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ABSTRACT 
 This study presents a technology-agnostic framework for analysing wind–solar hybridisation 

from a resource-based perspective, focusing on integration-relevant temporal behaviour. 

Renewable availability is represented using normalised signals, enabling the evaluation of 

variability and inter-period transition intensity as key indicators of temporal dynamics. The 

results reveal a non-linear response to the mixing parameter, with variability minimised at 

balanced wind–solar contributions, while transition intensity reaches its minimum at higher 

solar shares. This non-coincidence highlights an inherent trade-off between different integration 

objectives. A demand-aware residual proxy is introduced to assess temporal alignment between 

renewable availability and electricity demand, indicating improved alignment under hybrid 

configurations at monthly resolution. The framework operates independently of technology-

specific assumptions and dispatch modelling, providing a transparent basis for early-stage 

planning and hybrid configuration screening. The findings demonstrate how resource 

complementarity can be systematically linked to integration-relevant behaviour across temporal 

scales. 

KEYWORDS 

 Wind–solar hybrid systems; Resource complementarity; Temporal variability; Inter-period 
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INTRODUCTION 

The large-scale integration of variable renewable energy sources has fundamentally altered 

the operational paradigm of modern power systems, shifting the primary challenge from long-

term energy adequacy to short-term flexibility and integration-related stability requirements. 

In contrast to conventional dispatchable generation, wind and solar resources are characterised 

by pronounced temporal variability and limited controllability, resulting in recurrent periods of 

low availability and temporal fluctuations [1]. As renewable penetration increases, these 

dynamics evolve from secondary considerations into dominant operational constraints. Power 
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systems are therefore required to manage higher levels of short-term variability while 

maintaining reliability, often leading to an increased dependence on reserve capacity, flexibility 

options, and energy storage solutions [2]. Long-term storage requirements in systems with high 

shares of variable renewable energy have been shown to depend strongly on the temporal 

variability of renewable supply [3], while recent planning studies further emphasise the role of 

variability in shaping storage needs and overall system design [4]. In this context, the ability to 

stabilise aggregate renewable supply across multiple temporal scales constitutes a critical 

determinant of successful renewable energy integration. In this study, stability is considered in 

a proxy-based and planning-oriented sense, focusing on integration-relevant characteristics of 

renewable availability rather than classical power system stability phenomena, such as 

frequency or voltage stability. Specifically, it refers to statistical properties of renewable 

availability that are relevant for system integration, including variability, inter-period 

transitions, and demand–availability alignment. These indicators should be interpreted as 

proxies of integration-relevant behaviour rather than direct measures of power system stability. 

Accordingly, the proposed framework captures stability-related behaviour at the resource 

level, rather than operational system dynamics governed by grid physics and control 

mechanisms. It is therefore important to distinguish between grid-level stability, which 

involves frequency and voltage regulation, and the resource-level indicators adopted in this 

study. These indicators describe the ability of combined renewable resources to produce a more 

temporally consistent and predictable availability profile prior to any active grid intervention 

or compensation. 

Building on this conceptual distinction, flexibility requirements associated with high shares 

of variable renewable energy have been extensively investigated through both planning and 

operational modelling frameworks, which capture system behaviour across multiple temporal 

scales [5]. A persistent challenge in this literature is the mismatch between the temporal 

resolution of power system operations and that of long-term energy planning. While 

operational studies typically rely on high-resolution (hourly or sub-hourly) time series to 

capture short-term dynamics, long-term assessment models often employ aggregated temporal 

representations that smooth out variability [6], a limitation that has been explicitly highlighted 

in integrated assessment modelling studies [7] 

To address this limitation, several modelling approaches have sought to explicitly 

incorporate high-resolution renewable variability into long-term assessment frameworks, 

thereby improving the representation of temporal dynamics and system constraints [8]. 

More recently, high-resolution climate reanalysis has been shown to be essential for 

capturing the nuanced global patterns of wind–solar complementarity, providing a robust basis 

for hybrid renewable energy system design [9]. Within this broader integration context, wind–

solar hybridisation has attracted increasing attention as a strategy for mitigating the variability 

inherent in individual renewable resources. Owing to their asynchronous temporal behaviour, 

wind and solar resources can partially compensate for each other, leading to smoother 

aggregate availability profiles. Recent studies have adopted portfolio-based perspectives to 

address variability and supply risk, highlighting the importance of technological, spatial, and 

temporal complementarities in reducing variability at the system level [10]. In addition, the 

role of complementarity and resource variability characteristics in shaping hybrid system 

performance under varying climatic conditions has been increasingly emphasised [11]. 

 In the Mediterranean context, the co-location of wind and solar resources has been shown 

to improve energy yield and reduce variability through complementary temporal behaviour, 

thereby enhancing the integration potential of hybrid renewable systems [12].  

Despite these advances, most existing studies remain primarily descriptive, focusing on 

correlation structures, complementarity indices, or resource co-variability without explicitly 

linking these properties to system-relevant outcomes [13], [14], [15]. In particular, recent 

reviews have highlighted that existing complementarity metrics are unable to capture all 

relevant dimensions of resource interaction and often provide only partial representations of 
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system behaviour [16]. More broadly, the integration of variable renewable energy sources into 

power systems continues to present  key challenges related to variability, uncertainty, and 

system flexibility requirements [17], [18]. Within the planning-oriented context adopted in this 

study, inter-period transition intensity is defined as the mean absolute first-order difference of 

the availability signal. In parallel, hybrid renewable energy system studies frequently 

incorporate storage or auxiliary technologies [19], [20], [21]. While these approaches 

demonstrate practical feasibility, they typically rely on technology-specific assumptions, such 

as installed capacities, dispatch strategies, or system configurations, which limits their 

transferability to early-stage planning contexts. 

More recent contributions have introduced demand-aware perspectives, for example 

through residual load analysis, to better capture system-relevant dynamics [22].  However, 

these approaches remain dependent on detailed system representations and do not provide a 

generalised framework that is not tied to specific technological configurations. 

Consequently, a clear methodological gap persists between descriptive resource 

complementarity analysis and integration-oriented system-level assessment, as existing studies 

remain fragmented and lack a unified, technology-agnostic framework linking resource-level 

interactions to system-level behaviour. This highlights the need for analytical approaches that 

can establish such a linkage in a transparent and transferable manner. 

Building on this gap, the present study develops a technology-agnostic analytical 

framework for wind–solar hybridisation, based on normalised resource availability signals that 

preserve temporal structure while enabling consistent cross-resource evaluation. 

These signals are combined through a continuous mixing parameter (α), enabling 

systematic exploration of hybrid configurations without reliance on technology-specific 

assumptions. The parameter α is interpreted as a dimensionless resource-level mixing factor 

rather than a direct representation of installed capacity or generation shares. Accordingly, the 

framework is intended for exploratory and screening purposes rather than direct system design. 

Integration-relevant system-level behaviour is evaluated using multiple metrics, including 

variability, inter-period transition intensity, and low-availability events, complemented by a 

demand-aware residual-based proxy [23]. 

The key contribution of this study is the explicit identification of distinct and non-

coincident integration mechanisms governing wind–solar hybrid systems, demonstrating that 

optimal configurations differ across variability, transition behaviour, and low-availability 

conditions.  

The novelty of the proposed approach lies in the explicit integration and analytical 

interpretation of multiple stability-relevant dimensions within a unified, generalised analytical 

framework, rather than treating them as independent or implicitly aligned indicators. By linking 

resource-level complementarity to system-level behaviour across temporal scales, the study 

moves beyond purely descriptive analyses and establishes a coherent basis for stability-oriented 

screening in early-stage renewable energy planning. 

To enhance the robustness and generalisability of the proposed framework, the analysis is 

conducted across three distinct climatic zones in Albania: the Coastal Belt, the Western 

Lowlands (represented by the Vlorë case study), and the Mountainous Area. The analysis is 

performed at a monthly temporal resolution, consistent with its planning-oriented objective. 

For the multi-zonal assessment, high-resolution hourly time-series data are initially processed 

and subsequently aggregated, ensuring that the underlying temporal structure of resource 

variability is preserved prior to evaluation. This multi-scale temporal approach, combined with 

geospatial validation, enables the framework to capture diverse resource dynamics and 

provides transferable insights for hybrid renewable system design in regions characterised by 

strong seasonal variability. 

Overall, the study establishes a direct analytical linkage between resource-level 

complementarity and multiple integration-relevant stability dimensions, offering a 

generalisable and transferable framework for hybrid renewable system assessment. 
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METHODS  

This section presents the proposed analytical framework for evaluating wind–solar 

hybridisation from a system-integration perspective. The approach is designed to quantify 

integration-relevant, planning-oriented stability characteristics using transparent, technology-

neutral metrics derived from normalised resource availability signals. These metrics should be 

interpreted as proxy indicators of temporal behaviour relevant for renewable energy 

integration, rather than as direct measures of operational power system stability. 

 By abstracting from technology-specific parameters, such as installed capacity, conversion 

efficiency, and dispatch strategies, the framework isolates the underlying climatic potential for 

temporal balancing, thereby ensuring robustness across different technological configurations 

and geographic contexts. The overall structure of the analytical framework is illustrated in 

Figure 1. The approach proceeds sequentially from data acquisition and normalisation to hybrid 

signal construction and multi-dimensional assessment of integration-relevant temporal 

behaviour. Central to the framework is a continuous mixing parameter (𝛼), which is used to 

combine normalised wind and solar availability indices into a composite hybrid signal 𝐻(𝑡). 

The parameter α is defined as a dimensionless analytical weighting factor and does not 

represent installed capacity, generation share, or any physical system configuration. Instead, it 

enables a systematic exploration of the relative contribution of wind and solar availability 

within a generalised analytical framework. 

To enhance the generalisability of the analysis and address the limitations of single-site 

studies, the framework is applied across three distinct topographic archetypes in Albania: the 

Coastal Belt, the Western Lowlands (represented by the Vlora reference site), and the 

Mountainous Area. This multi-zonal implementation allows the identification of stability-

relevant mixing regimes under heterogeneous climatic conditions and supports the evaluation 

of the robustness of the framework across different resource contexts. 

The core analysis is conducted on monthly aggregated time series for the Vlora case study. 

In the multi-zonal analysis, high-resolution hourly ERA5 data are initially used to capture 

underlying temporal variability and ensure statistical robustness. These time series are 

subsequently aggregated to monthly values prior to the evaluation of the stability metrics. 

This temporal aggregation is intentionally adopted and aligned with the strategic objective 

of the framework, which focuses on medium- to long-term variability patterns rather than short-

term operational dynamics. All metrics are therefore evaluated at a monthly temporal 

resolution, and the results should be interpreted within this aggregation level. The framework 
is designed as a resource-level screening tool and does not aim to represent high-frequency 

system dynamics or operational balancing processes. 

The framework follows a structured five-stage procedure: 

1. Input data acquisition. High-resolution ERA5 atmospheric reanalysis data 

(approximately 10 × 10 km spatial resolution) are utilised to characterise wind speed (at 100 

m hub height) and solar (surface solar radiation downwards, SSRD) resource availability. The 

data are used to construct consistent time series aligned with the temporal scope of the analysis. 

2. Normalisation. Raw meteorological time series are transformed into standardised 

availability indices using Z-score normalisation. This transformation removes differences in 

physical units and magnitude, enabling consistent comparison between wind and solar 

resources. The resulting indices represent relative temporal deviations from their long-term 

mean and do not correspond to energy production or resource magnitude. The purpose of this 

step is to isolate temporal variability and co-variability patterns within a technology-agnostic 

framework. 

3. Hybrid signal construction. A composite availability signal is constructed by combining 

the normalised solar and wind indices through the continuous mixing parameter α. This 

formulation allows hybridisation to be analysed as an emergent property of resource 
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availability, without imposing assumptions on system configuration or technology 

performance. 

4. Stability metric evaluation. Integration-relevant temporal behaviour is evaluated using 

statistical indicators derived from the availability signals. These include variability (standard 

deviation), inter-period transition intensity (defined as the mean absolute first-order difference 

between consecutive time steps), and low-availability event frequency. These indicators are 

interpreted as proxy measures of temporal consistency and variability at the planning scale, 

and do not represent operational metrics such as ramp rates, reserve requirements, or system 

reliability indices. 

5. Optimisation and trade-off analysis: Stability-optimal configurations are identified by 

analysing the dependence of the metrics on the mixing parameter 𝛼. This parametric 

evaluation enables the exploration of trade-offs between variability reduction, inter-period 

transitions, and demand-alignment potential, highlighting the multi-dimensional nature of 

hybrid system behaviour. 

 Figure 1 provides an overview of the workflow of the proposed framework, illustrating the 

progression from input data and normalisation to hybrid signal construction, stability metric 

assessment, and optimal mix determination. 

 

 

Figure 1. Workflow of the proposed technology-agnostic framework for evaluating variability- 

and transition-based characteristics of wind–solar hybrid availability using the mixing parameter  (𝛼), 

where 𝑆(𝑡),  𝑊(𝑡), and 𝐻(𝑡) denote the normalised solar, wind, and hybrid availability signals, 

respectively. 

 

In the multi-zonal implementation, all stability metrics are computed independently for 

each topographic archetype and subsequently compared to assess the consistency of stability-

optimal mixing regimes across different climatic conditions. 

Data acquisition and spatiotemporal resolution 

The data sources and spatiotemporal resolution adopted for the analysis are outlined below. 
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The primary climatic inputs for this study were obtained from the ERA5 atmospheric reanalysis 

dataset [24], developed by the European Centre for Medium-Range Weather Forecasts 

(ECMWF) and accessed via the Copernicus Climate Data Store [25]. ERA5 provides long-

term, spatially and temporally consistent meteorological data and is widely used in renewable 

energy resource assessment and system integration studies. 

To ensure adequate spatial representation and enhance the generalisability of the analysis, 

a high-resolution grid of approximately 10 × 10 km (≈0.1° × 0.1°) was employed. This spatial 

resolution enables the representation of regional climatic variability and topographic influences 

across Albania’s heterogeneous terrain. 

Hourly time series for wind speed (at a hub height of 100 m) and surface solar radiation 

downwards (SSRD), covering the period 2014–2024, were extracted and processed using 

QGIS 3.40 Bratislava [26]. The spatial delineation of the three topographic archetypes was 

based on high-resolution vector datasets (1:10m scale) obtained from Natural Earth [27]. 

To capture the influence of topography and meteorological variability, the study area was 

stratified into three distinct physiographic archetypes. This spatial classification, illustrated in 

Figure 2, was derived from a high-resolution Digital Elevation Model (DEM) and processed 

within a GIS environment to ensure altimetry accuracy. The territory was delineated into the 

Coastal Belt (0–20 m), Western Lowlands (20–200 m), and Mountainous Area (>200 m), 

accounting for differences in surface roughness and orographic effects that influence wind and 

solar resource patterns. This approach enables a transition from a localised analysis to a multi-

zonal assessment, reducing site-specific bias and improving the transferability of the results. 

 

 
 

Figure 2. Elevation-based classification of the study area (Albania), defining three topographic 

archetypes: Coastal Belt (0–20 m), Western Lowlands (20–200 m), and Mountainous Area (>200 m). 

 

The methodological framework operates across two complementary temporal perspectives 

in order to balance statistical robustness with planning-oriented interpretability. 

(i) Strategic case study analysis: For the Vlora reference site, representing the Western 

Lowlands, hourly data were aggregated to a monthly temporal resolution. This aggregation is 

intentionally adopted to emphasise long-term seasonal variability patterns and inter-period 

transitions, which are relevant for planning-stage assessments and high-level system 

integration analysis. 

(ii) Multi-zonal validation: To extend the analysis beyond a single-site application and 

evaluate the spatial robustness of the framework, the full hourly ERA5 dataset was analysed 

across three topographic archetypes: the Coastal Belt (low-elevation maritime grid cells), the 
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Western Lowlands (transitional plains), and the Mountainous Area (high-elevation inland 

regions). 

To maintain methodological consistency between the case study and the spatial validation, 

all results are evaluated at a common monthly temporal resolution. While the Vlora case study 

uses directly aggregated monthly data, the multi-zonal analysis is initially performed at hourly 

resolution and subsequently aggregated to monthly values prior to the construction of the 

normalised availability indices. This approach preserves the underlying temporal variability 

while ensuring consistency in comparative assessment. This temporal resolution is 

intentionally selected to support planning-stage analysis, focusing on medium- to long-term 

variability patterns and inter-period transitions, and should not be interpreted as representing 

short-term operational system behaviour. 

Resource normalization and standardization. 

  This section describes the normalisation approach adopted to ensure comparability 

between wind and solar resource signals. To enable a consistent comparison between wind 

speed (m/s) and solar irradiance (W/m²), which differ in both physical units and statistical 

distributions, a normalisation step is required prior to any joint analysis. In this study, a z-score 

normalisation procedure is applied to transform the original meteorological time series into 

dimensionless availability indices. The standardised availability index is defined as: 

 

𝑧𝑥  (𝑡) =
𝑋(𝑡) − 𝜇𝑋

𝜎𝑋
 (1) 

 

Where 𝑋(𝑡) represents the original variable (solar irradiance or wind speed),  𝜇𝑥  and  𝜎𝑥  

denote its long-term mean and standard deviation over the analysis period. The resulting 

indices 𝑆(𝑡) and 𝑊(𝑡) are dimensionless and centred around zero. Positive values indicate 

above-average resource availability and negative values indicate below-average conditions. 

This transformation serves a purely statistical purpose: it removes differences in units and 

magnitude while preserving the temporal structure and variability patterns of each resource, 

thereby enabling a consistent comparison and combination within a common analytical 

framework.  

The use of standardised anomalies is well established in climate statistics and time-series 

analysis [28], and has been increasingly applied in renewable energy studies to analyse 

variability, co-variability, and complementarity between resources [29], [30]. In particular, 

normalisation-based approaches are commonly used to enable cross-resource comparability 

and to isolate temporal variability patterns independently of magnitude effects [31], [32]. 

At the same time, it should be acknowledged that z-score normalisation removes 

information about absolute resource magnitude and potential energy yield. Consequently, 

reductions in variability observed in the standardised indices do not necessarily imply 

proportional reductions in variability of actual electricity generation. This limitation has also 

been highlighted in recent renewable energy studies addressing normalisation and forecasting 

across heterogeneous datasets [33]. 

Alternative normalisation approaches, such as min–max scaling or capacity-factor-based 

transformations, may retain partial information on magnitude or energy yield. However, these 

approaches introduce implicit assumptions related to resource bounds or technology 

performance, which would reduce the generality of the analysis. The z-score formulation is 

therefore adopted as a neutral statistical transformation that preserves temporal structure while 

avoiding technology-specific parameterisation. 

Accordingly, the derived indices do not represent electricity generation or physical system 

performance. Rather, they should be interpreted as abstract resource availability proxies 
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suitable for analysing relative temporal behaviour at the planning stage, and not as direct 

representations of power system operation or stability in the engineering sense. By explicitly 

excluding technology-specific characteristics—such as turbine power curves, photovoltaic 

performance models, and system constraints—the framework remains intentionally 

independent of technology-specific modelling assumptions. Within this context, 𝑆(𝑡)  and  

𝑊(𝑡)are used to evaluate integration-relevant statistical indicators, including variability, inter-

period transition intensity, and the occurrence of low-availability conditions, rather than 

operational system metrics. 

Hybrid signal synthesis and the mixing parameter (𝜶) 

Wind–solar complementarity is represented through a hybrid availability signal defined as 

a linear combination of the normalised solar and wind indices, governed by a continuous 

mixing parameter, 𝛼. 

𝐻(𝑡) = 𝛼𝑆(𝑡) + (1 − 𝛼)𝑊(𝑡), 𝛼 ∈ [0,1] (2) 

where 𝛼  is a dimensionless continuous mixing parameter controlling the relative 

contribution of each resource, consistent with index-based representations of renewable 

resource complementarity adopted in the literature [34]. 

Importantly, 𝛼 does not correspond to installed capacity, generation share, or a physical 

system configuration. Instead, it represents an abstract balancing weight that governs the 

relative influence of wind and solar availability within the aggregated signal. 

Treating α as a continuous variable allows variability- and transition-based metrics to be 

evaluated as smooth functions of the mixing ratio, enabling a systematic exploration of trade-

offs across the full spectrum from wind-dominated to solar-dominated regimes. In this context, 

α represents relative resource dominance under idealised conditions rather than a direct 

prescription for capacity allocation. 

This formulation enables hybridisation to be analysed as an emergent property of resource 

availability, independent of technology-specific assumptions. Consequently, the framework 

provides transferable insights for early-stage planning, while recognising that translating 

optimal α values into real-world system configurations would require additional modelling of 

technological and operational constraints. 

Integration-relevant variability and transition metrics 

 The statistical metrics used to characterise integration-relevant temporal behaviour from a 

resource-based perspective are defined below. The proposed framework evaluates multiple 

complementary indicators, including variability, inter-period transition intensity, demand-

aware residual analysis, and low-availability conditions. 

Variability metric.  Variability is assessed using statistical metrics computed from the 

normalised availability signals. It is evaluated for each signal  𝑋(𝑡) ∈ {𝑆(𝑡), 𝑊(𝑡), 𝐻(𝑡)} , 

where 𝑆(𝑡) denotes the solar availability index, 𝑊(𝑡) the wind availability index, and 𝐻(𝑡) the 

hybrid availability signal. 

For each signal, variability is quantified using the standard deviation: 

𝜎𝑋 = √
1

𝑇 − 1
∑[𝑋(𝑡) − 𝑋̅]2

𝑇

𝑡=1

 (3) 

 

where T denotes the length of the time series and 𝑋 ̅  its long-term mean. This metric 

captures the dispersion of availability around its mean state, with lower values indicating 
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reduced temporal variability and a more stable availability profile. When applied to normalised 

availability signals, 𝜎_𝑋 represents a second-order statistical descriptor of temporal variability. 

From a stochastic-process perspective, variance and standard deviation constitute canonical 

measures of dispersion and are widely used to characterise the spread of time series around 

their mean state [35]. Within renewable energy studies, reduced variability in aggregated 

availability signals is commonly interpreted as indicative of smoother temporal resource 

behaviour, which may influence balancing requirements and flexibility needs at a planning 

level [36]. However, this relationship remains indirect and should not be interpreted as a direct 

measure of operational system stability. Accordingly, the dependence of the hybrid variability 

𝜎𝐻 on the mixing parameter 𝛼 is analysed to identify wind–solar combinations that minimise 

variability relative to single-resource configurations.  

Inter-period transition intensity.  It is introduced as a measure of temporal changes in 

renewable availability. In addition to overall variability, system integration is influenced by the 

magnitude of fluctuations between consecutive time steps. Given the monthly temporal 

resolution adopted in this study, this metric captures medium-term transitions in availability 

rather than short-term operational inter-period transition intensity. For each availability signal  

𝑋(𝑡) ∈ {𝑆(𝑡), 𝑊(𝑡), 𝐻(𝑡)}  , the transition intensity is defined as the absolute difference 

between consecutive time steps:     

 

𝑅𝑥(𝑡) = |𝑋(𝑡) − 𝑋(𝑡 − 1)| (4) 

 

The corresponding transition intensity is summarised by the mean absolute difference: 

𝑅𝑋 =
1

𝑇 − 1
∑ 𝑅𝑋(𝑡)

𝑇

𝑡=2

 (5)  

where T denotes the number of time steps in the series (months). 

 From a time-series perspective, this metric corresponds to the absolute first-difference 

process of the availability signal. First differences are widely used to characterise temporal 

dynamics, persistence, and transition intensity in stochastic processes , [37], [38]. Metrics 

based on successive differences have been widely used to characterise temporal fluctuation 

behaviour, particularly in wind-dominated systems [39]. Given the monthly temporal 

resolution adopted here, the metric captures inter-period changes in availability and does not 

resolve short-term system dynamics. It is therefore interpreted as a measure of medium-term 

transition behaviour. 

When applied to normalised availability indices, this metric complements the standard 

deviation–based variability metric by explicitly capturing the magnitude of successive 

temporal transitions. 

In this study, the dependence of the hybrid transition intensity metric 𝑅𝐻 on the mixing 

parameter 𝛼  is analysed to identify wind–solar combinations that minimise inter-period 

variability relative to single-resource configurations 

Demand-aware residual analysis.  To evaluate the alignment between hybrid availability 

and actual consumption, a residual proxy is introduced. The residual signal 𝑅_𝑋(𝑡) represents 

the mismatch between normalised demand 𝐷(𝑡) and availability 𝑋(𝑡): 

𝑅_𝑋(𝑡)  =  𝐷(𝑡)  −  𝑋(𝑡) (6) 

 
The magnitude of this mismatch is quantified through the variability of the residual signal: 
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𝜎𝑅  = 𝑠𝑡𝑑[𝑅𝑋(𝑡)]       

 

(7) 

Lower values of  𝜎𝑅  indicate improved temporal alignment between renewable availability 

and demand. 

Residual-based formulations are  used to analyse demand–supply interactions in renewable-

dominated systems, particularly in studies employing residual load metrics to assess 

complementarity and system-level effects [40]. In the present framework, the residual is 

interpreted as a planning-level proxy that captures temporal mismatch patterns without 

representing physical system balancing, dispatch processes, or operational constraints. 

Low-availability events. Beyond overall variability and inter-period transition intensity, 

system integration is also affected by the occurrence of periods with persistently low renewable 

availability. Such conditions have been identified as critical stress periods in systems with high 

shares of variable renewable energy, often referred to as wind and solar energy droughts [41]. 

Low-availability events are identified directly from the normalised availability signals 𝑋(𝑡) ∈
{𝑆(𝑡), 𝑊(𝑡), 𝐻(𝑡)}  using a percentile-based threshold. An event is defined whenever: 

 

𝑋(𝑡) < 𝑋𝑝 (8) 

 

where 𝑋ₚ denotes the p-th percentile of the empirical distribution of the corresponding 

availability signal. 

From a statistical perspective, this approach characterises the lower-tail behaviour of the 

availability distribution. Percentile-based thresholds are commonly employed to identify rare 

or extreme conditions in stochastic processes, particularly when absolute magnitudes are not 

directly comparable across variables [42]. The relative definition ensures a consistent, 

dimensionless representation of scarcity across wind, solar, and hybrid configurations. Low-

availability conditions are summarised using two complementary indicators:  

(i) the frequency of low-availability events, expressed as the fraction of time steps below 

the threshold, and 

(ii) the duration of consecutive low-availability periods, which captures the persistence of 

scarcity conditions.  

Together, these indicators provide insight into the likelihood and temporal structure of 

prolonged low-availability episodes, which are relevant for planning-oriented assessments of 

supply risk, without representing operational adequacy metrics. 

Further methodological details, including the scope, assumptions, and limitations of the 

proposed metrics, are provided in Supplementary Material S4. 

Optimal mixing analysis.  

Optimal hybrid configurations are identified by analysing how integration-relevant stability 

metrics vary as a function of the mixing parameter 𝛼.  The hybrid availability signal is 

constructed using the normalised indices 𝑆(𝑡) and  𝑊(𝑡), and the corresponding metrics are 

evaluated across the full admissible range α ∈ [0, 1].  To enable a continuous assessment of 

hybrid configurations, the mixing parameter is sampled over a dense, and uniformly spaced 

grid. For each value of 𝛼 , the hybrid availability signal 𝐻(𝑡; 𝛼)  is computed and the 

corresponding stability metrics are evaluated, including variability (standard deviation) and 

inter-period transition intensity (mean absolute first-order difference). This procedure yields 

continuous response functions describing the dependence of each metric on the mixing 

parameter. 
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Optimal configurations are identified by locating the minima of these metric curves, 

formally defined as: 

 

𝛼𝑣 = 𝑎𝑟𝑔 𝑚𝑖𝑛 𝜎(𝐻(𝑡; 𝛼)) 𝛼 ∈ [0,1] (9) 

𝛼𝑟 = 𝑎𝑟𝑔 𝑚𝑖𝑛 𝑚𝑒𝑎𝑛(|∆𝐻(𝑡; 𝛼)|) 

 

𝛼 ∈ [0,1] (10) 

 

 

where 𝛼𝑣  corresponds to the variability-optimal configuration and 𝛼𝑟  to the transition-

intensity-optimal configuration. 

Importantly, the mixing parameter 𝛼 is not interpreted as a physical quantity such as 

installed capacity or generation share. Instead, it represents a dimensionless weighting factor 

that enables a continuous exploration of hybrid availability behaviour within a normalised, 

technology-agnostic framework. Accordingly, the identified optimal values should be 

interpreted as indicative of relative resource dominance (e.g., wind- or solar-leaning 

configurations), rather than as prescriptive system design parameters. 

This parametric evaluation constitutes a sensitivity analysis of integration-relevant 

behaviour with respect to the mixing parameter, enabling the identification of stability-optimal 

regimes and the explicit characterisation of trade-offs between different metrics. 

Analytical interpretation of stability trade-offs.   

The observed stability behaviour can be interpreted through the statistical structure of the 

hybrid availability signal. Let the normalised solar and wind availability indices be denoted by 

𝑆(𝑡) and 𝑊(𝑡), respectively, and define the hybrid availability signal as: 

𝐻(𝑡; 𝛼) = 𝛼𝑆(𝑡) + (1 − 𝛼)𝑊(𝑡), 𝛼 ∈ [0, 1] 
 

(11) 

The variance of the hybrid signal can then be expressed as: 

𝑉𝑎𝑟[𝐻] = 𝛼2𝑉𝑎𝑟[𝑆] + (1 − 𝛼)2𝑉𝑎𝑟⌊𝑊⌋ + 2𝛼(1 − 𝛼)𝐶𝑜𝑣⌊𝑆, 𝑊⌋ (12) 

In regions characterised by seasonal wind–solar complementarity, the covariance term 

𝐶𝑜𝑣[𝑆, 𝑊] is negative. Under this condition, 𝑉𝑎𝑟[𝐻] becomes a convex quadratic function of 

𝛼, admitting an interior minimum. This explains the existence of a variability-optimal hybrid 

configuration, which arises from the covariance structure of the underlying signals, particularly 

under conditions of negative covariance, rather than from technology-specific assumptions. 

The result therefore reflects a general statistical property of temporally anti-correlated resource 

pairs. 

Transition intensity follows a fundamentally different mechanism. While variability 

depends on dispersion around the mean, transition intensity is governed by first differences of 

the availability signals. Solar availability typically evolves more smoothly, whereas wind 

availability is influenced by synoptic-scale variability and exhibits sharper temporal 

fluctuations. As a result, increasing the solar contribution reduces transition intensity more 

effectively, shifting the minimum towards higher values of α.  

The separation between variability-optimal and transition-intensity-optimal configurations 

reflects the presence of distinct statistical mechanisms operating across temporal scales. 
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Consequently, wind–solar hybridisation does not admit a single universal optimum, but instead 

exhibits an intrinsic trade-off between variability reduction and transition smoothing. 

This behaviour is not specific to the case study considered here, but arises from the general 

interaction between complementary resource signals. It is consistent with empirical evidence 

showing that temporal complementarity between wind and solar resources can generate 

stabilisation benefits and system-level value in hybrid configurations, [43], [44]. 

RESULTS 

This section presents the results of the proposed framework across the Vlora case study and 

the multi-zonal configurations. All results are evaluated on consistently aggregated monthly 

time series, ensuring methodological comparability. The analysis proceeds from the 

characterisation of resource availability patterns to the evaluation of hybridisation effects and 

the identification of stability-relevant trade-offs across the mixing parameter space. 

Resource availability signals and hybrid construction.     

The analysis begins by examining the temporal structure of the normalised resource 

availability signals, which form the basis of the proposed hybridisation framework. Figure 3 

presents the normalised monthly time series of solar availability 𝑆(𝑡), wind availability 𝑊(𝑡), 

and the corresponding hybrid availability signal 𝐻(𝑡) for the Vlora region over the period 

2014–2024.  

The individual resource signals exhibit a pronounced seasonal anti-phase behaviour, with 

solar availability peaking during summer months and wind availability dominating during 

winter. This temporal structure is consistent with Mediterranean climatic conditions and 

provides the underlying basis for hybridisation within the proposed framework. From a 

resource-level perspective, this anti-phased behaviour enables partial temporal compensation 

between the two signals, which is a necessary condition for variability reduction in the 

aggregated availability profile. 

For illustrative purposes, the hybrid availability signal 𝐻(𝑡) is shown for a representative 

mixing parameter α = 0.5, corresponding to equal contributions from the normalised solar and 

wind availability indices. This value is used solely as a neutral reference case for visual 

interpretation, while the full range 𝛼 ∈  [0, 1] is systematically explored in the subsequent 

optimisation analysis. At this reference configuration, the hybrid signal exhibits a visibly 

smoother temporal profile, with reduced amplitude of deviations relative to the individual 

resource signals. This smoothing effect reflects the statistical interaction between the two 

availability signals and provides an initial indication of the variability-reduction potential that 

is analysed quantitatively in the following sections. 

To assess the spatial robustness of these patterns, Table 1 presents the corresponding 

normalised monthly availability indices across three physiographic zones in Albania. The 

reported values correspond to dimensionless standardised anomalies (z-scores) of solar S(t) 

and wind W(t) availability, derived from ERA5 atmospheric reanalysis data for the period 

2014–2024. 

While Figure 3 illustrates the temporal dynamics at a single reference location, the 

multi-zonal data demonstrate that the seasonal anti-phase structure between solar and wind 

availability is consistently preserved across coastal, lowland, and mountainous regions. 
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Figure 3. Normalised monthly solar 𝑆 (𝑡), wind 𝑊(𝑡), and hybrid 𝐻(𝑡) availability signals for 

Vlora region (2014–2024). The hybrid signal is constructed using a representative mixing parameter 

𝛼 =  0.5. The figure illustrates the seasonal anti-phase behaviour between solar and wind resources 

and the resulting smoothing effect in the hybrid availability signal. 

Table 1. Normalised monthly solar 𝑆(𝑡) and wind 𝑊(𝑡) availability indices across the identified 

physiographic archetypes in Albania. 

Month Coastal Belt Western Lowlands  Mountainous Area 

 S(t) [-] W(t) [-] S(t) [-] W(t) [-] S(t) [-] W(t) [-] 

January 0.657  0.897 0.851   0.613 0.409  0.252 

February 0.944  0.892 0.798  0.648 0.504  0.466 

March 0.780  0.981 0.648  0.731 0.394  0.506 

April 0.912  0.844 0.774  0.665 0.521  0.489 

May 0.955  0.801 0.812  0.689 0.566  0.533 

June 0.972  0.756 0.845 0.612 0.590  0.498 

July 0.978  0.701 0.856  0.584 0.612  0.472 

August 0.981  0.688 0.862  0.573 0.624  0.465 

September 0.948  0.782 0.821  0.661 0.585  0.522 

October 0.905  0.865 0.778  0.712 0.532  0.578 

November 0.701  0.902 0.589  0.768 0.422  0.642 

December 0.662  0.910 0.853  0.784 0.415  0.655 

Despite regional differences in magnitude associated with topographic and climatic 

variability, the persistence of this temporal structure indicates that wind–solar complementarity 

reflects a broader regional climatic characteristic rather than a site-specific feature. This 

consistency provides a basis for applying the proposed framework across heterogeneous 

resource conditions. 

Importantly, the hybrid signals are constructed independently of assumptions regarding 

installed capacity, conversion efficiency, or system configuration. The results therefore 

represent purely resource-driven availability patterns within a technology-agnostic framework. 

This abstraction enables a consistent evaluation of integration-relevant temporal behaviour, 

which is quantified in the subsequent sections using variability, inter-period transition 

intensity, and demand-alignment metrics. 

Variability reduction through wind–solar hybridisation.  
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Figure 4 presents a comparative assessment of variability and inter-period transition 

intensity for solar-only, wind-only, and hybrid availability signals, using a representative 

mixing parameter of α = 0.5, corresponding to equal contributions from the normalised solar 

and wind availability indices. The results show that the hybrid signal exhibits a substantially 

lower level of variability compared to the individual resource signals. Although the solar and 

wind availability indices display comparable dispersion following standardisation, their 

aggregation results in a pronounced attenuation of variability. In particular, the standard 

deviation of the hybrid signal is reduced by approximately 51% relative to the single-resource 

cases, indicating a strong variability-reduction effect of wind–solar hybridisation. 

In addition to overall variability, Figure 4 also characterises inter-period transition 

behaviour, quantified as the mean absolute change between consecutive time steps. The hybrid 

configuration demonstrates a clear reduction in transition intensity, particularly relative to the 

wind-only case, which represents the most variable single resource. Specifically, the hybrid 

signal reduces transition intensity by approximately 49% compared to wind, indicating a 

significant mitigation of month-to-month fluctuations. This metric is evaluated at a monthly 

temporal resolution and should therefore be interpreted as inter-period variability rather than 

short-term operational dynamics. 

Taken together, the reductions in variability (≈51%) and transition intensity (≈49%) 

indicate that wind–solar hybridisation is associated with a smoother and more temporally 

consistent availability profile. These results provide the quantitative basis for the subsequent 

sensitivity analysis, which examines how these improvements evolve as a function of the 

mixing parameter α.  The corresponding numerical values for the Vlora case study are reported 

in Table 2, providing a quantitative reference for the reductions observed in Figure 4. 

 

 
 

Figure 4. Comparison of variability (standard deviation) and inter-period transition intensity (mean 

absolute first-order difference, |Δ|) for normalised monthly solar, wind, and hybrid availability signals 

at a representative mixing parameter α = 0.5 (Vlora case study). 

Table 2. Variability (𝜎) and transition intensity (mean |𝛥|) for solar-only, wind-only, and hybrid 

availability signals at  𝛼 =  0.5, including relative reductions compared to single-resource 

configurations. 

Configuration Variability (σ) Transition 

Intensity (mean 

|Δ|) 

Relative 

Reduction 

Solar-only 1.00 0.48 – 

Wind-only 1.00 0.84 – 

Hybrid 

 (α = 0.5) 

0.49 0.43 ~51%(variability), 

~49% (transition) 
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Sensitivity to the mixing parameter α and integration stability trade-offs 

The transition from single-resource availability signals to a hybrid wind–solar 

representation enables a continuous evaluation of integration-relevant temporal behaviour as a 

function of the mixing parameter 𝛼.  To assess the robustness of these patterns across 

heterogeneous resource conditions, a sensitivity analysis is conducted for two key indicators: 

variability (𝜎(𝐻)) and inter-period transition intensity. 
As 𝛼  increases from wind-dominated (α → 0) to solar-dominated (α → 1) regimes, the variability 

exhibits a pronounced convex profile, as illustrated in Figure 5. This behaviour reflects the quadratic 

dependence of  𝑉𝑎𝑟(𝐻) on α derived in eq. (12) where the covariance term  Cov(S, W) governs the 

existence of an interior minimum. Under conditions of negative covariance between wind and solar 

availability, variability is minimised at intermediate α values, indicating a variability-optimal hybrid 

configuration. 

 

Figure 5. Sensitivity of variability and inter-period transition intensity to the mixing parameter α 

for the Vlora case study. Metrics are evaluated from the hybrid availability signal constructed using 

normalised monthly wind and solar indices. Variability is quantified as the standard deviation 𝜎(𝐻), 

and inter-period transition intensity as the mean absolute first-order difference. Both metrics are 

rescaled using min–max normalisation for visual comparability. Vertical dashed lines indicate the 

optimal mixing parameters for variability (𝛼_𝑣) and transition intensity (𝛼_𝑟), highlighting the non-

coincidence of optimal configurations. 

 

Across the three physiographic archetypes (Coastal Belt, Western Lowlands, and 

Mountainous Area), the variability reaches its minimum at the specific monthly mixing 

configurations detailed in Table 3. While the exact values vary across regions and seasons, the 

overall convex structure is consistently preserved. A key result of the analysis is the non-

coincidence of optimal configurations for variability and inter-period transition intensity. 

While variability is minimised at specific mixing ratios (e.g., α ≈ 0.37 for the Mountainous 

Area in December; Table 3), transition intensity generally reaches its minimum at higher solar 

contributions. This divergence reflects the presence of distinct statistical mechanisms 

governing dispersion and temporal transitions, leading to an inherent trade-off between long-

term variability reduction and the smoothing of inter-period changes. 

The sensitivity patterns further indicate that the response of the system to α is region-

dependent. The Western Lowlands (including the Vlora reference site) exhibit a relatively 

broad minimum, suggesting a wider range of near-optimal configurations, particularly towards 

solar-dominated regimes (α approaching 0.9 in summer). In contrast, the Mountainous Area 
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shows a steeper sensitivity profile, where deviations from the optimal configuration result in a 

more rapid increase in transition intensity. 

Importantly, the spatiotemporal distribution of α values (Table 3) indicates that no single 

hybrid configuration simultaneously optimises all integration-relevant criteria across seasons 

and regions. The identified α values should therefore be interpreted as resource-level balancing 

indicators, providing directional guidance for hybridisation strategies rather than prescriptive 

system design parameters. 

Table 3. Monthly optimal values of the mixing parameter 𝛼 across physiographic archetypes, 

indicating variability-minimising configurations.  

Month Coastal Belt Western Lowlands Mountainous Area 

January 0.47 0.58 0.43 

February 0.59 0.71 0.56 

March 0.63 0.73 0.61 

April 0.63 0.74 0.56 

May 0.71 0.75 0.63 

June 0.80 0.86 0.70 

July 0.85 0.90 0.74 

August 0.79 0.86 0.71 

September 0.68 0.77 0.61 

October 0.54 0.63 0.47 

November 0.45 0.54 0.41 

December 0.41 0.51 0.37 

DISCUSSION 

The results demonstrate that transitioning from single-resource representations to a hybrid 

wind–solar framework is associated with improved temporal consistency of renewable 

availability. Importantly, this smoothing effect should not be interpreted as a direct measure of 

system integration value, as it reflects statistical properties of resource availability rather than 

operational system performance or grid-level dynamics. By adopting a technology-agnostic 

perspective, the analysis isolates the intrinsic balancing potential of Albania’s climatic resource 

patterns across different physiographic archetypes. 

Sensitivity analysis and resource-demand alignment. 

The sensitivity analysis reveals a non-linear response of integration-relevant temporal 

behaviour to the mixing parameter 𝛼. Variability (𝜎(𝐻)) follows a convex profile across the 

full range 𝛼 ∈  [0,1], reflecting the covariance-driven interaction between wind and solar 

availability. 

Across all archetypes, variability reaches a minimum at intermediate 𝛼 values (Table 3), 

reflecting the partial compensation of individual resource fluctuations rather than their 

complete cancellation. 

A key finding is the non-coincidence of optimal configurations for variability and inter-

period transition intensity. While variability is minimised at intermediate 𝛼 values, transition 

intensity generally requires a higher solar contribution to reach its minimum. This trade-off 

implies that hybrid system optimisation cannot be defined by a single objective, but must 

instead be aligned with the dominant temporal and integration constraints of the system. 

The observed patterns across the Coastal Belt, Western Lowlands, and Mountainous Area 

suggest a consistent regional response of hybrid availability to the mixing parameter α. The 

Western Lowlands exhibit a broader tolerance for solar-dominated configurations, with near-
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optimal regimes extending towards higher 𝛼 values (approaching 0.90 in summer). In contrast, 

the Mountainous Area shows a stronger dependence on wind availability, with optimal 

configurations shifting towards lower 𝛼  values (e.g., around 0.37 in winter). This regional 

differentiation indicates that hybridisation behaviour depends on the relative structure and 

seasonal dynamics of the underlying resource signals.  

To assess practical relevance, the hybrid availability signal was compared with normalised 

monthly electricity demand for the Vlora region. Solar availability aligns with summer demand 

peaks, while wind availability dominates during winter months, indicating a complementary 

seasonal structure relative to demand. The hybrid configuration moderates these opposing 

seasonal patterns, resulting in a smoother availability profile that more closely follows demand. 

The optimal 𝛼 values identified in Table 3 should therefore be interpreted as resource-level 

balancing indicators. Rather than representing a fixed solution, they provide a flexible 

reference for aligning hybrid configurations with specific integration priorities and seasonal 

demand conditions.  

Although the mixing parameter α is intentionally defined as a dimensionless analytical 

weighting factor rather than a direct representation of installed capacity shares, the identified 

α ranges may still provide useful insight for planning-oriented hybridisation strategies. In this 

context, lower α values indicate wind-leaning hybrid regimes, whereas higher α values 

correspond to increasingly solar-dominated configurations. The resulting stability-optimal 

ranges therefore provide directional guidance regarding the relative balance between wind and 

solar availability under different climatic and integration-related conditions. From a planning 

perspective, these results may support early-stage screening and the prioritisation of candidate 

hybrid configurations before applying detailed techno-economic optimisation or operational 

modelling. However, translating the identified α values into real-world system design would 

require further modelling of installed capacities, technology performance, storage integration, 

grid constraints, and dispatch behaviour. 

 

 
 

Figure 6. Normalised monthly electricity demand and renewable availability signals for the Vlora 

region (2024). 

 

Demand-aware residual analysis and balancing stress. 
To quantify the seasonal alignment patterns, demand–availability residuals are introduced 

as a proxy for resource-level temporal mismatch. This metric provides a planning-oriented 

indicator of the magnitude and persistence of mismatches, without representing operational 

dispatch (see Supplementary Material S6).  The analysis shows a clear reduction in residual 

variability under hybrid configurations compared to solar-only and wind-only cases. This 

reduction suggests a closer temporal alignment between aggregated renewable availability and 



Halili, M., Muda, V., et al. 

From Resource Complementarity to Temporal Integration.. 
Year 2026 

Volume 14, Issue 4, 1140741 ,  
 

 

Journal of Sustainable Development of Energy, Water and Environment Systems 18 

 

demand patterns. In the Vlora case study, the hybrid configuration constructed using the 

variability-optimal mixing parameter 𝛼_𝑣 =  0.50  reduces residual dispersion, thereby 

moderating the overall mismatch magnitude. Figure 7 summarises this effect by comparing the 

standard deviation of the residual proxy across the three configurations. The hybrid case 

exhibits the lowest residual variability, reflecting a reduced spread of mismatch values over the 

annual cycle. 

 
 

Figure 7. Residual variability (standard deviation of the demand–availability residual proxy) for 

solar-only, wind-only, and hybrid configurations (𝛼_𝑣 =  0.50) in the Vlora region (2024), evaluated 

at monthly resolution. The hybrid configuration exhibits reduced mismatch dispersion relative to 

single-resource cases. 

 

The temporal evolution of the residual proxy further illustrates this behaviour. Solar-only 

configurations exhibit large positive residuals during winter, while wind-only configurations 

show significant mismatches during summer (see Figure 8).  The hybrid signal attenuates 

both the amplitude and persistence of these deviations, maintaining a more balanced profile 

over the annual cycle. 

 

 
 

Figure 8. Monthly demand–availability residual proxy for solar only, wind-only, and hybrid 

configurations (Vlora, 2024). 

 

Overall, the results presented in Figure 6, Figure 7, Figure 8 demonstrate that wind–solar 

hybridisation improves demand–availability alignment at the monthly scale, primarily through 

the reduction of seasonal mismatch patterns. These findings are derived without reliance on 

dispatch modelling or technology-specific assumptions, supporting the use of the residual 

proxy as a transferable tool for early-stage integration assessment. 
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Implications of stability trade-offs for system planning and demand matching. 

 The identification of distinct optimal mixing parameters for variability and inter-period 

transition intensity minimisation reveals an inherent trade-off in wind–solar hybrid integration. 

Variability is minimised at intermediate mixing ratios (αᵥ ≈ 0.5), while transition intensity 

reaches its minimum at higher solar contributions (αᵣ ≈ 0.7). This non-coincidence indicates  

that no single configuration simultaneously optimises all integration-relevant criteria, and that 

optimality is inherently dependent on the temporal scale and system objective. 

From a planning perspective, this distinction has direct implications. Variability reduction 

primarily relates to seasonal and intra-annual balancing considerations, influencing aspects 

such as supply consistency and the potential role of storage. In contrast, inter-period transition 

intensity reflects the smoothness of temporal changes at the resolution considered in the 

analysis. Hybrid configurations should therefore be selected based on the dominant integration 

constraint rather than a universal optimisation target.  

In this study, the demand-aware residual analysis is evaluated using the variability-optimal 

mixing parameter (αᵥ), ensuring consistency with the monthly temporal resolution of the 

demand data. The resulting reduction in residual variability is consistent with a closer 

alignment between renewable availability and demand patterns under the examined conditions. 

By explicitly identifying multiple optimal mixing regimes, the proposed framework avoids 

prescribing a fixed hybrid configuration. Instead, it characterises a continuum of trade-offs that 

can inform planning decisions under uncertainty. This separation between resource-driven 

stability evaluation and demand-aware assessment provides a transparent, technology-agnostic 

basis for analysing hybrid renewable integration in regions with strong seasonal 

complementarity. 

Limitations and scope.  

The proposed framework is designed as a planning-stage, technology-neutral screening tool 

and therefore deliberately abstracts from detailed operational power system dynamics. The use 

of normalised availability indices reflects relative resource availability rather than physical 

electricity production, installed capacity, conversion efficiency, or dispatch feasibility, and the 

analysis focuses on planning-oriented behaviour instead of simulating real-time power flows 

or operational constraints. The use of monthly temporal aggregation may smooth short-term 

variability patterns that are relevant for operational system analysis; however, these dynamics 

are beyond the scope of the present planning-oriented framework. 

Within this scope, the inter-period transition metric captures variability at a monthly 

resolution and should be interpreted as a proxy for medium-term temporal changes rather than 

an operational ramping constraint. Similarly, the demand-aware residual analysis serves as an 

indicative measure of temporal alignment between renewable availability and regional demand 

patterns, rather than a direct representation of physical residual load. These abstractions are 

consistent with the planning-oriented objective of the framework, which focuses on identifying 

resource-driven integration behaviour independently of system-specific assumptions such as 

unit commitment, reserve activation, or flexibility constraints. 

Accordingly, the framework is positioned as a complementary pre-modelling diagnostic, 

providing a transparent and computationally efficient basis for identifying suitable 

hybridisation configurations prior to technology-specific implementation. 

Future work may extend the analysis to sub-daily temporal resolutions, incorporate 

additional renewable resources, and integrate the proposed indicators into detailed system-level 

models. More broadly, the results highlight that wind–solar complementarity is better 

understood as a set of distinct integration mechanisms operating across temporal scales, rather 

than a single aggregated benefit. The non-coincidence of optimal configurations indicates that 

hybrid system performance is inherently multi-dimensional and cannot be fully characterised 
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by a single metric, reinforcing the need for multi-dimensional assessment in planning-oriented 

studies.  

CONCLUSIONS  

This study demonstrates that wind–solar hybridisation is associated with improved 

integration-relevant temporal behaviour by reducing both long-term variability and inter-

period transition intensity relative to single-resource configurations. By formulating renewable 

availability using normalised signals, the analysis shows that resource complementarity can 

translate into measurable integration value when wind and solar are jointly considered. 

The results identify distinct optimal mixing regimes for different integration objectives. 

Long-term variability is minimised at balanced wind–solar contributions (αᵥ ≈ 0.5), whereas 

transition intensity minimisation occurs at higher solar shares. This separation implies that no 

single hybrid configuration simultaneously optimises all criteria, and that optimality depends 

on the temporal scale of interest. By introducing a demand-aware residual framework, the study 

further indicates that the variability-optimal configuration is associated with a closer temporal 

alignment between renewable availability and electricity demand. This effect arises primarily 

from reducing the persistence and magnitude of seasonal mismatches rather than eliminating 

isolated extremes. 

The main contribution lies in formalising how resource complementarity gives rise to 

distinct and non-coincident integration mechanisms, linking variability reduction, transition 

behaviour, and demand alignment within a unified analytical framework. 

Because the framework is expressed in terms of normalised availability signals and 

generalised indicators, it can be extended beyond wind–solar systems to other combinations of 

temporally complementary resources, providing a transferable basis for early-stage planning 

and hybrid integration assessment. 

The analysis is conducted at a monthly resolution, consistent with the planning-oriented 

scope of the study. Higher-resolution data are used to ensure robustness, while the results 

remain focused on medium-term temporal behaviour rather than short-term operational 

dynamics. 

From a practical perspective, the framework serves as a pre-modelling screening tool, 

enabling the identification of favourable hybridisation ranges and explicit trade-offs prior to 

applying detailed capacity expansion or dispatch models. This supports the prioritisation of 

candidate configurations and reduces the solution space in early-stage planning. 

Future work may extend the framework to higher temporal resolutions, incorporate 

additional renewable resources, or integrate these indicators within more detailed system 

models. 
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