influences individual performance indicators [8]. 

Third, although visualization has become increasingly 

important for interpreting high-dimensional sensitivity 

information, most existing studies employ individual 

visualization techniques independently, without integrating 

parameter ranking, interaction assessment, and cross-response 

comparison into a unified analytical framework [23]. As a 

result, translating sensitivity analysis results into practical 

engineering insights and measurement-informed decision 

support remains challenging, particularly for complex systems 

involving numerous uncertain inputs and multiple competing 

objectives [24]. 

Regional energy planning represents a representative 

engineering application in which these challenges become 

particularly significant [25]. Planning decisions rely on 

numerous uncertain technical, economic, and operational 

parameters [26], including electricity demand, generation 

capacities, technology costs, emission factors, renewable 

resource characteristics, and interconnection capabilities. 

Variations in these parameters simultaneously influence 

multiple engineering response variables, including annual 

system cost, carbon emissions, renewable energy penetration, 

fossil generation share, external electricity dependence, and 

overall energy balance. From a measurement perspective, 

these quantities constitute engineering performance indicators 

whose reliability depends on the accurate characterization and 

propagation of uncertain input parameters [27]. Therefore, 

identifying the parameters that most strongly influence these 

response variables is essential not only for improving model 

reliability but also for prioritizing measurement efforts, 

reducing uncertainty, and supporting robust engineering 

decision-making. 

To address these limitations, this study proposes a 

systematic engineering approach for uncertainty-oriented 

sensitivity assessment using the Morris GSA method. The 

proposed approach combines deterministic system modelling, 

systematic uncertainty characterization, Morris-based 

parameter screening, multidimensional visualization, and 

comparative cross-response sensitivity interpretation within a 

unified analytical workflow. By evaluating multiple 

engineering response variables simultaneously, the proposed 

procedure enables the identification of parameters that 

consistently influence overall system performance rather than 

individual indicators alone. A deterministic regional energy 

system model is employed as a representative case study to 

demonstrate the applicability of the proposed approach to a 

complex engineering problem involving numerous uncertain 

inputs and multiple competing performance objectives. 

The main contributions of this study are fourfold. First, a 

systematic engineering workflow is proposed that combines 

deterministic engineering modelling, uncertainty 

characterization, and Morris GSA for uncertainty-oriented 

sensitivity assessment. Second, the workflow integrates 

parameter screening, sensitivity ranking, multidimensional 

visualization, and comparative interpretation across multiple 

engineering response variables within a unified analytical 

procedure. Third, it enables the identification of critical 

parameters that consistently influence different engineering 

performance indicators, thereby facilitating more 

comprehensive uncertainty quantification than conventional 

single-response analyses. Finally, the applicability of the 

workflow is demonstrated through a regional energy planning 

case study, illustrating how measurement-informed sensitivity 

analysis can support model interpretation, uncertainty 

reduction, and engineering decision support in complex 

computational systems.
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2. RESEARCH METHODOLOGY 

 

The proposed methodology integrates deterministic 

engineering modelling with uncertainty characterization and 

Morris GSA to evaluate the influence of uncertain input 

parameters on multiple engineering response variables. The 

methodology consists of four main stages: engineering 

framework and system description, input parameter 

uncertainty characterization, Morris GSA, and sensitivity 

evaluation through parameter ranking and comparative 

visualization. Each stage is described in the following 

subsections. 

 

2.1 Engineering framework and system description 

 

Figure 1 illustrates the overall engineering framework 

adopted in this study. The proposed methodology integrates 

measured regional energy data, deterministic engineering 

modelling, uncertainty characterization, and Morris GSA into 

a unified workflow for evaluating the influence of uncertain 

input parameters on multiple engineering response variables. 

Rather than analysing individual model outputs 

independently, the proposed workflow enables a systematic 

assessment of parameter importance across multiple 

engineering performance indicators, thereby providing a 

comprehensive basis for uncertainty quantification and 

engineering decision support. 

 

 
 

Figure 1. Proposed engineering framework 

 

The framework consists of six sequential stages, including 

data preparation, deterministic system modelling, model 

verification, Morris GSA, sensitivity evaluation, and 

engineering decision support. Measured regional energy data 

are initially collected, organized, and validated to establish a 

consistent modelling database. The processed data are 

subsequently used to construct a deterministic regional energy 

system model representing the baseline operating conditions. 

Model verification is then performed through a series of 

internal consistency and physical feasibility checks to ensure 

that the deterministic baseline model satisfies the fundamental 

engineering requirements before sensitivity analysis. The 

verification procedure confirms positive electricity demand 

and electricity supply, an acceptable annual energy balance 

within a practical engineering tolerance of ±5% to account for 

minor numerical discrepancies, physically meaningful 

renewable, fossil, and external electricity supply shares, non-

negative economic and environmental outputs, and valid 

engineering parameter ranges for generation capacity, 

capacity factor, variable generation cost, and emission factor. 

Such predefined verification criteria are consistent with 

recommended engineering modelling practice for establishing 

model reliability prior to further analysis [28]. In addition, 

consistency checks are conducted to ensure that aggregated 

electricity generation, annual system cost, and carbon 

emissions obtained from individual generation technologies 

are fully consistent with the corresponding system-level totals. 

Only after all verification criteria are satisfied is the 

deterministic baseline model used for the subsequent Morris 

GSA. Finally, the elementary effects obtained from Morris 

GSA are synthesized through parameter ranking, interaction 

assessment, and comparative sensitivity visualization to 

identify the most influential uncertain parameters and support 

engineering decision-making. 

 

2.2 Input parameters uncertainty characterization 

 

Engineering models inevitably contain uncertainties 

originating from measurement errors, temporal variability, 

parameter estimation, and simplifying assumptions. Proper 

characterization of these uncertainties is therefore essential to 

ensure that sensitivity analysis adequately represents realistic 

operating conditions and parameter variability. In the present 

study, uncertainty characterization was performed by 

identifying model input parameters that directly influence the 

deterministic regional energy system model and assigning 

uncertainty ranges based on engineering judgement, published 

techno-economic data, and available regional energy statistics. 

The selected uncertain input parameters represent the 

principal technical, economic, and operational characteristics 

of the regional energy system. These include electricity 

demand, installed generation capacities, renewable energy 

capacity factors, variable generation costs, emission factors, 

and interconnection characteristics. In total, the uncertainty 

characterization comprises 29 individual engineering input 

parameters. These consist of one electricity demand parameter 

together with generation capacity, capacity factor, variable 

generation cost, and emission factor parameters for each active 

generation technology and the interconnection system. For 

presentation purposes, the 29 individual uncertain parameters 

are grouped into the engineering categories shown in Table 1, 

whereas the Morris analysis was performed using all 

individual parameters. Each parameter was assigned a baseline 

value representing the deterministic operating condition and 

an uncertainty interval defining the allowable variation during 

the Morris GSA. The uncertainty ranges were selected to 

reflect realistic operating conditions while maintaining 

consistency with commonly adopted assumptions in 

engineering system modelling. Table 1 summarizes the input 

parameters together with their corresponding baseline values, 

perturbation ranges, units, and data sources.  

 

Table 1. Baseline input parameters and perturbation ranges 

used in the regional energy system model 

 
Input 

Parameter/Reference 
Nominal Value 

Perturbation 

Range 
Annual electricity 

demand (GWh/year), 

according to an 

unpublished technical 

report from PLN, 2025 

1,990.70 ±5% 
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Existing capacity by 

technology (MW), 

according to an 

unpublished technical 

report from PLN, 2025 

Coal 83; gas 125; 

diesel 73.23; solar 

PV 1; wind 0; 

biomass 12.60; 

biogas 7.65; 

interconnection 100 

±10% 

Maximum additional 

capacity (MW) [29] 

Solar PV 2,810; 

wind 1,787; 

biomass 217.70; 

biogas 5.40 

Not perturbed 

in the 2025 

baseline 

Capacity factor [30] 

Coal 0.75; gas 0.50; 

diesel 0.30; solar 

PV 0.18; wind 0.25; 

biomass and biogas 

0.70; 

interconnection 0.75 

±10% 

Variable generation 

cost (USD/MWh) [30] 

Coal 1.50; gas 2.60; 

diesel 7.30; solar 

PV 0; wind 0; 

biomass and biogas 

3.40; 

interconnection 3.80 

±10% 

Emission factor 

(tCO₂/MWh) [31] 

Coal 0.341; gas 

0.202; diesel 0.267; 

solar PV 0; wind 0; 

biomass and biogas 

0.360; 

interconnection 

0.341 

±5% 

 

The engineering input data were compiled from a 

combination of official government reports, utility 

publications, publicly available regional energy statistics, and 

peer-reviewed technical literature. Official government 

reports and utility publications were adopted because they 

constitute the primary reference sources for regional energy 

planning and infrastructure assessment, providing officially 

reported information on electricity demand, installed 

generation capacities, generation technology characteristics, 

and system operation. To ensure data reliability, the collected 

datasets were subjected to consistency checks by comparing 

values across multiple official sources where available and 

verifying that all engineering parameters were physically 

reasonable and internally consistent with the deterministic 

model assumptions. When official statistics were unavailable 

for specific techno-economic parameters, the corresponding 

values were supplemented using peer-reviewed engineering 

literature reporting established techno-economic data. The 

compiled datasets did not contain any missing values requiring 

statistical imputation. All input parameters were subsequently 

reviewed prior to uncertainty characterization to ensure 

completeness, consistency, and engineering plausibility. 

The maximum additional capacities listed in Table 1 were 

retained as deterministic planning constraints and were not 

perturbed because the analysis employed the existing-capacity 

configuration for the 2025 baseline system.  

The uncertain parameters were represented as bounded 

engineering intervals defined by their prescribed perturbation 

ranges of ±5% or ±10% around the corresponding baseline 

values. No parameter-specific continuous probability 

distributions, such as normal or triangular distributions, were 

imposed. Instead, each uncertain parameter was mapped onto 

a normalized input space ranging from 0 to 1 and evaluated 

using the discrete grid adopted in the Morris trajectory design. 

This bounded grid-based representation was selected because 

reliable empirical probability distributions were unavailable 

for several engineering parameters and because the primary 

objective of the analysis was to screen and rank parameter 

influence over plausible operating ranges rather than to 

estimate probabilistic output distributions. 

Following this bounded interval representation, all 

uncertain parameters were independently perturbed within 

their predefined ranges while the remaining model structure 

and operational constraints were preserved. This approach 

enables the Morris method to evaluate the relative influence of 

each uncertain parameter on multiple engineering response 

variables under a consistent deterministic modelling 

framework. Consequently, the resulting sensitivity indices 

primarily reflect the influence of parameter uncertainty rather 

than structural modifications of the engineering model. 

Consistent with the standard Morris screening formulation, 

all uncertain input parameters were perturbed independently, 

and potential statistical dependencies among parameters were 

not explicitly modelled.  

This assumption was adopted to enable computationally 

efficient one-at-a-time perturbations over the predefined 

uncertainty space while preserving a transparent interpretation 

of the elementary effects. Although practical dependencies 

may exist among certain engineering parameters, such as 

between installed generation capacity and capacity factor or 

between generation technology and emission factor, 

modelling such relationships requires additional empirical 

evidence or probabilistic dependency models that were beyond 

the scope of the present study. The reported sensitivity 

rankings should therefore be interpreted as reflecting the 

relative influence of independently varying parameters within 

the specified uncertainty ranges. The incorporation of 

parameter dependency structures remains an important 

extension of the proposed framework and may provide further 

insight into the influence of correlated uncertainties on global 

sensitivity rankings. 

 

2.3 Morris Global Sensitivity Analysis 

 

The Morris GSA method is a screening-based global 

sensitivity technique developed to identify the relative 

importance of uncertain input parameters while maintaining a 

relatively low computational cost. Unlike local sensitivity 

methods, which evaluate parameter influence around a single 

operating point, Morris GSA explores the entire input space 

by sequentially perturbing one parameter at a time along 

multiple randomly generated trajectories. This sampling 

strategy enables the method to capture both the direct 

influence of individual parameters and potential nonlinear 

behaviour or interactions among parameters without requiring 

the extensive model evaluations associated with variance-

based approaches such as Sobol analysis. It should be noted 

that the Morris method is primarily intended as a global 

screening technique for identifying the relative importance of 

uncertain input parameters through elementary effects rather 

than for quantifying each parameter's contribution to output 

variance. Accordingly, the resulting sensitivity indices should 

be interpreted as relative measures for parameter prioritization 

within the predefined uncertainty ranges rather than as 

variance decomposition metrics. 

In this study, the Morris sampling design employed 𝑝 = 4 

discrete levels in the normalized input space, resulting in a 

perturbation step size of Δ =
𝑝

2(𝑝−1)
=

2

3
, following the 

standard Morris formulation. A total of 30 sampling 

trajectories were generated, each initialized from a randomly 

selected feasible starting point on the normalized sampling 
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grid. Within each trajectory, the order of parameter 

perturbations and the perturbation directions were randomly 

assigned while ensuring that only one parameter was perturbed 

at each sampling step. No trajectory optimization algorithm 

was employed, as the objective of the present study was 

efficient parameter screening rather than maximizing 

trajectory dispersion. This configuration was selected to 

provide adequate exploration of the predefined uncertainty 

space while maintaining computational efficiency for the 

regional energy system model. The Morris method was 

selected because the primary objective of this study was to 

identify and rank the most influential uncertain engineering 

parameters across multiple engineering response variables. 

Compared with variance-based methods such as Sobol 

analysis, Morris requires substantially fewer model 

evaluations while still providing effective parameter screening 

and indicating potential nonlinear effects and parameter 

interactions. Therefore, the Morris method provides an 

appropriate balance between computational efficiency and 

sensitivity information for deterministic regional energy 

system models involving numerous uncertain inputs. 

For a model with k uncertain input parameters, the 

elementary effect (EE) of the i-th parameter is defined as the 

change in the model response resulting from a finite 

perturbation of that parameter while all remaining parameters 

are held constant [32]. The elementary effect is expressed as 

 

𝐸𝐸𝑖 =
𝑌(𝑥1, … , 𝑥𝑖 + Δ,… , 𝑥𝑘) − 𝑌(𝑥1, … , 𝑥𝑖 , … , 𝑥𝑘)

Δ
 (1) 

 

where, 𝑌(⋅) denotes the model response, 𝑥𝑖 is the normalized 

value of the i-th input parameter, and Δ  represents the 

predefined perturbation step within the normalized parameter 

space. Multiple elementary effects are generated for each 

parameter using different sampling trajectories to ensure that 

the sensitivity estimates adequately represent the global 

behaviour of the engineering model. 

The elementary effects obtained from all sampling 

trajectories are subsequently summarized using two statistical 

indices [33, 34]. The first index is the mean absolute 

elementary effect, μ*, which quantifies the overall influence of 

an uncertain parameter on the model response and is calculated 

as 

 

𝜇∗ =
1

𝑟
∑ ∣ 𝐸

𝑟

𝑗=1

𝐸𝑖,𝑗 ∣ (2) 

 

where, r denotes the number of sampling trajectories. A larger 

value of μ* indicates that the corresponding parameter exerts a 

stronger influence on the engineering response variable. 

The second index is the standard deviation of the elementary 

effects, σ, which measures the variability of the elementary 

effects across different sampling trajectories and is expressed 

as 

 

𝜎𝑖 = √
1

𝑟 − 1
∑(𝐸

𝑟

𝑗=1

𝐸𝑖,𝑗 − 𝐸𝐸𝑖‾ )2 (3) 

 

where, 𝐸𝐸𝑖‾  represents the mean elementary effect of the i-th 

parameter. High values of σ generally indicate nonlinear 

effects, parameter interactions, or both, whereas low values 

suggest that the parameter exhibits a relatively linear and 

independent influence on the model response. 

In this study, Morris GSA was applied independently to 

each engineering response variable generated by the 

deterministic regional energy system model. The resulting 𝜇∗ 
values were used to rank the relative importance of uncertain 

input parameters, whereas the combined interpretation of 𝜇∗ 
and 𝜎 provided additional insight into parameter interactions 

and nonlinear system behaviour. These sensitivity indices 

constitute the basis for the comparative ranking and 

visualization presented in the subsequent section. 

 

2.4 Sensitivity analysis workflow 

 

Following the deterministic model development and Morris 

GSA formulation, the proposed workflow was implemented to 

assess the influence of uncertain inputs on multiple 

engineering responses [35, 36]. It integrates uncertainty 

sampling, model evaluation, elementary-effect calculation, 

parameter ranking, and visualization to identify critical 

parameters and examine potential nonlinearities and 

interactions. 

 

Algorithm 1. Integrated Morris GSA implementation 

workflow 

Input: 

Regional energy database; 

Baseline engineering parameters; 

Uncertainty ranges for all input parameters. 

Output: 

Morris sensitivity indices (μ*, σ); 

Parameter rankings; 

Comparative sensitivity evaluation. 

Procedure 

 

Model construction 

1. Load and validate the regional energy database. 

2. Construct the deterministic regional energy system 

model. 

3. Verify the deterministic baseline model. 

 

Uncertainty characterization 

4. Define uncertain input parameters. 

5. Normalize parameter ranges. 

 

Morris sampling 

6. Generate 30 random Morris sampling trajectories (p = 4, 

Δ = 2/3, random seed = 42). 

7. For each Morris sampling point do 

        Evaluate the deterministic model. 

        Store engineering response variables. 

     End for 

 

Sensitivity analysis 

8.   Compute elementary effects. 

9.   Calculate μ* and σ. 

10. Rank uncertain parameters. 

11. Compare parameter importance across engineering 

response variables. 

 

Visualization 

12. Generate sensitivity rankings, μ*–σ interaction plots, 

and comparative visualizations. 
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Algorithm 1 summarizes the computational implementation 

adopted in this study. Beginning with deterministic model 

construction and verification, the workflow proceeds through 

uncertainty characterization, Morris trajectory generation, 

deterministic model evaluation, elementary effect 

computation, sensitivity index calculation, parameter ranking, 

and comparative visualization. Together with the 

computational environment described in Section 2.5, the 

algorithm provides sufficient implementation details to 

facilitate reproduction of the proposed methodology by other 

researchers. 

The computational configuration adopted in this study is 

summarized in Table 2. A total of 29 uncertain input 

parameters representing electricity demand, generation 

capacities, technical characteristics, economic variables, 

environmental factors, and interconnection attributes were 

considered. These parameters were evaluated against six 

engineering response variables, namely annual system cost, 

carbon emissions, renewable energy share, fossil generation 

share, external electricity supply share, and energy balance. 

Morris sampling was performed using 30 randomly generated 

sampling trajectories with four discrete sampling levels (p = 

4), the standard perturbation step size of Δ = 2/3, and a fixed 

random seed of 42, resulting in 900 deterministic model 

evaluations and 841 elementary effects. The resulting 

elementary effects were subsequently used to calculate the μ* 

and σ for each input parameter–response variable 

combination. 

 

Table 2. Configuration of the Morris Global Sensitivity 

Analysis (GSA) 

 
Item Value 

Sensitivity analysis 

method 
Morris elementary effects 

Model type 
Deterministic regional energy system 

model 

Capacity representation Existing generation capacities 

Uncertain input 

parameters 
29 

Model response 

variables 
6 

Sampling levels (p) 4 

Perturbation step (Δ) 2/3 

Random seed 42 

Number of trajectories 30 

Total model evaluations 900 

Total elementary effects 841 

Baseline demand 

(GWh) 
1,990.70 

Baseline cost (USD) 15,966,784.41 

Baseline emissions 

(tCO2) 
616,668.72 

 

Following the computation of the Morris sensitivity indices, 

several complementary visualization techniques were 

employed to facilitate the interpretation of the results. The μ* 

was first used to rank the uncertain input parameters according 

to their relative influence on annual system cost. The 

combined interpretation of μ* and σ was subsequently 

illustrated using the Morris μ*–σ plot, allowing parameters 

with strong nonlinear behaviour or significant interactions to 

be identified. Finally, a normalized sensitivity matrix was 

constructed to compare parameter importance across all 

engineering response variables, thereby providing a 

comprehensive overview of the dominant uncertainty sources 

affecting regional energy system performance. 

The overall workflow supports both quantitative sensitivity 

evaluation and engineering interpretation. By integrating 

parameter ranking, interaction assessment, and cross-response 

comparison within a single analytical framework, the 

proposed workflow provides a systematic basis for identifying 

influential uncertain parameters, prioritizing future 

measurement efforts, improving model calibration, and 

supporting evidence-based regional energy planning. 

 

2.5 Computational implementation 

 

The proposed engineering framework was implemented 

using Python 3.10.11 under the Microsoft Windows operating 

system. Numerical computation, data processing, and 

visualization were performed using NumPy 1.26.0, Pandas 

2.1.1, and Matplotlib 3.8.0, respectively. The deterministic 

engineering model, uncertainty characterization, Morris GSA, 

sensitivity ranking, and comparative visualization were 

developed within a unified Python environment to ensure 

methodological consistency throughout the analysis. To 

facilitate reproducibility, the Morris sampling procedure 

employed a fixed random seed of 42, together with 30 

sampling trajectories, four discrete sampling levels (p = 4), and 

the standard perturbation step size of Δ = 2/3. All 

computational experiments were executed on a workstation 

equipped with an AMD Ryzen 9 processor, 32 GB RAM, and 

a 1 TB solid-state drive (SSD). 

 

 

3. RESULTS AND DISCUSSION 

 

The proposed engineering framework was evaluated using 

a deterministic regional energy system model integrated with 

Morris GSA to investigate the influence of uncertain input 

parameters on multiple engineering response variables. The 

analysis aims to identify the dominant uncertainty sources 

affecting regional energy system performance while providing 

complementary insights through parameter ranking, 

interaction assessment, and multidimensional visualization. 

The results are presented in four stages, including parameter 

ranking, interaction analysis, cross-response sensitivity 

evaluation, and comparative interpretation of the most 

influential engineering parameters. 

 

3.1 Overall parameter importance 

 

The first stage of the proposed sensitivity assessment 

examines the relative importance of uncertain input 

parameters using the Morris μ*. Larger values of μ* indicate 

that variations in an input parameter produce greater changes 

in the corresponding model response. In this study, parameter 

importance is evaluated from two complementary 

perspectives. Figure 2 presents the sensitivity ranking with 

respect to annual system cost, whereas Table 3 summarizes the 

overall parameter importance obtained by aggregating the 

normalized Morris sensitivity indices across all six 

engineering response variables. This dual representation 

enables both output-specific and system-level interpretations 

of parameter importance. 

Figure 2 shows that gas generation capacity is the most 

influential parameter affecting annual system cost, with a 

Morris sensitivity index (μ*) of 1.08 × 10⁶, followed by coal 

generation capacity (1.02 × 10⁶). The approximately 5.9% 
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higher μ* value of gas generation capacity indicates that 

perturbations within its prescribed uncertainty range produce 

a measurably larger average variation in annual system cost 

than equivalent perturbations of coal generation capacity. 

Because μ* represents the mean absolute elementary effect 

obtained from multiple sampling trajectories, this result 

quantitatively confirms that uncertainty associated with gas 

generation capacity exerts the strongest average influence on 

the economic performance of the regional energy system. The 

substantial separation between these two parameters and the 

remaining variables indicates that uncertainties associated 

with dispatchable generation capacity dominate the economic 

performance of the regional energy system. Since coal- and 

gas-fired power plants supply the majority of electricity 

demand under the baseline operating conditions, changes in 

their available capacities directly alter generation dispatch, 

fuel consumption, and overall operating cost. Consequently, 

accurate characterization of these parameters is essential for 

improving the reliability of engineering measurements and 

reducing uncertainty in model-based economic assessments. 

 

Table 3. Overall ranking of input parameters across all 

engineering response variables 

 

Overall 

Rank 
Parameter 

Mean 

Normalized 

μ* 

Overall 

Importance 

1 Gas capacity 0.596 Very High 

2 Demand 0.557 Very High 

3 Coal capacity 0.522 High 

4 
Interconnection 

capacity 
0.514 High 

5 Biomass capacity 0.229 High 

6 
Biomass capacity 

factor 
0.205 Moderate 

7 Diesel capacity 0.182 Moderate 

8 
Interconnection 

emission factor 
0.085 Moderate 

9 
Interconnection 

variable cost 
0.078 Moderate 

10 
Coal emission 

factor 
0.071 Moderate 

 

 
 

Figure 2. Morris sensitivity ranking of input parameters for 

annual system cost 

 

The second group of influential parameters comprises 

interconnection cost and interconnection capacity, both 

exhibiting μ* values of approximately 0.50 × 10⁶, followed by 

diesel generation capacity (0.42 × 10⁶). The sensitivity indices 

of the interconnection-related parameters are less than one-

half of that associated with gas generation capacity, indicating 

that although transmission-related uncertainties remain 

important, their average influence on annual system cost is 

substantially smaller than uncertainties in dispatchable 

generation capacity. These results indicate that the capability 

and economic conditions of electricity exchange with 

neighbouring systems also contribute substantially to annual 

system cost uncertainty. In contrast, gas variable generation 

cost, diesel variable generation cost, biomass capacity, coal 

variable generation cost, and biomass capacity factor exhibit 

considerably lower sensitivity indices, suggesting that 

uncertainties associated with these parameters produce 

relatively small variations in the economic response under the 

investigated operating conditions. 

Although Figure 2 focuses exclusively on annual system 

cost, the overall ranking presented in Table 3 reveals a broader 

perspective of parameter importance across the entire 

engineering model. Gas generation capacity remains the most 

influential parameter, confirming its dominant contribution to 

system performance. However, the overall ranking also 

identifies electricity demand as one of the most influential 

variables because it simultaneously affects several engineering 

response variables, including renewable energy share, fossil 

generation share, external electricity supply, and energy 

balance. Similarly, biomass capacity and biomass capacity 

factor become more influential in the overall assessment than 

suggested by the cost-based ranking alone, reflecting their 

strong contributions to renewable energy penetration despite 

their relatively limited impact on annual system cost. 

The comparison between the cost-specific ranking and the 

overall ranking demonstrates that parameter importance 

depends on the engineering response variable being 

considered. Parameters governing conventional generation 

capacities dominate the economic objective, whereas demand, 

renewable resource characteristics, and network-related 

variables become increasingly significant when multiple 

performance indicators are evaluated simultaneously. The 

combined use of absolute μ* values for annual system cost and 

normalized μ* values across multiple engineering responses 

enables both quantitative comparison of parameter influence 

within a specific objective and consistent evaluation of 

parameter importance across different performance indicators. 

These findings highlight the importance of multi-response 

sensitivity analysis for engineering applications, as relying on 

a single performance metric may overlook parameters that are 

critical for other aspects of system behaviour. From a practical 

perspective, the results provide a rational basis for prioritizing 

engineering measurements, improving parameter estimation, 

and allocating data collection efforts toward the variables that 

most strongly influence regional energy system performance. 

 

3.2 Parameter interaction analysis 

 

The Morris μ*–σ plot provides complementary information 

to the parameter ranking by simultaneously evaluating 

parameter importance and the variability of the corresponding 

elementary effects. While the μ* measures the overall 

influence of an uncertain parameter, the σ reflects the extent to 

which the parameter exhibits nonlinear behaviour or interacts 

with other uncertain inputs. Figure 3 presents the μ*–σ 

distribution of the ten most influential parameters for annual 

system cost. 

Gas generation capacity exhibits the largest estimated 

Morris sensitivity index, with μ* = 1.080 × 10⁶ and σ = 0.021 
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× 10⁶, indicating that it is the most influential parameter for 

annual system cost within the adopted sampling design. Coal 

generation capacity follows closely with μ* = 1.018 × 10⁶ and 

a smaller interaction level (σ = 0.011 × 10⁶). The relatively 

high μ* values combined with moderate σ values indicate that 

variations in dispatchable generation capacities primarily 

influence system cost through direct effects rather than 

through strong nonlinear interactions. Consequently, accurate 

measurement and characterization of these capacity 

parameters are essential for improving the reliability of cost 

estimation. 

Interconnection variable cost (μ* = 0.505 × 10⁶, σ = 0.037 × 

10⁶) and interconnection capacity (μ* = 0.497 × 10⁶, σ = 0.041 

× 10⁶) exhibit substantially larger σ values than the two 

highest-ranked parameters. Their locations in the upper-right 

region of Figure 3 indicate that these parameters participate in 

stronger interactions with other uncertain inputs. This 

behaviour suggests that the economic impact of 

interconnection resources depends not only on their individual 

values but also on simultaneous variations in demand, 

generation capacities, and system operating conditions. 

 

 
 

Figure 3. Morris μ*–σ plot for annual system cost 
Note: Mean absolute elementary effect (μ*); standard deviation (σ). 

 

Parameters with intermediate influence, including diesel 

generation capacity (μ* = 0.416 × 10⁶, σ = 0.022 × 10⁶), gas 

variable cost (μ* = 0.321 × 10⁶, σ = 0.024 × 10⁶), and diesel 

variable cost (μ* = 0.285 × 10⁶, σ = 0.023 × 10⁶), exhibit 

moderate sensitivity together with moderate interaction 

effects. Their influence on annual system cost remains 

important but is considerably smaller than that of gas and coal 

generation capacities. In contrast, biomass generation capacity 

(μ* = 0.189 × 10⁶) and biomass capacity factor (μ* = 0.052 × 

10⁶) display both low μ* and low σ values, indicating that 

uncertainties associated with these parameters contribute only 

marginally to cost variability under the investigated operating 

conditions. 

The μ*–σ analysis therefore extends the ranking results by 

distinguishing parameters dominated by direct effects from 

those influenced by nonlinear interactions. In particular, gas 

and coal generation capacities represent the most influential 

parameters with comparatively stable sensitivity behaviour, 

whereas interconnection-related parameters exhibit the 

strongest interaction effects. This additional information 

provides practical guidance for parameter characterization, 

uncertainty reduction, and measurement prioritization in 

regional energy system modelling. 

 

3.3 Comparative sensitivity across engineering variables 

 

The sensitivity ranking and interaction analysis presented in 

the previous subsections focused exclusively on annual system 

cost as a representative engineering response. Although cost is 

one of the principal performance indicators in regional energy 

planning, practical decision making simultaneously considers 

multiple objectives, including carbon emissions, renewable 

energy penetration, fossil generation share, external electricity 

dependence, and overall energy balance. These engineering 

responses are governed by the same set of uncertain input 

parameters but often exhibit substantially different sensitivity 

characteristics. This highlights the need for evaluating 

sensitivity across multiple engineering response variables 

rather than relying on a single output. Figure 4 extends the 

Morris GSA by presenting the normalized μ* across all six 

engineering response variables, thereby enabling direct 

comparison of parameter importance throughout the entire 

regional energy system. 

The comparative visualization reveals not only the 

dominant parameters for each response variable but also those 

that consistently influence several engineering objectives 

simultaneously. 

Figure 4 demonstrates that gas generation capacity is the 

most consistently influential parameter across the investigated 

engineering responses. It achieves the highest normalized 

sensitivity for annual system cost with a value of 1.00, while 

maintaining relatively large sensitivities for fossil generation 

share (0.84), renewable energy share (0.61), energy balance 

(0.57), and carbon emissions (0.56). This behaviour indicates 
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that variations in gas generation capacity propagate throughout 

multiple aspects of regional energy system operation rather 

than affecting only economic performance. From an 

engineering perspective, gas-fired generation serves as a 

flexible dispatchable resource in the studied regional energy 

system, where its generation output can be adjusted to 

accommodate demand fluctuations and complement less 

dispatchable generation sources. As a result, variations in 

available gas generation capacity directly influence dispatch 

scheduling, fuel allocation, renewable energy integration, and 

overall system balancing. Consequently, uncertainty 

associated with available gas capacity propagates 

simultaneously to several system outputs, making this 

parameter one of the primary drivers of overall model 

behaviour. The consistently high sensitivity values observed 

across multiple outputs also suggest that improving the 

accuracy of gas capacity estimation would contribute 

significantly to reducing uncertainty in regional energy 

planning models. 

 

 
 

Figure 4. Normalized Morris sensitivity of input parameters across multiple model outputs 

 

A similarly consistent pattern is observed for coal 

generation capacity, which represents the second most 

influential parameter overall. Coal capacity exhibits 

normalized sensitivities of 0.94 for annual system cost, 0.84 

for carbon emissions, 0.83 for fossil generation share, and 0.52 

for energy balance. These results indicate that coal-based 

generation continues to dominate both the economic and 

environmental characteristics of the regional power system. 

Unlike gas capacity, whose influence extends across 

operational flexibility, coal capacity primarily determines the 

amount of conventional electricity generation required to 

satisfy demand, thereby affecting fuel consumption, 

greenhouse gas emissions, and the proportion of fossil-based 

electricity within the generation mix. The comparable 

sensitivity magnitudes obtained for annual cost and emissions 

further demonstrate the strong coupling between economic 

and environmental objectives in systems where coal remains a 

major generating technology. This finding suggests that future 

planning strategies aimed at reducing both operational costs 

and emissions should prioritize uncertainties associated with 

dispatchable fossil generation capacity. 

The influence pattern differs considerably for 

interconnection capacity and biomass-related parameters, 

indicating that several uncertain inputs primarily affect 

specific engineering objectives rather than the entire system 

simultaneously. Interconnection capacity exhibits the 

maximum normalized sensitivity (1.00) for external electricity 

supply and carbon emissions while also producing relatively 

high sensitivities for energy balance (0.62) and moderate 

influence on annual system cost (0.46). These results 

emphasize the critical role of transmission capability in 

determining electricity imports, system adequacy, and the 

resulting emission profile. In contrast, biomass generation 

capacity and biomass capacity factor dominate renewable 

energy share, with normalized sensitivities of 1.00 and 0.99, 

respectively. The almost identical sensitivity values indicate 

that both installed biomass capacity and resource availability 

contribute nearly equally to renewable energy penetration. 

Meanwhile, the normalized sensitivity of solar PV capacity for 

renewable energy share remains very small (0.02), suggesting 

that under the assumed planning scenario, uncertainty in 

existing PV deployment contributes relatively little to the 

overall variability of renewable energy penetration compared 

with biomass resources. These observations illustrate that the 

engineering significance of an uncertain parameter depends 

strongly on the specific performance indicator being 

evaluated. 

Other uncertain parameters, including diesel generation 

capacity, gas variable cost, diesel variable cost, and coal 

variable cost, generally exhibit normalized sensitivity values 

below 0.40 for most engineering responses. Although these 

variables contribute to overall model uncertainty, their 

influence is considerably smaller than that of generation 

capacities and transmission-related parameters. The 

comparative analysis therefore demonstrates that parameter 

importance cannot be generalized using a single engineering 

objective because different response variables are governed by 

different subsets of uncertain inputs. Nevertheless, gas 
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generation capacity, coal generation capacity, and 

interconnection capacity consistently remain among the 

dominant parameters across multiple engineering responses, 

indicating that these variables represent the principal sources 

of uncertainty within the regional energy system model. This 

multidimensional sensitivity evaluation constitutes one of the 

main contributions of the present study because it provides a 

comprehensive understanding of uncertainty propagation 

across several engineering performance indicators 

simultaneously. Such information is particularly valuable for 

uncertainty reduction, measurement prioritization, and future 

model calibration, where resources can be directed toward 

improving the characterization of parameters that exert the 

greatest influence on overall system behaviour. 

 

3.4 Integrated interpretation of critical parameters 

 

The preceding analyses examined parameter importance for 

individual engineering response variables. However, practical 

regional energy planning requires simultaneous consideration 

of multiple performance objectives, including economic 

efficiency, environmental impact, renewable energy 

integration, system adequacy, and electricity supply 

reliability. This necessitates an integrated comparison of 

sensitivity rankings across all model outputs is essential for 

identifying parameters that consistently influence overall 

system performance. Figure 5 summarizes the five most 

influential uncertain input parameters for each engineering 

response variable based on the normalized Morris sensitivity 

index (μ*), thereby providing a comprehensive overview of 

uncertainty propagation throughout the regional energy 

system. 

Figure 5 reveals that the dominant uncertain parameters 

differ considerably among engineering performance 

indicators, although several common patterns emerge. For 

annual system cost, gas generation capacity is identified as the 

most influential parameter with a normalized sensitivity of 

1.00, followed by coal generation capacity (0.94), 

interconnection variable cost (0.47), interconnection capacity 

(0.46), and diesel generation capacity (0.38). This ranking 

indicates that economic performance is governed primarily by 

dispatchable generation resources, while transmission-related 

parameters contribute to a lesser extent. Because gas and coal 

generation constitute the principal dispatchable technologies 

within the baseline system, uncertainties associated with their 

available capacities directly affect generation scheduling and 

operating expenditure. 

 

 
 

Figure 5. Comparative Morris sensitivity ranking across multiple engineering performance indicators 

 

The sensitivity pattern differs for environmental and 

renewable energy indicators. Carbon emissions are primarily 

influenced by interconnection capacity, which reaches the 

maximum normalized sensitivity (1.00), followed by coal 

generation capacity (0.84), gas generation capacity (0.56), 

interconnection emission factor (0.51), and coal emission 

factor (0.42). These results indicate that uncertainties 

associated with electricity imports influence overall emissions 

more strongly than uncertainties in several generation 

technologies. In contrast, renewable energy share is dominated 

almost entirely by biomass-related parameters. Biomass 

generation capacity exhibits the highest normalized sensitivity 

(1.00), while biomass capacity factor reaches 0.99, 

demonstrating that both installed biomass capacity and 

resource availability contribute almost equally to renewable 

energy penetration. Demand (0.83) and gas generation 

capacity (0.61) exert secondary influence, whereas the 

sensitivity of solar PV capacity remains very small (0.02) 

under the present planning assumptions. 

Different engineering characteristics are also observed for 

fossil generation share, external electricity supply, and energy 

balance. Fossil generation share is governed primarily by 

demand (1.00), followed by gas generation capacity (0.84) and 

coal generation capacity (0.83), indicating that electricity 
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consumption remains the principal driver determining fossil 

fuel utilization. External electricity supply is almost entirely 

controlled by interconnection capacity, which attains the 

maximum normalized sensitivity (1.00), while demand 

contributes a moderate influence (0.51); the remaining 

parameters exhibit negligible sensitivity. Similarly, energy 

balance is dominated by demand (1.00), followed by 

interconnection capacity (0.62), gas generation capacity 

(0.57), and coal generation capacity (0.52). These results 

demonstrate that maintaining system adequacy depends 

primarily on accurate characterization of electricity demand 

together with the available dispatchable generation and 

transmission capability. 

Overall, Figure 5 demonstrates that no single uncertain 

parameter dominates every engineering response variable. 

Instead, different performance indicators are governed by 

different combinations of uncertain inputs that reflect their 

underlying physical and operational characteristics. 

Nevertheless, several parameters, particularly gas generation 

capacity, coal generation capacity, interconnection capacity, 

and electricity demand, repeatedly appear among the most 

influential variables across multiple outputs. Their recurring 

dominance indicates that these parameters constitute the 

principal sources of uncertainty within the regional energy 

system model and therefore deserve priority in future 

measurement campaigns, parameter calibration, and data 

collection efforts. 

From an engineering measurement perspective, the 

obtained sensitivity rankings provide a systematic basis for 

planning future measurement campaigns. Parameters 

exhibiting consistently high sensitivity should be prioritized 

for more accurate measurement, sensor deployment, 

calibration, and data acquisition because reducing uncertainty 

in these variables is expected to improve the reliability of 

multiple engineering response variables simultaneously. 

Conversely, parameters with consistently low sensitivity may 

require less intensive measurement effort, enabling more 

efficient allocation of measurement resources without 

substantially affecting model performance. This enables the 

proposed approach to support not only uncertainty 

quantification and parameter prioritization but also 

measurement-informed engineering planning by guiding 

where limited measurement resources can be deployed most 

effectively to reduce predictive uncertainty. 

 

 

4. CONCLUSIONS 

 

This study presented a systematic engineering approach for 

uncertainty-oriented sensitivity assessment using the Morris 

GSA method. The proposed approach combines uncertainty 

characterization, deterministic energy system modelling, and 

comparative multi-response sensitivity evaluation to quantify 

the influence of uncertain engineering input parameters on 

regional energy system performance. Unlike conventional 

sensitivity studies that evaluate individual performance 

indicators independently, the proposed methodology 

simultaneously assesses parameter influence across six 

engineering response variables, providing a more 

comprehensive understanding of how input uncertainty affects 

multiple engineering performance objectives through a unified 

analytical workflow. 

The results demonstrate that parameter importance varies 

substantially across engineering response variables, 

confirming that no single performance indicator adequately 

represents overall system behaviour. Comparative sensitivity 

evaluation identifies gas generation capacity as the most 

influential parameter across all engineering responses, with a 

mean normalized sensitivity of 0.596, followed by electricity 

demand (0.557), coal generation capacity (0.522), and 

interconnection capacity (0.514). These findings demonstrate 

that economic, environmental, and operational objectives are 

governed by different subsets of uncertain parameters, 

highlighting the value of comparative multi-response 

sensitivity assessment over conventional single-response 

analyses. 

From an engineering perspective, the proposed approach 

provides a practical basis for prioritizing measurement efforts, 

improving parameter estimation, reducing predictive 

uncertainty, and supporting sensitivity-informed engineering 

decision-making. The resulting sensitivity rankings can assist 

engineers and planners in allocating data collection and model 

calibration efforts toward the parameters that most strongly 

influence regional energy system performance while avoiding 

unnecessary effort on less influential variables. In this way, the 

proposed approach contributes not only to uncertainty 

quantification but also to improving model transparency, 

engineering interpretation, and evidence-based regional 

energy planning. 

The proposed methodology is potentially transferable to 

other engineering systems involving complex computational 

models and multiple uncertain input parameters. It should be 

emphasized that the Morris GSA method is primarily intended 

as a global screening technique for identifying the relative 

importance of uncertain input parameters rather than for 

quantifying their individual contributions to output variance. 

Accordingly, the reported sensitivity rankings should be 

interpreted as relative measures for parameter prioritization 

within the predefined uncertainty ranges rather than as 

variance decomposition metrics. Furthermore, because the 

reported Morris sensitivity indices are estimated from a finite 

number of randomly generated sampling trajectories, they are 

inherently subject to sampling variability. Confidence 

intervals or standard errors of the estimated μ* values were not 

evaluated in the present study; therefore, the reported rankings 

should be interpreted as screening-based estimates of relative 

parameter importance rather than statistically precise 

sensitivity estimates. Because the present study focuses on 

parameter screening using bounded uncertainty intervals 

within the Morris GSA framework rather than probabilistic 

uncertainty propagation, future research may extend the 

proposed approach by incorporating correlated input 

uncertainties, probabilistic uncertainty representations, time-

varying uncertainty models, Bayesian parameter updating, 

bootstrap-based uncertainty estimation for Morris indices, or 

variance-based global sensitivity methods, such as Sobol 

analysis. These extensions would enable complementary 

uncertainty propagation analysis while further strengthening 

uncertainty quantification, model reliability, and engineering 

decision support. 
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