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ABSTRACT 20 

This study develops a deterministic, forecast-free rule-based dispatch algorithm for grid-21 
connected residential photovoltaic battery systems under Sri Lanka’s 2026 time-of-use tariff 22 
structure. Using empirical residential load patterns from the RECON-SL smart meter dataset, 23 
the model evaluates a 5 kW rooftop photovoltaic system with two lithium iron phosphate battery 24 
configurations at 15-minute resolution. All possible three-day combinations of sunny, cloudy, 25 
and rainy conditions are simulated, generating 81 scenario-days to capture short-term weather 26 
variability. Results demonstrate that rule-based control can achieve economically viable 27 
performance without forecasting or optimisation, while investment outcomes remain strongly 28 
influenced by battery state-of-charge constraints and export tariff design. The findings provide 29 
practical insights for residential energy management in emerging renewable-rich power 30 
systems. 31 
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INTRODUCTION 36 

The rapid expansion of rooftop photovoltaic (PV) installations among residential 37 

consumers is fundamentally reshaping the economics of household electricity supply in both 38 

developed and emerging power systems [1]. As PV penetration increases, the temporal 39 

mismatch between solar generation and household demand creates a structural challenge for 40 

both consumers and grid operators. Without storage, a substantial portion of midday solar 41 

surplus is exported to the grid at relatively low remuneration rates, while households continue 42 

to purchase higher-priced electricity during peak periods [2]. This misalignment reduces the 43 

effective value of distributed solar and limits its contribution to peak demand reduction. 44 

Residential battery energy storage systems (BESS) provide a direct solution to this 45 

mismatch by shifting energy from periods of PV surplus to periods of high-price demand, 46 

thereby increasing self-consumption and reducing electricity bill [3]. In addition to cost 47 
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savings, PV-battery systems can enhance household resilience to grid outages and contribute 48 

to system-level flexibility[4]. While the technical feasibility of such systems is well 49 

established, their economic viability remains highly sensitive to electricity tariff design, battery 50 

cost trajectories, and the operational strategy used to control battery dispatch[5]. 51 

Time-of-use (TOU) electricity tariffs have gained increasing policy attention as a 52 

mechanism for aligning residential demand with underlying system cost structures and 53 

incentivising demand-side flexibility[6]. By differentiating electricity prices across time 54 

periods, TOU tariffs create explicit financial signals for peak load reduction and off-peak 55 

consumption, thereby improving the economic attractiveness of storage technologies[7]. A 56 

growing body of literature has examined PV-battery systems under TOU pricing in developed 57 

markets, consistently finding that economic performance improves with wider peak-off-peak 58 

price differentials and declining battery costs [8] and the environemtnal benefits attached [9]. 59 

Moreover, when export remuneration for stored energy exceeds the cost of off-peak grid 60 

charging, an additional arbitrage channel emerges that is structurally independent of solar 61 

availability, though this mechanism remains relatively underexplored in residential contexts 62 

[10]. 63 

Despite these advances, empirical evidence from emerging power systems remains limited 64 

[11]. Tariff structures, consumption patterns, and grid conditions in such systems often differ 65 

substantially from those in developed markets, limiting the external validity of existing findings 66 

[12]. In particular, the interaction between TOU pricing, distributed PV adoption, and battery 67 

operation has not been systematically analysed under the institutional and climatic conditions 68 

characteristic of South Asian electricity systems [13]. 69 

Sri Lanka provides an instructive and under-examined case study in this regard. The country 70 

has experienced rapid growth in distributed solar PV under net metering and net accounting 71 

schemes, alongside recent tariff reforms introducing a three-tier domestic TOU pricing 72 

structure with a pronounced evening peak period [14]. In parallel, a battery-support mechanism 73 

has been introduced that remunerates off-peak battery exports at rates exceeding standard off-74 

peak import prices, thereby creating strong incentives for arbitrage-based battery 75 

operation[15]. While these features suggest favourable conditions for residential storage 76 

deployment, existing assessments have largely focused on programme-level feasibility and 77 

have not explicitly modelled household-level dispatch behaviour or evaluated performance 78 

under realistic weather variability [16] and climatic resilience [17]. 79 

A key challenge in evaluating residential PV-battery systems in tropical and subtropical 80 

regions is the variability of solar generation at daily and sub-daily scales[18]. Sri Lanka’s 81 

monsoon-driven climate and frequent cloud cover events can lead to multi-day reductions in 82 

photovoltaic output [19], constraining the ability of batteries to recover sufficient charge for 83 

subsequent peak periods [20] . Many existing studies rely on representative-day approaches or 84 

annual average profiles, which may understate the operational and economic impacts of 85 

sustained low-irradiance conditions [21]. This limitation is particularly relevant for rule-based 86 

dispatch strategies, whose effectiveness depends on managing inter-day energy balances under 87 

uncertain generation patterns [22]. It is an important aspect to be considered in Sustiable 88 

Energy planning perspective [23].  89 

This paper addresses these gaps by developing a deterministic, rule-based dispatch 90 

simulation for a grid-connected residential PV-BESS system operating under Sri Lanka’s 2026 91 

TOU tariff structure [24]. The model is implemented at 15-minute temporal resolution and 92 

incorporates a structured weather-scenario framework based on 81 three-day sequences 93 

constructed from combinations of sunny, cloudy, and rainy conditions. The dispatch strategy 94 

is designed for practical implementation on commercial inverters and integrates PV self-95 

consumption, off-peak grid charging, and controlled off-peak battery export through a state-96 

of-charge–based rule set. Two commercially relevant battery sizes are evaluated alongside a 97 

PV-only counterfactual scenario. Economic performance is assessed using net present value, 98 
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internal rate of return, and payback period over a 15-year horizon, with sensitivity analysis 99 

conducted on key financial and tariff parameters[25] . 100 

The contributions of this work are threefold. First, it provides a detailed household-level 101 

assessment of PV–battery economics under Sri Lanka’s 2026 TOU and battery-support tariff 102 

structure, addressing a significant empirical gap in the energy storage literature for emerging 103 

economies. Second, it introduces a structured short-term weather scenario framework that 104 

captures inter-day dependencies in battery operation, complementing conventional approaches 105 

based on typical days or annual averages. Third, it demonstrates that a simple, forecast-free, 106 

rule-based dispatch strategy can achieve stable and economically robust performance across 107 

diverse weather conditions, with implications for deployment in data-constrained environments 108 

where advanced optimisation methods may not be feasible [26]. The findings are relevant for 109 

tariff design, residential storage policy, and demand-side management strategies in Sri Lanka 110 

and other emerging power systems with similar structural characteristics [27]. In addition, 111 

motivated by provisions in the draft Sri Lankan electricity policy that restrict battery charging 112 

from the grid, an alternative no-grid-charging scenario is also evaluated to assess the robustness 113 

of economic outcomes under more constrained regulatory conditions. 114 

METHODS 115 

This section describes the methodological framework developed to evaluate the operational 116 

and economic performance of residential PV and battery energy storage systems operating 117 

under Sri Lanka's 2026 time-of-use tariff structure. The analysis combines a deterministic rule-118 

based dispatch algorithm with high-resolution 15-minute simulations, representative 119 

residential load modelling, synthetic photovoltaic generation, structured multi-day weather 120 

scenarios, and long-term financial evaluation. Together, these components provide an 121 

integrated framework for assessing household energy flows, battery operation, electricity costs, 122 

and investment performance under realistic climatic and tariff conditions. The methodology 123 

adopted in each stage of the analysis is described in the following subsections. 124 

Modelling assumptions and framework 125 

The simulation framework is developed based on explicit assumptions regarding system 126 

configuration, dispatch behaviour, tariff treatment, and financial evaluation. These 127 

assumptions define the scope of the analysis and the conditions under which the reported results 128 

are applicable. 129 

The first assumption is that the battery dispatch controller operates using a deterministic, 130 

forecast-free rule-based strategy. The controller uses only the instantaneous tariff period, PV 131 

generation, household demand, and battery SOC to determine charging, discharging, and 132 

export decisions. This approach reflects the practical operation of residential inverter-based 133 

energy management systems, where real-time optimisation requiring accurate forecasts may 134 

not always be feasible due to data and computational limitations [28].  Therefore, the results 135 

represent the achievable performance of a practical controller rather than the theoretical 136 

optimum under perfect forecasting conditions. 137 

Second, the analysis considers a representative three-phase residential prosumer 138 

household rather than a population-level residential portfolio with a lithium iron phosphate 139 

(LFP) battery considering State of Charge (SOC) conditions. The demand profile is calibrated 140 

using the RECON-SL dataset  [29] and national electricity statistics, representing a higher-141 

consumption household segment likely to adopt rooftop PV and battery storage. Variations 142 

arising from household behaviour, appliance ownership, and network-level effects are outside 143 

the model boundary. 144 

Third, the economic assessment assumes that all monetary parameters are evaluated 145 

consistently using nominal values. The 2026 Sri Lankan time-of-use tariff and export 146 

compensation rates are applied as the base-case tariff structure. Future tariff changes are 147 
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examined through sensitivity analysis rather than incorporated into the baseline scenario. The 148 

principal modelling assumptions adopted in this study are summarised in Table 1. Modelling 149 

Assumption adopted in the study 150 

 151 
Table 1. Modelling Assumption adopted in the study 152 

Parameter Assumption Justification 

PV system 

5 kW rooftop PV system;  

0.82 performance ratio;  

06:00–18:00 generation 

window 

Representative of Sri Lankan residential PV 

installations [30];  

Performance ratio consistent with 

monitored grid-connected PV systems (78 ± 

14%) [31];  

 Daylight based generation at Sri Lankan 

latitudes 

PV 

generation 

uncertainty 

Three weather states:  

Sunny (α = 1.00),  

Cloudy (α = 0.357),  

Rainy (α = 0.10) 

Irradiance scaling factors (α) representing 

clear, overcast, and monsoon-affected 

conditions, calibrated to the observed range 

of Sri Lankan daily global horizontal 

irradiation (4.5–6.5 kWh/m²/day)[32] 

Battery 

system 

10 kWh/3 kW and 16 

kWh/4 kW battery 

configurations;  

0.95 charge/discharge 

efficiency 

Cost: LKR 600,000-

750,000; 

Battery capital costs were obtained from 

supplier price obtained current in the Sri 

Lankan market in March 2026. 

Battery 

degradation 

and lifetime 

3,000 cycles;  

2% annual degradation;  

15-year evaluation period 

Representative residential LFP operating 

characteristics [33] 

Tariff and 

export 

structure 

2026 Sri Lankan TOU 

tariff; solar export 20.9 

LKR/kWh; battery export 

45 LKR/kWh during peak 

period 

PUCSL approved tariff structure [24] 

Economic 

assumptions 

Discount rate: 10%;  

Tariff escalation: 5%/year 

Long-term residential investment 

assessment assumptions [34] 

SOC 

management 

Base case 0–100% SOC;  

 

Sensitivity cases  

10–90% and  20–80% 

Rule based dispatch framework 153 

Residential photovoltaic-battery systems operate through continuous interaction between 154 

electricity generation, household demand, battery storage, and grid exchange. The economic 155 
performance of such systems depends not only on the installed capacities of the photovoltaic 156 

array and battery, but also on the operational logic governing how energy is allocated across 157 

competing uses throughout the day. In time-of-use tariff environments, dispatch decisions 158 

become particularly important because the value of electricity varies substantially across tariff 159 

periods. Consequently, the timing of battery charging, discharge, and grid export can materially 160 

influence household electricity costs and long-run investment viability. 161 

Figure 1 summarises the rule‑based dispatch simulation used to evaluate residential PV–162 

battery arbitrage under the Sri Lankan TOU tariff. 163 
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 164 

 165 
Figure 1. Rule-based Photovoltaic-battery dispatch and energy flow diagram. 166 

The algorithm operates at 15‑minute resolution and, at each interval, determines battery 167 

charging, discharging and export decisions based on the current tariff period, PV generation, 168 

household load and battery SOC. For every step, the model updates SoC, computes energy 169 

imports and exports, and reconstructs the customer’s bill and savings relative to a no‑battery 170 

baseline.  171 

The Figure 2 illustrates the rule-based dispatch framework for a residential PV system 172 

integrated with battery storage operating under Sri Lanka’s TOU tariff structure. The system 173 

is evaluated in discrete 15-minute intervals, with decisions taken sequentially based on tariff 174 

periods, PV generation, load requirements, and battery SOC 175 
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 176 
 177 

Figure 2. Rule-based dispatch framework 178 

At the beginning of each interval, the applicable TOU period is identified, which determines 179 

the prevailing electricity price and guides subsequent dispatch decisions. During the off-peak 180 

period, when grid electricity is cheapest, the system imports from the grid to serve household 181 

load directly. The battery remains idle during this window, conserving stored energy for the 182 

peak period ahead. 183 

During the midday period, dispatch is driven primarily by PV availability. If PV generation 184 

exceeds load, the surplus is first used to charge the battery, provided that SOC remains below 185 

its upper limit. Any additional surplus beyond battery capacity is exported to the grid at the 186 

daytime export rate. If PV generation is insufficient to meet load, the system supplies demand 187 

using available PV and imports the remainder from the grid, while preserving battery charge 188 

for the peak period. The operational objective in this period is to maximise solar self-189 

consumption and achieve the highest possible SOC prior to peak pricing. 190 

During the peak period, when electricity prices are highest, the battery is discharged first to 191 

meet household demand, thereby avoiding expensive grid imports. If, after serving the full peak 192 

load, residual stored energy remains above the minimum SOC floor, the surplus is exported to 193 

the grid at the peak battery export rate of 45 LKR/kWh. Discharge and export continue until 194 

the SOC reaches its minimum allowable level, at which point the system switches to grid-only 195 
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supply. This ensures that battery operation remains within technical constraints while 196 

maximising both cost savings and export revenue. 197 

At the end of each interval, the SOC is updated to reflect charging and discharging actions, 198 

accounting for efficiency losses and capacity limits. The net cost or revenue for the interval is 199 

then calculated based on grid imports, exports, and applicable tariffs. This process repeats 200 

iteratively for all 96 intervals in the day, after which total costs and savings are aggregated. 201 

Study context and tariff design 202 

This study examines a grid‑connected residential customer in Sri Lanka with a three‑phase 203 

supply, rooftop PV and behind‑the‑meter battery operating under the domestic TOU tariff 204 

revised as effective from 1st April 2026. The tariff differentiates three import periods which 205 

are off‑peak, midday and peak with strongly tiered prices that reflect underlying system supply 206 

costs and therefore strongly influence the value of residential storage as depicted in Table 2.  207 

 208 

Table 2. Time-of-use import charges and export tariffs considered  in the analysis 209 

Tariff Component      Time Period 
Charge  

(LKR/KWh) 

Off-peak import 22:30-05:30 28 

Midday/daytime import 05:30-18:30 40 

Peak import 18:30-22:30 90 

Export to grid (daytime) 05:30-18:30 20.9 

Export to grid  (Peak) 18:30-22:30 45 

 210 

The case study focuses on a “prosumer” household that has both the technical capability 211 

and financial incentive to invest in rooftop PV and a residential battery, broadly aligned with 212 

higher‑consumption domestic customers considered in recent PV-battery feasibility studies in 213 

Sri Lanka. All monetary values are expressed in real terms, and the base case assumes that 214 

nominal tariff and export rates remain constant in real terms over the project lifetime. Potential 215 

future tariff changes are treated explicitly in the sensitivity analysis. 216 

Load Modelling 217 

Residential electricity demand is represented by an hourly profile for a grid-connected 218 

three-phase household. The aim is not to reproduce the load of a specific dwelling, but to 219 

construct a “typical” higher-consumption urban or peri-urban household that is representative 220 

of early adopters of PV and batteries in Sri Lanka. The load profile is derived from the RECON-221 

SL dataset, which provides high-resolution residential consumption data across multiple 222 

households [29]. Formally, household electricity demand at time interval 𝑡 is represented as a 223 

time-dependent function of the hour of the day, as given in Equation (1) where 𝐿𝑡 denotes 224 

electricity demand and 𝑡ℎ represents the hour of the day. The function 𝑓(⋅) captures the diurnal 225 

variation in demand as Equation 1 226 

 𝐿𝑡 = 𝑓(𝑡ℎ)           (1) 227 

First, a base 24-hour shape is selected to reproduce key patterns observed in Sri Lankan 228 

residential load, including a pronounced evening peak after about 18:30, moderate daytime 229 

appliance use and a modest night-time baseload. This shape is derived from load curves and 230 

planning profiles presented in regulatory and consultancy studies and smoothed to remove 231 

artefacts while preserving the diurnal structure [35].The base shape is then normalised and 232 

scaled to match a target annual consumption that is consistent with three-phase domestic 233 
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customers in the upper part of the consumption distribution, using national statistics and tariff 234 

documentation as benchmarks [36]. Seasonal variation is represented by applying monthly 235 

scaling factors, calibrated so that monthly totals fall within plausible ranges inferred from 236 

billing data and national statistics. 237 

Photovoltaic Solar Modelling 238 

The rooftop PV array is represented by a synthetic generation profile calibrated to the 239 

general characteristics of residential installations in Sri Lanka. Rather than using measured site-240 

specific irradiance, output is modelled using a Gaussian bell-curve approximation of the diurnal 241 

profilecentred at solar noon, as given in Equation 2 242 

𝐺𝑡 = 𝑚𝑖𝑛 (𝑃𝑃𝑉 ⋅ 𝑒𝑥𝑝 (
(𝑡𝑛𝑜𝑜𝑛)2

2𝜎2 ) ⋅ 𝛼𝑡 ⋅ 𝜃,   𝑃𝑃𝑉) ⋅ 𝛥𝑡     (2) 243 

where 𝑃𝑃𝑉 = 5 kW is the installed capacity, θ = 0.82 is the overall performance ratio 244 

(incorporating temperature losses, wiring losses, and inverter efficiency), 𝑡𝑛𝑜𝑜𝑛 = 12.5 h is the 245 

time of peak production, σ = 3.5 h controls the spread of the generation curve, Δt = 0.25 h is 246 

the 15-minute interval duration, and α is the weather scaling factor taking values of 1.00 247 

(Sunny), 0.357 (Cloudy), and 0.10 (Rainy).  Generation is set to zero outside 06:00-18:00. 248 

System degradation and tariff escalation are incorporated jointly in the financial model  and 249 

are not applied to the per-interval PV profile directly. 250 

The residential battery energy storage system is modelled as a single aggregated storage 251 

unit whose SOC evolves through sequential 15-minute intervals. Two configurations are 252 

analysed to reflect commercially relevant residential systems in Sri Lanka. The first is a 10 253 

kWh LFP unit with a rated inverter power of 3 kW, priced at LKR 600,000; the second is a 16 254 

kWh LFP unit with a rated inverter power of 4 kW, priced at LKR 750,000. LFP chemistry is 255 

specified rather than the generic lithium-ion classification because its cycle-life characteristics, 256 

flat discharge voltage profile, and thermal stability under partial cycling make it the dominant 257 

technology choice for residential storage.   258 

Battery dynamics follow an energy-balance formulation in which the SOC [30]  is updated 259 

recursively at each interval t based on net charging and discharging flows as Equation 3 260 

                                    𝑆𝑂𝐶𝑡 = 𝑆𝑂𝐶𝑡−1 + 𝜂𝑐ℎ(𝑁𝑡 + 𝑃𝑡) −
𝑄𝑡+𝑇𝑡

𝜂𝑑𝑖𝑠
        (3) 261 

where SOC(t) is the   of charge at interval t; N(t) is grid-to-battery charging energy; P(t) is 262 

solar-to-battery charging energy; Q(t) is battery discharge energy serving on-site load; T(t) is 263 

battery energy exported to the grid during peak arbitrage intervals at 45 LKR/kWh; and ηch 264 

and ηdis are the one-way charging and discharging efficiencies. Both efficiencies are set to 265 

0.95, giving a round-trip efficiency of 0.9025  as Equation 4. 266 

                                                        𝜂𝑟𝑡 = 𝜂𝑐ℎ ⋅ 𝜂𝑑𝑖𝑠            (4) 267 

 268 

To ensure physically feasible operation, the SOC update in Equation (4) is implemented 269 

with bounds, resulting in the constrained SOC formulation of ]Equation 5 270 

 𝑆𝑂𝐶𝑡 = 𝑚𝑎𝑥 (𝑆𝑂𝐶𝑚𝑖𝑛,   min (𝑆𝑂𝐶𝑡−1 + 𝜂𝑐ℎ(𝑁𝑡 + 𝑃𝑡) −
𝑄𝑡+𝑇𝑡

𝜂𝑑𝑖𝑠
,   𝑆𝑂𝐶𝑚𝑎𝑥))            (5) 271 

 272 

where  𝑆𝑂𝐶𝑚𝑎𝑥  is the rated usable capacity (10 kWh or 16 kWh). In addition to this 273 

algebraic constraint, the dispatch rules impose a soft operational floor of 20 % ×  𝑆𝑂𝐶𝑚𝑎𝑥 274 

where the controller does not dispatch the battery below this threshold in any tariff period.. An 275 

upper charging threshold of 80 % ×𝑆𝑂𝐶𝑚𝑎𝑥 is similarly applied during midday solar charging 276 

to preserve headroom for the afternoon solar-fill required to bring the battery to full capacity 277 

before the 17:00 peak onset. Both soft limits are therefore dispatch-level constraints, distinct 278 

from the hard algebraic bounds above. 279 



Gammanpila, W., Gammanpila, A., et al.  

Rule-Based Energy Management for Residential PV- Battery…  
Year 2027 

Volume 15, Issue 1, 1140792 
 

 

Journal of Sustainable Development of Energy, Water and Environment Systems 9 

 

However, charging and discharging rates are limited by the rated inverter power Pinv, so 280 

the maximum energy transferable in any single 15-minute interval is Pinv × Δt: equal to 0.75 281 

kWh per interval for the 10 kWh system (Pinv = 3 kW) and 1.00 kWh per interval for the 16 282 

kWh system. This constraint applies identically to grid charging N(t), solar charging P(t), load 283 

discharge Q(t), and export discharge T(t), each of which is additionally bounded by the 284 

available SOC headroom and the remaining capacity at every interval. 285 

Detailed electrochemical behaviour, rate-dependent efficiency losses, and temperature 286 

effects are not modelled explicitly, as the focus of the study is on long-run techno-economic 287 

performance rather than battery physics. Their aggregate influence is captured through the 288 

constant one-way efficiency of 0.95, consistent with reported values for LFP cells under partial-289 

cycling residential duty cycles. Capacity degradation is incorporated in the financial evaluation 290 

through a 2 % per annum derating of the annual bill saving in each project year, applied jointly 291 

with a 5 %/yr nominal tariff escalation factor. Degradation is therefore not modelled as a 292 

physical reduction in usable battery capacity or as a discrete mid-project replacement event. 293 

The implications of this simplification, including the omission of an explicit battery 294 

replacement cost within the 15-year project horizon, are further discussed as limitations. 295 

Power-Flow Hierarchy within the Household 296 

Within each 15-minute interval, energy flows between PV generation, household load, 297 

battery, and the grid follow a fixed priority order. The hierarchy is applied in three sequential 298 

steps: (i) PV generation serves load directly; (ii) any PV surplus charges the battery or is 299 

exported to the grid; and (iii) any residual load is met by battery discharge and, finally, grid 300 

imports. This priority mirrors the operational structure of commercial behind-the-meter 301 

inverters and is consistent with Sri Lanka’s net-accounting and net-billing frameworks, under 302 

which battery exports are separately regulated from solar exports. Direct PV self-consumption 303 

is computed as Equation 6 below, where O(t) is the energy  drawn directly from PV to serve 304 

load. 305 

                                                            𝑂𝑡 = 𝑚𝑖𝑛(𝐺𝑡, 𝐿𝑡)       (6) 306 

Any remaining PV surplus after serving demand is allocated to battery charging, subject to 307 

SOC and power constraints. This surplus is first directed to the battery as 𝑃𝑡, and any remaining 308 

excess is exported to the grid. Solar exports are therefore defined as Equation 7: 309 

𝑆𝑡 = 𝑚𝑎𝑥(0, 𝐺𝑡 − 𝑂𝑡 − 𝑃𝑡)      (7) 310 

When PV generation is insufficient to meet demand, the battery may discharge to supply 311 

the remaining load, provided the SOC constraint is satisfied. Any residual demand after battery 312 

discharge is met by grid imports, defined as as given in Equation 8 where 𝑅𝑡 denotes grid-313 

supplied energy. 314 

𝑅𝑡 = max(0, 𝐿𝑡 − 𝑂𝑡 − 𝑄𝑡)     (8) 315 

 316 

During off-peak intervals, Q(t) = 0 and the grid serves all household load directly; battery 317 

operation in that window is devoted entirely to charging, arbitrage cycling, and conditional 318 

export as described in the next section. 319 

Arbitrage-Driven Rule-Based Dispatch Strategy 320 

The dispatch controller is rule-based rather than optimisation-based, reflecting the 321 

operational capabilities of commercial residential inverters and the practical constraint that 322 

near-real-time load and PV forecasts are unavailable. At each interval the controller observes 323 

only the current tariff period, the instantaneous PV output, the household load, and the current 324 

SOC. Three mutually exclusive period indicators are defined as Equation 9 where each 325 

indicator identifies whether time interval 𝑡 belongs to the off-peak, midday, or peak period. 326 
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 𝐼𝑡
𝑜𝑓𝑓,    𝐼𝑡

𝑚𝑖𝑑,    𝐼𝑡
𝑝𝑒𝑎𝑘 ∈ {0,1}     𝑤𝑖𝑡ℎ     𝐼𝑡

𝑜𝑓𝑓 + 𝐼𝑡
𝑚𝑖𝑑 + 𝐼𝑡

𝑝𝑒𝑎𝑘 = 1             (9) 327 

 328 

Off-Peak Operation  329 

The off-peak window spans 28 intervals of 15 minutes. The controller plans the entire 330 

window before the first interval executes, in two sequential phases. 331 

The first phase is the floor reaching phase. There, the controller first drives the SOC to the 332 

overnight floor, SOCfloor(t, tomorrow) = max(R(αtoday), T(αtoday), T(αtomorrow)), where 333 

R(α) is the morning-ramp reserve, the minimum SOC at 05:30 needed to serve the (05:30, 334 

07:00) load with zero grid draw given weather α; and T(α) is the minimum SOC at 05:30 such 335 

that the morning ramp discharge and subsequent solar generation fill the battery to rated 336 

capacity by 18:15. If SOC > SOCfloor, the surplus is exported at τbat = 28 LKR/kWh. If SOC 337 

< SOCfloor, the deficit is charged from the grid at τOP = 28 LKR/kWh. 338 

Midday Period 339 

Grid charging is disabled throughout the midday window (N(t) = 0). The dispatch sequence 340 

at each interval is where  first   direct PV self-consumption takes place. Then, Solar charging 341 

takes place. Finally, the  battery discharge to load, subject to a solar-refill constraint. The 342 

controller computes the remaining solar energy that can charge the battery between the current 343 

interval and 18:15  as equation Equation 10 344 

𝑃(𝑡) = (𝐺(𝑡) − 𝑂(𝑡),
 𝑆𝑂𝐶𝑚𝑎𝑥−𝑆𝑂𝐶(𝑡−1)

𝜂𝑐ℎ
, 𝑃𝑖𝑛𝑣 ⋅ 𝛥𝑡)                   (10) 345 

 346 

Battery discharge is limited to SOC headroom above SOCmin(t) as Equation 11 347 

ensuring,  that the battery enters the peak period at rated capacity in every weather scenario. 348 

Any remaining load afterbattery discharge is met by grid imports. 349 

𝑄(𝑡) = 𝑚𝑖𝑛((𝑆𝑂𝐶(𝑡 − 1) − 𝑆𝑂𝐶𝑚𝑖𝑛(𝑡)) ⋅ 𝜂𝑑𝑖𝑠,  𝐿(𝑡) − 𝑂(𝑡),  𝑃𝑖𝑛𝑣 ⋅ 𝛥𝑡).     (11) 350 

 351 

Peak Period   352 

The battery is at rated capacity at 18:30 by construction of the midday dispatch. Throughout 353 

the peak window the controller discharges at the maximum rate permitted by the inverter, 354 

subject to the state-of-charge dispatch floor, as given in Equation 12. Discharge first serves on-355 

site load; any discharge in excess of instantaneous net demand is exported to the grid and 356 

compensated at the peak battery export tariff τ_bat = 45 LKR/kWh ( Table 2. Time-of-use 357 

import charges and export tariffs considered  in the analysis) Grid imports cover only load that 358 

battery discharge and residual PV generation cannot supply. No grid charging occurs during 359 

the peak window. Battery export is confined to this window. During off-peak intervals, surplus 360 

above the overnight floor is exported at the lower off-peak rate of 28 LKR/kWh no battery 361 

export occurs during the midday window. 362 

                                     𝑄(𝑡) = 𝑚𝑖𝑛((𝑆𝑂𝐶(𝑡 − 1) ⋅ 𝜂𝑑𝑖𝑠,  𝑃𝑖𝑛𝑣 ⋅ 𝛥𝑡)                                        (12) 363 

          𝐸𝑏𝑎𝑡(𝑡) = max   (0,   𝑄(𝑡) 𝜂𝑑𝑖𝑠 − [𝐿(𝑡) − 𝑂(𝑡)]) 364 

 365 

Operational Constraint  366 

Simultaneous charging and discharging are prohibited in every interval. This is satisfied 367 

automatically by the period-separated dispatch rules: in any given interval the controller is in 368 
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exactly one of the three modes (off-peak charge/export, midday solar management, or peak 369 

discharge), so grid charging and battery discharge cannot co-occur. 370 

Weather-Sequence Scenarios 371 

Weather variability is the primary source of uncertainty in residential battery economics 372 

because it determines both PV output and, through the overnight floor constraint, the 373 

availability of off-peak arbitrage headroom. Rather than relying on a single representative day 374 

or an annual average, this study enumerates all possible three-day sequences of three discrete 375 

weather states, providing complete coverage of short-run irradiance variability. 376 

Each day is assigned one of three weather states characterised by a fixed irradiance scaling 377 

factor α as Equation 13 378 

                              α ∈ {1.00 (Sunny),  0.357 (Cloudy),  0.10 (Rainy)}                                (13) 379 

The scaling factor α enters the PV generation model directly. These three states are 380 

calibrated to represent the characteristic irradiance levels of clear, overcast, and monsoon-381 

affected days in Sri Lanka, consistent with the diurnal solar profiles used in recent techno-382 

economic assessments for the region. Since each of the three days in a sequence can take any 383 

of the three states, the number of distinct three-day combinations is as Equation 14 384 

                             Nₛₑℂ = 3³ = 27          (14) 385 

Each combination is simulated for all three of its constituent days, yielding 81 scenario days 386 

as mentioned in Equation 15. 387 

                                  Nₛₐₑₙ = 27 × 3 = 81 scenario-days      (15) 388 

In this study, a “scenario-day” represents one simulated operating day extracted from a 389 

three-day weather sequence. Since each three-day sequence consists of three individual 390 

operating days, the 27 possible weather sequences generate a total of 81 scenario-days. Each 391 

scenario-day is evaluated independently for both battery configurations considered in this 392 

study. Therefore, the complete simulation dataset comprises 162 battery-scenario evaluations 393 

(81 scenario-days × 2 battery configurations). 394 

The 81 figure therefore represents 27 three-day weather combinations, each evaluated 395 

across its three days. The fourth day is defined as the same as the first, so the overnight floor 396 

constraint on Day 3 looks forward to Day 1, creating a self-consistent repeating cycle without 397 

requiring a boundary assumption. 398 

The initial SOC at the start of each sequence is set to the overnight floor appropriate for the 399 

first day’s weather and the second day’s forecast. This initialisation is weather-sequence 400 

dependent and ensures the battery is in a physically consistent state at the start of each 401 

simulation rather than an arbitrary fraction of capacity. All 81 scenario-days are weighted 402 

equally when computing the grand-mean daily saving, reflecting the treatment of the three 403 

weather states as equally representative of the operating conditions experienced by a residential 404 

prosumer over a typical annual cycle.  405 

Bill Reconstruction  406 

The household electricity bill is reconstructed at the interval level to accurately capture the 407 

interaction between consumption, solar generation, and battery dispatch under time-of-use 408 

pricing. Each day is divided into 96 intervals (15-minute resolution), and the gross bill for a 409 

given interval t is computed as Equation 16.  410 

                           𝑉𝑡 = 𝑅𝑡 ⋅ 𝜏(𝑡) + 𝑁𝑡 ⋅ 𝜏𝑂𝑃 − 𝑆𝑡 ⋅ 𝜏𝑆𝑂𝐿 − 𝑇𝑡 ⋅ 𝜏𝑏𝑎𝑡(𝑡)                                     (16) 411 
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where 𝑅𝑡 denotes grid imports, 𝑁𝑡 represents non-shiftable consumption billed at the off-412 

peak tariff 𝜏𝑂𝑃 , 𝑆𝑡  is solar energy exported at the regulated export tariff 𝜏𝑆𝑂𝐿 =413 

20.9 LKR/kWh, and 𝑇𝑡 captures battery exports compensated at 𝜏𝑏𝑎𝑡(𝑡), which varies by time-414 

of-use (45 LKR/kWh during peak and 28 LKR/kWh during off-peak periods). The applicable 415 

import tariff 𝜏(𝑡) reflects the prevailing time-of-use structure. 416 

The daily bill is obtained as the sum of 𝑉𝑡 across all 96 intervals. Savings are then defined 417 

as the difference between the bill under the battery-enabled scenario and the corresponding no-418 

battery counterfactual, ensuring that all comparisons are made on a consistent operational and 419 

tariff basis. This formulation allows the model to fully internalize arbitrage opportunities 420 

arising from both intra-day price differentials and export compensation mechanisms, while 421 

preserving physical energy balance constraints. 422 

State-of-Charge Constraint Sensitivity 423 

To evaluate the impact of operational constraints on battery performance, three distinct 424 

SOC regimes are considered: (i) an unconstrained range of 0–100%, (ii) a conservative range 425 

of 20–80%, and (iii) a moderate range of 10–90%. These regimes are designed to capture the 426 

trade-off between maximizing arbitrage potential and preserving battery longevity, particularly 427 

in the context of LFP systems commonly used in residential applications. 428 

The unconstrained case (0–100%) represents a theoretical upper bound on economic 429 

performance, as it allows the battery to fully exploit all available charging and discharging 430 

opportunities without regard to degradation concerns. In contrast, the 20–80% regime reflects 431 

typical manufacturer-recommended operating limits, which restrict deep discharge and full 432 

charge cycles in order to extend cycle life. The 10–90% regime serves as an intermediate case, 433 

balancing increased usable capacity with moderate protection against accelerated wear. 434 

Importantly, all three regimes employ identical dispatch logic, ensuring that differences in 435 

outcomes are attributable solely to the imposed SOC bounds. The results indicate that tighter 436 

SOC constraints reduce the effective arbitrage window, particularly in sequences with high 437 

solar availability, where excess generation cannot be fully stored. Conversely, under low-438 

generation conditions, the marginal impact of SOC limits is less pronounced, as the battery is 439 

rarely driven to its operational extremes. This highlights the role of SOC policy as a key 440 

determinant of realized economic value, particularly in environments with high variability in 441 

solar output. 442 

Economic Evaluation 443 

The economic viability of the battery investment is assessed using a standard net present 444 

value (NPV) framework. The analysis adopts a discount rate of 𝑟 = 10%, a tariff escalation 445 

rate of 𝜖 = 5% per annum, and a capacity degradation rate of 𝛿 = 2% per annum. The initial 446 

investment cost of the battery system is treated as a capital expenditure incurred at year zero. 447 

Since capital expenditure is not an annual value, it is converted into an equivalent annualised 448 

capital cost (ACC) to enable consistent comparison between annual economic benefits and 449 

investment requirements as Equation 17: 450 

𝐴𝐶𝐶 = 𝐶0
𝑟(1+𝑟)𝑛

(1+𝑟)𝑛−1
                                              (17) 451 

where 𝐴𝐶𝐶 is the annualised capital cost, 𝐶0 is the initial battery investment, 𝑟 is the 452 

discount rate, and 𝑛 is the project evaluation period. The annual net economic benefit is 453 

subsequently calculated as Equation 18: 454 

𝐵𝑦 = 𝐶𝑦 − 𝐴𝐶𝐶                                 (18) 455 

where 𝐵𝑦  represents the annual net benefit and 𝐶𝑦  represents the annual electricity cost 456 

saving in year 𝑦, including the effects of tariff escalation and battery performance degradation. 457 

The investment-level economic performance is evaluated using the net present value 458 

formulation as Equation 19: 459 
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        𝑁𝑃𝑉 = −𝐶0 + ∑
𝐶𝑦

(1+𝑟)𝑦

𝑛

𝑦=1
                                               (19) 460 

where 𝐶𝑦 represents the degradation-adjusted annual saving during year 𝑦. The NPV 461 

formulation therefore captures the discounted value of future electricity cost savings relative 462 

to the initial investment. 463 

A distinction is made between capital recovery and battery degradation, as these represent 464 

different economic and technical processes. Capital recovery reflects the allocation of the initial 465 

investment over the project lifetime and is represented through the annualised capital cost 466 

formulation. In contrast, degradation represents the physical reduction in battery performance 467 

over time and is incorporated through a 2% annual reduction in achievable savings. This 468 

separation avoids treating financial depreciation and technical degradation as equivalent 469 

processes. 470 

The analysis further derives a break-even export tariff for battery discharge, defined as the 471 

minimum peak export compensation rate required for the battery investment to achieve an NPV 472 

of zero. This threshold is obtained by expressing annual savings as a function of the battery 473 

export tariff and solving the NPV equation for the export price at which discounted future 474 

benefits offset the initial investment. The daily saving function is represented as a linear 475 

relationship with respect to the peak battery export rate, where the baseline saving at the 476 

prevailing export tariff of 45 LKR/kWh is adjusted according to the difference between the 477 

actual and reference export prices. The sensitivity of investment viability to export 478 

compensation is therefore quantified through the resulting break-even tariff, providing insight 479 

into the role of tariff design in supporting residential battery adoption. 480 

Despite providing a detailed operational and economic assessment, several limitations 481 

should be acknowledged. The PV generation model uses synthetic irradiance profiles rather 482 

than measured site-specific solar data, and therefore represents typical climatic conditions 483 

rather than individual rooftop variability. Battery degradation is represented through annual 484 

saving derating rather than a detailed electrochemical capacity-fade model, and replacement 485 

costs are not explicitly included within the evaluation horizon. Furthermore, the analysis 486 

considers a single representative residential prosumer and does not capture feeder-level 487 

impacts, network constraints, or population-level heterogeneity. The rule-based controller is 488 

also evaluated in isolation, without comparison to an optimisation-based benchmark, so the 489 

results represent achievable rather than theoretically optimal performance. In addition, the 490 

household load profile is held fixed and does not incorporate demand-side behavioural 491 

responses to time-of-use price signals, and the analysis assumes stability of the real-terms tariff 492 

structure beyond the scenarios explicitly tested in the sensitivity analysis. These assumptions 493 

define the boundary of the present study and provide opportunities for future research using 494 

measured operational data, detailed battery ageing models, demand-response modelling, and 495 

grid-scale simulations. 496 

Interval-Level Cost Analysis 497 

To complement the aggregate daily savings metric, the analysis constructs cumulative intra-498 

day cost trajectories at the interval level for each weather scenario. The cumulative bill at 499 

interval t is defined as the running sum of interval costs from midnight to t, thereby providing 500 

a dynamic representation of how costs and savings evolve over the course of the day. 501 

This approach reveals that the economic value of the battery is highly time-concentrated, 502 

with the majority of savings realized during the evening peak window (18:30–22:30). During 503 

this period, battery discharge offsets grid imports priced at approximately 90 LKR/kWh, 504 

generating substantial cost avoidance. When the battery has surplus capacity, additional value 505 

is created through export of stored energy at the peak export tariff (45 LKR/kWh), further 506 

enhancing economic returns. 507 
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On sunny days, the cumulative trajectory often crosses into negative territory before the 508 

end of the day, indicating that total export revenues and avoided costs exceed total consumption 509 

charges. In such cases, the household effectively becomes a net energy earner within the billing 510 

period. In contrast, on rainy days, limited solar generation restricts both charging opportunities 511 

and subsequent discharge, resulting in a relatively flat cumulative cost profile with minimal 512 

deviation from the no-battery baseline. 513 

RESULTS 514 

The following results are derived from the rule-based dispatch framework described in 515 

Section 2 and evaluated across 81 scenario-days generated from 27 three-day weather-sequence 516 

combinations. Two residential battery configurations  a 10 kWh/3 kW system and a 16 kWh/4 517 

kW system  are assessed in conjunction with a 5 kW rooftop photovoltaic installation under 518 

the CEB time-of-use tariff structure introduced in 2026. 519 

Intra-Day Dispatch, Cost Dynamics, and Capital Cost Recovery 520 

Figure 3 and Figure 4 present the simulated intra-day operational behaviour of the 16 kWh 521 

and 10 kWh LFP battery systems, respectively, under sunny, cloudy, and rainy weather 522 

conditions. Each figure is organised as a 3×3 panel structure. Columns correspond to the three 523 

representative weather states, while rows represent (i) 15-minute resolution energy dispatch, 524 

(ii) interval-level electricity cost, and (iii) cumulative daily bill trajectories incorporating 525 

depreciation and xrun degradation effects. This structure enables simultaneous comparison of 526 

operational, economic, and lifecycle performance across both weather variability and battery 527 

size. 528 

In the dispatch panels, positive values represent energy supplied to the household system, 529 

including photovoltaic generation, battery discharge to load, battery export to grid, and grid 530 

imports. Negative values represent energy consumption and storage pathways, including 531 

household demand, solar-to-battery charging, and solar export. Battery SOC is superimposed 532 

on a secondary axis to illustrate charging and discharge dynamics across the three CEB tariff 533 

windows. 534 

The middle-row panels report the net electricity cost incurred during each 15-minute 535 

interval relative to the no-battery counterfactual. Positive values indicate periods in which the 536 

household remains a net electricity purchaser, whereas negative values correspond to intervals 537 

in which export earnings exceed import costs. The bottom-row panels extend the analysis to 538 

cumulative day-bill trajectories beginning at midnight and additionally incorporate battery 539 

depreciation and projected degradation effects in Years 1, 5, 10, and 15 of the project horizon. 540 
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 541 

Figure 3. Intra-day dispatch behaviour, interval-level electricity cost, and cumulative daily 542 

bill trajectories for the 16 kWh 543 

 544 

Figure 3 demonstrates that the economic value of the 16 kWh configuration is strongly 545 

dependent on the interaction between solar availability and the peak tariff window. Under 546 

sunny conditions, daily photovoltaic generation reaches 32.7 kWh, substantially exceeding 547 

household demand and enabling the battery to reach full rated capacity by approximately 17:30 548 

exclusively through PV surplus charging. During the peak tariff period (18:30–22:30), the 549 

battery first supplies the entire household peak demand, thereby avoiding imports at 90 550 

LKR/kWh, before exporting the remaining stored energy to the grid at the approved export 551 

tariff of 45 LKR/kWh. Consequently, the interval-cost panel exhibits a pronounced negative 552 

excursion during the evening peak period, and the cumulative bill trajectory crosses below zero 553 

before midnight, indicating that the household becomes a net electricity revenue earner on that 554 

day. The resulting daily saving reaches LKR 521 relative to the no-battery case. 555 

Under cloudy conditions, photovoltaic output declines to 11.7 kWh/day, limiting the extent 556 

of solar-to-battery charging. Although the battery retains sufficient stored energy to offset most 557 

peak-period imports, residual export capacity becomes negligible. As a result, economic 558 

benefits arise primarily through peak-load displacement rather than export arbitrage. The 559 

cumulative bill remains lower than the no-battery baseline throughout the evening period, 560 

producing a daily saving of approximately LKR 349. However, the degradation-inclusive 561 

trajectories indicate that the economic margin narrows considerably in later project years under 562 

intermittent irradiance conditions. 563 

Under rainy conditions, daily solar generation falls to only 3.3 kWh/day, leaving the battery 564 

severely undercharged prior to the evening peak window. Grid imports therefore dominate 565 

household supply during peak hours, and the operational behaviour of the battery system 566 

converges closely toward the no-battery counterfactual. The resulting daily saving declines 567 

sharply to LKR 47, reflecting only marginal gains from limited direct solar self-consumption. 568 
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Once depreciation and long-run degradation are incorporated, the cumulative cost trajectories 569 

exceed the no-battery baseline from the early project years onward, illustrating that prolonged 570 

low-irradiance conditions materially weaken the financial contribution of storage. 571 

 572 

 573 

Figure 4. Intra-day dispatch behaviour, interval-level electricity cost, and cumulative daily 574 

bill trajectories for the 10 kWh 575 

 576 

The operational behaviour of the 10 kWh configuration shown in Figure 4 broadly mirrors 577 

that of the larger battery system, although important differences emerge under high-irradiance 578 

conditions. On sunny days, the smaller battery reaches full capacity earlier in the afternoon, 579 

causing excess photovoltaic generation to be exported directly to the grid at the lower solar 580 

export tariff before the onset of the peak period. Although the battery fully offsets household 581 

peak demand, the remaining exportable stored energy is substantially lower than in the 16 kWh 582 

configuration. Consequently, evening export revenue is reduced, and the daily saving falls to 583 

LKR 396, compared with LKR 521 for the larger system. The differential therefore arises 584 

almost entirely from the larger battery’s superior capacity for peak-period energy export. 585 

By contrast, under cloudy and rainy conditions, the performance gap between the two 586 

configurations narrows substantially. On cloudy days, both systems are constrained primarily 587 

by limited solar availability rather than rated battery capacity, resulting in near-identical daily 588 

savings. This convergence suggests that the additional capital expenditure associated with the 589 

16 kWh system yields minimal incremental value under moderate irradiance conditions. 590 

Similarly, under rainy conditions, both systems exhibit negligible operational contribution 591 

beyond limited direct self-consumption of photovoltaic generation, and depreciation-adjusted 592 

cumulative costs exceed the no-battery baseline over much of the project horizon. 593 
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Weather-Dependent Savings different Scenario-Days 594 

This section examines how battery storage benefits vary under different weather conditions 595 

using 81 scenario-days representing sunny, cloudy, and rainy states. The analysis focuses on 596 

mean daily electricity bill savings for two residential battery configurations (10 kWh and 16 597 

kWh) under the unconstrained SOC case, highlighting how solar resource variability influences 598 

the economic value of distributed storage in a Sri Lankan household context. The results are 599 

interpreted in terms of both operational savings and their implications for the viability of 600 

behind-the-meter storage under time-of-use tariff structures. Table 3 summarises the mean 601 

daily savings for both battery configurations across the three weather states and as a grand 602 

mean over all 81 scenario-days under the unconstrained SOC baseline. 603 

 604 

Table 3. Mean daily bill saving (LKR/day) by weather state and battery configuration, 605 

unconstrained State of Charge (0–100%). 606 

Weather 10 kWh saving 16 kWh saving 
16k 

advantage 

Sunny 396 521 +125 

Cloudy 350 349 −1 

Rainy 47 47 0 

Mean 264 306 +42 

 607 

The results indicate a clear state-dependent divergence in performance between the two 608 

configurations. The 16 kWh battery outperforms the 10 kWh system only under sunny 609 

conditions, where higher levels of solar generation enable the larger system to store sufficient 610 

surplus energy to both satisfy peak household demand and export additional energy during the 611 

peak tariff window. This export capability constitutes the primary source of the observed 612 

advantage of LKR 125/day. 613 

In contrast, under cloudy and rainy conditions, the savings of the two configurations are 614 

nearly identical. Reduced solar availability constrains battery charging to levels that are just 615 

sufficient, or in some cases insufficient, to meet peak demand. As a result, neither system is 616 

able to generate meaningful exportable surplus, and the marginal value of additional storage 617 

capacity is effectively negligible. The convergence of savings under these conditions implies 618 

that the economic benefit of increased capacity is contingent on the availability of excess 619 

generation rather than storage capability per se. 620 

This asymmetry has important implications for system design. The incremental capital cost 621 

associated with the 16 kWh battery approximately LKR 150,000 relative to the 10 kWh 622 

configuration is recovered only through the additional revenue generated on high-generation 623 

(sunny) days. Consequently, the economic justification for the larger system depends critically 624 

on the frequency and persistence of such conditions within the relevant climatic context. This 625 

consideration is examined further in the sensitivity analysis. 626 

Divergence between configurations begins with the onset of solar generation. During the 627 

daylight period, photovoltaic output reduces reliance on grid imports and, in the case of battery 628 

configurations, enables charging from surplus generation. However, the most economically 629 

significant divergence occurs during the peak tariff window (18:30–22:30), where the value of 630 

stored energy is realized. Under sunny conditions, the 16 kWh system not only avoids high-631 

cost imports but also generates substantial export revenue, resulting in a cumulative trajectory 632 

that crosses into negative territory before the end of the peak period and reaches approximately 633 

−LKR 703 by midnight. In contrast, the no-battery case remains less negative (−LKR 182), 634 

reflecting foregone arbitrage opportunities. 635 
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Under cloudy conditions, both battery configurations achieve moderate cost reductions 636 

relative to the no-battery baseline, with end-of-day values converging around −LKR 89, 637 

compared to a positive bill of approximately LKR 261 in the absence of storage. This indicates 638 

that, even without exportable surplus, the battery retains value through peak load displacement. 639 

By contrast, under rainy conditions, all configurations exhibit positive cumulative bills 640 

throughout the day and converge near midnight, confirming that limited solar availability 641 

constrains both charging and discharge, thereby reducing the economic contribution of storage 642 

to negligible levels. 643 

To extend the analysis beyond operational savings, capital cost recovery and physical 644 

degradation are incorporated into the cumulative framework. Figure 5 presents the adjusted 645 

trajectories for the 16 kWh system, distinguishing between energy-only savings, depreciation-646 

inclusive costs, and combined depreciation and degradation effects over the project lifetime. 647 

Depreciation is modeled as a fixed daily capital recovery cost (LKR 250/day), allocated 648 

proportionally to battery throughput, and represents a financial accounting 649 

construct independent of physical performance. In contrast, capacity degradation assumed at 650 

2% per annum represents a physical constraint, reducing the effective usable capacity of the 651 

battery and hence the achievable savings over time. 652 

Long-Run Financial Viability and State-of-Charge Constraint Sensitivity 653 

This section evaluates the long-run economic viability of residential BESS under Sri 654 

Lanka’s time-of-use tariff structure by examining how SOC operating constraints influence 655 

investment performance over the project lifetime. While battery arbitrage profitability is 656 

generally driven by the ability to shift energy from low-value to high-value tariff periods, 657 

operational SOC limits restrict the usable storage window and therefore alter the realised 658 

economic value of storage. To assess this effect, a 15-year discounted cash flow framework is 659 

applied across three SOC regimes and two battery capacities, incorporating tariff escalation, 660 

battery degradation, and intertemporal dispatch behaviour under the 81 scenario-day structure. 661 

The financial analysis is conducted using the NPV framework specified in Equation (18), 662 

assuming a real discount rate of 10%, annual tariff escalation of 5%, and annual battery 663 

degradation of 2%. These assumptions approximate long-run retail electricity price growth and 664 

the gradual decline in usable storage capacity resulting from repeated cycling. Under 665 

unconstrained operation (0–100% SOC), both battery systems generate strong positive returns, 666 

with discounted payback periods of approximately seven years and internal rates of return 667 

exceeding the assumed discount rate. However, progressively tighter SOC limits substantially 668 

reduce profitability, with both systems becoming economically unviable under the 669 

conservative 20–80% operating regime. 670 

The results indicate that the profitability of residential storage depends not only on installed 671 

capacity, but also on the degree of operational flexibility available within the usable SOC 672 

window. Restrictive SOC constraints reduce the battery’s ability to exploit high-value peak 673 

tariff periods, thereby limiting the effectiveness of intertemporal energy arbitrage. 674 

Consequently, relatively small reductions in usable capacity generate disproportionately large 675 

declines in long-run investment returns. While the 16 kWh configuration achieves the highest 676 

returns under unconstrained operation, its relative advantage diminishes sharply as SOC 677 

bounds tighten, reflecting the greater dependence of larger systems on sustained arbitrage 678 

opportunities to recover higher capital costs. 679 

From a policy perspective, these findings highlight the sensitivity of distributed battery 680 

adoption to both technical operating assumptions and retail tariff structures. Since the 681 

profitability of storage depends heavily on access to high-value discharge opportunities, 682 

regulatory or operational constraints that indirectly limit dispatch flexibility may materially 683 

weaken household investment incentives. This is particularly relevant in emerging electricity 684 

systems such as Sri Lanka, where distributed storage is increasingly considered a mechanism 685 
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for supporting renewable integration, reducing evening peak demand, and improving 686 

household energy resilience. 687 

Figure 5 illustrates the combined effects of SOC operating constraints, long-run 688 

degradation, and weather-dependent variability on the economic performance of the residential 689 

battery systems. The figure demonstrates a pronounced decline in investment performance as 690 

usable SOC flexibility becomes increasingly restricted. Under unconstrained operation, both 691 

battery configurations generate strong cumulative savings and positive long-run returns, 692 

reflecting the ability of the systems to fully exploit intertemporal arbitrage opportunities 693 

between low-cost and peak tariff periods. However, tighter SOC limits substantially reduce the 694 

effective dispatchable energy available during high-value periods, leading to a non-linear 695 

deterioration in financial viability. 696 

 697 

Figure 5. Long-run financial viability and scenario-based savings performance under 698 

alternative SOC regimes 699 

The figure further highlights that the larger 16 kWh configuration exhibits greater 700 

sensitivity to restrictive operating bounds. Although the additional storage capacity improves 701 

resilience during prolonged low-generation sequences, much of this advantage depends on the 702 

ability to utilise a wide SOC range. Once operational flexibility is constrained, the incremental 703 

economic benefit of the larger system declines considerably, producing diminishing marginal 704 

returns relative to its higher capital cost. The degradation-adjusted trajectories additionally 705 

show that long-run profitability is progressively moderated by declining usable capacity over 706 

time, even under favourable tariff conditions. 707 

Across the scenario-day combinations, the figure also demonstrates that the value of storage 708 

depends critically on the persistence and sequencing of weather conditions. Larger storage 709 

systems perform relatively better during extended cloudy or rainy sequences, where 710 

intertemporal energy shifting becomes more valuable. In contrast, under frequent sunny 711 

conditions, the smaller configuration is often sufficient to satisfy peak demand arbitrage 712 

opportunities, limiting the additional benefit derived from expanded storage capacity. These 713 

findings collectively indicate that the financial viability of residential storage in Sri Lanka is 714 

jointly determined by tariff structure, operational flexibility, climatic variability, and long-run 715 

degradation dynamics. 716 

CONCLUSIONS 717 

This study developed a deterministic rule-based dispatch framework to evaluate the techno-718 
economic performance of residential PV–battery systems under Sri Lanka’s 2026 time-of-use tariff 719 
structure. The framework integrates 15-minute energy simulations, empirically derived residential 720 
demand profiles, synthetic PV generation modelling, multi-day weather scenarios, and battery operating 721 
constraints to assess storage performance under tropical climatic variability. 722 

The results demonstrate that residential batteries can provide meaningful economic value by shifting 723 
solar energy availability towards high-cost tariff periods, with performance strongly influenced by 724 
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battery capacity, state-of-charge constraints, weather conditions, and export compensation mechanisms. 725 
The analysis further shows that operational simplicity does not necessarily prevent effective battery 726 
utilisation, highlighting the potential of rule-based controllers for practical residential deployment in 727 
emerging power systems. 728 

The findings provide insights for tariff design, distributed energy policy, and residential storage 729 
adoption in Sri Lanka and similar renewable-rich developing electricity markets. Future studies should 730 
incorporate measured household operational data, detailed battery degradation models, and network-731 
level impacts to further improve the assessment of distributed storage integration. 732 
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