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A B S T R A C T 

Solar irradiance variability significantly influences the sizing, reliability, battery 

ageing, and economic performance of standalone photovoltaic (PV) systems with 

battery storage. This study investigates these impacts across six climatically diverse 

locations: Abuja (Nigeria), Amman (Jordan), Paris (France), Ottawa (Canada), 

Santiago (Chile), and Canberra (Australia). Daily and monthly solar irradiation data 

from PVGIS TMY 5.3 were used to evaluate variability using the coefficient of 

variation (CV) and seasonal variability index (SVI). Three PV sizing approaches—

daily-based, average-based, and critical-month—were assessed using a daily energy-

balance model, while techno-economic performance was evaluated using PVsyst. 

Results show that Abuja and Amman exhibited low variability (CV < 0.50; SVI < 

1.00), whereas Paris and Ottawa showed high variability (CV > 0.60; SVI > 1.40). 

Critical-month sizing increased PV capacity requirements by approximately 332% and 

188% in Paris and Ottawa, respectively, compared with average-based sizing, but by 

only 39% and 89% in Abuja and Amman. Reliability improved substantially under 

critical-month sizing (LPSP < 0.02), although at higher lifecycle costs. Annual battery 

capacity fade ranged from 1.46% to 1.73%, corresponding to battery lifetimes of 

12.8–15.2 years. These findings highlight the importance of incorporating irradiance 

variability into climate-responsive PV–battery system design. 
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1. Introduction 

The global transition toward sustainable energy 

systems has intensified the deployment of 

photovoltaic (PV) technologies across diverse 

climatic regions [1-4]. Solar energy offers a clean, 

abundant, and increasingly cost-competitive 

alternative to conventional fossil-fuel-based 

electricity generation [5-7]. In many parts of the 

world, particularly in regions with limited grid 

reliability or high electricity costs, standalone PV 

systems integrated with battery storage have 

emerged as a viable solution for decentralized 

energy supply [8-10]. These systems are especially 

critical for off-grid and energy-access applications, 

where continuous and reliable power delivery is 

essential [11, 12]. 

The performance and design of PV systems are 

fundamentally governed by the availability and 

temporal distribution of solar irradiance [13-17]. 

Traditionally, PV system sizing and performance 

assessment rely on average annual solar irradiation 

metrics, such as global horizontal irradiation (GHI)       

[18-20]. While such metrics provide a convenient 

basis for preliminary system design, they often fail 

to capture the variability inherent in solar resource 

availability [21, 22]. Solar irradiance exhibits 

significant fluctuations on seasonal and inter-

monthly scales, influenced by geographical location, 

atmospheric conditions, and climatic patterns [23-

26]. These variations can lead to periods of reduced 

energy generation, which are particularly critical for 

standalone PV systems that depend on stored energy 

to maintain supply continuity [27]. 

In PV-battery standalone systems, irradiance 

variability has a compounded impact, affecting not 

only the energy yield of the PV array but also the 

required capacity of the battery storage system [28-

31]. During periods of high solar availability, excess 

energy can be stored in the battery, while during 

low-irradiance periods, stored energy must be 

sufficient to meet the load demand [32]. 

Consequently, inadequate consideration of 

irradiance variability in system design can result in 

under-sized PV arrays or insufficient battery 

capacity, leading to energy deficits and reduced 

system reliability [33-35]. Conversely, overly 

conservative designs may lead to excessive system 

costs due to unnecessary oversizing of components 

[36]. 

Previous studies have examined the influence of 

solar resource availability on PV system 

performance and sizing [37-39]. It is well 

established that temperature effects, module 

characteristics, and system losses influence PV 

energy output [40, 41]. Additionally, several works 

have highlighted the importance of incorporating 

variability metrics, such as the coefficient of 

variation, in solar resource assessment [19, 21, 25, 

42]. However, most existing studies focus either on 

single-location analyses or on PV-only systems, with 

limited attention given to the integrated effect of 

irradiance variability on both PV and battery sizing 

across multiple climatic regions. Furthermore, many 

design approaches continue to rely on average solar 

resource values, without explicitly accounting for 

seasonal fluctuations that are critical in standalone 

applications. For instance, the studies by Hashemian 

and Noorpoor [43, 44], Al-Maqsoosi et al. [45], 

Chiteka and Enweremadu [46], Karamshahlu et al. 

[47], and Faridah et al. [48], provided valuable 

insights into renewable energy system design and 

optimization. However, these investigations were 

conducted for single locations, thereby limiting the 

generalizability of their findings across regions with 

different climatic conditions and solar resource 

variability. In addition, very few studies have 

simultaneously examined irradiance variability, 

battery aging, reliability performance, and techno-

economic indicators across multiple climatic regions 

using a common design framework. 

To address the identified research gap, this study 

investigates the impact of solar irradiance variability 

on the sizing, reliability, battery aging, and techno-

economic performance of standalone PV–battery 

systems across six climatically diverse locations: 

Abuja (Nigeria), Amman (Jordan), Paris (France), 

Ottawa (Canada), Santiago (Chile), and Canberra 

(Australia). Solar irradiance variability is quantified 

using the coefficient of variation (CV) and seasonal 

variability index (SVI), while system sizing is 

performed using daily-based, average-based, and 

critical-month design approaches. The resulting PV–

battery configurations are subsequently evaluated 

through daily energy-balance analysis, battery 

lifetime assessment, and techno-economic 

evaluation to determine their technical and economic 

implications under different climatic conditions. 

Unlike previous studies that focused primarily on 

single locations or considered PV sizing without 

explicitly examining the role of irradiance 

variability, this study provides a comparative 

assessment across multiple climatic regions and 

links solar variability directly to system sizing 

requirements, reliability performance, battery 

degradation, and lifecycle economics. By integrating 

variability metrics, reliability analysis, battery aging 

assessment, and techno-economic evaluation within 
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a common framework, the study offers a broader 

understanding of climate-responsive PV–battery 

system design and provides practical insights for the 

deployment of reliable and cost-effective standalone 

renewable-energy systems. 

2. Methodology 

2.1 Study locations and solar resource data 

This study evaluates the impact of solar 

irradiance variability on photovoltaic (PV)–battery 

standalone system sizing across six geographically 

and climatically diverse locations: Abuja (Nigeria), 

Amman (Jordan), Paris (France), Ottawa (Canada), 

Santiago (Chile), and Canberra (Australia). These 

locations were selected to represent a wide range of 

climatic conditions, including tropical (Abuja), arid 

(Amman), temperate (Paris), continental (Ottawa), 

Mediterranean/subtropical (Santiago), and 

temperate-subtropical (Canberra) climates. This 

diversity enables a comprehensive assessment of 

how climatic variability influences solar resource 

availability and, consequently, PV-battery system 

design. 

Daily solar irradiation and average ambient 

temperature as well as monthly average daily solar 

irradiation and temperature data were obtained for 

each location from a validated meteorological 

database (PVGIS TMY 5.3). The data were 

processed to obtain the annual irradiation, annual 

mean irradiation, monthly distributions, and 

minimum monthly irradiation values required for 

system design. The coordinate of the locations as 

well as the global horizontal irradiation (GHI) and 

ambient temperature are presented in Table 1. 

Table 1. Study location with their GHI and average 

ambient temperature 

S/N Location Coordinates 
GHI 

(kWh/m2/yr) 

Ta 

(0C) 

1 Abuja 
9.06430 N, 

7.48930 E 
2,042 26.6 

2 Amman 
31.95160 N, 

35.92400 E 
2,095 17.9 

3 Paris 
48.85690 N, 

2.35080 E 
1,190 11.8 

4 Ottawa 
45.42040 N,   

75.69240 W 
1,312 6.6 

5 Santiago 
33.57390 S,  

70.62060 W 
2,061 13.6 

6 Canberra 
35.29840 S, 

149.13400 E  
1,729 12.6 

2.2 Quantification of irradiance variability 

To characterize solar resource variability across 

the selected locations, statistical indices were 

employed. 

Coefficient of Variation: The coefficient of 

variation (CV) provides a normalized measure of 

intra-annual variability. It was calculated using 

equation (1) [49]: 

 

CV





                     (1) 

where σ is the standard deviation of monthly 

average irradiation and µ is the annual mean 

irradiation.  

Seasonal Variability Index: The seasonal 

variability index (SVI) quantifies the magnitude of 

seasonal fluctuations and is particularly relevant for 

standalone system design. It was defined for this 

study and computed using equation (2). 

 

max min

avg

H H
SVI

H


                       (2) 

where Hmax and Hmin are the maximum and 

minimum monthly average daily irradiation values 

while Havg is the annual average daily irradiation.  

2.3 System design parameters and assumptions 

To ensure consistency across all locations, fixed 

daily load demand and identical system 

configurations were adopted. The assumed system 

design parameters are as presented in Table 2. 

Table 2. Assumed system design parameters 

S/N Parameter Value 

1 
Nominal Operating Cell 

Temperature, NOCT (0C) 
45 

2 
Solar Irradiance for Cell Tem. 

Comp., G (W/m2) 
800 

3 Temperature Coefficient, β (/0C) 0.0036 

4 Inverter Efficiency, ηinv 0.95 

5 Wiring Efficiency, ηwire 0.98 

6 
Miscellaneous system efficiency, 

ηother 
0.93 

7 Battery Efficiency, ηbatt 0.90 

8 Battery Charging Efficiency, ηch 0.95 

9 Battery Discharging Efficiency, ηdis 0.95 

10 
Daily Load Demand (kWh/d), Ed 

(kWh/day) 
10 

11 Number of Days of Autonomy, Naut 1.50 
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(days) 

12 
Maximum Depth of Discharge, 

DoDmax 
0.80 

2.4 PV system sizing 

Three PV sizing approaches were adopted to 

evaluate the influence of irradiance variability.  

2.4.1 Daily-based PV sizing 

The required PV capacity, PPV (kWp) was 

computed using equation (3) [50]: 

 

365

1
,

365

d

d
eq d d

pv

E

H PR
P

 



                           (3) 

where Ed (kWh/day) = daily load demand, which is 

assumed constant in this study; Heq,d (kWh/kWp/day) 

= equivalent daily peak sun hour; and PRd = daily 

performance ratio. 

Performance ratio which represents the ratio of 

real PV output (Eactual) to theoretical output under 

standard conditions (Eideal) was estimated from loss 

factors equation (4) [13]: 

 

inv temp wiring otherPR                              (4) 

Where ηinv = inverter efficiency, ηtemp = temperature-

loss factor, ηwiring = wiring efficiency, and ηother = 

miscellaneous system efficiency. 

The temperature-loss factor, ηtemp, was computed 

using equation (5) while the required cell 

temperature, Tc was calculated using equation (6) 

[13]: 

 

 1 25temp cT                                (5) 

20

800
c a

NOCT
T T G


                          (6) 

where β is the temperature coefficient (°C⁻ ¹) 

representing the rate of efficiency reduction with 

increasing cell temperature, Ta is ambient 

temperature, NOCT is the nominal operating cell 

temperature representing the typical temperature 

reached by PV modules under standard outdoor 

conditions, and G is the incident solar irradiance. 

With the assumed values of β (= 0.0036/0C), 

NOCT (= 450C), and G (= 800 Wm-2), equation (5) 

reduces to equation (7):  

 

1 0.0036temp aT                                 (7) 

Putting equation (7) into equation (4), enabled 

the computation of the daily performance ratio 

required in the PV capacity estimation equation (3). 

2.4.2 Average-based PV sizing 

For the average-based PV sizing method, the PV 

capacity required for each location was calculated 

using equation (8) [50]: 

 

,
d

PV avg

avg avg

E
P

H PR



                            (8) 

where Ed is the daily load demand (= 10 kWh/day), 

Havg is the annual average daily equivalent peak sun 

hours, and PRavg is the average performance ratio. 

2.4.3 Critical-month PV sizing 

Here, the required PV capacity was calculated 

using equation (9) [50]: 

 

,

min

d
PV crit

cm

E
P

H PR



                              (9) 

Where Ed is the daily load demand (= 10 kWh/day), 

Hmin is the minimum monthly average daily 

irradiation equivalent peak sun hours, and PRcm is 

the average performance ratio for the critical month 

(the month with lowest solar irradiation). 

This approach ensures system adequacy during 

the worst solar conditions and is essential for 

standalone systems. 

2.4.4 PV oversizing ratio 

The PV oversizing ratio and required oversizing 

percentage which shows the impact of solar 

irradiance variability on PV system design was 

defined for this study and calculated using equation 

set (10): 

 

,

,

, ,

,

   

{

% Increase 100

PV crit

PV avg

PV critical PV average

PV average

P
PV Oversizing Ratio

P

P P

P



 
  
 
 

        (10) 

where PPV,crit and PPV,avg are the required PV capacity 

calculated from the critical-month and average-

based design methods, respectively. 
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2.5 Battery storage sizing 

To enhance system reliability, battery storage 

was incorporated into the system design using an 

autonomy-based sizing approach. 

The required battery storage capacity, Cbat(kWh) 

was estimated using equation (11) [51]: 

 

d aut
bat

bat max

E N
C

DoD





                            (11) 

Where Naut is the number of autonomy days, ηbat is 

battery efficiency, and DoDmax is the maximum 

allowable depth of discharge.  

2.6 PV-battery performance modelling and 

simulation using daily irradiation data 

To account for storage behavior in the standalone 

PV system, a daily energy-balance battery model 

was adopted using 365 daily irradiation values for 

each study location. For each day d, the PV energy 

generated was estimated from the installed PV 

capacity, daily solar irradiation, and location-specific 

performance ratio using equation (12) [51]: 

 

,PV d PV dE P H PR                              (12) 

where EPV,d is the PV energy generated on day d 

(kWh/day), PPV is the installed PV capacity (kW), Hd 

is the daily solar irradiation or equivalent peak sun 

hours on day d, and PR is the performance ratio. 

The daily net energy balance was obtained using 

equation (13) [51]: 

 

,Δ d PV d dE E E                                (13) 

where dE  is the daily load demand. A positive 

Δ dE  indicates surplus energy available for charging 

the battery, while a negative value indicates a deficit 

that must be supplied by the battery. 

The battery state of charge was updated 

sequentially on a daily basis. For charging 

conditions (ΔEd > 0), the battery state of charge was 

calculated using equation (14) [51]: 

 

 1 maxmin Δ ,d d ch dSOC SOC E SOC         (14) 

While for discharging conditions (ΔEd < 0), the 

battery state of charge was evaluated using equation 

(15) [51]: 

 

1 min

Δ
max ,d

d d

dis

E
SOC SOC SOC




 
  

 

∣ ∣
    (15) 

where SOCd and SOCd-1 are the battery energy 

content at the end of day d and day (d-1), ηch and ηdis 

are the charging and discharging efficiencies, and 

SOSmin and SOCmax are the minimum and maximum 

allowable battery energy levels, respectively. 

The battery operating limits were defined from 

the nominal battery capacity Cbat and the maximum 

allowable depth of discharge DoDmax as given in 

equation (16) [51]: 

 

 
max

min max

{
1

bat

bat

SOC C

SOC DoD C



 
              (16) 

If the available PV generation and the usable 

battery energy were insufficient to satisfy the daily 

load, the remaining energy deficit was recorded as 

unmet load [52], 

 

 , , , 1 minmax 0,def d load d PV d dis dE E E SOC SOC 
        (17) 

The annual system reliability was assessed using 

the loss of power supply probability (LPSP) [53], 

 
365

,1

365

1

def dd

dd

E
LPSP

E









                   (18) 

and the corresponding reliability index, 

 

1R LPSP                                            (19) 

This daily modelling approach captures day-to-

day fluctuations in solar resource availability and 

provides a more realistic assessment of PV-battery 

standalone system adequacy than monthly average 

design alone, while remaining simpler than full 

hourly simulation. 

The surplus energy that could not be stored due 

to battery capacity limitations was calculated for 

each day using equation (20) [54]. When the battery 

reached its maximum state of charge, any additional 

PV energy exceeding the combined load demand 

and available storage capacity was treated as wasted 

energy. This was quantified by comparing the daily 

surplus energy with the available storage space, 

accounting for charging efficiency.  

 

max 1
, max 0,Δ d

waste d d

ch

SOC SOC
E E




 
  

 
       (20) 
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Total annual wasted energy, 

 
365

, ,

1

waste annual waste d

d

E E


                            (21) 

Fraction of wasted energy, 

 

,

365

,1

Wasted energy fraction
waste annual

PV dd

E

E





       (22) 

An excel-based design and simulation template 

was developed by coding the appropriate equations 

into the excel cells and making provisions for 

pasting the design assumptions and meteorological 

data. With this, the PV-battery system was designed 

and simulated for the six study locations. 

2.7 Battery capacity fade and lifetime modelling 

Battery degradation influences the long-term 

performance, reliability, and economic viability of 

standalone PV–battery systems. To account for the 

effect of storage aging, battery lifetime was 

evaluated using the battery aging and replacement 

framework implemented in PVsyst. Lithium Iron 

Phosphate (LFP) batteries were selected due to their 

widespread application in standalone photovoltaic 

systems, high cycle life, and thermal stability. 

Battery aging was assumed to occur through a 

combination of calendar aging and cycling-related 

degradation. Calendar aging represents the gradual 

loss of battery capacity with time and is strongly 

influenced by operating temperature, while cycling 

degradation results from repeated charge-discharge 

processes. In PVsyst, battery lifetime is estimated 

based on operating conditions, battery utilization, 

and aging characteristics until the battery reaches its 

end-of-life criterion. 

The battery end-of-life (EOL) condition was 

defined as the point at which the available battery 

capacity decreases to 80% of its initial rated capacity 

[55]. Thus, 

 

00.8EOLC C    (23) 

Where CEOL is the battery capacity at end-of-life and 

C0 is the initial battery capacity. 

The battery lifetime, L (years), was obtained 

directly from PVsyst simulations for each location 

and sizing method. To quantify the corresponding 

annual capacity degradation, an equivalent annual 

capacity fade rate was calculated assuming 

exponential capacity decay throughout the battery 

lifetime. The annual capacity fade (AF) was 

determined using equation (24) [56]: 

 

 1/1 0.8 100LAF                                       (24) 

where AF is the annual capacity fade (%/year) and L 

is the battery lifetime (years). 

The remaining battery capacity after (t) years of 

operation was estimated using equation (25)  [57]: 

 

0(1 )t

t dC C AF                   (25) 

where Ct is the remaining battery capacity after t 

years and AFd is the annual capacity fade expressed 

as a decimal fraction. 

To assess the influence of climatic conditions on 

battery aging, average ambient temperature was 

considered as an indicator of thermal stress. 

Locations with higher operating temperatures are 

expected to experience faster degradation and shorter 

battery lifetimes than cooler locations. 

Consequently, the estimated battery lifetime and 

annual capacity fade were compared across all study 

locations to evaluate the combined effects of 

climatic conditions and PV sizing strategies on long-

term storage performance. 

The resulting battery lifetime and capacity fade 

metrics were subsequently incorporated into the 

techno-economic assessment through replacement 

scheduling and lifecycle cost calculations. 

 

2.8 Economic evaluation 

 

A techno-economic assessment was performed to 

compare the economic implications of the daily-

based, average-based, and critical-month PV–battery 

sizing approaches across the six study locations. The 

evaluation considered component procurement costs, 

project operating expenses, battery replacement 

requirements, photovoltaic module degradation, and 

discounted lifecycle costs. The principal economic 

indicators used in this study were the capital 

expenditure (CAPEX), annual operating expenditure 

(OPEX), net present cost (NPC), and levelized cost 

of energy (LCOE). 

To estimate the hardware procurement costs of 

the PV–battery standalone systems, free-on-board 

(FOB) component prices were obtained from recent 

global benchmark reports. Monocrystalline silicon 

PV modules were priced at USD 0.12/Wp based on 

the IEA-PVPS Global Trends Report [58], lithium 

iron phosphate (LFP) battery packs at USD 81/kWh 

according to the BloombergNEF Energy Storage 

Market Survey [59], and hybrid inverters at USD 
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160/kW following the NREL Annual Technology 

Baseline cost benchmarks [60]. 

Since FOB prices represent factory-gate costs 

and do not reflect regional procurement conditions, 

location-specific cost multipliers were applied to 

obtain localized component costs for each study 

location. These multipliers were developed using 

regional cost information derived from IRENA total 

installed cost statistics, national renewable energy 

market reports, and published cost benchmark 

studies [58, 61]. The multipliers account for 

differences in transportation, import duties, taxes, 

distribution margins, labour costs, and other market-

specific factors affecting equipment procurement 

and deployment. Lower multipliers were applied to 

locations with relatively mature renewable-energy 

supply chains and favourable import conditions, 

such as Santiago, while moderately higher 

multipliers were adopted for developed markets such 

as Paris and Canberra to reflect higher labour and 

installation costs. The highest multiplier was 

assigned to Abuja to account for the combined 

effects of logistics, importation, financing, and 

market-access constraints commonly reported in 

Sub-Saharan African renewable-energy projects. 

The resulting localized component costs provide a 

more realistic basis for the techno-economic 

assessment while preserving the comparative 

analysis of PV–battery system sizing across different 

climatic regions. 

The localized component cost was determined as 

 

local loc FOBC =M ×C   (26) 

where Clocal is the localized component cost, Mloc is 

the location-specific cost multiplier, and CFOB is the 

global benchmark free-on-board cost. 

The total capital expenditure (CAPEX) of each 

PV–battery system was computed as 

 

PV bat inv otherCAPEX=C +C +C +C  (27) 

where CPV, Cbat, Cinv, and Cother represent the costs of 

the photovoltaic array, battery bank, hybrid inverter, 

and other components including installation and 

logistics, respectively. Based on established 

standalone residential PV system cost analyses in the 

literature [62], CBOS was assumed in this study to be 

50% of CPV.  

The yearly operating expenditure (OPEX) 

comprises repair and maintenance (R&M) costs and 

a yearly provision for battery replacement. The 

repair and maintenance component of OPEX was 

assumed to be 1.5% of CAPEX. This assumption is 

consistent with the reported values for residential PV 

systems [62, 63]. 

Discount rates were selected to reflect country-

specific financing conditions, investment risks, 

inflation expectations, and the cost of capital 

associated with renewable-energy projects in each 

study location. The adopted values were derived 

from published renewable-energy economic 

assessments, national energy investment reports, and 

international financing benchmarks [64-66]. Higher 

discount rates were assigned to developing 

economies with greater perceived investment and 

financing risks, such as Nigeria (12%) and Jordan 

(8%), whereas lower rates were adopted for mature 

and relatively stable markets, including France and 

Canada (5%). Intermediate values were applied to 

Chile (7%) and Australia (6%) to reflect their 

respective financing environments. These discount 

rates were subsequently used in the calculation of 

present-value economic indicators, including 

lifecycle cost and levelized cost of energy (LCOE), 

thereby enabling a more realistic comparison of the 

long-term economic performance of PV–battery 

standalone systems across different climatic and 

economic regions. 

The capital recovery factor (CRF), used to 

annualize capital investments, was calculated using 

equation (28) [67]: 

 
n

n

i(1+i)
CRF=

(1+i) -1
  (28) 

where i is the discount rate and n is the project 

lifetime (years). The project lifetime was assumed to 

be 25 years. 

Photovoltaic module degradation was 

incorporated into the techno-economic analysis to 

account for the gradual reduction in energy output 

over the project lifetime. Annual degradation rates 

were assigned on a location-specific basis to reflect 

the influence of climatic conditions, particularly 

temperature, humidity, ultraviolet exposure, and 

environmental stressors that affect long-term module 

performance. Higher degradation rates were 

assumed for warmer locations such as Abuja 

(0.65%/yr) and Amman (0.55%/yr), where elevated 

operating temperatures can accelerate material aging 

and performance losses. Lower degradation rates 

were adopted for cooler climates such as Paris 

(0.35%/yr), Ottawa (0.40%/yr), Santiago (0.38%/yr), 

and Canberra (0.42%/yr), reflecting comparatively 

lower thermal stress. The annual degradation rates 

were used within the PVsyst simulations to model 

the progressive decline in PV energy production 
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throughout the project lifetime. Incorporating 

location-specific degradation rates enables a more 

realistic assessment of lifetime energy generation, 

net present cost, and levelized cost of energy across 

the different climatic regions considered in this 

study. The adopted degradation rates were selected 

from the reported ranges in the literature for 

monocrystalline silicon PV modules operating under 

comparable climatic conditions and were 

implemented as constant annual degradation rates 

throughout the project lifetime. 

The annual energy production in year t was 

estimated in PVsyst using equation (29) [68]: 

 
t

t 0 PVE =E (1-D )                  (29) 

where Et is the annual PV energy production in year 

t, E0 is the initial annual energy production, and DPV 

is the annual PV module degradation rate. 

The net present cost (NPC) was determined by 

discounting all capital, replacement, and operating 

expenditures over the project lifetime according to 

equation (30) [69]: 

 

n cost,t

tt=0

C
NPC=

(1+i)
   (30) 

where Ccost,t is the total expenditure incurred in year 

t, i is the discount rate, and n is the project lifetime. 

The levelized cost of energy (LCOE) was 

obtained from the PVsyst economic module and is 

expressed as equation (31) [69]: 

 

n cost,t

tt=0

n
t

tt=1

C

(1+i)
LCOE=

E

(1+i)





  (31) 

where Et is the electrical energy supplied in year t. 

The LCOE therefore represents the discounted cost 

of producing one kilowatt-hour of useful electrical 

energy over the entire project lifetime. 

Table 3 presents the location-specific component 

cost assumptions, discount rates, and PV module 

degradation rates used for the techno-economic 

assessment while Figure 1 shows a representative 

hourly load profile of the assumed 10 kWh daily 

load demand for this study. 

 

Table 3. Location-specific component cost 

assumptions, discount rates, and PV module 

degradation rates 

Location 

PV 

Module 

($/Wp) 

LFP 

Battery 
($/kWh) 

Hybrid 

Inverter 

($/kW) 

i 

(%) 

DPV 

(%/yr) 

Global 
Benchmark 

(FOB) 
0.12 81 160 - - 

Abuja, 

Nigeria 
0.22 135 245 12 0.65 

Amman, 

Jordan 
0.19 118 215 8 0.55 

Paris, 

France 
0.16 105 195 5 0.35 

Ottawa, 

Canada 
0.18 114 210 5 0.40 

Santiago, 

Chile 
0.15 98 185 7 0.38 

Canberra, 

Australia 
0.16 102 190 6 0.42 

 
Figure 1. Assumed hourly load profile for the 10 

kWh/day demand 

3. Results and Discussion 

3.1 Spatial distribution and solar resource 

characteristics 

Figure 2 presents the global distribution of the 

selected study locations, spanning tropical, arid, 

temperate, continental, and subtropical climatic 

zones. This wide geographical spread ensures that 

the results capture diverse solar resource patterns 

and their implications for PV–battery system design. 

 
Figure 2. Global map showing study locations 
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The solar resource comparison in Figures 3(a) 

and 3(b) show clear differences in average global 

horizontal irradiation (GHI) across the locations. 

High solar resource regions such as Abuja, Amman, 

and Santiago exhibit average daily irradiation values 

above 5.5 kWh/m²/day, indicating strong solar 

potential. In contrast, Paris and Ottawa show 

significantly lower values (≈3.25–3.59 

kWh/m²/day), reflecting reduced solar availability 

typical of higher latitudes. Canberra occupies an 

intermediate position. 

These differences directly influence PV system 

sizing, as higher irradiation reduces the required PV 

capacity for a given load, while lower irradiation 

necessitates larger system sizes. However, average 

values alone do not fully capture system design 

requirements, as variability plays a critical role in 

standalone systems.  

 

 
Figure 3(a). Solar resource comparison: daily 

average, maximum, and minimum irradiation 

 

 

 
Figure 3(b). Solar resource comparison: average 

daily global horizontal irradiation per month 

3.2 Irradiance variability analysis 

Figure 4 presents the coefficient of variation 

(CV) and seasonal variability index (SVI) across the 

study locations. The results indicate that locations 

such as Paris, Ottawa and Canberra exhibit high 

variability, characterized by large seasonal swings 

between summer and winter irradiation. Conversely, 

Abuja and Amman show relatively low variability, 

with more stable year-round solar availability. 

Santiago exhibits intermediate variability.  

High variability implies prolonged low-

irradiance periods, which are critical for standalone 

PV systems relying on battery storage. In such 

locations, system design must account for worst-case 

conditions rather than average performance. The 

SVI results reinforce this observation, highlighting 

that continental and temperate climates experience 

more pronounced seasonal deficits, thereby 

increasing system design complexity [70-72]. 

 

 
Figure 4. Variability indices across global locations 

 

3.3. PV capacity requirements under different 

design approaches 

 

Figure 5 compares PV capacity requirements 

obtained using the three sizing approaches: daily-

based, average-based, and critical-month methods.  

 

 
Figure 5. PV Capacity by Design Method across the 

locations 

The results show that: 
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 The average-based method consistently yields the 

lowest PV capacity, as it assumes uniform solar 

availability throughout the year.  

 The daily-based method produces slightly higher 

capacities than the average-based method in 

Abuja, Amman, and Santiago, and significantly 

higher capacities in Paris and Ottawa by 

accounting for day-to-day variability. 

 The critical-month method results in the highest 

PV capacity, particularly in high-variability 

locations such as Ottawa and Paris.  

This trend highlights the limitation of average-

based sizing, which can significantly underestimate 

system requirements in regions with strong seasonal 

variation [33, 73]. The critical-month approach 

ensures energy adequacy during the worst solar 

conditions but may lead to overdesign in low-

variability regions [74]. 

3.4 PV oversizing requirement 

The PV oversizing ratio and required oversizing 

percentage shown in Figures 6 and 7 quantify the 

additional capacity required when designing for 

critical conditions instead of average conditions. 

 
Figure 6. PV oversizing ratio across global locations 

 
Figure 7. Required PV oversizing percentage due to 

irradiance variability 

Locations with high variability (e.g., Ottawa and 

Paris) exhibit significantly higher oversizing ratios 

and required oversizing percentage, indicating that a 

large increase in PV capacity is necessary to 

maintain reliability. 

In contrast, low-variability regions such as Abuja 

and Amman show relatively small oversizing 

requirements. This suggests that average-based 

design may be reasonably adequate in such climates, 

whereas critical-month design becomes essential in 

high-latitude regions. 

3.5 Annual PV energy generation 

Figure 8 shows the annual PV energy generation 

across the locations. As expected, locations with 

higher solar resource (Abuja, Amman, Santiago) 

generate more energy annually compared to lower-

resource regions (Paris and Ottawa). 

However, it is important to note that higher 

energy generation does not automatically translate to 

better system performance in standalone systems. 

The temporal distribution of energy is equally 

important, as surplus energy during high-irradiance 

periods may not compensate for deficits during low-

irradiance periods [75, 76]. 

 

 
Figure 8. PV energy generation per year 

3.6 Energy utilization and wastage 

Figure 9 presents the fraction of wasted PV 

energy. Higher wasted energy fractions for all the 

design methods are observed in locations with large 

PV capacities and seasonal solar resource variability 

like Paris and Ottawa. This occurs because excess 

energy generated during peak periods exceeds both 

load demand and battery storage capacity. 
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Figure 9. PV wasted energy fraction 

 

In high-resource or low-variability regions, 

wasted energy is generally lower because the 

required PV capacity is lower and most of the 

generated energy is utilized to meet load demand or 

recharge the battery.  

The results highlight a key trade-off: designing 

for reliability (via oversizing) often leads to 

increased energy wastage and reduced system 

efficiency. 

3.7 System reliability and unmet load 

Figures 10 and 11 show the annual unmet load 

and the number of unmet load days, respectively.  

 

 
Figure 10. Annual unmet load across global 

locations 

 

 
Figure 11. Number of unmet load days per year 

 

High-variability locations exhibit significantly 

higher unmet load when systems are not adequately 

sized. This is particularly evident for designs based 

on average irradiation, which fail to meet demand 

during prolonged low-solar periods. 

In contrast, locations with stable solar resources 

(e.g., Abuja and Amman) demonstrate minimal 

unmet load, indicating that system reliability is 

easier to achieve in such climates [77, 78]. 

3.8 Loss of power supply probability (LPSP) and 

reliability index 

Figure 12 presents the loss of power supply 

probability (LPSP), while Figure 13 shows the 

corresponding reliability index.  

 

 
Figure 12. Loss of power supply probability, LPSP 
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Figure 13. Reliability index across global locations 

 

The results confirm that: 

 High LPSP values are associated with high-

variability regions when insufficient PV capacity 

or storage is provided.  

 Low LPSP (and high reliability index) is achieved 

in locations with stable solar resources or when 

systems are designed using the critical-month 

approach.  

The reliability index approaches unity in well-

sized systems, particularly in tropical and arid 

climates. However, achieving similar reliability in 

temperate and continental climates requires 

significant system oversizing and/or increased 

battery capacity [33, 79]. 

3.9 Battery annual capacity fade and lifetime 

Table 4 presents the estimated annual capacity 

fade and corresponding lifetime of the lithium iron 

phosphate (LFP) battery system for the six study 

locations. The results reveal a clear dependence of 

battery aging on climatic conditions, particularly 

ambient temperature, while showing negligible 

variation among the three PV sizing approaches 

within the same location. This indicates that 

temperature-induced degradation is the dominant 

factor influencing long-term battery performance 

under the assumed operating conditions. 

Table 4. LFP battery annual capacity fade and 

lifetime 

Location 
PV Sizing 
Method 

Avg. 

Temp 

(°C) 

Annual 

Capacity 

Fade (%) 

Lifetime 
(yr) 

Abuja 

Daily-Based 26.6 1.73% 12.8 

Average-Based 26.6 1.73% 12.8 

Critical Month 26.6 1.73% 12.8 

Amman Daily-Based 17.9 1.58% 14.0 

Average-Based 17.9 1.58% 14.0 

Critical Month 17.9 1.58% 14.0 

Paris 

Daily-Based 11.8 1.46% 15.2 

Average-Based 11.8 1.46% 15.2 

Critical Month 11.8 1.46% 15.2 

Ottawa 

Daily-Based 6.6 1.46% 15.2 

Average-Based 6.6 1.46% 15.2 

Critical Month 6.6 1.46% 15.2 

Santiago 

Daily-Based 13.6 1.46% 15.2 

Average-Based 13.6 1.46% 15.2 

Critical Month 13.6 1.46% 15.2 

Canberra 

Daily-Based 12.6 1.47% 15.1 

Average-Based 12.6 1.47% 15.1 

Critical Month 12.6 1.47% 15.1 

 

Among the investigated locations, Abuja exhibits 

the highest annual capacity fade of 1.73%/yr and the 

shortest battery lifetime of 12.8 years. This result is 

attributed to its relatively high average ambient 

temperature of 26.6 °C, which accelerates 

electrochemical aging processes and increases the 

rate of capacity loss. Similarly, Amman, with an 

average temperature of 17.9 °C, records an annual 

capacity fade of 1.58%/yr and a battery lifetime of 

14.0 years. 

In contrast, the cooler locations—Paris, Ottawa, 

and Santiago—exhibit lower annual capacity fade 

rates of approximately 1.46%/yr and 

correspondingly longer battery lifetimes of 15.2 

years. Canberra shows a slightly higher degradation 

rate of 1.47%/yr, resulting in a battery lifetime of 

15.1 years. These findings are consistent with 

established battery-aging theory, which indicates 

that lower operating temperatures generally reduce 

degradation rates and extend useful battery life [80]. 

The results further show that the daily-based, 

average-based, and critical-month sizing approaches 

produce virtually identical battery lifetimes within 

each location. This suggests that differences in PV 

sizing have a relatively minor influence on battery 

aging compared with the influence of ambient 

climatic conditions. Consequently, while irradiance 

variability significantly affects PV capacity 

requirements, reliability, and energy utilization, 

battery longevity in the studied systems is governed 

primarily by the thermal environment. 

From a practical perspective, the shorter battery 

lifetime observed in warmer climates implies more 

frequent battery replacement over the project 

lifetime, thereby increasing lifecycle costs. 
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Conversely, cooler climates benefit from reduced 

degradation rates and longer replacement intervals. 

These results highlight the importance of 

incorporating battery aging considerations into the 

techno-economic evaluation of standalone PV–

battery systems, particularly when comparing 

system performance across different climatic 

regions. 

The annual capacity fade decreases from 

1.73%/yr in Abuja to approximately 1.46%/yr in 

Paris, Ottawa, and Santiago, resulting in an increase 

in battery lifetime from 12.8 years to about 15.2 

years. This represents an approximately 19% 

increase in service life between the warmest and 

coolest study locations. 

3.10 Economic Performance 

The economic performance of the PV–battery 

standalone systems was evaluated using the capital 

expenditure (CAPEX), annual operating expenditure 

(OPEX), net present cost (NPC), and levelized cost 

of energy (LCOE). The results are presented in 

Tables 5 and 6 and Figures 14–16. Overall, the 

economic indicators closely reflect the influence of 

solar resource availability and irradiance variability 

on system sizing requirements. Locations requiring 

larger PV capacities generally exhibit higher 

investment and lifecycle costs, particularly when the 

critical-month sizing approach is adopted.

 

Table 5. Estimated CAPEX for the PV systems 

Location 
PV Sizing 

Method 

PV Module 

Cost ($) 

LFP Battery 

Cost ($) 

Hybrid Inverter 

Cost ($) 

Other Costs 

($) 

CAPEX 

($) 

Abuja 

Daily-Based 546 2812 858 273 4489 

Average-Based 502 2812 858 251 4423 

Critical Month 695 2812 858 348 4713 

Amman 

Daily-Based 526 2458 753 263 4000 

Average-Based 410 2458 753 205 3826 

Critical Month 777 2458 753 389 4377 

Paris 

Daily-Based 1203 2187 683 602 4675 

Average-Based 594 2187 683 297 3761 

Critical Month 2562 2187 683 1281 6713 

Ottawa 

Daily-Based 1260 2375 735 630 5000 

Average-Based 594 2375 735 297 4001 

Critical Month 1708 2375 735 854 5672 

Santiago 

Daily-Based 435 2041 648 218 3342 

Average-Based 323 2041 648 162 3174 

Critical Month 648 2041 648 324 3661 

Canberra 

Daily-Based 570 2125 665 285 3645 

Average-Based 408 2125 665 204 3402 

Critical Month 904 2125 665 452 4146 

 

Table 6. Estimated OPEX for the PV systems 

Location PV Sizing Method 
Provision for Battery 

Replacement ($) 

Repairs and 

Maintenance Cost ($) 
OPEX ($) 

Abuja 

Daily-Based 112.48 67.34 179.82 

Average-Based 112.48 66.35 178.83 

Critical Month 112.48 70.69 183.17 

Amman 

Daily-Based 98.32 60.00 158.32 

Average-Based 98.32 57.39 155.71 

Critical Month 98.32 65.65 163.97 

Paris 

Daily-Based 87.48 70.12 157.60 

Average-Based 87.48 56.42 143.90 

Critical Month 87.48 100.70 188.18 

Ottawa Daily-Based 95.00 75.00 170.00 
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Average-Based 95.00 60.02 155.02 

Critical Month 95.00 85.08 180.08 

Santiago 

Daily-Based 81.64 50.12 131.76 

Average-Based 81.64 47.60 129.24 

Critical Month 81.64 54.92 136.56 

Canberra 

Daily-Based 85.00 54.68 139.68 

Average-Based 85.00 51.03 136.03 

Critical Month 85.00 62.19 147.19 

 

 

 
Figure 14. CAPEX comparison across design 

methods and global locations 

 

 
Figure 15. NPC comparison across design methods 

and global locations 

 

 
Figure 16. LCOE comparison across design methods 

and global locations 

Figure 14 and Table 5 show the estimated 

CAPEX for the three sizing methods across the six 

study locations. For all locations, the average-based 

sizing method resulted in the lowest capital cost 

because it produced the smallest PV capacities. 

Conversely, the critical-month method consistently 

yielded the highest CAPEX due to the additional PV 

capacity required to satisfy energy demand during 

low-irradiance periods. This effect is particularly 

pronounced in high-variability locations such as 

Paris and Ottawa, where the critical-month design 

increased CAPEX from $3,761 to $6,713 and from 

$4,001 to $5,672, respectively. In contrast, lower 

increases were observed in low-variability locations 

such as Abuja and Amman, where the critical-month 

design raised CAPEX by less than 25% relative to 

the average-based approach. These findings 

demonstrate that climatic variability significantly 

influences investment requirements through its 

impact on PV system sizing. 

The observed increase in capital cost with more 

conservative sizing approaches is consistent with 

previous studies on standalone PV systems. 

Researchers have reported that designs based on 

critical solar resource conditions generally require 

substantial PV oversizing to maintain energy 

adequacy during low-irradiance periods, leading to 

higher investment costs than average-resource 

designs. Similar trends were reported by Belmahdi 

et al. [81], who found that reliability-oriented sizing 

strategies significantly increased system capital 

requirements in regions with pronounced seasonal 

solar variability. Likewise, Lee and Callaway [82] 

observed that system costs rise rapidly as reliability 

constraints become more stringent in off-grid PV–

battery applications. 

The annual operating expenditure (OPEX) values 

presented in Table 6 exhibit trends similar to those 

observed for CAPEX. Since the battery replacement 

provision depends primarily on battery capacity and 

lifetime, its value remains constant across the three 

sizing methods within each location. Variations in 

OPEX therefore arise mainly from differences in 

repair and maintenance costs, which were assumed 
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to be proportional to capital investment. 

Consequently, systems designed using the critical-

month method generally exhibit the highest OPEX, 

while average-based designs record the lowest 

values. The highest annual OPEX of $188.18 was 

obtained for the critical-month design in Paris, 

whereas the lowest value of $129.24 was recorded 

for the average-based design in Santiago. 

The net present cost (NPC) results shown in 

Figure 15 indicate that lifecycle costs are strongly 

affected by both climatic conditions and sizing 

methodology. Across all locations, the average-

based design produced the lowest NPC, while the 

critical-month design yielded the highest values due 

to increased initial investment and maintenance 

costs. The effect is particularly significant in Paris 

and Ottawa, where strong seasonal variability 

necessitates substantial PV oversizing. In Paris, the 

NPC increased from $5,790 for the average-based 

design to $9,366 for the critical-month design, 

representing an increase of approximately 62%. 

Similarly, Ottawa experienced an NPC increase of 

approximately 33% between the two sizing 

approaches. By comparison, lower NPC differences 

were observed in Abuja, Amman, Santiago, and 

Canberra, reflecting their comparatively lower 

variability and oversizing requirements. These 

results confirm that the economic penalty associated 

with reliability-oriented sizing becomes increasingly 

important as irradiance variability increases. 

The substantial NPC increase observed in Paris 

and Ottawa agrees with previous findings that 

lifecycle costs are strongly influenced by climatic 

variability and reliability requirements. Yang et al. 

[83] showed that regions with less favorable 

renewable-energy resources require larger installed 

capacities to achieve acceptable supply reliability, 

thereby increasing overall system cost. 

The LCOE comparison presented in Figure 16 

reveals a more complex relationship between system 

cost and energy production. Although the average-

based design generally exhibits the lowest CAPEX 

and NPC, it does not always produce the lowest 

LCOE. This occurs because LCOE depends on both 

lifecycle cost and the amount of useful energy 

delivered over the project lifetime. In Abuja and 

Amman, the average-based design produced slightly 

higher LCOE values than the daily-based and 

critical-month approaches despite its lower cost. 

Similarly, in Canberra and Santiago, the daily-based 

and critical-month designs achieved comparable or 

lower LCOE values than the average-based design. 

The highest LCOE values were observed in the 

critical-month designs for Paris (0.191 USD/kWh) 

and Ottawa (0.171 USD/kWh), indicating that the 

substantial increase in system size required to ensure 

reliability under highly variable climatic conditions 

is not fully offset by the corresponding increase in 

energy supply. 

The non-linear relationship observed between 

NPC and LCOE is also consistent with previous 

techno-economic studies of standalone PV systems. 

Although lower investment costs generally 

contribute to lower LCOE, the metric is 

simultaneously affected by lifetime energy 

production and system utilization. As noted by 

Cristea et al. [84], systems with lower installed 

capacities may exhibit higher LCOE values if 

reductions in energy delivery outweigh the savings 

in capital cost. Consequently, the least expensive 

design does not necessarily correspond to the lowest 

unit cost of electricity. 

A comparison across locations further highlights 

the influence of climatic conditions on economic 

performance. Abuja exhibits the highest LCOE 

values (0.223–0.228 USD/kWh), primarily due to 

higher localized component costs, higher discount 

rates, and faster battery degradation. In contrast, 

Santiago and Canberra achieve the lowest LCOE 

values, ranging from approximately 0.129 to 0.140 

USD/kWh, reflecting favorable combinations of 

solar resource availability, moderate system sizes, 

lower degradation rates, and relatively lower 

lifecycle costs. Paris and Ottawa, despite their lower 

discount rates, experience elevated NPC and LCOE 

values because of the larger PV capacities required 

to compensate for seasonal solar resource variability. 

The relatively higher LCOE values obtained in 

Abuja and Amman are consistent with studies 

showing that financing conditions, discount rates, 

and component procurement costs can significantly 

influence the economic viability of renewable-

energy projects. IRENA [61] and the International 

Energy Agency [58] have reported that developing 

economies often experience higher project costs due 

to financing constraints, import dependencies, and 

elevated investment risks. Conversely, regions with 

mature renewable-energy markets and lower 

financing costs generally achieve lower lifecycle 

electricity costs. 

Overall, the techno-economic results 

demonstrate a clear trade-off between system 

reliability and economic performance. While 

critical-month sizing improves reliability and 

reduces the risk of unmet load, it requires larger PV 

capacities and consequently higher CAPEX, OPEX, 

NPC, and, in some cases, LCOE. Conversely, 

average-based sizing minimizes investment costs but 
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may compromise system adequacy in regions with 

significant irradiance variability. The daily-based 

sizing approach generally provides an intermediate 

solution, balancing reliability improvements with 

moderate economic penalties. These findings are 

consistent with the conclusions of several recent 

studies that emphasize the importance of jointly 

considering reliability and economic criteria during 

off-grid PV system design rather than relying solely 

on cost-minimization approaches [85-87]. Therefore, 

incorporating irradiance variability into the techno-

economic design process provides a more robust 

basis for selecting PV–battery system configurations 

capable of achieving an appropriate balance between 

cost, reliability, and long-term performance. 

3.11 Implications for PV–battery system design 

The results of this study demonstrate that solar 

irradiance variability exerts a significant influence 

on the technical and economic performance of 

standalone PV–battery systems. While average solar 

resource indicators provide useful preliminary 

information, they do not adequately capture the 

seasonal and day-to-day fluctuations that govern 

system reliability and long-term economic viability. 

Consequently, system designs based solely on 

average irradiation values may underestimate the PV 

capacity required to maintain reliable energy supply, 

particularly in regions characterized by high 

seasonal variability. 

The comparative analysis reveals that climatic 

variability is a primary driver of PV oversizing 

requirements. Locations exhibiting high variability 

indices, such as Paris and Ottawa, require 

substantially larger PV capacities under the critical-

month design approach to ensure acceptable 

reliability levels during prolonged low-irradiance 

periods. In contrast, locations with relatively stable 

solar resources, such as Abuja and Amman, can 

achieve comparable reliability with significantly 

lower oversizing requirements. These findings 

highlight the importance of incorporating variability 

metrics such as the coefficient of variation (CV) and 

seasonal variability index (SVI) into PV system 

design methodologies rather than relying exclusively 

on annual average irradiation values. 

The reliability assessment further demonstrates 

that the selection of a sizing methodology has a 

direct impact on system adequacy. Average-based 

designs generally result in lower capital costs but 

may experience increased unmet load, higher LPSP 

values, and reduced reliability in locations with 

pronounced seasonal fluctuations. Conversely, 

critical-month sizing substantially improves system 

reliability by reducing energy deficits and loss-of-

power-supply events. However, this reliability 

improvement is achieved at the expense of increased 

PV capacity, higher energy wastage, and greater 

investment costs. Therefore, the choice of sizing 

approach should be guided by the desired balance 

between reliability and economic affordability. 

The battery aging analysis indicates that climatic 

conditions influence not only PV system design but 

also long-term storage performance. Higher ambient 

temperatures accelerate battery degradation and 

reduce battery lifetime, as observed in Abuja and 

Amman, whereas cooler locations such as Paris, 

Ottawa, and Santiago exhibit lower annual capacity 

fade rates and longer battery service lives. These 

results suggest that battery replacement scheduling 

and lifecycle costs should be explicitly considered 

during system planning, particularly in warm 

climates where thermal stress may significantly 

affect storage longevity. 

The techno-economic analysis further reveals 

that reliability-oriented designs are not always 

economically optimal. Although critical-month 

sizing provides the highest reliability, it also results 

in increased CAPEX, OPEX, and NPC due to larger 

PV capacities and associated infrastructure 

requirements. Average-based designs generally 

achieve the lowest lifecycle costs but may 

compromise energy security in highly variable 

climates. The daily-based sizing approach offers an 

intermediate solution, providing improved reliability 

relative to average-based sizing while avoiding the 

excessive oversizing associated with critical-month 

design. Consequently, the most appropriate design 

strategy depends on the specific priorities of the 

application, whether reliability, affordability, or a 

compromise between both objectives. 

Overall, the findings emphasize that effective 

standalone PV–battery system design requires an 

integrated assessment of solar resource variability, 

reliability requirements, battery aging 

characteristics, and economic performance. The 

study demonstrates that climate-responsive design 

approaches can substantially improve decision-

making and enable the development of more 

reliable, cost-effective, and sustainable standalone 

energy systems across diverse climatic regions. 

These insights are particularly relevant for system 

designers, rural electrification planners, and 

policymakers seeking to optimize off-grid renewable 

energy deployment under varying environmental and 

economic conditions. 
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4. Conclusions 

 

This study investigated the impact of solar 

irradiance variability on the sizing, reliability, 

battery aging, and techno-economic performance of 

standalone PV–battery systems across six 

climatically diverse locations: Abuja (Nigeria), 

Amman (Jordan), Paris (France), Ottawa (Canada), 

Santiago (Chile), and Canberra (Australia). By 

integrating irradiance variability metrics, multiple 

PV sizing approaches, daily energy-balance 

simulation, battery degradation assessment, and 

techno-economic analysis, the study provides a 

comprehensive evaluation of climate-responsive 

PV–battery system design. 

The results reveal substantial differences in solar 

resource availability and variability among the 

selected locations. Abuja, Amman, and Santiago 

exhibited the highest average daily irradiation levels 

(approximately 5.60, 5.73, and 5.66 kWh/m²/day, 

respectively) and relatively low variability (CV/SVI 

≈ 0.22/0.45 for Abuja, 0.40/0.99 for Amman, and 

0.44/1.16 for Santiago), whereas Paris, Ottawa, and 

Canberra recorded lower irradiation levels 

(approximately 3.25, 3.59, and 4.74 kWh/m²/day, 

respectively) and the highest seasonal variability 

(CV/SVI ≈ 0.70/1.50 for Paris, 0.62/1.41 for Ottawa, 

and 0.49/1.35 for Canberra). The coefficient of 

variation and seasonal variability index confirmed 

that high-latitude locations experience significantly 

larger seasonal fluctuations in solar resource 

availability, thereby increasing system design 

complexity. 

The comparative sizing analysis demonstrated 

that reliance on annual average irradiation can 

significantly underestimate PV capacity 

requirements in highly variable climates. Critical-

month sizing produced the largest PV capacities and 

oversizing requirements, particularly in Paris and 

Ottawa, where PV capacities increased by 

approximately 188% and 332%, respectively, 

relative to average-based designs in order to 

maintain reliability during low-irradiance periods. In 

contrast, Abuja and Amman required considerably 

lower oversizing margins of approximately 39% and 

89%, respectively, owing to their more stable solar 

resources. These findings demonstrate that 

irradiance variability, rather than average solar 

resource alone, is a key determinant of standalone 

PV system sizing. 

The performance assessment further showed that 

larger PV capacities improve system reliability by 

reducing unmet load and loss-of-power-supply 

probability (LPSP). Systems designed using the 

critical-month approach achieved the highest 

reliability levels, with reliability indices approaching 

unity and LPSP values below 0.02. However, these 

reliability improvements were accompanied by 

increased wasted energy fractions, highlighting the 

trade-off between reliability and energy-utilization 

efficiency. Average-based designs generally resulted 

in lower investment costs but exhibited higher unmet 

load and lower reliability in regions with 

pronounced seasonal variability. 

The battery aging analysis revealed that climatic 

conditions significantly influence long-term storage 

performance. Annual battery capacity fade ranged 

from approximately 1.46%/yr in cooler locations 

such as Paris, Ottawa, and Santiago to 1.73%/yr in 

Abuja. Consequently, battery lifetime varied from 

approximately 12.8 years in Abuja to about 15.2 

years in Paris, Ottawa, and Santiago. These results 

indicate that elevated operating temperatures can 

accelerate storage degradation and increase battery 

replacement requirements over the project lifetime. 

The techno-economic evaluation demonstrated 

that system costs are strongly influenced by both 

climatic conditions and sizing methodology. 

Critical-month sizing consistently resulted in the 

highest CAPEX, OPEX, and NPC values because of 

increased PV capacity requirements. In high-

variability locations such as Paris and Ottawa, NPC 

increased by more than 30–60% relative to average-

based designs. Although average-based sizing 

generally minimized lifecycle costs, it did not 

always produce the lowest LCOE because lower 

system capacities can reduce the amount of useful 

energy delivered over the project lifetime. The daily-

based sizing approach provided a practical 

compromise between reliability and economic 

performance, offering improved adequacy relative to 

average-based sizing without the excessive 

oversizing associated with critical-month design. 

Overall, the findings demonstrate that effective 

standalone PV–battery system design requires the 

explicit consideration of solar irradiance variability, 

battery degradation, reliability requirements, and 

lifecycle economics. The study confirms that 

climate-responsive sizing approaches provide a more 

robust basis for system design than conventional 

methods based solely on average solar resource 

indicators. The results provide valuable guidance for 

engineers, project developers, and policymakers 

involved in the planning and deployment of off-grid 

renewable-energy systems across diverse climatic 

regions. 

The present study employed a daily energy-

balance simulation framework for the technical 
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analysis, and therefore did not explicitly capture 

intra-day irradiance fluctuations, battery cycling 

dynamics, or short-term load variability. In addition, 

battery aging was evaluated using equivalent 

capacity-fade and lifetime estimates derived from 

PVsyst rather than detailed electrochemical 

degradation models. Future studies should 

incorporate high-resolution hourly irradiance and 

load data, advanced battery degradation and cycle-

life models, and optimization-based techno-

economic frameworks. Further investigations 

involving additional climatic regions, hybrid 

renewable-energy configurations, and demand-side 

management strategies would provide a broader 

understanding of the interactions among solar 

variability, storage requirements, system reliability, 

and economic performance. 
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Nomenclature 

AF Annual capacity fade (%/year) 

AFd 
Annual capacity fade expressed as a 

decimal fraction 

C0 Initial battery capacity (kWh) 

CAPEX Capital expenditure (USD) 

Cbat Battery cost (USD) 

CBatt Required battery storage capacity (kWh) 

Ccost,t 
total expenditure incurred in year t 

(USD) 

CEOL Battery capacity at end-of-life (kWh) 

CFOB 
Global benchmark free-on-board cost 

(USD) 

Cinv Inverter cost USD 

Clocal localized component cost (USD) 

Cother 
Other components including installation 

and logistics (USD) 

CPV PV array cost (USD) 

CRF Capital recovery factor 

Ct 
Remaining battery capacity after t years 

(kWh) 

CV Coefficient of variation 

DoDmax Maximum allowable depth of discharge 

DPV Annual PV module degradation rate 

E0 
Initial annual energy production 

(kWh/yr) 

Eactual Real PV output (kWh) 

Ed Daily load demand (kWh/day) 

Edef,d Unmet load on day (kWh/day) 

Eideal 
Theoretical PV output under standard 

conditions (kWh) 

EPV,d PV energy generated on day (kWh/day) 

Et 
Annual PV energy production in year t 

(kWh/yr) 

Ewaste,a Total annual wasted energy (kWh/year) 

Ewaste,d Wasted energy on day (kWh/day) 

G Solar irradiance (W/m²) 

GHI Global horizontal irradiation (kWh/m2) 

Havg 
Annual average daily irradiation 

(kWh/m²/day) 

Heq,d Equivalent daily peak sun hour 

Hmax 
Maximum monthly average daily 

irradiation (kWh/m²/day) 

Hmin 
Minimum monthly average daily 

irradiation (kWh/m²/day) 

i Discount rate (%) 

L Battery lifetime (years) 

LCOE Levelized cost of energy (USD/kWh) 

LPSP Loss of power supply probability 

Mloc Location-specific cost multiplier 

n Project lifetime (years) 

Naut Number of days of autonomy 

NOCT Nominal operating cell temperature (°C) 

NPC Net present cost (USD) 

OPEX Operating expenditure (USD) 

PPV,avg Average-based PV capacity (kWp) 

PPV,crit Critical-month PV capacity (kWp) 

PPV,daily Daily-based PV capacity (kWp) 

PR Performance ratio 
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PRavg Average performance ratio 

PRcrit Critical-month performance ratio 

PRd Daily performance ratio 

R Reliability index 

SOC State of charge 

SVI Seasonal variability index 

Ta Ambient temperature (°C) 

Tc PV cell temperature (°C) 

β Temperature coefficient (/0C) 

ηbatt Battery efficiency 

ηch Battery charging efficiency 

ηdis Battery discharging efficiency 

ηinv Inverter efficiency 

ηother Miscellaneous system
 efficiency 

ηtemp Temperature-loss
factor 

ηwire Wiring efficiency 

σ 
Standard deviation of 

monthly
irradiation 
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